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This book would not have happened without your 
enduring wit, vision, and cajoling. 
Thank you.

and
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the uncertainty of life and death much too soon.



Preface 

Uncertainty is present in all phases of climate change research from the physical science (e.g., projections 
of future climate) to the impacts through to the effort to make decisions regarding mitigation and 
adaptation across different spatial scales. This theme will embrace all aspects of uncertainty in climate 
change research, providing a pedagogic whole for students, post-docs, and early-career scientists 
interested in any and all aspects of climate change. One central focus will be the need to understand 
the strands of uncertainty through-out the climate change problem in order to focus effectively in any 
one area. We aim to train the next generation of postgraduates in interdisciplinary thinking. 

So said the background to the Advanced Study Program (ASP) Colloquium on Uncertainty 
in Climate Change Research: An Integrated Approach, 21 July–6 August 2014. The wider 
mission of the ASP at the US National Center for Atmospheric Research still includes 
stimulating the intellect of the research community; fostering the professional development 
of graduate students and postdoctoral fellows; promoting advanced scientific educational 
opportunities; focusing attention on emerging areas of science; and facilitating interactions 
across research communities. Simply put, this is all about developing people with the cutting-
edge knowledge and technical skills needed to face an uncertain future. These aspirations were 
central to our colloquium and are just as valid today. 

All five editors of this book have worked in climate change research and consulting for 
decades. We do not relish seeing the projections of our early models becoming lived realities 
in the shape of incessant weather disasters and climate impacts. Focusing on such problems 
rather than on their solutions is a route to despair. So, our greatest hope for the future is 
vested in next-generation policy-makers, researchers and practitioners. These colleagues face
daunting challenges, but they are equipped with extraordinary tools like artificial intelligence
and machine learning, big data and novel Earth observations. Moreover, we now recognize the
importance of working with decision-makers to arrive at practicable solutions.

Many of the students who participated in the 2014 workshop are, by now, educators and
mentors of early career scientists. And so our collective capacity builds from one generation to
the next. We hope that the following chapters by colloquium speakers and experts will inspire
others to embark on this pathway—whether as a physical or social scientist, someone who
is interested in ethics or communication, or who is mathematically minded. We need more
engineers and geographers working on climate change too!

We trust that within the pedagogic whole that follows there is something for everyone.

Boulder, CO, USA Linda O. Mearns
University Park, PA, USA Chris E. Forest
Newcastle upon Tyne, UK Hayley J. Fowler
Santa Monica, CA, USA Robert Lempert
Loughborough, UK Robert L. Wilby
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1Integrated Uncertainty: An Introduction 

Linda O. Mearns ,  Hayley  J.  Fowler , and Robert L. W ilby

Le doute est un état mentale désagréable, 
mais la certitude est ridicule. 
(Doubt is an uncomfortable condition, but
certainty is a ridiculous one).
Voltaire

1.1 What Is Uncertain ty?

Uncertainty is a fact of life and not the sole “problem” of 
those researching or supporting action on climate change. 
There are many definitions of uncertainty that we could use 
to introduce the concept. However, for consistency, we apply 
the definition of uncertainty from Working Groups I, II, and
III of the Intergovernmental Panel on Climate Change (IPCC)
Sixth Assessment Report. The IPCC (2022) glossary says un-
certainty is “a state of incomplete knowledge that can result 
from a lack of information or from disagreement about what 
is known or even knowable.” We add that uncertainty applies 
to the past, present, and future. More specifically, uncertainty 
is a state of partial knowledge (such as not knowing the 
number o f sides on some dice) combined with a random
outcome (such as rolling this dice). Hence, total uncertainty
is a blend of both this incomplete knowledge (epistemic) and
the random (aleatory) behavior of a complex world.

There are many ways of representing and approaching
uncertainty (Chaps. 14 and 23, this volume). T raditionally,

Linda O. Mearns has died before the publication of this book.

L. O. Mearns (deceased)

H. J. Fowler ( �)
School of Engineering, Newcastle University, Newcastle upon Tyne,
UK
e-mail: hayley.fowler@newcastle.ac.uk 

R. L. W ilby
Department of Geography and Environment, Loughborough 
University, Loughborough, UK 

probabilities are used as a measure of uncertainty, but this is 
only feasible when uncertainty can be clearly described and 
quantified. Although there are different types of uncertainty,
the most important type in the context of integrated
uncertainty in climate change is “deep uncertainty” (Marchau
et al., 2019). This can arise in situations characterized by a 
lack of agreement among parties about aspects of a system 
that are crucial to the outcome of a decision. This might be 
the external context of the system, how the system works and
its boundaries, and/or the system responses of interest, and/or
their relative importance (weighting or values) (Lempert et
al., 2004). For example, there is deep uncertainty around the 
thresholds and timing of climate tipping points for Antarctic 
ice sheet collapse and associated sea-level rise estimates
(Chap. 19). Climate research and expert elicitation contribute 
to both reducing and managing deep uncertainty (Lempert et
al., 2024). 

Associated with the concept of deep uncertainty is that of 
“wicked p roblems” or “super wicked problems” (Lazarus,
2009). These are public policy problems that defy ratio-
nal and optimal solutions. They are characterized by deep 
uncertainties, with many interdependencies and causes that 
interact, and where posited solutions can lead to new unin-
tended consequences that are difficult to test. Climate change 
has been described as the quintessential super wicked prob-
lem. Essentially climate change becomes increasingly “super 
wicked” as time goes on as the need for greater integration
across the different parts of the problem becomes more and
more apparent. Of course, this further complicates the task
of identifying, characterizing, and quantifying uncertainties
in all parts of the climate change problem.

1.2 Our Approach to Uncertainty 
and Decision-Mak ing

Our points of departure are around the approaches to de-
cisions that must be followed to manage climate change

© The Author(s) 2025 
L. O. Mearns et al. (eds.), Uncertainty in Climate Change Research,
https://doi.org/10.1007/978-3-031-85542-9_1
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Fig. 1.1 Growth in the number of research outputs addressing various 
aspects of climate change uncertainty. The subtotals are not mutually 

exclusive as individual outputs may cover more than one theme. Counts 
for 2024 were estimated based on the number of papers accrued by mid-
October. (Data source: Web of Science)

(via mitigation and/or adaptation) and their uncertainties. We 
describe this simply as “acting with uncertainty” (Lempert, 
pers. comm.). This contrasts with a more conventional three-
step approach that (1) projects climate change—usually from 
climate models that tell us how the climate might change 
in the future; then (2) assesses what the impacts of climate 
change could be (across sectors); and finally (3) evaluates
what actions can be taken to manage both negative and pos-
itive impacts—the so-called “uncertainty cascade” (Mitchell
& Hulme, 1999), now characterized with varying degrees of 
sophistication (Smith et al., 2018). We assert that by starting 
with the decision context, one can more readily manage the 
many uncertainties that emerge in the various parts of t he
climate change problem, many of which cannot be reduced,
or at least not within the decision timeframe.

It has long been recognized that uncertainty is an im-
portant consideration in risk and policy analysis (Morgan
et al., 1990). We present several perspectives on decision-
making under uncertainty (DMUU), including decision scal-
ing (Chap. 3) and robust decision-making (RDM) approaches 
(Chap. 4). Both methods recognize that waiting to make 
decisions until critical uncertainties are reduced is a fool’s 
errand. Indeed, some uncertainties related to climate change
are irreducible—such as internal climate variability (Chap.
17). Given such realities, DMUU and RDM argue that one 
should now approach decision-making using methods that 
produce results that can manage the uncertainties about the 
future as they currently exist. Such methods affect how
policies toward reducing climate change can be formulated
(Chap. 2). In this way, the complicated task of reducing 
uncertainty before acting can be side-stepped. Otherwise, the 
uncertainty obstacle can be used by some as an excuse for

not acting until the uncertainties are sufficiently “reduced”
(Curry & Webster, 2011; Oresk es, 2015). 

Concerns about uncertainties around future climate 
change have been with us for a long time. (Naturally, 
there are numerous uncertainties regarding most topics that 
concern the future.) Early studies tended to be about the 
climate changes themselves at various spatial and temporal 
scales. Initially, then, this concerned uncertainties regarding
simulations by climate models, particularly of the future, but
also around the data used to run and evaluate climate model
experiments. Figure 1.1 shows how the volume of scientific 
outputs addressing climate uncertainty has grown over time. 
Annual output in 2024 on this topic approached 4000 papers, 
with over 37,000 in total since 1991. This represents about
8% of all climate change publications (listed in the Web of
Science Core Collection to date).

Several overlapping uncertainty themes in climate change 
research have emerged since the 1990s (Fig. 1.1). These may 
be listed by output volume. First are impact assessments, 
some of which downscale climate model ensembles to drive 
multiple (crop, water, ecosystem, or human health) impact
models, thereby generating envelopes of impact uncertainty
(e.g., Wilby & Harris, 2006; Fowler et al., 2007). A second 
theme is around evaluatingmitigation and adaptation options, 
within the decision space bounded by credible c limate sce-
narios (e.g., Lempert et al., 2006; Brown et al., 2012). A 
third covers multiple GCMs, emissions scenarios, and inter-
nal climate variability, compiled in ensembles to show the 
relati ve contributions of these sources of climate uncertainty
(e.g., Tebaldi & Knutti, 2007; Deser et al., 2012). Fourth, un-
certainties have been framed around vulnerability and expo-
sure in both top-down and bottom-up risk assessments (e.g.,

http://doi.org/10.1007/978-3-031-85542-9_3
http://doi.org/10.1007/978-3-031-85542-9_4
http://doi.org/10.1007/978-3-031-85542-9_17
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Conway et al., 2019; Sutton, 2019). Fifth are studies that use 
multiple-objective modeling to prioritize and sequence cli-
mate investments in the context of uncertain climate, land use,
and technology scenarios (e.g. Müller & Robertson, 2013; 
Dunnett et al., 2018). A sixth and rapidly growing theme 
on assistive technologies (such as artificial intelligence and 
machine learning) covers the generation of super-ensembles 
of climate change at high resolution and hence better quan-
tification of the likelihood of extreme weather events (e.g.,
Materia et al., 2024; Schneider et al., 2024). Seventh is 
research into integrated assessment, involving combinations 
of models for evaluating climate mitigation pathways in the 
conte xt of other uncertain factors (e.g., van Vuuren et al.,
2011; Dunford et al., 2015). Finally, the smallest theme— 
in terms of output volume—is about narrative and storyline 
approaches that deliberately avoid attaching probabilities to 
deeply uncertain futures but instead focus on the underlying
drivers (e.g., Shepherd et al., 2018; Yates et al., 2015). 

1.3 What Do we Really Know (i.e., What Is 
NOT Unc ertain)?

One of the guiding principles when communicating climate 
change is that we should NOT lead with the uncertainties. 
This recognizes that an audience will likely anchor onto 
the uncertainties presented and assume that they are much 
greater than the certainties. But, of course, we already know
a great deal about current and future climate change, and
we are learning more every day (IPCC, 2021; USGCRP ,
2023). For example, we know that the climate is signifi-
cantly changed now and is continuing to change—this is not 
solely a future problem—and we know that the production of 
greenhouse gases by human activity is the cause. Detection 
studies have provided a considerable amount of evidence 
on changes to the climate. We know that temperatures are 
increasing throughout the world and that changes in pre-
cipitation regimes are occurring as a result. We know that 
oceans are warming and becoming more acidic and less 
oxygenated. We know that weather extremes important to 
human society and ecosystems, such as heatwaves and pre-
cipitation intensities, have increased and will likely continue 
to increase. W e know that the number of intense tropical
cyclones has increased over the past several decades and that
these have been attended by increases in heavy precipitation
(as witnessed during Hurricane Helene in 2024). We know
that sea level is rising and will continue to rise for centuries
to come. We know that glaciers and Arctic ice are melting
and will continue to melt (IPCC, 2021). 

We also continue to learn ever more details about what is 
driving these changes, and the extent to which human activi-
ties are responsible. Attribution science evaluates the relative 
contributions frommultiple causal factors to a climate change 

or extreme weather event. Considerable research has been 
dedicated to attributing human causes to observed c limate
changes and their effects. We know, for example, that there
is a human contribution to rising air temperature extremes
(Hegerl et al., 2004), increased atmospheric moisture ( Santer
et al., 2007), Arctic moistening (Min et al., 2008), as well 
as mean (Zhang et al., 2007) and extreme (Min et al., 2011) 
precipitation changes. The IPCC S econd Assessment Report
(IPCC 1995) concluded that “the balance of evidence sug-
gests that there is a discernible human influence on global 
climate.” This statement was strengthened in 2001, 2007,
and 2013. By the Sixth Assessment Report (IPCC, 2021), the 
assessment was that it is unequivocal that human activity is 
causing climate change. Attribution studies have advanced 
considerably over this period. Initially, attribution research 
focused on the climate changes themselves, such as “most of 
the observed warming over the last 50 years is likely to have
been due to the increase in greenhouse gas concentrations”
(SAR, 1995).

More recently, attention has shifted to attributing extreme 
events since these are strongly associated with damage to
human societies and natural ecosystems (e.g., Stott et al.,
2003; Coumou & Rahmstorf, 2012). This all began with a 
thought exercise after the 2003 floods in central England
(Allen, 2003), but has since evolved into near-real-time attri-
bution of extreme events by the World Weather Attribution
(WWA) group.1 Prominent examples of attribution studies 
linking increased severity and/or likelihood of extreme events 
to human greenhouse emissions include the 2003 European
heatwave (Stott et al., 2003), 2010 Thailand floods and 
2010–2011 Somalia drought (Otto et al., 2018), and 2017 
Hurricane Harvey (Risser &Wehner, 2017). Other studies are 
advancing the attribution of the impacts of climate change, 
such as by using machine learning approaches (Callaghan et
al., 2021). Impact examples include an analysis establishing 
that about 37% of heat-related deaths worldwide from 1991 
to 2018 could be attributed to anthropogenic climate change
(Vicedo-Cabrera et al., 2021). We know that the rise in the 
global concentration of CO2 since the year 2000 is about 
20 ppm per decade (and has increased by 25 ppm per decade 
since 2010). Another study found that with an average es-
timate of damages from Hurricane Harvey assessed at about 
US$90bn, the best estimate of damages attributable to human 
influence on the climate is US$67bn, with a likely lower
bound of at least US$30bn; hence, one-third to three-quarters
of the damages were due to human influence on global
warming (Frame et al., 2020). 

However, there remain numerous uncertainties regarding 
the details of climate change, especially at finer spatial and 
temporal scales. Global mean temperatures are rising, and
this increase is expected to continue in the future, but the

1https://www.worldweatherattribution.org/analyses/ 
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exact regional patterns and timings of change are uncertain. 
This is partially due to ambiguity about future emissions 
pathways, but also due to uncertainties in climate sensitivity
and feedbacks (Chaps. 15 and 16). Uncertainty in changes 
to precipitation is even greater and may be compounded by 
the choice of downscaling method, so awareness of the value
added by this extra work is important (Chap. 18). Nonethe-
less, it is clear that precipitation extremes at daily and shorter 
scales increase at the Clausius Clapeyron rate ( 6.5% per ◦C
of warming) or greater (Fowler et al., 2021). We know that 
the Earth has warmed due to anthropogenic factors by around 
1.3 ◦C compared to the pre-industrial period (during 2024, it 
was almost 1.5 ◦C warmer) and that it will continue to warm 
if emissions of greenhouse gases are not reduced. Initially, it
was expected that global warming could reach 1.5 ◦C by the
2040s, but this was updated to the early 2030s (IPCC, 2021). 
However, as scientific understanding has advanced, it is now 
predicted that there is an 80% likelihood that at least 1 year
will temporarily exceed 1.5 ◦C during 2024–2028 (WMO,
2024). 

1.4 Calculation and Communication 
of Uncertain ty

1.4.1 Quantifying Uncertaint y

When a particular part of the climate change issue is clearly 
identified and has clear statistical properties, then the un-
certainty may be described statistically. However, it should 
be noted that approaches to quantifying uncertainty vary be-
tween disciplines, largely due to differences in the perceived
importance of various sources of uncertainty (Simmonds
et al. 2022). Two contributions on the general statistics of
uncertainty (Chap. 20) and the statistics of extremes (Chap.
21) provide the basics on how to quantify uncertainty under 
these conditions. However, it is not possible to provide simple 
statistical guidance on how to quantify deep uncertainty. By 
definition, deep uncertainty exists when experts a nd stake-
holders cannot define probability distributions for important
system variables and parameters (Lempert et al., 2024). 

1.4.2 Communicating Uncertaint y

Communication is a crucial aspect of uncertainty in climate
change (Chap. 23). Communicating uncertainty appropri-
ately for a particular audience—whether climate scientists, 
stakeholders, policymakers, or the general public—has re-
ceived greater attention over the past decades as the urgency 
of action has intensified. Conveniently, the Intergovernmen-
tal Panel on Climate Change has acted as a bell weather 
for communicating uncertainty since its inception in 1990 

as its three Working Groups cover most a spects of climate
change (i.e., climate science, impacts and adaptation, and
mitigation). Although the communication of uncertainty has
evolved across the six IPCC reporting phases, the approaches
have garnered criticism (e.g., Budescu et al., 2009, 2012, 
2014). Many studies have been produced on the communi-
cation of uncertainty in the IPCC reports (e.g., Kandlikar et
al., 2005; Curry , 2011; Budescu et al., 2014; Kause et al.,
2022). For instance, some note that the verbal descriptors 
provided by the IPCC (such as “unlikely”) may be misin-
terpreted by experts and nonexperts alike (Budescu et al.,
2014; Kause et al., 2022). One solution is to supplement these 
verbal descriptors with quantitative ranges to reduce their 
misinterpretation. Other studies show that when scientists 
acknowledge uncertainty in their results there is increased
trust and acceptance of their messages by the public (Howe et
al., 2019). Improved dialogue is also needed between climate 
service providers and their clients (Wilby & Lu, 2022). This 
is best achieved through a collaborative and co-productive 
approach to knowledge creation (as in Chap. 6). 

1.4.3 Integrating Uncertaint y

One of the most common integrations across different types 
of uncertainty has been the blending of climate projection 
and impact model uncertainties. For example, an early agri-
cultural study employed nine different economic models in
combination with five crop models and two climate mod-
els (Nelson et al., 2013). Other forms of integration may 
involve connecting climate impacts and uncertainties that 
span different resource areas, such as at the water, food, and
energy nexus (Yates et al., 2023). A consistent message is 
that climate and impact model uncertainty (due to parameters 
and structure) tends to dominate over e missions uncertainty
to the 2050s (e.g., Wilby et al., 2009). However, other un-
certainties around benchmarking and data quality for model 
evaluation apply too. There are also various sector-specific i s-
sues and approaches to uncertainty for agriculture (Chap. 7), 
ecosystems (Chap. 8), water resources (Chap. 9), flood risk 
management (Chaps. 10 and 12), transportation (Chap. 11), 
and human health (Chap. 13). For instance, water resource 
planners may use uncertainty in regional climate change 
scenarios to stress-test model representations of whole water
supply systems (e.g., Fowler et al., 2022). This helps identify 
the most vulnerable elements and conditions under which the 
system could fail (with and without adaptation measures). 
In this case, the uncertainty is turned around to give deeper 
insight rather than to delay action. Political uncertainties can
also be accommodated within this framework by working
with stakeholders through long-term boundary organizations
(Chap. 25).
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1.4.4 Vulnerability Uncertaint y

An important element that requires further development is the 
exploration of uncertainty in vulnerability (Chap. 14). Disen-
tangling the various societal elements making up vulnerabil-
ity is a difficult task, and research in this area has only come to 
the fore in recent years. But improved understanding of how 
vulnerability evolves is critical for creating climate-resilient 
societies. Integrated assessment modeling enables the test-
ing of outcomes of various mitigation/adaptation options in 
“model worlds” to evaluate the effectiveness o f interventions,
as well as to expose any trade-offs and co-benefits. When
seeking solutions to the climate change problem, one must
consider both adaptation (Chap. 6) and mitigation (Chap.
16) together. Combining these solutions in a place-based 
way involves managing numerous uncertainties (Chap. 5). 
Developing aligned portfolios of adaptation and mitigation 
is a very wicked problem indeed, but making progress in this 
arena is critical for not just Net Zero planning but for increas-
ing societal resilience to extreme weather events. Economic 
appraisal is a well-established technique for assessing the 
case for climate action and estimating the relative costs and 
benefits of diff erent options. Economic risks due to climate
uncertainty can be managed by prioritizing no- and low-
regret options, as well as by devising multiple adaptation
pathways that avoid lock-in and maximize future flexibility
(Chap. 24), including resilient Net Z ero Pathways.

1.5 Navigating Uncertainty for Climate 
Acti on

The overall goal of this book is to show how cutting-edge 
knowledge and technologies can help us navigate uncertainty 
and support climate action. This is an inherently multidisci-
plinary endeavor, but we are not saying that everyone should 
be an interdisciplinarian. Rather, we believe that individual 
uncertainty research activities should be informed by and 
benefit from awareness of the wider uncertainty context. 
This is because climate actions are seldom, if ever, one-
dimensional. Chances are that even hardcore climate mod-
elers are now talking to social scientists, policymakers, and
engineers. Wemust also be mindful of the ethical dimensions
of our research as there are different ways of treating uncer-
tainty in our work (Chap. 22). This is because there are po-
tential societal consequences of ignoring, misunderstanding, 
or miscommunicating uncertainty in climate change research
to the public and policymakers.

The following 25 chapters reflect the expertise of 51 con-
tributors. Author disciplines span agriculture, atmospheric 
science, business studies, climatology, earth and environmen-
tal science, ecology, economics, engineering, ethics, forestry, 
geography, information science, mathematics, meteorology, 

philosophy, politics, psychology, public health, sociology, 
and more. There has been considerable progress in climate
policy, research, and practice in all these areas over the last
decade (Chap. 26). We trust that our diverse perspectives will 
contribute to further innovation in climate research methods, 
interdisciplinary collaboration, and communication in order
to better navigate the profound uncertainties that lie ahead.
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2Laying the Policy Groundwork for Considering 
Integrated Uncertaint y

Sarah M ichaels

2.1 Introduct ion

Policymaking under uncertainty has gained prominence with 
increasing concern a bout climate change (Jensen & Wu,
2016). Climate change is a long-term policy problem in 
which uncertainties arise from the long lags between policies 
and their consequences, our incomplete understanding of
complex systems and climate change’s interconnectedness
with other issues (Dewulf & Biesbroek, 2018). Exacerbating 
the challenge is that for communities that do not perceive 
they have yet experienced climate change impacts firsthand; 
the threat appears remote temporally and spatially. Under 
these c ircumstances, it is particularly difficult to convey the
urgency of acting (Moser, 2010). 

While there are a range of reactions to uncertainty (Curry
& Webster, 2011), one constructive way to think about un-
certainty in the policy process is a s “doubt that threatens to
block action” (Schmitt & Klein, 1996 63). When doubt leads 
to a reluctance to act, the resulting hesitation can cause delay 
or the windo w of opportunity may close in which action is
possible (Schmitt & Klein, 1996), or most effective as for 
climate change. This is a challenge for problem-solving, the
core of making public policy (Birkland, 2016). 

To lay the groundwork for considering uncertainty in 
the realm of climate change policy requires understanding 
the generic policy sphere in which decision-making im-
pacting climate change research and societal response to 
climate change takes place. Consequently, in this chapter
we explore the policy sphere using climate change policy
examples.

S. Michaels ( �)
Department of Political Science and Nebraska Public Policy Center, 
Univ ersity of Nebraska-Lincoln, Lincoln, NE, USA
e-mail: sarah.michaels@fulbrightmail.org 

2.2 The Policy Spher e

It is novel and instructive to think about the policy sphere 
as consisting of three complementary segments (Fig. 2.1). 
The bottom segment consists of the conceptual foundations 
of the policy process. This is the realm in which policy 
scholars work to understand and explain how the policy 
process functions regardless of the specific policy topics they
may use as testbeds for their ideas. It is where scholars work
to advance the science of the policy process (Weible, 2017). 
The second segment is policy analysis, the systematic process 
of prescriptive activities used to a id decision-making (Patton
et al., 2013). This is the domain of policy analysts who use 
analytical techniques applicable across specific policy topics 
to provide advice to decision-makers. The third segment is 
subject knowledge. This is the province of experts, often 
people who have acquired specialized training and work to 
advance knowledge in a specific area of knowledge, s uch as
climate science. The boundaries between these segments are
permeable, and working at the interface between segments is
the source of new insights to those working in the adjoining
segments.

2.2.1 Conceptual Foundations of the Policy 
Proce ss

Accepting and working with uncertainty throughout the pol-
icy process is a necessity given uncertainty is the norm in 
public polic y problems. The policy process is how politics,
which Lasswell notes within his 1936 book title Who Gets 
What, is translated into policies, whichDye (1972 2) observes 
is “what government chooses to do or not to do.” The con-
ceptual foundations of the policy process consist of the efforts 
by scholars to explain how and wh y public policy originates,
is shaped, and executed. This includes considering failure
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along with success and how that distinction transpires and
is determined.

2.2.1.1 Stages of the Policy Process H euristic
The stages of the policy process, also referred to as the 
textbook model, are widely used a s a basis for analyzing
and studying the policy process (Birkland, 2016; D eLeon,

Fig. 2.1 The policy sphere consisting of t hree complementary seg-
ments

1999) and as a foil for more sophisticated depictions of
the policy process (Birkland, 2016). It breaks down the 
process into several stages, with different authors p roviding
variations in demarcating the stages (Birkland, 2016;  Bar-
dach & Patashnik, 2020; Patton et al., 2013). Each stage in 
the decision-making process constitutes a potential point of 
entry for uncertainties (Sigel et al., 2010) and opportunities 
for policy analysis (Bardach & Patashnik, 2020; Patton e t
al., 2013). Below, the policy process is p resented as eight
stages (Fig. 2.2): (1) issue emergence (problem definition), 
(2) agenda setting, (3) generating alternatives, (4) selecting 
among alternatives, (5) enactment, (6) implementation, (7) 
monitoring, and (8) evaluation. Feedback in the form of 
monitoring and evaluation contributes t o issue emergence
and reiteration of the cycle. This eight-stage characterization
is a variation of Patton et al.’s (2013) step-by-step depiction 
of policy analysis combined with Birkland’s (2016)  presen-
tation of the stages model o f the policy process.

Issue Emergence or Problem Definition 
In the policy domain, a distinction is made between condi-
tions and problems. Conditions are understood as circum-
stances with which we can live, and problems a s issues that
must be addressed. Problems are defined in such a way they

Fig. 2.2 Stages of the policy process
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can be addressed by “solutions.” Conditions become prob-
lems through social and economic changes and/or scientific 
and technological advances. For example, it became more 
plausible to think about effectively a nd economically reduc-
ing the carbon footprint with the development of commercial-
scale renewable energy.

The policy process in the stages heuristic begins with 
defining what is the problem to be addressed. This is not 
straightforward as there may not be consensus about the 
nature and scope of what constitutes “the” problem, as is 
the situation with climate change. This may be a function of 
the range of social, political, and economic considerations 
that actors bring to the issue. Some definitions are more 
likely to be accepted and adopted than others. Advocates of a 
particular definition work hard to convince others of themerit 
of their chosen definition. The problem may well be defined 
in the context of the arena in which it is being addressed. For 
example, in climate change, a local government may define 
climate change in the context of what options it has to address
a limited number of aspects of it. For example, municipalities
can focus on decarbonizing local transport. This can include
helping individuals make trips using more carbon-efficient
means than personal vehicles and reducing how far and how
many trips individuals make, as was done in Bath Riverside,
England, as well as promoting zero tailpipe emission vehicles
for trips requiring vehicles (Campbell et al., 2020). How a 
problem is defined often influences its treatment during the
policy process (Schattschneider, 1960). 

Problems generally become known in one of two ways
(Kingdon, 2011). (1) There are changes in problem indicators 
(Birkland, 2016). For example, the IPCC shared the 2007 
Nobel Peace Prize because of its meticulous approach to 
demonstrating the changes, notably human induced, in key 
indicators of climate change. At least in theory, considerable
attention is paid to the issue if the data indicates a deteriorat-
ing situation (Kingdon, 2011), and these are interpreted and 
publicized by policy influencers (Birkland, 2016). Yet, those 
engaged in generating such evidence are often frustrated that 
making known monitoring demonstrating changes in indica-
tors rarely leads directly and immediately to policy change
(Michaels & Tyre, 2012). As climate change scientists have 
discovered, it does not even result in appropriate coverage 
in the politically influential US prestige press (Boykoff &
Boykoff, 2004). What has been discernible is a correlation 
between increased concern about climate change and the 
release of new scientific reports, notably by the Nobel Prize-
winning International Panel on Climate Change (IPCC) or
routine political activity, such as US presidential campaigns
(Hulme, 2008; Boykoff & Boyko ff, 2004). (2) There is a fo-
cusing event, “a sudden, exceptional experience that, because 
of how it leads to harm or exposes the prospect for great 
devastation, is percei ved as the impetus for policy change”
(Michaels et al., 2006 983). Major weather events, such as 

Superstorm Sandy, have been presented as focusing events 
indicative of climate change (Feldpausch-Parker et al., 2018). 

Agenda Setting 
Agenda setting refers to how particular topics come to the 
attention o f policymaking decision-makers (Cobb & Elder,
1983). This may occur through government officials sensing, 
often with the aid of opinion polls, changes in how a large 
number of people in a jurisdiction think about a topic. It 
may happen through the campaigning of interest groups and
also through legislatures, notably when there are changes
in their memberships (Herweg et al., 2017). Agenda setting 
has been one of the first and most hea vily theorized stages
of the policy process (Kingdon, 2011). An issue can reach 
the agenda in the same two ways, discussed above, of how 
problems b ecome known through changes in indicators and
through focusing events.

As agenda setting is an important expression of power, 
actors may work to keep an issue off the agenda while others 
work to get it on the agenda. Here is an example of the 
latter. On September 4, 2019, each of the then 10 qualify-
ing Democratic presidential candidates answered questions 
individually about prospective climate change policies in 
40-minute town hall segments broadcast on CNN. While 
the candidates may have had differing policy proposals, the 
overall intent of the seven-hour climate talkathon was to 
highlight the Democratic Party’s agenda-setting commitment 
to climate change. Arguably, it was historic for two reasons.
First, because the candidates made the cases as to why they
should be the presidential nominee for their party based on
their plans to address climate change. Second, the seven-
hour presentation may well have been the longest stretch of
programming up until then devoted to climate change by a
US news network (Dickinson et al., 2019). 

Agenda setting matters because there is limited agenda 
space for issues. For example, coverage of the Democrats’ 
climate town hall was punctuated with updates on the 
progress of Hurricane Dorian. Arguably, in this case the 
main issue and the interrupting issue were complementary. 
Advances in extreme event attribution are leading t o insights
about the extent to which the intensity or probability of
a particular form of weather event is affected by climate
change inmodelled worlds (National Academies of Sciences,
Engineering, and Medicine., 2016). 

In the Democratic Party town hall example, there is little 
variation in the construction of the climate change issue 
because of the desire to highlight the party’s unanimity in 
its willingness to address climate change. Policy change 
advocates are aware that divisiveness among the positions of 
supporters and that more attention on an issue yields more
negative attention and decreases the likelihood of making
policy change on their chosen issue. “Policy change refers
to a detectable deviation from the purposive course of action
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that is in place to address a perceived s ocietal problem”
(Michaels et al., 2006 983). 

Generating Alternatives 
Generating alternatives refers to coming up with different 
intervention schemes to ameliorate or solve a problem (Bar-
dach & Patashnik, 2020). Thinking about how a given prob-
lem framing leads to an array of options may well reveal 
information-related uncertainties. Different problem fram-
ing, such as whether addressing climate change is a suffi-
ciency or an efficiency problem, leads to considering differ-
ent arrays of options. If climate change is framed as a suffi-
ciency problem, the challenge is to pursue what is adequate to 
get the job done when more could be done. For example, it is 
using a bicycle rather than a car or hanging clothes out to dry 
on a clothing line rather than using a clothes dryer. If climate 
change is framed as an efficiency problem, the challenge is to 
pursue getting more out of resources expended. For example, 
it is increasing h ow far an automobile can travel on a tank
of gas or reducing how much energy is necessary to power
a clothes dryer. Consequently, when there are differences
in problem framing there may not be agreement on what
constitutes the appropriate array of policy options to consider.
Some may think better options than those now proposed
will be available in the near future because of anticipated
new technologies (Hadorn et al., 2015). The range of pol-
icy alternatives generated can be wide or narrow, mutually 
compatible or redundant. For example, in addressing climate 
change, one option maybe to promote development of solar 
power, another to use carbon-based fuels more efficiently. 
More narrowly, a carbon tax maybe decided upon and so the 
alternatives relate to how m uch the tax should be, on whom,
and on what activities it will be imposed. When alternatives
are not mutually exclusive, the preferred option may well be
a mix of alternatives.

Selecting Among Alternatives 
It is rare one alternative is anticipated to produce better 
outcomes across all evaluation criteria than other alterna-
tives. Usually, there are trade-offs between values expressed 
as projected outcomes produced by different alternatives. 
That these outcomes are projected means they are attached 
to a range of forecasting-associated uncertainties. Common 
trade-offs include between money a nd extent of desired out-
put, such as risk reduction; and between costs carried pri-
vately, such as installing emissions abatement equipment,
and social benefits, protecting forests (Bardach & Patashnik,
2020). A key criterion separating one alternative from an-
other and action on the same alternative in two different time 
frames is political feasibility. For example, the United States 
signed the Paris Climate Agreement, committing signatory 
countries to reduce carbon dioxide emissions and similar

emissions, during one presidential administration and then
in another gave notice the United States would withdraw
from it.

Choosing an option to implement may be seen as the con-
cluding step in deciding how to cast the decision problem. Yet 
this may be premature if further learning is required because 
of outstanding, uncertain dimensions of the decision prob-
lem. “Learning may include identifying or recategorizing 
uncertainties of information on the basis of scientific analysis 
and n ew information, revising information because of chang-
ing circumstances, reconsidering ethical positions and re-
assessing the feasibility or efficiency of policies” (Hadorn et
al., 2015 115). In the case of climate change policy, not only 
are there outstanding, uncertain dimensions of the decision 
problem, there is also recognition that future policies w ill
need to be bolder, more malleable, and expansively scoped
than what is in place (National Research Council, 2010). 

Enactment 
Enactment refers to when a governing authority sets out an 
action or a rule of conduct. The term is often associated with 
legislative action. For example, in general, federal statute 
laws in the United States are enacted when the president signs
legislation presented by Congress or when Congress over-
rides a presidential veto (Birkland, 2016). The president can 
act through other means. For example, on November 1, 2013, 
President Obama issued an Executive Order—Preparing the 
United States for the Impacts of Climate Change. Enactments 
can be and are reversed, as occurred onMarch 28, 2017, when 
President Trump signed an Executive Order revoking the 
above President Obama’s Order. Enactment can also occur 
at a subnational scale. For e xample, the State of California
adopted the Low Carbon Fuels Standard (LCFS) as a regula-
tory effort to reduce the carbon content of transportation fuel
used in the State.

Implementation 
Enactment of laws is not simply translated into actions by 
agencies or complied with by citizens. Government agen-
cies have to ascertain what legislation requires or enables 
them to do. For example, while implementing the iterative
EU Water Framework Directive, responsible entities sought
opportunities to embed adaptation measures within it (Wilby
et al., 2006). Translating legislation into rules and regulations 
can be difficult and contentious. Also, it is often during 
implementation attention to detail flags because people t hink
the problem has been addressed by the passage of legislation
(Birkland, 2016). 

Some policies are implemented successfully while oth-
ers are not. Most fall short of what t heir most enthusiastic
proponents claim they will achieve (Birkland, 2016). Failure 
may be attributed to poor policy design or theory or to
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disagreements between federal, state, local, and street-level 
implementers or to insufficient resources (National Research
Council, 2010). 

Since the Paris Agreement, the role of climate science is 
more about aiding in implementing and monitoring policy 
actions than previously, when arguably its key role had been
to provide scientific evidence global warming was taking
place (Beck & Mahony, 2018). 

Monitoring 
Monitoring involves routinely collecting data on policy per -
formance indicators (Schoenefeld et al., 2018). It is integral 
to the bottom-up system of international climate governance 
that began to be emphasized in the 2009 Copenhagen Sum-
mit, officially known as the United Nations Climate Change 
Conference (COP15), because such a system is predicated on 
sound monitoring for assessing both past performance and 
estimating future contributions. The 2015 Paris Agreement 
committed signatory countries to report regularly on their 
emission reduction pledges known as Nationally Determined 
Contributions (NDCs) pledges to tackle climate change. Pub-
lic policies in many countries provide the means for con-
verting pledges into actions. Salient insights of how this 
might work come from the European Union’s experience, 
as a self-declared climate leader, of monitoring national 
climate policies. The EU’s decision to emplo y a predomi-
nantly technical interpretation of four international reporting
quality criteria—completeness, consistency, comparability,
and transparency—constrained knowledge production and
debate on how individual climate policies performed. Imped-
iments to more in-depth reporting include political concerns
about the costs and burdens of reporting, who determines
what should be monitored, how useful the reporting infor-
mation is perceived to be, and the political control emanating
from policy knowledge (Schoenefeld et al., 2018). 

Evaluation 
Evaluation involves producing information about the worth 
of policy outcomes, a function of the extent to which they 
contribute to goals and objectives. It does so through assess-
ing policy performance and clarifying and critiquing values 
underpinning the choice of goals and objectives. Commonly
used evaluation criteria include effectiveness, efficiency, ad-
equacy, equity, responsiveness, and appropriateness (Dunn,
2012). A change in outcome is not necessarily attributable 
to a particular policy. For example, various policy measures 
may produce improvements in energy efficiency and macro-
economic shifts may influence energy prices, incentivizing or
disincentivizing energy efficiency (European Environmental
Agency, 2016). 

In more than one variant of the idealized stages of the 
policy process, feedback based on monitoring and evaluation 

leads to refining a ny of the stages and may suggest the
emergence of new issues (Birkland, 2016). For example, doc-
umenting poor policy performance may lead to reconfiguring 
the policy problem or suggesting the preferred a lternative be
dropped (Dunn, 2012). 

2.2.1.2 Problems with Stages H euristic
The stages heuristic is appealing for its simplicity. It in-
tuitively makes sense, conforming with stages familiar to 
anyone exposed to linear project planning. It is a heuristic 
and as such not every step always h appens, the sequence of
steps does not always happen in the same order, the process
is not always completed (Birkland, 2016). Even more funda-
mentally, Campbell et al. (2019) argue climate changemay be 
unframeable because of three of its ontological dimensions: 
unboundedness, incalculability, and unthinkability.

More sophisticated theories provide a deeper understand-
ing of the policy process. While beyond the scope of this 
chapter to explore, it is important to acknowledge the theories 
and frameworks of the policy process literature that have 
eclipsed, at least in policy scholarship, the stages heuristic. 
They share a recognition of the importance of individual 
actors, such as policy entrepreneurs, groups, including coali-
tions of groups, and the role of ideas and reject the stages
heuristic based on its lack of defensible conceptual foun-
dations (Weible & Sabatier, 2017). Yet the stages heuristic 
continues to be employed in practice. It fits with the idealized 
step-by-step planning process, has an easy-to-grasp logic,
and perceived widespread applicability.

2.2.2 Policy Analy sis

The second segment of the policy sphere is policy analysis. 
Intended to improve policymaking (Dunn, 2012 53), policy 
analysis involves providing informed rationales for making 
decisions to solv e collective, real-world problems (Dunn,
2012; Patton et al., 2013). The purpose of policy analy-
sis is to help policymakers choose among complex options 
under uncertain conditions. Policy analysis is not an open-
ended, unconstrained exercise in exploring the dimensions 
of a pressing issue. Rather it is characterized by a search 
conducted in a limited time frame, directed at a particular 
issue, constrained set of alternatives, preparation of docu-
ment leading to action, client alignment, problem orientation,
time horizon influenced by the terms of elected office and
uncertainty, and politically sensitive strategy (Patton et al.,
2013). 

Policy analysts use multiple methods of inquiry often 
drawn from applied social sciences. Typically they do so to 
address five types of questions: (1) What is the problem we
are trying to solve? (defining the problem), (2) On what basis
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should we choose which policies to execute? (establishing 
evaluation criteria), (3) What are the different bundles of 
anticipated results of our policy decisions? (designing policy 
alternatives), (4) What are the on-the-ground consequences 
of the policy implemented? (monitoring), and (5) To what
extent do these consequences fulfill the intent of the policy
and/or mitigate the current form of the problem? (evaluation)
(Dunn, 2012). These questions inform and highlight individ-
ual stages of t he stages heuristic outlined above.

Policy analytic methods are intended to structure prob-
lems, forecast expected policy outcomes, construct alterna-
tives, prescribe preferred policies, and monitor and evaluate
observed policy outcomes (Dunn, 2012; Bardach & P atash-
nik, 2020). At the agenda-setting stage of policymaking, 
problem structuring may reveal hidden assumptions under-
pinning problem definition, identify problem origins, identify 
possible objectives, reconcile conflicting perspectives, and 
generate new policy choices. Anticipated consequences of 
adopting preferred policies may be revealed through fore-
casting. Forecasting c ontributes to examining possible future
scenarios, estimating the consequences of future policies, and
specifying likely constraints on fulfilling intended objectives
(Dunn, 2012). For example, the United Kingdom Committee 
on Climate Change (2015) based its recommendation for the 
United Kingdom’s fifth carbon budget for 2028–2032 on a 
number o f scenarios it built for reducing emissions leading
up to 2050.

Ambiguously, an alternative may refer to an intervention 
involving foregoing an option or it may refer to an option 
that can be undertaken in combination with one or more
other options (Bardach & Patashnik, 2020). In developing an 
initial list of prospective options, policy analysts may begin 
by noting those being considered by critical political actors 
and t hen trying to design alternatives to the ones already
being floated (Bardach & Patashnik, 2020). In suggesting 
preferred policies, analysts may specify criteria for policy 
selection, indicate which administrative unit should have the 
authority and responsibility to implement a policy, detect 
externalities, and approximate risk and uncertainty levels. 
Monitoring indicators of policy outcomes and impacts assist 
in policy implementation by measuring the consequences of 
adopted policies. Extent of compliance, unintended conse-
quences, obstacles and constraints to implementation, and 
encouraging administrative accountability may be a product 
of monitoring. Discrepancies between anticipated and actual
policy performance is how evaluation aids policy assessment
and adaptation. Doing so may lay the groundwork for re-
structuring problems, modifying or reconstituting policies,
clarifying and critiquing values, underpinning policies, and
establishing the extent to which the original problem has been
alleviated (Dunn, 2012). 

While some, if not all, of the above methods may be famil-
iar to climate scientists from their own work, policy analysis 

and research are not always interchangeable. Compared to 
research, policy analysis is conducted under more severe 
time constraints, can be less concerned with generating new 
data, explicitly considers alternati ves, including the impact
of predicted outcomes on various interests, may indicate a
favored option, is not intended to discuss disciplinary con-
tributions (Lindquist, 1988), or give primacy to informing 
theory. These differences may well lead to discrepancies in 
what uncertainties are considered and how they might be
treated.

Since the presence of uncertainty is the norm in public 
policy problems, accepting and working with uncertainty is 
a necessity in policy analysis. While sensitivity testing and 
decision-analytic methods can be helpful when values for
certain variables cannot be obtained (Patton et al., 2013), un-
certainty continues to be a challenging dimension for climate 
change policy analysis as it does for the valuation of adap-
tation outcomes. For example, differences in cost–benefit 
valuations result from how to value uncertain outcomes, 
notably high-consequence events for which probabilities are 
thought to be low at low levels of warming and become more 
pronounced with greater climate forcing increase. Plausibly 
such outcomes could lead to significant irreversibilities in
climate-impacted systems and in the climate itself. An ex-
ample of such irreversibilities is the release of large amounts
of greenhouse gases from warming permafrost (National
Research Council, 2010). 

2.2.3 Subject Know ledge

Subject matter expertise, the third segment of the policy 
sphere, is highly valued in rational-based approaches to poli-
cymaking. The insights of experts may spur policy change, 
reinforce existing choices, and be used to validate what 
decision-makers want to do, notwithstanding competing ev-
idence. Those educated in climate sciences are likely to 
find themselves engaged in policy through their substantive, 
subject matter knowledge. This contrasts with professionals
working out of the other two policy sphere segments, who
may have developed less subject matter expertise and more
capability, relevant across subjects, related to politics and
policy analysis.

While subject matter expertise is needed, some experts do 
not know how the policy process works, worry their work 
may be “misused,” and/or fear participating in the policy 
process will not advance their careers. The latter may become 
less of a concern with increasing interdisciplinarity, height-
ened understanding of the needs of information users (Dow
&Carbone, 2007), and mounting pressure for policy-relevant 
research. For example, this includes the United States’ Na-
tional Science Foundation considering broader impacts in
evaluating funding proposals and the United Kingdom’s Re-
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search Excellence Framework incentivizing “impactful” re-
search.

Employing expertise increases in importance as under-
standing the connections between science and policy be-
comes more refined (McNie, 2007; Michaels, 2009). Rec-
ognizing societal reliance on nonstationary natural systems 
makes forecasting integral to d ecision-making about the fu-
ture (Michaels & Tyre, 2012). Projecting climate change 
and impacts, based on scenarios and storylines, links climate 
change science and policy (Feichter &Gramelsberger, 2011). 
The IPCC has gone to great lengths to establish protocols 
of how to inform policymaking based on rigorous, peer-
reviewed scientific findings. Integral to the IPCC Assess-
ment Reports’ extended r eview process is identifying and
assessing climate change projections uncertainty to support
policymaking under uncertainty (Feichter & Gramelsberger,
2011). 

Natural scientists confront uncertainty as a research 
process attribute and thus are familiar with the shortcomings 
of the models and tools employed in representing the 
external world. Gathering m ore data or refining models
are widespread means of addressing epistemic uncertainty
(Kundzewicz et al., 2018). Natural scientists also recognize 
aleatory uncertainty, a function of a phenomenon’s intrinsic
randomness (Kundzewicz et al., 2018), or ontological 
uncertainty, a function of innately complex structure
performance (Dewulf & Biesbroek, 2018), which cannot 
be reduced (Kundzewicz et al., 2018). 

Climate change scientists engaging in the policy process 
need to recognize human activity involves at least three 
attributes leading to social indeterminism: random process,
myopicness, and intentionality (Pielke Jr., 2007). The 
first is random process. While people may be clear on 
what they wish to achieve, they may employ a haphazard 
series of actions in their efforts to obtain a result. The 
second is short-sightedness; people consider only the short 
term or weigh heavily the immediate ov er the long term.
The third is intentionality, usually a function of behavior
shaped by contingencies, in which people learn directly
through their own experiences of the consequences of their
actions.

Detecting the presence of social indeterminism, such as 
when there is value-based disagreement about whether to 
reduce greenhouse gas emissions, may help scientists distin-
guish when their findings are unlikely to influence decision-
making (Michaels & Tyre, 2012). Bringing climate change 
science to bear in policy does not reduce social indeter-
minism. Categorizations of uncertainty suggest when sci-
ence may or may not influence decision-making (Michaels
& Tyre, 2012) and that different strategies are required to 
address different sources and forms of uncertainty (Jensen
& Wu, 2016). 

2.3 C onclusion

This chapter has laid out the policy groundwork for consid-
ering integrated uncertainty in the context of climate change 
research. To do so, it has employed a depiction of three 
segments constituting the policy sphere: (1) conceptual foun-
dations of the policy process, (2) policy analysis, and (3)
subject knowledge (Fig. 2.1). While this depiction is appli-
cable to disparate policy topics, in this chapter it has been 
used to help structure thinking about climate change policy, 
including how uncertainty factors into its policymaking. In 
the first segment, conceptual foundations of the policy pro-
cess, the stages of the policy process heuristic were presented. 
While there are theoretical and pragmatic limitations to this 
heuristic, by breaking down the policy process into different 
steps, it becomes apparent how uncertainty is a consideration 
throughout the process. The discussion of the second seg-
ment, policy analysis, brings to the fore how generic tools, 
such as cost–benefit analysis, used across policy domains 
are applicable and can be tailored specifically to climate 
change policy. It is worth noting how policy analysis, with 
its emphasis on providing timely input and its lack of em-
phasis on originality, constitutes a different form of advice 
than traditional, scientific research, which prizes meticulous 
investigative process, thorough documentation, and original-
ity. The third segment, s ubject knowledge, highlights what
is distinct about the contribution of those with substantive
expertise, such as in investigating climate change. It is im-
portant to recognizewhen scientific expertise ismore and less
applicable to advancing climate change policy. This maywell
be a function of what uncertainty is present at a particular
point in the process of climate change policymaking. The
challenge for incorporating uncertainty into climate change
policymaking is to do so in such a way that acknowledges
the origins, actuality, and implications of uncertainty without
paralyzing decision-making.
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3Climate-Informed Decision Analysis Via 
Decision Sc aling

Casey Brow n

3.1 The Need for Climate-Informed 
Decision Analy sis

A climate-informed decision analysis is a tailoring of the 
methods of decision analysis to the opportunities and con-
straints inherent to the state of the science in climate predic-
tion and projection. The goal of a climate-informed decision 
analysis is to identify the optimal choice when climate un-
certainty is a dominant factor affecting the outcomes of the 
decision andwhere climate information, such as derived from 
instrumental records, palaeoclimatological reconstructions, 
or climate simulations, is usedwithin the analysis. Optimality 
is defined by the decision-maker and implemented via a 
corresponding decision rule. The premise is that the use of 
climate information may provide value by improving the 
outcomes of decisions when climate information is included 
in the decision analysis. However, there are two problems that 
often arise in the use of climate information, and climate pro-
jections in particular, within a decision analytic framework. 
The first is the mismatch between climate projections and the 
attributes of the “states of the world” or scenarios that are 
used in decision analysis, which must be mutually e xclusive
and collectively exhaustive. We call this challenge scenario
ambiguity. The proposed solution is the introduction of the
climate stress test, which is a statistical climate scenario
generator specifically designed to create climate scenarios
that are congruent with the adaptation decision analysis.
The second challenge is the incorporation of useful climate
information from Global Climate Model (GCM) projections
if it is not used as the “states of the world” or scenarios in the
decision analytic framework. The proposed solution follows
the concepts of pre-posterior analysis, robustness, and ex post
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University of Massachusetts, Amherst, MA, USA
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scenario analysis (Bryant and Lempert, 2010) and combines 
them with the concept of categorical climate forecasts to 
provide a method for including climate information as a
weighting factor for assessing vulnerability or selecting a
robust decision option.

The result of these two proposed solutions comprises the 
design of a climate-informed decision analysis previously 
described as “decision scaling.” The name derives from the 
idea that the climate information is scaled in the sense of the 
spatial, temporal, and categorical scales to meet the needs of
the scenarios that emerge from the decision analysis. This
methodology was originally developed for applications of
seasonal climate forecasting (e.g., Brown et al., 2006). The 
need of operational agencies, specifically, those that manage 
or invest in water infrastructure, for practical guidance on 
vulnerability analysis and adaptation planning revealed the
applicability of decision scaling to these issues and they soon
became a focal point.

There are many studies that focus on the impacts of 
climate change on a human interest. These studies are dis-
tinct from climate studies that focus solely on the climate 
variables themselves, uncovering trends and change. These 
impact analyses typically include the modeling of an en-
tity’s response to climate change, and the entity may in-
clude ecosystem response, public health responses, or, very 
commonly, infrastructure system response. The prevalence 
of climate-related impacts on water systems contributes to 
the prominence of this focus, and it serves as the departure 
point for this chapter. Initially, there was general interest 
in how these systems responded to the possible impacts of
climate changes as depicted by a sampling of projections of
future climate, typically derived from GCMs. Increasingly,
however, those tasked with long-term decisions potentially
affected significantly by possible climate changes sought
more understanding than could be provided by a sampling of
possible impacts. They sought information and guidance that
they needed in order to act and make decisions. For example,
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the World Bank Group, which includes the World Bank and 
International Finance Corporation, was an early advocate for 
“actionable” climate i nformation. A study by their Indepen-
dent Evaluation Group (World Bank Independent Evaluation
Group, 2012:69) summarized the challenge: “In retrospect, 
the Bank Group has pioneered—often in innovative ways— 
the use of climate models but has discovered that they often 
have relatively low value-added for many of the applica-
tions” for which climate i nformation is needed. This report
recommended a redirection of effort toward decision-making
processes that performedwell under conditions of irreducible
uncertainty.

Our response was to depart from the focus on improving 
the credibility of climate simulations or attempting to in-
crease the resolution of raw simulations and instead to focus 
on the decision process itself. Decision analysis presents an 
appealing quantitative framework, but application is com-
plicated by the mismatch between the typical assumptions 
of the framework and the nature of GCM-derived c limate
simulations. In particular, GCM projections do not satisfy
the assumptions of “states of the future” in the typical sta-
tistical decision analytic framework that they be collectively
exhaustive and mutually exclusive (Stainforth et al., 2007). 
In addition, the climate projections from GCMs are not 
presented as predictions yet contain some indication of what 
might happen in the future for plausible scenarios of green-
house gas emissions and presumably what might not happen. 
Consequently, an ensemble of GCM projections may not be
well-suited for use in expected utility analysis nor for use in
nonprobabilistic decision rules, such asMaxi-Min (maximize
the minimum utility across collectively exhaustive states of
nature).

The goal here is to design a decision framework specifi-
cally tomake the best use of the available climate projections. 
The key innovation is to decouple the scenarios used in the 
decision framework from GCM projections, instead using a 
statistical climate scenario generator for this purpose. The 
GCM projections are then used as a sensitivity factor when 
weighing alternative decisions. Note that here we use the 
term scenarios as the future states of the world used in
decision analysis, whereas projections refer to simulations
of future climate from GCMs. There are now many exam-
ples of decision scaling (DS) applications that illustrate its
various aspects, and particular methods for individual steps
continue to evolve (e.g., Whateley et al., 2014; Turner e t
al., 2014; Steinschneider et al., 2015a, b;  Poff  et al., 2016; 
Taner et a l., 2019; Ray et al., 2019). However, there has 
not been the opportunity to provide an articulation of why 
it was developed and the motivation for the advances that 
it represented. This chapter attempts to provide background 
motivation and brief review of the basic concepts, introducing 
the problems that climate projections posed for decision 
analysis and explaining the DS solutions to these problems.

The chapter concludes with an explication of the science and
the methodological challenges that need further study.

3.2 The Analysis of Decisions

Formal presentation of mathematical approaches to deci-
sion analysis was developed in the twentieth century as a 
systematic, repeatable approach to making decisions under 
uncertainty . The standard problem formulation for a decision
analysis framework (c.f., Schlaifer & Raiffa, 1961) consists 
of the formal structuring of decisions in terms of choices, 
unknown future states of the world, “rewards” or the benefit 
(or disbenefit) the decision-maker receives as a result of 
selecting a particular choice, and the decision rule, which 
is the algorithm for determining the optimal decision. The 
decision rule defines optimality. There has been a rich his-
tory of the application of decision analysis to the use of 
weather forecasts and seasonal to interannual (often called 
climate forecasts) forecasts of precipitation and temperature, 
especially in agriculture and water management. Seasonal to 
interannual climate forecasts became a focus as a result of 
the recognition of deterministic aspects of the climate system 
at these timescales. In particular, the emergence of skillful 
prediction of the El Niño/Southern Oscillation resulted in 
a great deal of attention of the use of these forecasts for 
societal benefit. Applications at these forecast time scales
benefit from the ability to assess the predictive error of the
forecast, that is, given a forecast of X, did X happen or not.
This can be usefully summarized as a conditional probability:
given a forecast of X, the probability of getting X is p. The
conditional probability can be used with a decision analysis
framework that maximizes expected utility. Assuming an
accepted utility function for measuring the benefit of out-
comes of different decision alternatives, the expected utility
maximizing decision alternative can be identified.

An early application of decision analysis to climate 
change adaptation on theGreat Lakeswas described inHobbs
et al. (1997). Their application presents the maximizing 
expected utility decision framework but avoids the issue of 
estimating probabilities for the future states of the world. 
The authors present a decision analysis framework but do 
not specify the probability of future lake levels. Unlike in 
the case of weather or s easonal climate forecasts, the needed
conditional probability of success is not available for climate
change projections. Without probabilities, the maximization
of expected utility framework was no longer practicable.

However, alternative decision rules exist within decision 
analysis, and there are many that do not depend on probabil-
ity. For example, to maximize the minimum reward decision 
rule, select the alternative without regard to the probabilities
of future conditions. It simply selects the alternative that
avoids the worst possible outcome (note that defining the
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worst outcome requires a judgment as to the existence of a 
scenario underwhich that outcome occurs, and thus assigning 
it a nonzero probability of existence—more below). Further, 
it is possible that the value of decision analysis for applicants 
might not be the ability to identify an optimal decision 
alternative. Instead, there was value in the organization of the 
information that is useful for evaluating alternatives, that is, 
the articulation of the future states of the world or scenarios 
and t he investigation of the performance of different alter-
natives in those scenarios. Such analyses offer an example of
decision analysis used for structured exploration and compar-
ison of the consequences of alternative decisions rather than
decision analysis used to rank alternative decisions.

3.2.1 Decision Analysis: An Illustrative 
Climate Adaptation Example

In a typical statistical decision analysis application, a 
decision-maker seeks the best choice among several 
possibilities, where “best” is determined by the performance 
of the selected option in the future. There are various ways 
to define “best,” including the use of utility functions 
but with no loss of generality. Let us assume that best is 
defined in terms of the option with the highest net p resent
value. If there are four possible choices, say options A–D
and the key uncertain variable that determines their future
performance can be categorized as four mutually exclusive
and collectively exhaustive futures, then the problem can

be summarized by Table 3.1. The table is completed by 
calculating the net present value of each of the options in 
each of the possible futures. T he resulting decision matrix is
used in combination with a decision rule to select the best
option.

Now, consider the case of a water supply utility that needs 
to expand their water supply t o meet the needs of a growing
population. Table 3.2 summarizes this case, with the four 
possible water supply expansion options, and the net present 
value of each of those options in five mutually exclusive 
and collectively exhaustive futures. Here, the future variable 
of most importance to the performance of each option is 
the future precipitation. Other uncertain variables, such as 
the demand for water, population growth, or cost overruns, 
may also be influential, but for the purposes of this example 
only precipitation uncertainty is considered. Specifically, t he
future scenarios are defined by the change in 30-year mean
annual precipitation from current conditions. For this strictly
illustrative example, the net benefit for each option in each
future is indicated in terms of $M. Notice that to this point
we have not assigned probabilities to the futures.

Determination of the best option depends on the decision 
rule that is used. We begin with two decision rules that do 
not require probabilities given that we have none. The first 
is the maximize the maximum (MaxiMax) reward rule. This 
rule states that we simply choose the option with the highest 
net benef it in any scenario. In this case, the desalination
plant is the optimum choice, with a reward of $500 M if the
future is greater than 20% dryer than current conditions. An

Table 3.1 Decision matrix showing the options (row headings) from which the “best” will be selected based on their 
net p resent value in each future state of the world (column headings)

Options Future 1 Future 2 Future 3 Future 4 

Option A 
Net Present Value 

(A|Future 1) 

Net Present Value 

(A|Future 2) 

Net Present Value 

(A|Future 3) 

Net Present Value 

(A|Future 4) 

Option B 
Net Present Value 

(B|Future 1) 

Net Present Value 

(B|Future 2) 

Net Present Value 

(B|Future 3) 

Net Present Value 

(B|Future 4) 

Option C 
Net Present Value 

(C|Future 1) 

Net Present Value 

(C|Future 2) 

Net Present Value 

(C|Future 3) 

Net Present Value 

(C|Future 4) 

Option D 
Net Present Value 

(D|Future 1) 

Net Present Value 

(D|Future 2) 

Net Present Value 

(D|Future 3) 

Net Present Value 

(D|Future 4) 

Table 3.2 Example decision matrix as described in the text. The matrix entries are 
the net present value of each option (row headings) in each future state of the world 
(column headings). The blue cell indicates the optimal choice using the “MaxiMax”
decision rule, and the green shading indicates the optimal choice using the “MaxiMin”
decision rule

Options >20% 
dryer 

5 to 20% 
dryer 

Little 
change 

5 to 20% 
wetter 

>20% 
wetter 

Surface 

reservoir 
–100 100 200 300 200 

Groundwater 250 200 150 150 –150 

Desalination 

plant 
500 250 100 –200 –600 

Demand 

reduction 
60 60 60 60 60
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Table 3.3 As in Ta ble 3.2 but 
the red-shaded cell indicates the 
optimal option for the maximum 
likelihood decision rule and 
green shading indicates the 
optimal choice for t he maximize
expected utility approach

Options >20% 
dryer 

5 to 20% 
dryer 

Little 
change 

5 to 20% 
wetter 

>20% 
wetter 

Surface 

reservoir 
–100 100 200 300 200 

Groundwater 250 200 150 150 –150 

Desalination 

plant 
500 250 100 –200 –600 

Demand 

reduction 
60 60 60 60 60 

Probability 0.2 0.25 0.35 0.1 0.1 

Table 3.4 As in Ta ble 3.2 but 
green shading indicates for each 
option the climate scenarios for 
which it satisfies the threshold on 
“acceptable performance” as 
defined in the text. This is a 
definition of r obustness for each
option

Options >20% 
dryer 

5 to 20% 
dr yer 

Little 
change 

5 to 20% 
wetter 

>20% 
wetter 

Surface 

reservoir 
–100 100 200 300 200 

Groundwater 250 200 150 150 –150 

Desalination 

plant 
500 250 100 –200 –600 

Demand 

reduction 
60 60 60 60 60 

alternative and more cautionary approach is to maximize the 
minimum reward (“MaxiMin”). In this case, the decision-
maker seeks to avoid the worst outcomes by selecting the 
option that does best in a worst case. With this decision rule, 
the demand reduction option is optimum as its worst-case
reward ($60 M) is higher than every other option’s worst-
case reward.

Now consider the case where a bold analyst has assigned 
probabilities to the future scenarios, as indicated in Table 3.3. 
This allows us to introduce commonly used decision rules 
that depend on probabilities. The first is called the maximum 
likelihood decision rule. This decision rule selects the option 
that has the best reward in the most likely future. While 
this may seem like a risky decision approach, the commonly 
heard request for decision-makers to analysis of “Tell me 
what will happen, and I’ll make the best decision for that 
case” actually follows this decision rule. In this case, the 
surface reservoir has the highest net present value in the 
most likely future, which is the “little change” future with a
probability of 0.35. Finally, the maximize expected value (or
utility) decision rule is perhaps the most commonly applied.
In this case, the expected value of the net benefit of each
option is calculated over all the futures and the option with
the highest expected reward is selected. In our example, the
groundwater option is the optimal choice.

Another approach to selecting the preferred decision uses 
the concept of “satisficing” coined by Herbert Simon by 
combining satisfy and suffice. This means selecting a solu-
tion that provides an acceptable level of performance rather 
than seeking the ideal solution. This can be extended to the 
concept of robustness. Robustness can be defined in many 
ways but in this analysis the term is defined as providing sat-
isfactory performance over a wide range of possible futures.
The analyst may satisfy by selecting the option that provides
acceptable performance over the widest range of possible
futures and thus avoid being too cautious (maximin) or too

dependent on predicted probabilities (max expected value).
For example, Table 3.4 now shows the robustness range of 
each of the water supply options assuming a threshold of
acceptability of $150 M.

Robustness provides a balance between caution due to 
overwhelming uncertainty and dependence on predicted 
probabilities that lack credibility. This is a promising decision 
analysis framing to address climate change. However, it is not 
yet clear how to use climate information with this framework.
The challenge begins with the required scenarios.

3.3 Incongruence of Climate Projections 
and Decision A nalysis

In the classic statistical decision analytic framework, the 
states of the world are defined as mutually exclusive and 
collectively exhaustive, and these conditions are required to
guarantee a clear indication of the optimal choice(s) (Ed-
wards et al., 2007). However, climate projections are not 
designed with this framework in mind and unsurprisingly are 
difficult to incorporate with it. Due to the increasing role
of internal variability at the scale of adaptation decisions
(Whateley&Brown, 2016), a typical ensemble of projections 
is particularly lacking in this regard when analyzed at the 
scale of adaptation decisions (Brown&Wilby, 2012). Collec-
tively exhaustive climate scenarios would span the range of 
plausible climate changes. That is, there would be a scenario 
that represents the full range of plausible climate change. 
In practice, it is difficult to specify and simulate all such 
scenarios and so the changes analyzed could be restricted 
to those that occur in variables that are most influential in
terms of decision outcomes. However, it is an open question
as to whether an ensemble of climate projections could
represent the full range of climate uncertainty. Stainforth
et al. (2007) described the range presented by an ensemble
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Table 3.5 As in Ta ble 3.2 
described in the text. Future 
states of the world as represented 
by GCM simulations

Options GCM#1 GCM#2 GCM#3 GCM#4 GCM#5 
Surface 

reservoir 
100 –100 150 100 200 

Groundwater 150 200 250 –150 150 

Desalination 

plant 
–200 150 150 –250 300 

Demand 

reduction 
90 60 80 60 50 

of climate projections as the “minimum range of maximum 
uncertainty.” For example, a recent convening of scientists 
specified a range of plausible climate change that exceeded 
the range of a multi-GCM, multirun ensemble at an expert
elicitation workshop for a California water utility (Lempert
et al., 2023). Furthermore, typical risk analysis for water 
resources systems involves precise simulation of stochastic 
hydrologic variability to sample the range of possible re-
alizations, something that is not a focus of a typical GCM
ensemble.

Table 3.5 illustrates the problem by updating the decision 
matrix with GCM runs as states of the world. The analyst 
is confronted with selecting the optimal strategy based on 
the sampling of results that the GCM projections provide. 
However, the resulting optimal decision (as defined by the 
decision rule) is likely to be highly dependent on the selection 
of climate projections used. A different selection of GCMs 
or a different method for processing the raw GCM outputs
(i.e., downscaling and bias correction) would potentially
produce different results for each option, which undermines
repeatability of the analysis and perhaps the confidence of the
analyst in ranking performance.

The challenge then for the decision analyst is matching the 
needs of the decision framework with the useful information 
that could be gleaned from an ensemble of GCMs. Perhaps 
the generation of climate scenarios for adaptation decisions 
may be improved by not directly using the GCM scenarios. In 
particular, stochastic weather models can be modified for use 
in climate change studies to provide the mutually exclusive 
and collectively exhaustive climate scenarios for applying
the classic decision analysis framework to adaptation deci-
sions. The result is a “climate stress test,” further explained
below.

3.4 A Solution to Scenario A mbiguity

We define decision analysis-ready climate scenarios as sce-
narios that meet the collectively exhaustive and mutually 
exclusive criteria for the traditional decision analysis frame-
work. Such scenarios can be generated by designing the 
scenarios to sample t he desired range of change of the se-
lected relevant climate variables. The result is a climate
stress test (Brown & Wilby, 2012). There are likely a large 
number of methods possible for creating climate stress test 

scenarios; the first is described in Steinschneider and Brown
(2013). Some aspects of designing and creating a climate 
stress test bear special consideration: physical consistency, 
range of sampling, variability, and skill of prediction. A 
common question is how to define the range of possible 
climate changes to use in the climate stress test. Because the 
generation of additional scenarios requires insignificant ad-
ditional effort, there are a few limitations to the range that can 
be tested. However, often the computational requirements 
of subsequent modeling steps do require a constraint on the 
number of s cenarios tested. Methods to adaptively select the
next climate scenario based on the simulated impact of the
previous scenario could reduce the computational burden.
Otherwise, strategic selection of scenarios to effectively sam-
ple the desired range can be used (e.g.,Whateley et al., 2016). 

Defining the plausible range of climate change ultimately 
is a subjective choice informed by historical trends and GCM 
projections. The analyst can be reassured that the goal is 
to characterize the response of the system to changes and 
not to predict what is likely to happen. There should be no 
hard choices here. If there is any doubt whether a given 
endpoint is plausible, expand the range an increment further. 
The goal here is to leave no stone unturned, not to guess 
what is more or less likely. In making these determinations, 
three sources of climate information should be informed. The 
first is any trends in the historical weather time series for 
the location of interest. Scenarios should include the range 
implied if historical trends were to continue or accelerate. 
Second, climate projections from GCMs should be c onsulted
to include the range of changes that the models indicate.
Finally, theoretical implications of increasing greenhouse
gas concentrations in the atmosphere provide a basis for
the direction of change in some variables. For example, in
addition to expectations of increased temperatures, there is
also an accompanying theoretical case for expectations of in-
creased precipitation intensity due to the enhanced moisture
capacity of the warmer atmosphere and rising sea levels, even
if observations or climate simulations do not reflect these
changes in all cases.

The next consideration is the representation of the inter-
nal variability of the climate system and the implications 
for decision analysis. For many systems, the variability of 
climate may be more influential in terms of outcomes than
mean changes. Thus, sampling variability in the scenarios is
important for them to be collectively exhaustive. Fortunately,
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Fig. 3.1 Climate stress test design for a water resources planning application. Blue box encompasses the climate changes included in the analysis, 
which i ncludes the majority of the GCM-based climate change projections and expert elicitations of expected climate change range

simulation of weather and hydrologic climate variability has 
long been a topic of study in water resources and agricul-
tural modeling, and a wide range of statistical tools exist 
to generate scenarios of variability that are consistent with 
the statistics of the historical record. In the typical design 
of a stress test, a small number of realizations of variability 
(10) generated, for example, via Monte Carlo sampling of
the weather generator are selected to be representative of the
possible variability that will be experienced in the future. Al-
ternatively, initial condition ensembles could be used (Piani
et al., 2005). Rank statistics on appropriate measures of the 
variability in a trace can be used to ensure a w ide range of
variability is in fact used (Whateley et al., 2016). The climate 
changes are then applied to these realizations. This creates the 
ensemble of weather time series that together create a climate 
stress test designed to systematically sample the system of 
interest and g enerate a comprehensive understanding of its
response to climate change.

Figure 3.1 is a depiction of a climate stress test sampling 
strategy that was developed for analysis of the San Francisco 
water supply system. It includes the climate simulations that 
were considered in designing the range of climate change ex-
plored in the analysis. Interestingly, the decision for the sam-
pling range of climate change also included input gathered
through an expert elicitation session with climate scientists
who were familiar with California climate. Their estimates
are also included in the figure.

3.5 Ex Post Scenario Analysis and Us e

The methodology of DS can be described in three broad 
steps: (1) decision framing; (2) climate stress test; and (3) 
estimating climate-informed risks. Decision framing consists 
of the organization of information and materials to begin 
the analysis a nd is consistent with the various methods of
stakeholder engagement and planning that are available (c.f.,
Winston & Goldberg, 2004). The key is that mission objec-
tives and metrics to measure performance relative to those 
objectives are agreed. In addition, this step entails enumerat-
ing the uncertain factors that affect the decision, including 
future climate, and the computational models that will be 
used for the system of interest in the analysis. Finally, the
options that are being considered if the process includes an
options analysis should be identified to ensure the model has
the capability to include them.

The second step is the use of the climate stress test 
to provide the mutually exclusive and collectively exhaus-
tive scenarios needed for the traditional decision analysis 
framework. The climate stress test is described above. The 
stress test approach is designed to reveal insights regarding 
the system without concern regarding the probability of
any of the particular scenarios to be realized. It is inspired
by the analysis technique known as pre-posterior analysis
(Schlaifer & Raiffa, 1961). Pre-posterior analysis involves 
identifying optimal decisions that you would make given
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Table 3.6 As in Ta ble 3.4, with 
the robustness of each option 
indicated as a robustness index 
(the demand reduction option is 
not robust to any o f the possible
futures)

Options >20% 
dryer 

5 to 20% 
dryer 

Little 
change 

5 to 20% 
wetter 

>20% 
wetter 

Surface 

reservoir 
–100 100 200 300 200 

Groundwater 250 200 150 150 –150 

Desalination 

plant 
500 250 100 –200 –600 

Demand 

reduction 
60 60 60 60 60 

Robustness 
index 

Surface Reservoir = 0.60 

Groundwater = 0.8 

Desal Plant = 0.40 

a forecast (posterior to receiving the forecast) before you 
actually know what information the forecast will provide 
(thus, “pre”-posterior). To assess the value of the forecast, 
you have to assess the value of every optimal decision that 
w ould be made with the forecast relative to the optimal
decision without the forecast, for every possible forecast
(Brown et al., 2020). The climate stress test enables a similar 
process to determine the optimal adaptation choice for every 
possible future climate before we r eceive the information as
to which of those climates is more likely.

The result of the climate stress test is a multidimensional 
dataset of climate conditions and corresponding values of the 
performance metrics of interest. This is used in the final step
of the methodology. Here, ex post scenario analysis (Bryant
and Lempert, 2010) is used to define scenarios in terms of the 
values of the performancemetrics. A cluster analysis tool like 
the Patient Rule Induction Method (PRIM) is used to select 
values of the climate variables that define scenarios of accept-
able performance and unacceptable performance. Because 
the cluster analysis is performed on the results of the climate 
stress test, the resulting ex post scenarios can be considered 
collectively exhaustive (to the degree possible as argued 
above) and mutually exclusive (via an a ppropriate cluster
analysis tool with non-fuzzy set membership). By defining
the ex post scenarios based on a performance threshold of ac-
ceptability, the scenarios leverage the concepts of satisficing
and robustness. Table 3.6 illustrates the identification of ex 
post scenarios for our simple water supply example with the 
same acceptability threshold of $150 M. The ex post scenar-
ios that define robust performance are indicated with green 
shading. For example, the surface reservoir option is robust 
for climate futures of “little change” through precipitation 
increases of greater than 20%. It is, however, vulnerable for 
climate changes of 5% or greater reductions in precipitation.
This information can be further summarized by calculating
the fraction of future conditions for which a particular option
provides acceptable performance, or as we have defined it,
is robust. Table 3.6 shows that the groundwater option is the 
most robust as it provides acceptable performance for 80% of 
the futures considered. The fraction can be summarized for
each of the options as a simple robustness index.

Up to this point in the methodology, climate projections 
have been used only to inform the design of the climate 
stress test. The ex post scenarios present another important 
entry point. Presumably, the projections might be able to 
provide additional information to judge the options. For 
example, for options with similar robustness scores, it would 
be interesting to consider whether the projections provided 
information regarding the relative likelihood of the futures 
that are problematic. For example, if deciding between the 
desalination plant and the surface reservoir, it would be in-
teresting to investigate whether the climate simulations could 
provide an indication of which of the two ex post climate 
futures that are problematic for each option is more likely. 
That is, the surface reservoir fails the robustness c riteria if
precipitation decreases by greater than 5%, while the desali-
nation plant fails if precipitation does not decrease by at least
5%. These ex post scenarios provide the entry point to the
final methodological activity using the best available climate
information to assess the robustness and/or risk of each op-
tion. Fortunately, the ex post scenarios change the challenge
from a point estimate of probability to something akin to a
categorical forecast, whichmay improve the credibility of the
estimates.

3.6 Probably or Not: The Use 
of P robabilities

A question that has long interested adaptation specialists 
is whether probabilities of climate change are needed for
decision-making (e.g., Katzav et al., 2021). Decision rules 
used in decision analysis require probabilities in some cases 
but not in others. The decision rules that do not require prob-
abilities explicitly and provide clear optimal selections such 
as minimizing the maximum regret criterion, making them 
attractive alternatives that seemingly sidestep the question of 
whether climate probabilities should be used for adaptation 
decision-making. However, the selection of the scenarios
themselves can be highly influential on the indicated optimal
decision, and this selection is inevitably based on judgments
of probability. If, as has been argued, climate projections
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Table 3.7 As in Ta ble 3.6, with 
climate-informed robustness 
indices as defined in the te xt

Options >20% 
dryer 

5 to 20% 
dryer 

Little 
change 

5 to 20% 
wetter 

>20% 
wetter 

Surface 

reservoir 
–100 100 200 300 200 

Groundwater 250 200 150 150 –150 

Desalination 

plant 
500 250 100 –200 –600 

Demand 

reduction 
60 60 60 60 60 

Probability 0.2 0.25 0.35 0.1 0.1 

Robustness 
index 

Surface Reservoir = 0.55 

Groundwater = 0.9 

Desal Plant = 0.45 

delineate the “minimum range of maximum uncertainty,” the 
use of a climate simulation as the worst-case scenario leaves 
open the possibility that the realized climate outcomes could 
be worse. Selecting the range of plausible climate changes
requires judgments of which futures are plausible or not in
order to not bias the analysis of the options.

Probabilistic forecasts are the norm for seasonal to inter-
annual prediction. However, simulations of climate change 
are forced with scenarios of greenhouse gas emissions that 
do not have assigned probabilities. Nonetheless, the use of 
a probabilistic framework has advantages for using climate 
simulations to inform adaptation decisions. For example, it 
provides a repeatable analytical means to summarize the 
information in a multimodel ensemble of GCM simulations.
A probabilistic framework may also provide a more repre-
sentative summary of the information within an ensemble
by accounting for model relatedness and GCM sample size
(Steinschneider et al., 2015a, b). The question is whether the 
information within an ensemble of climate projections can be 
incorporated into the decision analysis without introducing
bias.

There are a number of methods that have been developed 
for estimating pdfs from observations and GCM simulations. 
Details of these approaches address critical issues including 
accounting for the potential sample bias due to different 
ensemble sizes per GCM, accounting for the closely related 
GCMs, accounting for differential skill if desired, and opti-
mal merging of trends and projections. Ideally, the predictive 
error associated with the resulting pdfs could be estimated. 
Alas, because the observed future climate is not available 
for comparison, that error cannot be calculated. Thus, while 
the probabilistic framework is helpful for summarizing the 
information content in an ensemble of GCM simulations, it 
does imply that the resulting distributions are ready for use 
in a probability-based decision framework. Unlike seasonal 
climate forecast forecasts or weather forecasts, we cannot 
easily evaluate the predictive skill of a climate projection. 
For weather and seasonal c limate forecasts, the prediction
can be compared with the observed outcome as it occurs
over the next days or months. We have a long wait until
we know the observed outcome of future climate change.
Therefore, it is difficult to quantify the reliability of predicted

probabilities, and this is typically a barrier for trusting them
for use in a decision framework where the optimal choice is
a product of those probabilities. And yet, it would seem that
the simulations provide information that could be useful for
informing decisions.

The final step in DS is to investigate the best available 
climate projections for possible inclusion in the decision
process. Table 3.7 illustrates one possible use. Here, the ex 
post scenarios of robustness now have assigned probabilities. 
The probabilities are derived in a responsible way from 
expert judgment, climate projections, or a combination of 
each. The framework is independent of the particular method
used to derive the probabilities and indeed can accommodate
multiple methods (and the concept of “belief dominance”
(Baker et al., 2016) can be used to select optimal decisions). 
The climate change probabilities can be thought of as a 
“level of concern” regarding vulnerabilities o r as an input
to the robustness on the other hand. Table 3.7 shows the 
climate-informed robustness index that has now weighted 
the robustness index by the probability of the scenarios over 
which each option is robust. Here, the climate projection 
information has entered the analysis at the final stage and 
with abundant flexibility to recalculate as new information
becomes available (e.g., IPCC WGI Report (2021) CMIP6),
without need to repeat the climate stress test.

3.7 Process-Based Decision Sc aling

The original design of decision scaling entailed another ob-
jective not yet discussed. The approach was designed to 
maximize the skill of the signal from GCM projections. At 
the time, it was clear that projections of themean of a variable 
over larger spatial areas (multiple grid cells) and longer time 
periods (e.g., annual) were less biased than variables from 
single cells and shorter temporal periods (e.g., daily) for 
variables such as precipitation and temperature. Thus, by 
designing scenarios based on the mean of a variable over
large areas (e.g., river basins) and longer time periods (annual
mean precipitation) the GCM information used to inform the
decision would be less biased than if other approaches were
used (such as downscaling methods that disaggregate single
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grid cells to higher resolution grids they overlay, without con-
sideration of skill). The climate-weather generator approach 
(e.g., Steinschneider & Brown, 2013) is designed to achieve 
exactly that by creating realistic high-resolution data that is 
consistent with a variable mean o ver a large spatial area and
averaging time period.

The basic idea of creating scenarios that fit a decision 
framework while also maximizing the potential skill of cli-
mate simulations can be extended to focus on specific phys-
ical processes. Recent research has advanced the concept of 
“process-based” decision scaling. The premise underpinning 
these methods is that the skillful signal from climate sim-
ulations might be impro ved by focusing on well-simulated
processes as the predictand. Then this predictand could serve
as the basis for scenarios, assuming there is a strong influence
of the predictand on the system of interest. Steinschneider et
al. (2019) provide an example. A study of California water 
resources under climate change revealed a vulnerability to 
mean precipitation reductions. Themean annual precipitation 
total in California is the outcome of multiple precipitation 
processes, and the major portion of variability arises from
the frequency of atmospheric river (AR) events (Dettinger,
2011). Investigation of changes in the frequency of ARs is 
potentially more tractable than mean annual precipitation 
by studying this physical initiation and development of the 
ev ents and especially if the driving factors, including sea
surface temperatures, might be more credibly simulated than
precipitation itself.

Using AR-based scenarios requires the generation of mu-
tually exclusive AR scenarios. This can be done by designing 
the climate stress test to be a function o f the AR frequency
and modifying that frequency as desired. Schlef et al. (2018) 
applied a similar approach to flood frequency analysis. In this 
case, the variables driving the stress test were soil moisture 
and the location of the Pacific North American atmospheric 
index. Since direct projection of extreme precipitation that 
causes flooding is difficult, the study focused on variables 
that caused floods and conditions conducive to extreme pre-
cipitation. GCM projections of the variables were used to 
inform rather than to project the change in flood risk. These
approaches are developing and provide a promising path-
way to both reduce bias in projections of decision-relevant
variables, while also producing needed insights for decisions
when incorporated with the decision scaling framework.

3.8 C onclusion

Decision scaling was created as an attempt to bring available 
climate change information to a decision analytic frame-
work. For that purpose, the concept of the climate stress test 

was created by developing a climate scenario generator. In 
addition, information from GCM projections was used not 
for scenarios but rather to assess the relative likelihood of 
the ex post scenarios identified in the analysis. Doing so 
required the pre-posterior decision analysis framing, and this 
required creation of the climate stress test. The climate stress 
test proved useful for methods like robust decision-making,
which at the time used GCM simulations as scenarios but
were neither mutually exclusive nor collectively exhaustive.
In turn, DS adopted scenario discovery or ex post scenario
analysis for linking to climate information at the end of the
analysis.

The climate stress test approach also overcame a major 
challenge that practitioners faced—the choices involved with 
selection of GCM projections and downscaling method that 
preceded every impact study at the time. They were in an 
impossible position, making choices that were potentially 
highly influential in terms of the study outcome but without 
any basis or understanding of the consequences for making 
the choice. Because DS be gins with a climate stress test, the
choice of projections is both less consequential and initially
unnecessary. As a result, a number of operational agencies
have developed guidelines for their climate analysis based
on DS, including the World Bank (Ray & Brown, 2015), 
the International Hydropower Association (IHA, 2019), the 
U.S. Army Corps of Engineers (Mendoza et al., 2018), and 
the Millennium Challenge Corporation (Brown et al., 2024) 
or otherwise applied the methodology (Ray et al., 2020; 
François et al., 2024). 

Ultimately, DS was designed as a general framework to 
improve adaptation decision-making through novel incorpo-
ration of climate information. As such, there are continuous 
opportunities to improve the application of DS and enhance 
adaptation decision-making. The first is continued research 
into the generation of probabilities of key climate variables 
that are influential for decisions, especially at time scales 
relevant for planners, which is often a decade or two ahead. 
Such advances will increase the confidence in acting for 
adaptation and help overcome the barrier that climate uncer-
tainty so often causes for decision-makers, such as in cases 
where the decision to take action is highly dependent on the 
assumptions of future climate conditions. Second, analytical
tools that reduce the cost and complexity of applying DS are
needed to enable scaling and aiding adaptation by a wider
range of practitioners who cannot afford the financial and
labor cost of a typical study. Finally, further research into the
sequencing of investments and the effects of current choices
in constraining future opportunities or risks is needed. An
integration of climate science with traditional sequential
decision analysis has potential.
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4Supporting Climate-Related Decisions Under 
Uncertaint y

Robert Lemper t

4.1 Introduct ion

Quantitative, evidence-based analysis often proves indis-
pensable for making good policy choices. To inform such 
choices, decision-makers often seek predictions about the 
future. This seems natural because prediction is the bedrock 
of science enabling researchers to test their hypotheses 
and demonstrate understanding of complicated systems. 
Decision-makers find predictions attractive because when 
good ones are available they unquestionably provide valuable 
input toward better choices. Society’s vast enterprise in 
the physical, biological, and social sciences continually 
improves its predictive capabilities in order to test and refine
scientific hypotheses. Recent analytic innovations, such as
big data and machine learning, enhance decision-relevant
predictive capabilities. New processes, such as crowd-
sourcing, prediction markets, and super-forecasting (Tetlock
& Gardner, 2015), provide new and more reliable means to 
aggre gate human judgments into probabilistic forecasts.

But the quest for predictions—and a reliance upon 
decision and risk analysis methods that require them— 
can prove counterproductive and sometimes dangerous in 
a fast-changing, complex world. Prediction-focused analysis 
risks overconfidence in organizations’ decision-making and
in their internal and external communications (Sarewitz &
Pielke, 2000). Prediction-focused policy debates can also fall 
victim to the strategic uses of uncertainty. Opponents may 
attack a proposed policy by casting doubt on the predictions 
used to justify it, rather than engage with the merits of a
policy itself, knowing that the policy may be sounder than the
predictions (Herrick & Sarewitz, 2000; Lempert & P opper,
2005; Rayner , 2000;  Weaver  et al., 2013). 
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A reliance on prediction can also skew the framing of 
a decision challenge. President Eisenhower (reportedly) ad-
vised, “If a problem cannot be solved, enlarge it.” But science 
often reduces uncertainty by narrowing its focus, prioritizing 
questions that can be resolved by prediction, not necessarily
on the most decision-relevant inquiries. So-called “wicked
problems” (Rittel & Webber, 1973) present this contrast 
most starkly. In addition to their irreducible uncertainty and 
nonlinear dynamics, wicked problems are not well-bounded, 
are framed differently by various stakeholders, and are not 
well-understood until after formulation of a solution. Cli-
mate change and how to deal with it is quintessentially a 
wicked problem. Using predictions to adjudicate such prob-
lems skews attention toward the proverbial lamp post, not the
true location of the keys to a policy solution.

This chapter describes robust decision making (RDM), 
a set of concepts, processes, and enabling tools designed 
to reimagine the role of quantitative models and data in
informing decisions when prediction is perilous (Lempert
et al., 2003, 2006).1 As discussed in more detail below, 
RDM is one of a class of methods called decision making
under deep uncertainty (DMDU) (Marchau et al., 2019).2 

Rather than regard models as tools for prediction and the 
subsequent prescriptive ranking of decision options, models 
and data become vehicles for systematically exploring the 
consequences of assumptions; expanding the range of futures 
considered; crafting promising new responses to dangers and 
opportunities; and sifting through a multiplicity of scenarios,
options, objectives, and problem framings to identify the
most important tradeoffs confronting decision-makers. That

1This chapter is a reprint, with some adapting and updating, of Lempert, 
R., 2019: Robust Decision Making (RDM). In: V. A. W. J. Marchau, W. 
E. Walker, P. J. T. M. Bloemen and S. W. E. Popper (eds.), Decision
Making under Deep Uncertainty: From Theory to Practice. Springer:
329. Cham, Switzerland.
2Also see Chap. 3 in this volume by Case y Brown.
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is, rather than making better predictions, quantitative models 
and data can inform better decisions (Popper et al., 2005). 

RDM rests on a simple concept (Lempert et al., 2013c). 
Rather than using computer models and data as predictive 
tools, the approach runs models myriad times to stress test 
proposed decisions against a wide range of plausible futures. 
Analysts then use visualization and statistical analysis of 
the resulting large database of model runs to help decision-
makers identify the key features that distinguish those futures 
in which their plans meet and m iss their goals. This informa-
tion helps decision-makers identify, frame, evaluate, modify,
and choose robust strategies—ones that meet multiple objec-
tives over many scenarios.

RDM provides decision support under conditions of deep 
uncertainty, defined as the condition in which parties to a 
decision do not know or agree on themodel(s) that relate their 
actions to consequences, the prior probability distributions 
for key parameters to those models, and the importance of
various objectives their actions seek to achieve (Lempert et
al., 2003;  Walker  et al., 2013). As described Sect. 4.2,  RDM  
builds on strong foundations of relevant theory and prac-
tice, providing an operational and newly capable synthesis 
through the use of today’s burgeoning information technol-
ogy. As one motivation, RDM notes that the consideration 
that the most commonly used analytic methods for predictive 
decision and risk analysis have their roots in the 1950s and 
1960s when relative computational poverty made a virtue 
of analytics recommending a single b est answer based on
a single best estimate prediction. Today’s ubiquitous and
inexpensive computation enables analytics better suited to
more complex problems, many of them “wicked” and thus
poorly served by the approximation that there exists such an
ideal solution.

4.2 RDM Founda tions

How can quantitative, evidence-based analysis best inform 
our choices in today’s fast-paced and turbulent times, partic-
ularly concerning climate change. RDM in general aims to 
answer this question. In particular, RDM does so b y provid-
ing a new synthesis of four key concepts: decision analysis,
assumption-based planning, scenarios, and exploratory mod-
eling.

4.2.1 Decision Analy sis

A large body of empirical research makes clear that people, 
acting as individuals or in groups, oftenmake better decisions 
when using well-structured decision aids. The discipline of 
decision analysis (DA) comprises the theory, methodology, 
and practice that inform the design and use of such aids. RDM 
represents one type of quantitative DA method, drawing, for 

instance, on the field’s decision structuring frameworks, a 
consequentialist orientation in which alternative actions are 
evaluated i n each of several alternative future states of the
world, a focus on identifying tradeoffs among alternative
decision options, and tools for comparing decision outcomes
addressing multiple objectives.

As one key contribution, DA and related fields help an-
swer the crucial question: What constitutes a good decision? 
No universal criterion exists. Seemingly reasonable decisions 
can turn out badly, but seemingly unreasonable decisions can 
turn out well. Good decisions tend to emerge from a process 
in which people are explicit about their goals, use the best 
available evidence to understand the potential consequences 
of their actions, carefully consider the tradeoffs, contemplate
the decision from a wide range of views and vantages, and
follow agreed-upon rules and norms that enhance the legit-
imacy of the process for all those concerned (Jones et al.,
2014).3 

While broad in principle, in practice the DA community 
often seeks to inform good decisions using an expected util-
ity frame work for characterizing uncertainty and comparing
decision options (Morgan & Henrion, 1990). This expected 
utility framework characterizes uncertaintywith a single joint 
probability distribution over future states of the world. Such 
distributions often reflect Bayesian (i.e., subjective) rather 
than frequentist probability judgments. The framework then 
uses optimality criteria to rank alternative options. RDM, 
in contrast, regards uncertainties as deep and thus either
eschews probabilities or uses sets of alternative distributions
drawing on the concepts of imprecise probabilities (Walley,
1991). RDM uses decision criteria based on robustness rather 
than optimality .

DA based on expected utility can be usefully termed 
“agree-on-assumptions” (Kalra et al., 2014) or “predict-then-
act” (Lempert et al., 2004) approaches because they begin 
by seeking agreement regarding the likelihood of future 
states of the world and then use this agreement to provide a 
prescriptive ranking of policy a lternatives. In contrast, RDM
and other DMDU methods follow an “agree-on-decisions”
approach, which inverts these steps.4 They begin with one

3These attributes follow from a broadly consequentialist, as opposed to 
rule-based (deontological) view of decision-making. March, J. G., 1994: 
A Primer on Decision Making: How Decisions Happen. The Free Press.
4The DMDU literature often uses different names to describe this 
inverted analytic process, including “backwards analysis.” Lempert, R. 
J., and Coauthors, 2013c: Making Good Decisions Without Predictions: 
Robust Decision Making for Planning Under Deep Uncertainty. “Bot-
tom up.” Ghile, Y. B., M. Ü. Taner, C. Brown, J. G. Grijsen, and A. Talbi, 
2014: Bottom-up climate risk assessment of infrastructure investment in 
the Niger River Basin. Climatic Change, 122, 97–110. “Context first.” 
Ranger, N., A. Millner, S. Dietz, S. Fankhauser, A. Lopez, and G. Ruta, 
2010: Adaptation in the UK: a decision making process. “Assess risk of
policy.” Carter, T. R., and Coauthors, 2007: New Assessment Methods
and the Characterisation of Future Conditions. Climate Change 2007:
Impacts, Adaptation and Vulnerability. Contribution of Working Group
II to the Fourth Assessment Report of the Intergovernmental Panel on
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or more strategies under consideration, use models and data 
to stress test the strategies over a wide range of plausible 
paths into the future, and then use the information in the 
resulting database of runs to characterize vulnerabilities of 
the proposed strategies and identify and evaluate potential 
response to those vulnerabilities. Such approaches seek to
expand the range of futures and alternatives considered and,
rather than provide a prescriptive ranking of options, often
seek to illuminate tradeoffs among not-unreasonable choices.
As summarized by Helgeson (2018), agree-on-assumptions 
approaches generally focus on identifying a normative best 
choice among a fixed menu of decision alternatives, while 
agree-on-decision approaches focus on supporting the search
for an appropriate framing of complex decisions.

4.2.2 Assumption-Based Planning

As part of an “agree-on-decisions” approach, RDM draws on 
the related concepts of stress testing and red teaming. The 
former , which derives from engineering and finance (Borio
et al., 2014), subjects a system to deliberately intense testing 
to determine its breaking points. The latter, often associ-
ated with best practice in US and other militaries’ planning
(Zenko, 2015), involves forming an independent group to 
identify means to defeat an organization’s plans. Both stress 
testing and red teaming aim to reduce the deleterious effects 
of overconfidence in existing systems and plans by improving
understanding of how and why they may fail (Lempert,
2007). 

In particular, RDM draws on a specific form of this 
concept, a methodology called a ssumption-based planning
(ABP) (Dewar et al., 1993). Originally developed to help the 
US Army adjust its plans in the aftermath of the Cold War, 
ABP begins with a written version of an organization’s plans 
and then identifies load-bearing assumptions—that is, the 
explicit and implicit assumptions made while developing that 
plan that, if wrong, w ould cause the plan to fail. Planners can
then judge which of these load-bearing assumptions are also
vulnerable—that is, could potentially fail during the lifetime
of the plan.

ABP links the identification of vulnerable, load-bearing 
assumptions to a simple framework for adaptive planning that 
is often used in RDM analyses. Essential components of a n
adaptive strategy include a planned sequence of actions, the

Climate Change, M. L. Parry, O. F. Canziani, J. P. Palutikof, P. J. v. d. 
Linden, and C. E. Hanson, Eds., Cambridge University Press, 1, 33–171, 
Dessai, S., and M. Hulme, 2007: Assessing the Robustness of Adapta-
tion Decisions to Climate Change Uncertainties: A Case Study on Water 
Resources Management in the East of England. Global Environmental 
Chang e, 17, 59–72, Lempert, R., N. Nakicenovic, D. Sarewitz, and
M. Schlesinger, 2004: Characterizing climate-change uncertainties for
decision-makers - An editorial essay. Climatic Change, 65, 1–9.

potential to gain new information that might signal a need 
to change this planned sequence, and actions to be taken in 
response to this new information, that is, contingent actions
(Walker et al., 2001). After identifying the vulnerable, load-
bearing assumptions, ABP considers shaping actions (those 
designed to make the assumptions less likely to fail), hedging 
actions (those that can be taken if assumptions begin t o fail),
and signposts (trends and events to monitor in order to detect
whether any assumptions are failing).

4.2.3 Sce narios

RDM draws from scenario analysis the concept of a multi-
plicity of plausible futures as a m eans to characterize and
communicate deep uncertainty (Lempert et al., 2003). Sce-
narios represent internally consistent descriptions of future 
events that often come in sets of two or more. Most simply, 
scenarios are projected futures that claim less confidence 
than probabilistic forecasts.More generally, a set of scenarios 
often seeks t o represent different ways of looking at the world
without an explicit ranking of relative likelihood (Wack,
1985). 

Scenarios are often developed and used in deliberative 
processes with stakeholders. Deemphasizing probabilistic 
ranking—focusing on a sense of possibility, rather than 
probability—helps stakeholders expand the range of futures 
they consider, allowing them to contemplate their choices
from a wider range of views and vantages, thus helping
participants consider uncomfortable or unexpected futures
(Gong et al., 2017; Schoemaker , 1993). The sense of 
possibility rather than probability can also help scenarios 
to communicate a wide range of futures to audiences 
not necessarily eager to have their vantage expanded. 
By representing different visions of the future without 
privileging among them, scenarios can offer a comfortable
entry into an analysis. Each person can find an initially
resonant scenario before contemplating ones that they find
more dissonant.

RDM draws from scenario analysis the concept of orga-
nizing information about the future into a small number of 
distinct cases that help people engagewith, explore, and com-
municate deep uncertainty . In particular, the Intuitive Logics
school of scenario analysis (Schwartz, 1996) uses qualitative 
methods to craft a small number of scenarios, distinguished 
by a small number of key uncertain determinants that differ-
entiate alternative decision-relevant paths into the future. As 
described below, RDM uses quantitative “Scenario Discov-
ery” algorithms to pursue the same ends. The resulting sce-
narios summarize the results of the ABP-style stress tests and
can link to the development of adaptive strategies (Groves
& Lempert, 2007; Groves et a l., 2014). Note that while the 
scenario literature traditionally distinguishes between proba-
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bilistic and nonprobabilistic treatments, RDM often employs 
a third alternative—entertaining multiple vie ws about the
likelihood of the scenarios.

The scenario literature also describes a process for seeking 
robust strategies that includes choosing a set of scenarios 
that include the most important uncertainties facing the users 
and then identifying strategies that perform well across all
of them (van der Heijden, 1996). This process provides an 
animating idea for RDM.

4.2.4 Exploratory Modeling

RDM integrates these concepts—DA, ABP, and scenarios— 
through exploratory modeling (EM). Bankes (1993) encap-
sulated the 1980s RAND debates on useful and predictive 
models by dividing computer simulations into two types: (1) 
consolidative models, which gather all known facts together 
into a single package that, once validated, can serve as a sur-
rogate for the real world, and (2) exploratory models, which 
map a wide range of assumptions onto their consequences
without privileging one set of assumptions over another.
Exploratory models are useful when no single model can be
validated because of missing data, inadequate or competing
theories, or an irreducibly uncertain future.

Running a model many times is not profound. But as 
perhaps its key insight, EM notes that when used with an 
appropriate experimental design—that is, appropriate ques-
tions and a well-chosen set of cases designed to address those 
questions—the large database of results generated from non-
predictive, exploratory models can prove surprisingly useful
toward informing policy choices. Bankes (1993) describes 
several types of questions one may address with EM, includ-
ing hypothesis generation, reasoning from special cases, a nd
assessing properties of the entire ensemble (Weaver et al.,
2013,  B  ox 4.2). RDM uses them all but focuses in particular 
on robustness as a property of the entire ensemble. That 
is, identifying and e valuating robust strategies become key
capabilities one can elicit with EM.

EM provides RDM with a quantitative framework for 
stress testing and scenario analysis. While consolidative 
models most usefully support deductive reasoning, ex-
ploratory models serve best t o support inductive reasoning—
an iterative cycle of question and response. As described
in Sect. 4.3, RDM also aims to support a decision-analytic, 
human/machine collaboration that draws upon what each
partner does best.

RDM also exploits another EM advantage: the focus on 
the simple computational task of running models numerous 
times in the forward direction. This facilitates exploration 
of futures and strategies by reducing the requirements for 
analytic tractability on the models used in the analysis, rela-
tive to approaches that rely on optimization or dynamic pro-

gramming. In addition, EM enables truly global sensitivity
explorations since it privileges no base case or single future
as an anchor point.

Box 4.1 Key Elements of RDM 

RDM meets its goals by proceeding in multiple itera-
tions as humans and computers alternatively test each 
other’s conclusions about futures a nd strategies. Four
key elements govern these interactions (Lempert et al.,
2003): 

• Consider a multiplicity of plausible futures. The 
ensemble of futures should be as diverse as pos-
sible to adequately stress test proposed policies. 
The ensemble can also facilitate group processes
by including futures that correspond to different
groups’ worldviews.

• Seek robust, rather than optimal strategies. Robust 
strategies performwell compared to the alternatives, 
over a wide range of plausible futures.

• Employ adaptive strategies to achieve robustness. 
Adaptive strategies are designed to evolve over time 
in response to new information. Generally, such 
strategies reflect decision-making rules and in prac-
tice are often organized around near-term actions,
signposts to monitor, and contingency actions to
take in response to those signposts.

• Use the computer to facilitate human deliberation 
over explorations, options, and tradeoffs, not as 
device for recommending a particular ordering of
strategies.

4.3 RDM Proc ess

RDM explicitly follows a learning process called “delibera-
tion with analysis” in which parties to a decision deliberate 
on their objectives and options; analysts generate decision-
relevant information using system models; a nd the parties
to the decision revisit their objectives, options, and problem
framing influenced by this quantitative information (NRC,
2009). Among learning processes, deliberation with analysis 
proves most appropriate for situations with diverse decision-
makers who face a changing decision environment andwhose 
goals can evolve as they collaborate with others. D eliberation
with analysis also supports continuous learning based on
indicators and monitoring (NRC, 2009, p. 74), a process im-
portant to the literature on adaptiv e policymaking (Swanson
& Bhadwal, 2009;  Walker  et al., 2010). The RDM process is 
composed of five steps (Fig. 4.1).
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Scenarios that  
Illuminate 

Vulnerabilities 

Robust 
Strategies 

1) Decision 
Framing 

3) Vulnerability 
analysis 

2) Evaluate 
strategies in 
many futures 

4) Tradeoff 
Analysis 

5) New options 
and futures 

Fig. 4.1 Steps in an RDM analysis. (Source: Lempert et al. (2013c), 
with the earlier versions in Lempert and Groves (2010) and Lempert 
and Kalra (2011) 

Step 1: The RDM process starts with a decision-framing 
exercise in which stakeholders define the key factors in 
the analysis: the decision-makers’ objectives and criteria; 
the alternative actions they can take to pursue those ob-
jectives; the uncertainties that may affect the connection 
between actions and consequences; and the relationships, 
often instantiated i n computer simulation models, be-
tween actions, uncertainties, and objectives. This infor-
mation is often organized in a 2x2 matrix called “XL-
RM” (Lempert et al., 2003), for uncertainties (“X” fac-
tors), policy levers (L), relationships (R), and measures of 
performance (M). 

Step 2: As an “agree-on-decision” approach, RDM next uses 
simulation models to evaluate proposed strategies in each 
of many plausible paths into the future, which generates a 
large database of simulation model results. The proposed 
strategies can derive from a variety of sources. In some 
cases, an RDM analysis might start w ith one or more
specific strategies drawn from the relevant public debate.
For instance, an RDM analysis for a water agency might
begin with that agency’s proposed plan for meeting its
supply requirements (Groves et al., 2014) or water quality 
requirements (Fischbach et al., 2015). In other cases, 
optimization routines for one or more expected futures or 
decision criteria might yield the initial proposed strategies
(Hall et al., 2012). Additionally, an analysis might begin 
with a wide span of simple strategies covering the logical 
spectrum and then refine, s elect, and modify to yield a
small group of more sophisticated alternatives (Popper
et al., 2009). Often, such as in the example below, an 
application uses a combination of these approaches. 

Step 3: Analysts and decision-makers next use visualization 
and data analytics on these databases to explore for and 
characterize vulnerabilities. Commonly, RDM analyses 
use statistical “Scenario Discovery” algorithms (see be-
low) to identify and display for users the key factors that 
best distinguish futures in which proposed strategies meet 
or miss their goals. These clusters of futures are usefully 
considered policy-relevant scenarios that illuminate the
vulnerabilities of the proposed policies. Because these
scenarios are clearly, reproducibly, and unambiguously
linked to a policy stress test, they can avoid the problems
of bias and arbitrariness that sometimes afflict more qual-
itative scenario exercises (Lempert, 2013;  Parker  e  t al.,
2015). 

Step 4: Analysts and decision-makers may use these scenar-
ios to display and evaluate the tradeoffs among strategies. 
For instance, one can plot the performance of one or 
more strategies as a function of the likelihood of the
policy-relevant scenarios (e.g., see Fig. 4.2) to suggest 
the judgments about the future implied by choosing one 
strategy over another. Other analyses plot multiobjective 
tradeoff curves—for instance, comparing reliability and
cost (Groves et al., 2013a)—for each of the policy-relevant 
scenarios to help decision-makers decide how to best 
balance among their competing objectives. 

Step 5: Analysts and decision-makers could then use the sce-
narios and tradeoff analyses to identify and evaluate po-
tentially more robust strategies—ones that provide better 
tradeoffs than the existing alternatives. These new alterna-
tives generally incorporate additional policy levers, often 
the components of adaptive decision strategies: short-term 
actions, signposts, and contingent actions to be taken if
the predesignated signpost signals are observed. In some
analyses, such adaptive strategies are crafted using expert
judgment (e.g., see Lempert & Groves, 2010;  Lempert  
et al., 1996, 2000, 2003; Popper et al., 2009). In other 
analyses, optimization algorithms may help suggest the 
best combination of near-term actions, contingent actions, 
and s ignposts for the new adaptive strategies (Herman et
al., 2014; Kasprzyk et a l., 2013; Lempert & Collins, 2007; 
Lempert  et  a  l., 2006). 

RDM uses both absolute and relative performance mea-
sures to compare strategies in the vulnerability and tradeoff 
analyses. Absolute performance measures are useful when 
decision-makers are focused on one or more outcomes, such 
as profit, energy produced, or lives saved. Absolute perfor-
mance measures are also useful when decision-makers are 
focused on some invariant standard—for instance, a regu-
latory requirement on reliability or environmental quality,
a required threshold for an economic rate of return, or a
requirement that benefits exceed costs. Relative performance
measures are often useful when uncertainties create a wide
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Fig. 4.2 Two views of RDM as a deliberative process. (Source: Lempert et al. 2003) 

range of outcomes, so decision-makers seek strategies that 
perform well compared to alternatives over a wide range of 
futures. RDM often uses regret to represent relative perfor-
mance. 

At each of the RDM steps, information produced may 
suggest a reframing of the decision challenge. The process 
produces key deliverables, including (1) the scenarios that il-
luminate the vulnerabilities of the strategies and (2) potential
robust strategies and the tradeoffs among them.

The left panel of Fig. 4.2 shows these RDM steps in sup-
port of a process of deliberation with analysis. Stakeholders 
begin by deliberating over the initial decision framing. In 
the vulnerability and tradeoff analysis steps, stakeholders 
and analysts produce decision-relevant information products. 
Using these products, stakeholders deliberate over the choice 
of a robust strategy or return to problem framing, for instance, 
seeking new alternatives or stress testing a proposed strategy 
over a wider range of futures. In practice, the process often 
moves back and forth between problem framing, generating
scenarios that illuminate vulnerabilities, identifying new al-
ternatives based on those scenarios, and conducting a tradeoff
analysis among the alternatives.

People teaming with computers—each doing what they
do best—are more capable than computers or people alone.5 

RDM uses EM to support deliberation with analysis in a

5For example, Thompson, C., 2013: Smarter Than You Think: How 
Technology Is Changing Our Minds for the Better . Penguin notes that

process of human/machine collaboration (Lempert et al.,
2003). As shown in the right panel of Fig. 4.2, people 
use their creativity and understanding to pose questions or 
suggest solutions—for instance, candidate robust strategies. 
Computers consider numerous combinations of strategies 
and futures to help users address their questions, search for 
initially unwelcome counterexamples to proposed solutions,
and help people find new candidate robust strategies to pro-
pose (Lempert & Popper, 2005; Lempert et al., 2002). 

The RDM steps and deliberative processes are consistent 
with others in the DMDU literature. For instance, multiob-
jective RDM (MORDM) offers a similar iterative process 
but with the major advance of more articulation of the step
of generating alternative strategies (Kasprzyk et al., 2013). 
Among related literature, Many-Objective Visual Analytics 
uses interactive visualizations to support problem framing
and reframing (Kollat & Reed, 2007; Woodruff & Reed,
2013), often with a posteriori elicitation of p references (Co-
hon & Marks, 1975; Maass et al., 1962). 

Overall, the RDM process aims to provide quantitative 
decision support that helps meet the criteria for good de-
cisions even in the presence of deep uncertainty and the 
other attributes of wicked problems. The process encourages
participants to be explicit about their goals and consider the
most important tradeoffs. The process uses scenario concepts

competent chess players teamed with computers can defeat both grand-
masters without computers and computers without human assistants.
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linked to the idea of policy stress tests, along with computer-
assisted exploration, to encourage and facilitate considera-
tion of the decision from a wide range of views. It helps 
recognize the legitimacy of different interests, values, and 
expectations about the future by using models as exploratory,
rather than predictive, tools within an evidence-based, multi-
scenario, multiobjective decision-making process.

Box 4.2 How Is a Robust Strategy OperationalizedWithin 
the Context of RDM 

A robust strategy is one that performs well, compared 
to the alternatives, ov er a wide range of plausible
futures (Lempert et al., 2003; Rosenhead et al., 1972). 
Other definitions exist, including trading some opti-
mal performance for l ess sensitivity to assumptions
(Lempert & Collins, 2007) and keeping options open
(Rosenhead, 1990). These definitions can be imple-
mented via a variety o f decision analytic criteria (Lem-
pert, 2019). Choosing a specific quantitative criterion 
to judge robustness can, however, prove complicated 
because many robustness criteria exist, and in some 
cases they can yield a different ordering of strategies
(Giuliani & Castelletti, 2016). No robustness criterion 
is best in all circumstances and, as befits a decision 
support methodology designed to facilitate problem 
framing, RDM often includes the choice of a robust-
ness criterion as part of its problem-framing step.

4.4 T ools

The concepts underlying RDM—scenario thinking, robust-
ness decision criteria, stress testing proposed plans, and the 
use of exploratory models—have long pedigrees. But over 
the last decade new computer and analytic capabilities have 
made it possible to combine them in practical decision anal-
yses. In particular, RDM often relies on Scenario Discovery
and visualization, robust multiobjective optimization, inte-
grated packages for EM, and high-performance computing.

Scenario Discovery algorithms often implement the RDM 
vulnerability analysis step (step 3) in Fig. 4.1. Scenario 
Discovery begins with a large database of model runs in 
which each model run represents the performance of a strat-
egy in one future. The Scenario Discovery cluster-finding 
algorithms then offer concise descriptions of those combi-
nations of future conditions that best distinguish the cases
in which the implementation plan does or does not meet its
goals. The requisite classification algorithms—often Patient
Rule Induction Method (PRIM) (Friedman & Fisher, 1999) 
or Classification and Regression Tree (CART) (Breiman et
al., 1984), combined with a principal component analysis

(Dalal et al., 2013)—seek to balance between the compet-
ing goals of simplicity and accuracy in order to describe 
sets of strategy-stressing futures as concise, understandable,
and decision-relevant scenarios (Bryant & Lempert, 2010; 
Groves & Lempert, 2007). Software to implement the PRIM 
algorithm is available, both in standalone routines and em-
bedded in the EM software packages described below. Over-
all, Scenario Discovery replicates analytically the ideas of 
qualitativ e Intuitive Logics scenario analysis and provides
information products that can prove compelling in stake-
holder deliberations (Lempert, 2013). RDManalyses also use 
computer visualization of the database of runs to support the 
vulnerability and tradeoff analyses. Tableau, a commercially 
available p latform, has proven particularly useful in much
RDM work (Cervigni et al., 2015; Groves et a l., 2013a). 

The “new alternatives” step (step 5) in Fig. 4.1 can employ 
a variety of methods. While some RDM analyses use only 
stakeholder and/or expert judgment to c raft responses to
potential vulnerabilities (e.g., Groves et al., 2020;  Lempert  
& Groves, 2010), many applications use some multiobjective 
robust optimization tool. Some such applications have used 
constrained optimization to trace out a range of potentially
robust solutions, both in single-objective (Lempert &Collins,
2007) and multiobjective (Groves et al., 2013b) cases. The 
latter instance involved a planning tool that allowed analysts 
to trace the Pareto tradeoff curves in each scenario for any 
two objectiv es using constrained optimizations over the other
objectives (Groves et al., 2012) and has been widely used. 
Other applications, such as the Colorado Basin S upply and
Demand Study (Groves et al., 2013a), run large portfolio 
optimizations for many futures; note the individual actions 
that occur in the optimal set for most, some, and few of the 
futures; and use this information to craft adaptive strategies 
that be gin with the actions that occur in most of the futures’
optimal sets, and implement the others depending on which
future comes to pass (Bloom, 2015; Groves et a l., 2013a). 
Multiobjective RDM (MORDM) tools provide a more gen-
eral solution, using evolutionary algorithms to identify the 
regions of a Pareto surface ov er many objectives that are
most robust to uncertainty (Kasprzyk et al., 2013). MORDM 
has been used to identify, through a process called direct 
policy search, adaptive strategies m odeled as controllers in
the control theory sense (Quinn et al., 2017). 

While many RDM analyses use stand-alone software to 
generate and analyze many model runs, several integrated 
EM packages exist that can greatly facilitate such analysis,
such as the exploratory modeling and analysis workbench,6 

open MORDM (Hadka et al., 2015), and rhodium.7 

While many RDM analyses may be conveniently run on a 
laptop or desktop computer (e.g., Lempert et al., 2013b), re-

6http://simulation.tbm.tudelft.nl/ema-workbench/contents.html 
7https://github.com/Project-Platypus/Rhodium/wiki/Philosophy 
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cent studies have also used high-performance computation— 
either large-scale cluster computing (Groves et al., 2016; Zeff  
et al., 2014) or cloud-based computer services (Cervigni et
al., 2015; Isley, 2014)—to quickly and inexpensively conduct 
a very large number of runs.

4.5 Example: Carrots and Sticks for New 
T echnology

An early RDM application provides an ideal example of 
the approach, the types of tools used, and how EM can 
draw together concepts from decision analysis, scenarios, 
and ABP. The example, called “carrots and sticks for 
new t echnology,” focused on determining the most robust
combination of two policy instruments—carbon prices and
technology subsidies—to reduce climate-altering green-
house gas emissions (Lempert, 2002; Robalino & Lempert,
2000). We describe this study using the framework offered in 
this book’s opening chapter (the major subheadings below), 
while also relating the framework to the RDM steps shown
in Fig. 4.1. 

4.5.1 Frame the Analy sis

4.5.1.1 Formulate Question (RDM Step 1)
It is well-understood that an economically ideal greenhouse 
gas emission reduction policy should include an economy-
wide carbon price implemented through mechanisms such as 
a carbon tax or a cap-and-trade system. This early RDMstudy 
addressed the question of whether and under what conditions 
technology incentives, such as tax credits or subsidies for 
clean energy technologies, also prove necessary and impor-
tant as part of a greenhouse gas reduction strategy. Many 
national and regional jurisdictions worldwide employ such 
incentives in their climate policies because they prove polit-
ically popular and have a compelling logic, if for no other
reason than significant technology innovation will prove
crucial to limiting climate change. Recent climate legislation
in the United States, such as the Inflation Reduction Act, fol-
lows this approach. But technology incentives have a mixed
record of success (Cohen & Noll, 2002), and sometimes link 
to larger debates about the a ppropriate role of government
(Wolf, 1993). Standard economic analysis proves a poor 
platform to adjudicate such questions because the extent to 
which technology incentives prove economically important 
may depend on coordination failures that occur in the pres-
ence of increasing returns to scale, imperfect information, 
and heterogeneous preferences—deeply uncertain factors not 
well-represented in standard economic models. Addressing 
the t echnology-incentive question with RDM thus proved
useful due to this deep uncertainty and because people’s

views on technology incentives can be strongly affected by
their worldviews.

4.5.1.2 Identify Alternatives (RDM Step 1 )
The study was organized as a head-to-head comparison be-
tween strategies incorporating two types of policy instru-
ments: an economy-wide carbon tax and a technology price 
subsidy for low-carbon-emitting technologies. We consid-
ered four combinations: (1) no carbon reduction policy, (2) 
tax only, (3) subsidies only, and (4) a combination of both 
taxes and subsidies. As described below, both the tax and
subsidy were configured as adaptive strategies designed to
evolve over time in response to new information.

4.5.1.3 Specify Objectives (RDM Step 1)
This study compared the strategies with two outputmeasures: 
the present value of global economic output (pvGDP) and the 
mid-twenty-first-century level of greenhouse gas emissions. 
We focused on pvGDP to facilitate comparison of this work 
with other analyses in the climate change policy literature 
using more standard economic formulations. As d escribed
below, we calculated the regret for each strategy in each
future and used a domain criterion for robustness (see Box
4.2), thus looking for strategies with low regret ove r a wide
range of plausible futures.

4.5.1.4 Specify System Structure (RDM Step 1 )
To compare these adaptive strategies, we employed an agent-
based model of technology diffusion, linked to a simple 
macro model of economic growth that focused on the social 
and economic factors that influence how economic actors 
choose to adopt, or not to adopt, new emissions-reducing 
technologies. The agent-based representation proved useful 
because it conveniently represents key factors potentially 
important to technology diffusion, such as the heterogeneity 
of technology preferences among economic actors and the 
flows of imperfect information that influence their decisions. 
Considering this tool as an exploratory, rather than predictive, 
model proved useful because it allowed the study to make
concrete and specific comparisons of price- and subsidy-
based strategies even though, as described below, available
theory and data allowed the model’s key outputs to vary by
over an order of magnitude.

The model was rooted in the microeconomic understand-
ing of the process of technology diffusion (Davies, 1979). 
Each agent in our model represents a producer of a composite 
good, aggregated as total GDP, using energy as one key input. 
Each period the agents may switch their choice of energy-
generation technology, choosing among high-, medium-, or 
low-emitting options. Agents choose technology to maxi-
mize their economic utility. The agents estimate utility based
on their expectations regarding each technology’s cost and
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performance. Costs may or may not decline significantly 
due to increasing returns to scale as more agents choose to 
adopt. The agents have imperfect information and current 
and future technology cost and performance but can gain 
information based on their own experience, if any, and by 
querying other agents who have used the technology. Thus, 
the model’s technology diffusion rates depend reflexively 
on themselves since by adopting a technology each agent
generates new information that may influence the adop-
tion decisions of other potential users. The model also used
simple, standard, but deeply uncertain relationships from
the literature on the connections between greenhouse gas
emissions and the economic impacts due to climate change
(Nordhaus, 1994). 

4.5.2 Perform Exploratory Uncertainty 
Analys is

4.5.2.1 Specify Uncertainties or Disagreements 
(RDM St ep 2)

The agent-based model had 30 input parameters representing 
the deeply uncertain factors, including the macroeconomic 
effects of potentially distortionary taxes and subsidies on 
economic growth, themicroeconomic preferences that agents 
use to make technology adoption decisions, the future cost 
and performance of high- (e.g., coal), low- (e.g., gas), and
nonemitting (e.g. solar) technologies, the way information
about new technologies flows through agent networks, and
the impacts of climate change.

We employed three sources of information to constrain 
our EM. First, the agent-based model embodied the theoreti-
cal economic understanding of technology diffusion. Second, 
we drew plausible ranges for each individual parameter using 
estimates from the microeconomics literature. Third, we re-
quired themodel to reproducemacroeconomic data regarding 
the last 50 years of economic growth and market shares for 
different types of energy t echnology. We also constrained
future technology diffusion rates in the model to be no faster
than the fastest such rates observed in the past.

Consistent with these constraints, the model nonetheless 
was able to generate a vast range of plausible futures. To 
choose a representative sample of futures from this vast set, 
the study launched a genetic algorithm over the model inputs, 
searching f or the most diverse set of model inputs consistent
with the theoretical, macroeconomic, and microeconomic
constraints (Miller, 1998). This process yielded an ensemble 
of 1611 plausible futures, with each future characterized by 
a specific set of values for each of the 30 uncertain model 
input parameters. Each member of the ensemble r eproduced
the observed history from 1950 to 2000 but differed by up to
an order of magnitude in projected mid-twenty-first-century
emissions.

4.5.2.2 Stress Test Strategies Against Futures 
(RDM Steps 3–5)

The study represented its carbon tax and technology subsi-
dies as adaptive strategies using a single set of parameters for 
each to describe their initial conditions, and ho w they would
evolve over time in response to new information.

As with many carbon price proposals, the study’s carbon 
tax would start with an initial price per ton of CO2 at time 
zero and rise at a fixed annual rate, subject to two conditions 
meant to reflect political constraints. First, we assumed that 
the government would not let the tax rise faster than the 
increase in the observed social cost of carbon. Second, we 
assumed that if the economy dropped into recession (defined 
as a global growth rate below some threshold), the govern-
ment would drop the carbon tax back to its original level.
Three parameters defined the tax strategy: the initial tax rate,
the annual rate of increase, and the minimum threshold for
economic growth required not to repeal the tax.

The study’s technology subsidy reduces the cost to users 
of a technology to a fixed percentage of its unsubsidized cost. 
The subsidy stays in effect until the policy either succeeds in 
launching the technology (defined as its market share rising 
above some threshold value) or the policy fails (defined as 
the market share failing to reach a minimum threshold after a 
certain number of years). Meeting either of these conditions 
permanently terminates the s ubsidy. Four parameters defined
the subsidy strategy: the subsidy level, the market share
defining success, the market share defining failure, and the
number of years before the subsidy can be judged a failure.

The study chose a single set of parameter values to define 
the tax and subsidy policies, each set chosen to optimize the 
pvGDP for the future represented by the average v alue for
each of the 30 model parameters. The results of the study
were relatively insensitive to this simplification.

We used the agent-based model to calculate the pvGDP 
and mid-century greenhouse gas emissions for each strategy 
in each of the 1611 plausible futures. This ensemble of runs 
made it immediately clear that the Taxes Only and Combined 
strategies consistently perform better than the No Policy and
Subsidies Only strategies. The remainder of the analysis thus
focused on the first two.

4.5.3 Choose Short-Term Actions 
and Long-Term C ontingencies

4.5.3.1 Illustrate Tradeoffs (RDM Step 4)
Lacking (not-yet-developed) Scenario Discovery algorithms 
and faced with too many dimensions of uncertainty for an 
exhaustive search, the study used importance sampling to 
find the five uncertain input parameters most strongly cor-
related with mid-century GHG emissions. Four of these
key uncertainties related to the potential for coordination
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failures to slow technology diffusion—the rate of cost re-
ductions for nonemitting technologies caused by learning 
by doing, the rate at which agents learn from one another 
about the performance of new technologies, the agents’ risk
aversion, and the agents’ price-performance preferences for
new technologies—and one related to the damages from
climate change.

We then examined the regret in pvGDP across the cases 
for the Taxes Only and Combined strategies as a function 
of all ten two-dimensional combinations of the five key un-
certainties.8 Each visualization told a similar story—that the 
Combined strategy cases had lower mean and variability in 
pvGDP regret than those for Taxes Only except in the corner 
of the uncertainty space with low potential for coordination
failures and/or low impacts from climate change.

This analysis provides the study’s basic comparison 
among the strategies: Taxes Only performs best when the 
potential for coordination failures and the impacts from 
climate change are small, and Combined performs best
otherwise. Both strategies perform better than No Policy
or Subsidies Only.

4.5.3.2 Select and Plan for Adaptation (RDM 
Ste p 4)

To help decision-makers understand the conditions under 
which the Taxes Only andCombined strategies would each be 
favored over the other, we first collapsed the 10 visualizations 
into a single two-dimensional graph by combining all four 
ke y uncertain parameters relating to potential coordination
failures into a single variable. Figure 4.3 shows the sets of 
expectations in which pvGDP for the Taxes Only strategy 
exceeds that of Combined, and vice versa, as a function of the 
probability assigned to high rather than low values of the four 
uncertain parameters related to potential coordination fail-
ures, which we labeled “probability of a nonclassical world” 
and “probability of high damages” due to climate change. 
The region dominated by Combined is larger than that of 
Taxes Only for two reasons. First,Combined dominates Taxes 
Only over larger regions of the state space. Second, in the 
regions of the uncertainty space where Taxes Only is the
better strategy, Combined’s regret is relatively small, while
in the regions where Combined is better, Taxes Only’s regret
is relatively large. Existing scientific understanding proves
insufficient to define with certainty where the future lies in
Fig. 4.3. Different parties to the decision may have different 
views. But the boundary between the two regions is consis-
tent with increasing returns to scale much smaller than those 
observed for some energy technologies—such as natural 
gas t urbines, wind, and solar—and the middle of the figure
is consistent with relatively small levels of risk aversion,

8Ten combinations because
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Fig. 4.3 Scenario map comparing “Taxes Only” and “Combined” 
strategies. Note: Taxes-only strategy uses carbon pricing mechanisms. 
Combined strategy uses carbon pricing and technology incentives. 
High damages refers to significant impacts from climate change. A 
nonclassical world is one in which the diffusion rate o f new technologies
is dominated by factors such as learning by doing and network learning
effects not well-captured in many economic models

learning rates, and heterogeneity of preferences compared to 
those seen in various literatures. These results suggest that a 
combination of price instruments and technology subsidies 
may prove the most robust strategy over a wide range of
plausible futures.

4.5.3.3 Implementation, Monitoring, 
and Communica tion

This study addressed a high-level question of policy 
architecture—the best mix of policy instruments for 
decarbonization. While the study did not provide detailed 
implementation plans, it does suggest how a national 
or state/provincial government might pursue the study’s 
recommendations. T he study envisions policymakers
choosing a strategy that includes the rules by which the initial
actions will be adapted over time (Swanson et al., 2007). The 
carbon price, presumably set by the legislature, would follow 
the social cost of carbon as periodically updated by executive
agencies (National Academies of Sciences, 2016) whenever 
the economy was not in recession. The legislature would 
also set the technology subsidy and terminate it when the 
subsidized technologies either succeeded or failed based on 
market share data gathered by executive agencies. The study 
did not examine pre-commitment issues—that is, how the
current legislature could ensure that future legislatures would
in fact follow the adaptive strategy. These interesting issues
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of political economy have, however, been recently explored 
using RDM methods (Isley et al., 2015). 

4.5.4 Iterate and re-Examine (RDM Steps 2 
and 3)

The study’s results are based on an examination of only 6 of 
the 30 dimensions of uncertainty in the model, representing 
a small subset of the full range of plausible futures. As a 
key final step, we tested the policy recommendations by 
launching a genetic search algorithm across the previously
unexamined dimensions looking for additional futures that
would provide counterexamples to our conclusions. This
process represents the computer feedback loop in the right
panel of Fig. 4.2. The genetic algorithm ran for most of the 
time the authors spent writing their manuscript and found no
plausible counterexamples.

Overall, this study suggests that if decision-makers hold 
even modest expectations that market imperfections are 
likely to inhibit the diffusion of new, emissions-reducing 
technologies or that the impacts of climate change will turn 
out to be serious, then strategies combining both carbon tax es
and technology incentives may be a promising component of
a robust strategy for reducing greenhouse gas emissions.

4.6 Recent Advances and Future 
Challenges

The “Carrots and Sticks for New Technology” example in-
cludes all the steps of an RDM analysis shown in Fig. 4.1.  It  
used optimization algorithms to define alternative, adaptive 
strategies, and generated its futures using genetic algorithms 
to performwhat has more recently been called scenario diver-
sity analysis (Carlsen et al. 2016a, b). The study employed the 
process of human/machine collaboration shown in Fig. 4.2, in  
particular, in the computer search for counterexamples to the 
human-derived patterns that constitute its policy conclusions.

Since this early example, the methods and tools for mul-
tiobjective RDM analyses have approached maturity, now 
reaching the point at which one can describe with some speci-
ficity how to conduct multiscenario, multiobjective RDM 
for many wicked problems. For instance, a recent study 
used RDM on a topic similar to the “Carrots and Sticks” 
example—examining ho w international finance institutions
such as the Green Climate Fund (GCF) can best craft long-
term investment strategies to speed decarbonization in the
face of deep technological and climate uncertainty (Molina
Perez, 2016). This more recent study was made possible by 
powerful new Scenario Discovery algorithms and visualiza-
tion tools.

Recent work for four North Carolina cities illustrates the 
power of MORDM, a combination of RDM with new ev o-

lutionary algorithms for multiobjective robust optimization
(Herman et al., 2014, 2016; Zeff et al. 2014, 2016). The study 
helped the neighboring cities of Raleigh, Durham, Chapel 
Hill, and Cary link their short-term operational and long-
term investment water plans by shifting the former from rule-
based procedures to new dynamic risk-of-failure triggers, and 
the latter from static to adaptive policy p athways. The study
also helped the four independent cities coordinate their plans
in the presence of different objectives and deep uncertainty.

Work for the US Bureau of Reclamation and the parties to 
the Colorado Compact showcases RDM’s ability to facilitate 
deliberation with analysis, helping contesting parties to agree 
on the vulnerabilities they face and adaptive strategies for
addressing them (Bloom, 2015; Groves et a l. 2013a, 2019). 

Some important technical hurdles still remain before these 
capabilities fully mature. First, an approach is needed that 
provides full Pareto satisficing surfaces. Current MORDM 
analyses identify Pareto optimal surfaces for best-estimate 
cases and measure the robustness of alternati ve strategies,
represented by different regions on the Pareto surface, to
the deep uncertainties (Kasprzyk et al., 2013). In the future, 
MORDMcould produce sets of strategies chosen specifically 
because their performance across multiple objectives was 
largely insensitive to the deep uncertainties. Recent work has 
taken s teps toward providing such Pareto satisficing surfaces
(Watson & Kasprzyk, 2017), but more needs to be done. Fur-
thermore, despite the availability of ubiquitous computation 
on the cloud, and through high-performance computation 
facilities, it still remains difficult in many cases to conduct a 
full MORDM analysis using realistic system models, which 
would require running many thousands of cases to perform 
the multiobjective robust optimization over each of many 
thousands of scenarios. Research is needed on what wemight 
call adaptive sampling approaches to help navigate more ef-
ficiently through the set of needed runs. In addition, research
could usefully provide guidance on when to use alternative
robustness criteria, as well as the conditions under which
RDM’s iterative analytic process is guaranteed to converge
independent of the initial problem framing or when path
dependencemay lead analyses to different answers (Kwakkel
et al., 2016). 

Finally, the cost of developing the needed system models 
often puts RDM analyses out of reach for many decision-
makers. Research on “RDM-lite”—means to quickly develop 
such models through approaches such as expert elicitation
and participatory modeling—could greatly increase the use
of these methods (e.g., see O’Mahony et al., 2018; Popper ,
2019). 

Evaluation plays a crucial role in the design and use of 
any successful decision support system (NRC, 2009; Pidgeon 
& Fischhoff, 2011; Wong-Parodi et al. 2016, 2020). Some 
evaluations of RDM tools, visualizations, and processes ex-
ist, both in the laboratory (Budescu et al., 2013; Gong et 
al., 2017;  Parker  et al., 2015) and through field experiments
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(Groves et a l., 2008). Recent work has proposed frameworks 
for evaluating the impacts of RDM-based decision support
in urban environments (Knopman & Lempert, 2016). But 
much more such evaluation work is required to improve the 
practical application of RDM decision support (Bartels et al.,
2018). 

More broadly, as DMDU methods reach technical matu-
rity, they offer the opportunity to reshape the relationship 
between quantitative decision analytics and the way in which 
organizations use this information with their internal and 
external audiences and processes. The potential for such
reshaping presents a rich menu of research needs to un-
derstand the organizational, anthropological, political, and
ethical implications.

As one example, the concept of risk governance embeds 
risk management, which often has a narrow, more techno-
cratic perspective, in a broader context that considers institu-
tions, rules conv entions, processes, and mechanisms through
which humans acting as individuals and groups make choices
affecting risk (Renn, 2008). Recent work has explored how 
to embed RDM methods and tools in a risk governance
framework (Knopman&Lempert, 2016). For instance, RDM 
can help decision-makers working within a multiagent and 
multijurisdictional system organize their strategies into “tiers 
of transformation,” which derives from the ideas of triple-
loop learning. Lower tiers represent actions the decision-
makers can address on their own, while the outer tiers rep-
resent large-scale, transformative system changes t hat only
the decision-makers can help catalyze. Any understanding of
how to implement and use such capabilities, and the extent
to which they would prove useful, remains nascent.

Future work can also usefully situate the types of 
moral reasoning and social choice embodied in alternative 
approaches to decision support. In his treatise, the Idea
of Justice, Amartya Sen (2009) describes two classes of 
moral reasoning—the transcendental and the relational. The 
former, represented by Sen’s teacher John Rawls (1971), 
seeks to inform ethical societal choices by first envisioning a 
common vision of a perfectly just world. People can then use 
that vision to inform their near-term choices. The latter, Sen’s 
preferred alternative, rests on the assumption that irreducible 
uncertainty about the consequences of our actions, and a 
diversity of priorities, goals, and values, are fundamental 
attributes of our world. Thus, no such transcendental vision 
of the type envisioned by Rawls is possible because the level 
of agreement and commonality of values it presupposes 
does not, and should not, exist in a diverse society in which 
people are free to pursue their lives according to their own, 
often very different, visions of what is good. In addition, 
Sen argues, even if a common transcendental vision were 
possible, it would prove insuf ficient to inform near-term
choices, because human knowledge is too fallible and the
uncertainties too deep to chart an unambiguous path to the
ideal. But humans can obtain sufficient knowledge to craft
near-term options and differentiate the better from the worse.

Relational reasoning thus involves an iterative process of
debating, choosing, learning, and revisiting choices, always
trying to move in the direction of more justice in the face of
imperfect knowledge and conflicting goals.

“Agree-on-assumptions” approaches to decision support 
reflect transcendental reasoning, while “agree-on-decisions” 
approaches reflect relational reasoning (Lempert et al.,
2013a). Sen emphasizes the importance of deliberation in 
a relational process of social choice. His framework provides 
attributes for judging what constitutes an ethical process of 
deliberation with analysis. In particular, such deliberations 
work best when they recognize the inescapable plurality 
of competing views; facilitate re-examination and iterative 
assessments; demand clear explication o f reasoning and
logic; and recognize an “open impartiality” that accepts the
legitimacy and importance of the views of others, both inside
and outside the community of interest to the immediate
policy discussion.

Recent work has pioneered methods for conducting 
ethical–epistemological analysis on the extent to which 
decision support p roducts, methods, and systems meet
such ethical criteria (Bessette et al., 2017; Jafino et al.,
2021; Lempert & Turner 2021, Mayer et al. 2017; T uana,
2013), but much more remains to be done. Today’s world 
presents numerous, complex decision challenges—from 
climate change and sustainability to national security—that 
require quantitative decision support to successfully address. 
But “agree-on-assumptions” methods often lure decision-
makers toward overconfidence and can make it difficult 
to engage and promote consensus among participants 
with diverse expectations and interests. Such methods— 
built on the assumption that the decision analytics aim to 
provide a normative ranking of decision options—have their 
foundations in a time of computational poverty and rest on 
a narrow understanding of how quantitative information 
can best inform decisions. R ecent years have seen an
explosion of computational capabilities and a much richer
understanding of effective decision support products and
processes. RDM—a multiobjective, multiscenario “agree-
on-decision” approach—exploits these new capabilities
and understanding to facilitate deliberative processes in
which decision-makers explore, frame, and reach consensus
on the “wicked” problems that today’s decision-makers
increasingly face.
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5The Policy Portfolio Problem 

Rachel Warr en

5.1 Introduct ion

Given the urgent need to prevent further changes in global cli-
mate, and also to adapt to the climate change that has already 
occurred and the further change that may occur in the future, 
decision-makers are faced with a “Policy Portfolio Problem”: 
that is, the following question: “With what combinations of 
adaptation and mitigation policies should we address climate 
change?” This question needs to be addressed in the context 
of climate-resilient, sustainable development pathw ays, and
in combination with the equally urgent need to address other
global issues such as land degradation, biodiversity loss, and
pollution. These problems often have common drivers and
their effects also interact strongly.

Decision-makers are diverse: some will be considering 
global, regional, national, or local climate change action 
across various sectors of the economy, while others might 
be focused on individual sectors, nature conservation, or 
small villages. Decision-makers often assume that there is 
a balance or trade-off between mitigation and adaptation, 
and often fail to consider the linkages between them. It 
is now widely accepted, however, that both adaptation and 
mitigation are essential. Given this, decision-makers are still 
confronted with a variety of mitigation and adaptation op-
tions to consider, as well as solar radiation management. 
However, as the need to address climate change becomes
more and more urgent, the range of available portfolios of
action to mitigate and adapt to climate change that is consis-
tent with the UN Paris Agreement shrinks and the decision
space becomes more and more constrained. For example,
mitigation portfolios that limit globally averaged warming to
1.5 ◦C above pre-industrial levels with “limited” overshoot
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Tyndall Centre for Climate Change Research, University of E ast
Anglia, Norwich, UK
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almost all include carbon dioxide removal (CDR), variously 
deploying Bioenergy with Carbon Dioxide Capture and Stor-
age (BECCS) and/or Direct Air Carbon Dioxide Capture and 
Storage (DACCS). That is, because of the delay in deploying 
global climate changemitigation, it is now extremely difficult 
to identify Paris-compliant mitigation pathways that are not 
dependent on CDR. Excluding CDR now requires a lo w
global population, the majority of whom adopt sustainable
lifestyles, and optimistic assumptions about agricultural in-
tensification and dietary change, alongside rapid renewable
electrification and high technological efficiency (Van Vuuren
et al., 2018) to achieve the Paris Agreement goals without 
these methods. Early action might have avoided the need for 
carbon dioxide removal at all. The longer action is delayed, 
the more carbon dioxide removal is required to avoid an over-
shoot of the g lobal temperature targets. An overshoot, even if
temporary, would significantly increase climate change risks
(Schleussner et al., 2024) and any attempt to reverse such 
an overshoot would require still larger amounts of CDR, the 
deployment of which i s of uncertain efficacy and feasibility
and would undermine sustainability.

This chapter explores the issues that need to be considered 
when making such decisions. Most mitigation and adaptation 
actions in a given sector affect climate change-related risk 
in other sectors or interact with mitigation and adaptation
actions in other sectors (Warren, 2010). It can be difficult to 
quantify the magnitude of such interactions, owing to both 
uncertainties about the effects of mitigation or adaptation 
within a single sector considered independently, and also 
further uncertainties about the degree to which they will 
interact. Despite this, it is vital that these interactions be 
used as a basis for designing portfolios of action across 
sectors, considering both adaptation and mitigation together. 
If actions are designed within silos, and efforts are afterward
made to reduce unintended negative effects in other sectors,
this is much less likely to be effective. The chapter also high-
lights the promising role of nature-based solutions (NBS),
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which can contribute to both mitigation a nd adaptation, in
these portfolios.

“Mitigation” is defined as “a human intervention to reduce 
the sources or enhance the sinks of greenhouse gases.” This 
includes the avoidance of greenhouse gas emissions, either by 
reducing fossil fuel burning or by preventing deforestation, 
or alternatively by enhancing carbon sinks, for example, 
through restoration of natural systems. Use of biomass to pro-
duce bioenergy and then capture and store the CO2 released 
(“BECCS”), and direct air capture and storage (DACCS) are 
also included here. “Adaptation” is defined as “ the process
of adjustment to actual or expected climate and its effects”
(IPCC WGII AR5 Glossary). However, some actions may
have both a strong mitigation effect and a strong adaptation
effect (such as NBS).

“Geoengineering” techniques are only briefly covered 
here since they generally have adverse s ide effects (McCor-
mack et al., 2016) including on agriculture and ecosystems, 
potentially compromising Article 2 of the UN Convention on 
Climate Change, which sets out to limit global w arming so
as to allow “ecosystems to adapt naturally” and ensure that
food production is “not threatened.”

Mitigation and adaptation action can focus on addressing 
the supply side (i.e., the way a commodity such as energy, 
food, or water is produced) or on addressing the demand side 
(i.e., reducing the demand for these commodities). Actions 
can include considering types of new technology to deploy 
in mitigation and adaptation, for example, to change how the 
supply (of energy, water, food) is produced, or to do so more 
effi ciently; and also how changes in human behavior might
reduce the demand. Since adaptation and mitigation actions
can interact, when selecting a portfolio of these actions, it is
vital to consider these linkages, including the uncertainties
therein, in order to avoid examples of unintended adverse
outcomes.

In order to actually deliver these changes, policies are 
required to alter the “status quo.” Not only is there a decision 
to make about the combination of these supply or demand-
side actions to take, but also a decision to make about the 
most effective way to implement them. A portfolio of policies 
will be required to deliver the portfolio of technical and 
behavioral change. There is not a one-to-one relationship, 
that is, a single policy made by a single actor often is not 
sufficient to effect a change in technology or behavior. Each 
one of these new technologies or behavioral changes is likely 
to require a portfolio of policies to be implemented by dif-
ferent actors, typically ensuring that government, business, 
finance, and public support are aligned. Not only national 
governments, but also local governments, businesses, in-
vestors, financial organizations, and regulators may all need 
to become invo lved. Their ultimate need is not only for
advice on what portfolio of policies each decision-maker
should adopt, but also there is a need to consider how to

integrate policies across different actors, who are making
decisions and setting policies for different sectors of society
(and may be operating on different spatial and temporal
scales). This advice should be based on both a qualitative and
quantitative understanding of policy implications, including
an understanding of the uncertainty budget in terms of the
quantification of the potential outcomes of different policy
combinations.

5.2 Adaptation and/or Mitigation: The 
Big Pic ture

A question that is often asked is whether there are trade-
offs between adaptation and mitigation, or whether they are 
complementary. For a number of reasons, they a re generally
largely complementary. Firstly, a global warming of 1.1 ◦C
has already occurred (IPCC, 2021). Limiting global warming 
to below 1.5 ◦C is now very challenging yet still feasible
(IPCC, 2018; IPCC 2022 (WGIII report)), which means 
that adaptation to this level of 1.5 ◦C warming will almost 
certainly now be necessary in order to reduce the loss and 
damage that this level of warming is projected to entail. At 
the other extreme, if no further ef forts are made to mitigate
climate change beyond policies in place today, a global
warming of up to 3.6 ◦C might emerge by 2100 (https:// 
climateactiontracker.org/global/cat-thermometer/), leading 
to high risks to ecosystems and their services, human systems 
(including agriculture and water security), human live s,
and livelihoods (Oppenheimer et al., 2014). Under such a 
situation, limits to adaptation would be exceeded in many 
systems (IPCC AR6 WGII SPM, 2022), and large-scale loss
and damage would be inevitable.

Indeed, it is argued that there is a “human imperative” to 
limiting warming to 1.5 ◦C owing to the much greater risks at 
2 ◦C, to both human and natural systems, including the Arctic 
(due to the loss of Arctic sea ice and permafrost), and in trop-
ical regions (due to high mortality of coral reefs, persistent
heat stress in livestock, and forest dieback) (Hoegh-Guldberg
et al., 2018, 2019). The work of the Intergovernmental Panel 
on Climate Change (IPCC)Working Group II is to assess and 
review literature on the subject of climate change risks. As a 
part of this assessment, the IPCC considers five categories of 
risk called “Reasons for Concern (RFC)” and assesses how 
the level of risk is projected to change as the globe warms.
Levels of risk due to extreme weather events (RFC2) become
very high already with 2 ◦C of warming (IPCC, 2022a) 
while levels of risk in unique and threatened systems (RFC1) 
(including biodiversity hotspots) become very high already at
1.5 ◦C (IPCC, 2022a). Between 2 and 4.5 ◦C warming, levels 
of risk become very high for all other “reasons for concern,” 
including global aggregate economic impacts and large-scale
singular events (examples of these include sustained melting
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of the Antarctic and Greenland ice sheets, which are already 
losing mass presently). Estimates of aggregate economic 
impacts of global warming vary widely but reach hundreds of
trillions of dollars (Warren et al., 2021). IPCC (2022b) finds 
that the benefits of climate change mitigation to limit warm-
ing  to  2  ◦C exceed the costs of climate change mitigation. 
This statement is given medium confidence as it is qualified 
by the following exceptions, that is, that future damages are 
not discounted at high rates ( which would have devalued the
rights of future generations to a healthy planet), and also the
unlikely possibility that climate change damages might be
very low.

In general, the greater the investment in global climate 
change mitigation, the lower the level of global warming, 
and the lower the residual climate risks and the less of 
an adaptation challenge remains. Had there been action on 
climate change decades earlier, a solely mitigation-based 
response would have been feasible (except in the case of 
risks associated with sea-level rise, which reduces relatively 
slowly in response to mitigation action compared to other 
risks). But the world is now i n a situation where a very great
deal of both adaptation and mitigation is necessary to avoid
the worst impacts of climate change, and, hence, they are
now complementary, especially as synergies between the two
types of policy exist and some actions can contribute to both
processes.

Owing to the urgency of the need for climate change 
action, there is presently increased interest in the potential 
role of solar radiation management (SRM) in the portfolio 
of human responses to climate change. SRM relies on the 
continuous injection of sulfate aerosols into the stratosphere 
to reflect incoming solar radiation and thus reduce the green-
house effect. However, this (a) only reduces global warming
and fails to address increasing carbon dioxide concentrations
and hence ocean acidification, (b) can reduce precipitation
(Tilmes et al., 2013), and (c) if terminated, for financial 
or political reasons (including “black swan” events such 
as global pandemics or wars), a sudden increase in global 
warming would take place at a much faster rate t han that
presently occurring, which would present even greater chal-
lenges to adaptation than the present rate (Jones et al., 2013; 
McCormack et al., 2016). Ongoing research is exploring how 
spatial design of SRM injection might improve the outcome 
for precipitation (Wells et al., 2024). However, owing to very 
large uncertainties in the potential effect of SRM on regional 
precipitation patterns a nd other potential problems (National
Academies of Sciences, Engineering and Medicine, 2021), 
SRM is not discussed f urther in this chapter.

Having established that both adaptation andmitigation are 
now required, there remains the question of whether there is 
a trade-off in how much of each is implemented at the global 
scale. Firstly, since there are limits to adaptation, in some 
cases at levels of warming as low as 1.5 or 2 ◦C, risks that 

are not avoided by mitigation cannot simply be avoided by 
adaptation instead. For example, many coral reef ecosystems 
have been assessed to be unable to persist above 1.5 ◦C 
warming, while above 2 ◦C warming almost all would be
unable to persist, owing to the projected associated increase
in sea surface temperatures and ocean heatwaves, which will
increase the frequency of coral bleaching episodes so that
the interval between episodes is too short for reef recov-
ery (O’Neill et al., 2022), leading to the loss of ecosystem 
services since many communities are dependent on reefs 
for their livelihoods and reefs provide a breeding ground 
for marine animals that roam the world’s oceans. Similarly, 
many biodiversity hotspots around the w orld are at risk of
irreversible loss due to their inability to adapt to a global
warming of 1.5–2 ◦C (O’Neill et al., 2022). Around 10% 
of species globally are projected to become endangered at 
1.6 ◦C compared with >20% at 2.1 ◦C (median). Extinction 
is irreversible and forms a hard limit to adaptation. Species 
loss undermines the provisioning and regulating ecosystem 
services upon which humans depend. In human systems, 
beyond 2 ◦C, cultivar changes are projected to be unable 
to of fset global production losses in agriculture, while be-
yond 3 ◦C, water shortages in Western and Central Europe
are projected to be impossible to be offset by geophysical
and technological adaptation methods (O’Neill et al., 2022), 
putting European agricultural production at risk. At 4.5 ◦C 
global warming, regional maximum temperatures are ex-
pected to exceed the human survivability threshold across
most of South Asia.

Considerations such as this informed the UNFCCC Paris 
Agreement to “pursue efforts to limit warming to well below 
2 ◦C” and “pursue efforts” to limit it to 1.5 ◦C. Integrated 
assessmentmodels that represent the global economic system 
and incorporate our scientific understanding of the earth’s 
climate system can provide examples of global m itigation
portfolios that have at least a 50% chance of limitingwarming
to 1.5 or 2 ◦C. However, owing to uncertainties in climate
sensitivity (Chap. 15, this volume), there is still a chance 
that global warming could be greater than 1.5 or 2 ◦C  even  
if one of these portfolios is implemented fully, and hence 
planning adaptation for higher levels of warming is still 
prudent. Further, such a global mitigation portfolio requires 
global cooperation, and should some nations fail to deliver 
their contribution to the portfolio, again it would result in 
higher levels of warming. Finally, since adaptation always 
has a local context, the concept of adapting to a particu-
lar level of global warming needs to consider the pattern 
of regional climate change associated with different levels
of global warming. The regional warming on land almost
always exceeds the global average warming (owing to the
slower warming response of the oceans) and can be very
much greater in the center of large landmasses and also
varies considerably from year to year (Seneviratne et al.,
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2018). Furthermore, the precise regional pattern projected 
is uncertain and varies considerably across the ensemble of 
CMIP6models (IPCCAR6WGIAtlas). In some regions, it is 
even unclear whether precipitation will increase or decrease 
with warming, and hence adaptation actions robust to either 
outcome need to be prepared. However, in general, adapting 
to higher potential levels of global warming provides a buffer 
against the uncertainty in regional climate projection. These 
arguments led to an oft-quoted statement “mitigate to 2 ◦C 
and adapt to 4 ◦C” (R. Watson, pers. comm.). However, note
that this statement is not realistic: adaptation to a level of 4 ◦C
warming is not in fact possible, owing to the aforementioned
extensive breaching of limits to adaptation.

The concept of a global trade-off between investments into 
adaptation and mitigation assumes a single decision-maker 
with a single budget, rather than a set of actors working at dif-
ferent scales in different systems. It also ignores the potential 
for synergies between adaptation and mitigation actions, and 
for actions that contribute to both. Single decision-makers in 
individual organizations might have limited budgets and may 
want to consider whether it is more appropriate or effective 
for them to meet their organization’s goals by investing in 
mitigation, or adaptation, or both. However, at larger spatial 
scales, such a trade-off is not appropriate: mitigation has a 
global effect over a long time scale of decades, while adapta-
tion has only a local effect. In practice, however, investments
in mitigation and adaptation are often made separately by
individual nations or organizations, potentially leading to
considerable challenges as far as global coordination of both
mitigation and adaptation is concerned.

The UNFCCC acts as an umbrella organization and, 
through its processes, attempts to bring nations’ climate-
related policies together so that the global community 
collaborates to reach the Paris Agreement goals and adapt 
to the residual i mpacts. At present, global action on both
mitigation and adaptation has been assessed as insufficient
by both the United Nations and the IPCC.

The adaptation gap report (United N ations Environment
Programme, 2022) finds that, although adaptation efforts are 
increasing and 84% of countries have established adaptation 
plans, strategies, laws, or policies, many of these have not 
been implemented. In developing countries, this is largely 
due to the lack of finance, in particular given an expectation 
of international financial flows to support these actions. Yet, 
there are still large adaptation gaps in developed countries 
such as the United States and the United Kingdom, where
there are particularly large gaps in introducing adaptation
policies into building regulations, healthcare, and the man-
agement of the natural environment (CCRA3; HM Govern-
ment, 2022). If the situation is not addressed, the adaptation 
gap will widen as the climate changes, affecting agriculture, 
water resources, and the natural environment. The size of 
the gap is also related to the amount of mitigation effort: the 

more effort is made to reduce greenhouse gas emissions, the 
smaller t he adaptation gap will be. Further, monitoring the
size of the adaptation gap is difficult because of the lack of
inventories of existing adaptation action and its efficacy.

Presently, there is insufficient action on climate change 
mitigation to reach the goals of the Paris Agreement, with 
the current policies and action at the time of writing sufficient 
to limit warming to approximately 2.7 ◦C (range 2.2–3.4 ◦C,
Meinshausen et al., 2022) with CO2 emissions around 6–13% 
above 2010 levels in 2030 compared with the IPCC assessed 
45% reduction below 2010 lev els to constrain warming to
1.5 ◦C (see also https://climateactiontracker.org/global/cat-
thermometer/). Insufficient action on the part of many nations 
leaves an implementation gap of 23–27 GtCO2e. Nations 
have submitted nationally determined contributions for emis-
sion reductions in 2030: if these were to be achieved, global 
temperature rise could be limited to 2.4 ◦C (range 1.9– 
2.9 ◦C), while if in addition there was the full implementation 
of all announced targets, including net-zero targets, it would 
be limited to 1.8 ◦C (range 1.5–2.3 ◦C), corresponding to 
a greenhouse gas emission reduction of 32–34% by 2050 
relative to 2010 levels, suggesting that the portfolio of net-
zero targets would be sufficient to limit warming to 2 ◦C 
(but not 1.5 ◦C, which requires around 45% reduction of
CO2 emissions by 2030 relative to 2010). Importantly, the
issue is that many nations are not putting in place the policies
and measures necessary to achieve their announced long-
term targets, and many of the 2030 targets are insufficient
and not in line with these long-term targets (Meinshausen
et al., 2022). Some countries have not put forward net-zero 
targets, while others would need to bring forward in time their 
net-zero targets, or even put forward net negative emission
targets. Owing to this situation, emissions are still increasing
(Friedlingstein et al., 2022) and yet this trend needs to be 
reversed within this decade t o keep the Paris Agreement
target within reach.

The modest levels of the NDCs put forward so far mean 
that mitigation costs in the short term remain relatively small, 
but this implies accelerated action after 2030 to reach the PA 
target, and this overall would be a more costly mitigation 
pathway in the long term, than pathways in which there is 
more stringent action by 2030 than in the present NDCs: in
these pathways, the higher upfront costs are compensated for
by economic recovery after net zero is obtained (Riahi et al.,
2021, 2022). 

Trading off risks and costs on different times cales using 
a cost–benefit approach requires placing a value on risks in 
the future compared with the present, a practice referred to 
by economists as the “discount rate,” the value of which is a 
matter of great controversy. The common business practice of 
using discount rates to value investments over short periods
is arguably not appropriate for use in problems such as
climate change with century-long time scales since use of
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Fig. 5.1 The influence of integrated assessment model design, and of the values of uncertain and/or subjective parameters, upon the calculated 
value of the social cost of carbon. (Reproduced with permission from Fisher et al., 2007) 

a high discount rate inevitably condemns future generations 
to large and unacceptable risks. This is a particularly impor-
tant source of uncertainty in calculations of climate change 
damages and strongly affects the outcome of cost–benefit 
analyses that attempt to derive an “optimal” level of global 
warming at which costs and benefits of climate change mit-
igation equate. Overall, the values placed on future climate 
change damages can take a wide range of values depending 
on subjective issues such as the placing of monetary values 
on lives and ecosystems.Many studies do not include indirect 
costs or co-benefits, and often use very simple equations 
to estimate d amages at a global scale, tending to focus on
market risks, with little regional detail. Lastly, the approach
assumes that the decision-maker is completely rational and
has perfect foresight. The marginal damage done by the
climate change caused by the release of one additional ton
of carbon into the atmosphere is commonly referred to as
the “social cost of carbon” (SCC). Figure 5.1 illustrates the 
uncertainties in estimating it. SCC values have often been 
used to justify larger or s maller investments in climate change
mitigation.

However, IPCC (2022b) finds that over the twenty-first 
century, integrated assessment models currently show that 
the cost of limiting warming to 2 ◦C is “lower than the 
global economic benefits of reducing warming” unless low 
estimates of climate damages are used (which are unlikely to
be valid, see below); or a high discount rate is used in which
future damages are discounted at high rates.

Because of the large uncertainties in discount rates, values 
of (particularly nonmarket) assets, a s well as in climate
science itself, Stern (2007) used the PAGE2002 integrated 
assessment model in its cost–benefit analysis work because 
this model is based on a probabilistic representation of these 
uncertain parameters. This was one of the first attempts to 
include an economic analysis of the potential for large-scale 
discontinuities in the earth system, that is, the effects of 
feedback processes not well captured in global climate mod-
els, such as the potential for accelerated release of methane 
from permafrost as the global warms. It estimated potential 
damages of global warming over t he next two centuries to
be at least 5% and potentially 14% GDP, which at the time
was considered an outlier in the literature but is now looking
more consistent with more recent work in which values of
7–8% GDP have appeared (see below) while acknowledging
that not all risks have yet been captured.

In fact, the UNFCCParis Agreement was largely informed 
by scientific evidence about the risks at different levels of 
global warming. However, some countries, such as theUnited 
States, are legally required to compare the costs and benefits 
of their (climate) policies, and hence such analysis is still 
important in some nations and also can help support and 
incentivize climate change action. Over time, estimates of 
the aggregate global economic damages (often expressed as
%GDP loss) have been steadily increasing and now also
provide an economic argument for limiting global warming
to 1.5 or 2 ◦C. There are several reasons for this.
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Inevitably, it takes time for these calculations to incorpo-
rate new evidence about the earth’s climate sensitivity (esti-
mates of which increased considerably between the second 
and third assessment reports of the IPCC) and new evidence 
about climate change risks (which have also increased over
time). This has led to considerable underestimation of global
aggregate economic damages in the past (Warren et al.,
2010). Global aggregate damages were typically estimated to 
fall in the range of 1–3% GDP for 2 ◦Cwarming (Arent et al.,
2015;  T  ol 2018). Inevitably simulations improve over time, 
and recent work has improved the representation of the earth
system, climate change risks, and decision-making under
uncertainty (Warren, 2014; Keppo et al., 2021). Recently, 
the PAGE09 model has been refined to create P AGE-ICE
(Yumashev et al., 2019) incorporating nonlinear feedback 
in the Arctic permafrost and albedo. The model also uses 
a fat-tailed distribution for sea-level rise to represent the 
effects of potential melting of the Greenland Ice Sheet, 
while its climate sensitivity values and a carbon cycle match
IPCC AR5. These nonlinear feedbacks are examples of so-
called “discontinuities.” When applied to standard Shared
Socioeconomic Pathways (Chap. 16, this volume), economic 
damages of 6% GDP are estimated for 2.7C warming above 
pre-industrial as opposed to 1–2% GDP in the absence of
these improvements (Chen et al., 2020; Warren et al., 2021). 
Similarly, the integrated model DICE2016R2 now includes a 
blanket 25% uplift to d amages to account for discontinuities
in general (Nordhaus & Sztorc, 2013) and produces the year 
2100 damage estimates of 2.0% of income at 3 ◦C  and  
7.9% of global income at a global temperature rise of 6 ◦C
(Nordhaus, 2018). Further work on this m odel (Hänsel et al.,
2020) to update the carbon cycle, making it consistent with 
the IPCC Special Report on 1.5 ◦C warming (Rogelj et al.,
2018) and other improvements, has led to a revised estimate 
of damages of 6.69% of global GDP for 3 ◦C, leading t o
an optimal limit to global warming of 1.77 ◦C in 2100,
consistent with the Paris Agreement.

Despite these improvements, there is empirical evidence 
for even larger damages (Burke et al., 2015),  while  a  large  
number of potentially high-risk climate change outcomes 
are still not incorporated or only poorly represented. These 
include the potential conversion of rainforests to savannas, 
escalation of fire risks in forest, l oss of coral reefs, ocean
acidification, risk cascades due to the loss of ecosystem ser-
vices, and the potential for climate change-inducedmigration
and conflict.

The evidence that significant investment in both mitiga-
tion and adaptation portfolios is needed is clear. How do 
we decide which actions to implement? How should uncer-
tainties in effectiveness, costs, benefits, risks, or unintended 
consequences of actions be handled and what are the most 
important ones (i.e., the “uncertainty budget”)? The next 
sections will address this. A critical element in designing the

portfolios is that mitigation and adaptation interact, and also
interact with sustainable development: it is therefore critical
to design the portfolio of actions to maximize synergies and
minimize trade-offs. The next section explores some of these
interactions.

5.3 Synergies and Conflicts Between 
Mitigation, Adaptation, 
and Sustainable Dev elopment

Adaptation and mitigation actions can impact positively or 
negatively on other environmental risks or other climate 
change risks, on sustainable development, or also on each 
other. In the context of portfolios, it is particularly important 
to consider how adaptation and mitigation actions can be 
synergistic or may conflict with one another. It is important 
to design policy portfolios that are synergistic, rather than 
creating conflicting incentives, or creating incentives that 
have unintended negative consequences for other systems. 
An important element of this is the creation of c limate-
resilient development pathways that encompass clean de-
velopment while increasing adaptative capacity to climate
change. Conversely, unsustainable development tends to in-
crease vulnerability to the climate change risks. This is not a
minor issue:most adaptation andmitigation actions in a given
sector have an effect on another sector (Berry et al., 2015). 

Examples of synergies and conflicts between adaptation 
and mitigation actions can be classified into various types, 
and some examples are considered here: the portfolio prob-
lem requires a careful consideration of these various issues.

1. Adaptation to climate change in one sector can influence 
climate change-related risks in other sectors or systems. 
For example, protecting coastlines by building sea de-
fenses to protect cities can increase erosion in adjacent
natural habitats.

2. Adaptation can contribute to, or detract from, greenhouse 
gas emissions. For example, the installation of air condi-
tioning as an adaptation to heat stress increases energy 
demand and hence greenhouse gas emissions unless the 
energy is produced from renewable sources. However, 
even in that case, increasing energy demand increases 
the challenge of producing a larger fraction of energy 
from renewable sources. Conversely, adapting to a drier 
climate by using no-till agriculture to reduce crop water 
use also prevents soil erosion and helps retain carbon
in the soil. Adaptation in the water and urban sectors
[sustainable urban drainage (SUDS)] also contributes to
mitigation through carbon storage and has positive effects
on biodiversity conservation as well as reducing the urban
heat island (Gill et al., 2007; Chance, 2009). Bosello et al.
(2013) review a number of synergies.
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3. Mitigation can contribute to, or detract from, adaptation or 
adaptive capacity. For example, large hydroelectric power 
schemes can result in the inundation of large swathes of 
land, displacing human settlements and drowning ecosys-
tems. They are also vulnerable to increasing climate vari-
ability, in particular, drought.

4. Climate change mitigation and adaptation involving 
changes in land use can be either synergistic or in conflict. 
A clear example of potential conflict related to the use of 
bioenergy with carbon capture and storage (BECCS) is 
used to achieve CDR. Some studies estimate t hat 1.1–
1.5 Gha of land would be necessary to use BECCS to
reduce global warming from 2.5 ◦C to 1.7 ◦C (Boysen
et al., 2017). Thus, if deployed on large scales, BECCS 
would have “far reaching consequences for land and
water availability” (IPCC, 2018). This would inevitably 
create competition for land and water use with both food 
production and biodiversity conservation, conflicting with 
the goals of Article 2 of the UNFCCC, which states that 
the goal of the Convention is to limit global warming in 
order to protect food production and natural ecosystems.
However, in some regions, more limited use of BECCS
might be carefully governed to minimize these conflicts
(IPCC, 2018). 

5. On the other hand, a clear example of synergy is using 
ecosystem restoration (and prevention of deforestation) to 
sequester (or retain) stores of carbon on land or in the 
coastal zone. This also increases climate resilience since 
these ecosystems provide services such as air and water 
purification, pollination, and protection against extreme 
weather events. On land, ecosystem restoration and forest 
protection not only stores carbon but prevents soil ero-
sion and land degradation, reducing the risks of down-
stream flooding and maintaining soils for agricultural use.
In coastal wetlands, protection and restoration of salt-
marshes, seagrass meadows, and coral reefs (commonly
referred to as “blue” carbon) protect the coast from storm
surges and preserve the breeding grounds of marine fish
and mammals. These are examples of “nature-based so-
lutions” (NBS). United Nations Environment Programme
(2021) states that 6.6 (range 2–11) GtCO2e per year could 
be removed from the atmosphere between 2020 and 2050 
by halting land degradation and land use change (in-
cluding deforestation); while a further 18.6 (range 1.8– 
35.5) GtCO2e per year could be removed by ecosystem 
restoration on land over the same period. 

There is also enormous potential for “blue” carbon 
sequestration. Conservation of mangroves, saltmarshes, 
and seagrass meadows can avoid emissions of 304
(141–466) Tg/yr. CO2e, while potential restoration of
0.2–3.2million ha tidal marshes, 8.3–25.4million ha
seagrasses, and 9–13million ha mangroves could
additionally sequester 841 (621–1064) TgCO2e per year

by 2030, which is equivalent to 3% of global emissions
(Macreadie et al., 2021). Mangrove protection and/or 
restoration could provide the greatest carbon-related 
benefits. Overall, NBS illustrate strong synergies between 
climate change adaptation, mitigation, and the SDGs, with
multiple benefits for both human and natural systems.

IPCC (2018) explores synergies and trade-offs between 
climate change mitigation and the sustainable development 
goals more generally, finding a strong majority of synergies.
IPCC (2022b) now concludes that “accelerated and equi-
table climate action in mitigating, and adapting to, climate 
change impacts is critical to sustainable development” and 
also finds that “policies that shift development pathways 
towards sustainability can broaden the portfolio of available
mitigation responses and enable the pursuit of synergies with
development objectives.”

Figure 5.2 summarizes the linkages between a range of 
climate c hange mitigation actions and the SDGs.

5.4 Portfolios of Mitigation Polic y

Global mitigation portfolios that satisfy particular climate 
change constraints can be simulated by integrated assessment 
models (IAMs) that combine at minimum a representation of 
the economy, combined with a simplified representation of 
the global climate system. Some contain a detailed bottom-up 
representation of the energy system and a range of technical 
solutions for reducing emissions. They all show that a major 
transition in the energy system is required to achieve the Paris 
Agreement goals. This includes rapid reductions in fossil 
fuel use and rapid increases in low-carbon energy sources. 
The range of technical solutions covers (a) decarbonization 
of energy supply side, typically including renewable energy 
such as solar, wind, geothermal, nuclear, and bioenergy; (b) 
demand-side measures such as energy ef ficiency measures;
and (c) a range of land-based measures to remove carbon
dioxide from the atmosphere (CDR). Direct air capture with
storage (DACCS) is starting to become included in some
IAMs. Whilst DACCS has the advantage of a low land use
footprint, there are presently significant obstacles preventing
its being operated at scale (Realmonte et al., 2019)  and  
hence it is considered that it should be considered only as 
a useful addition to mitigation portfolios, rather than as a 
replacement for other techniques. A key element of all port-
folios is the avoidance of continuing to build fossil fuel-based 
infrastructure as this would lock society into their continued 
use. Another key element is that a net-zero target is only 
reached if any remaining fossil fuel use is offset by CDR.
However, large scale deployment of CDR may be ineffective
in reversing global warming as it may be undermined by earth
system feedbacks (IPCC, 2021), and its feasibility is also



Fig. 5.2 Synergies and trade-offs between sectoral and systemmitigation options and the SDGs. (Reproduced with permission from IPCC, 2022b)
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technically and economically unproven ( Schleussner et al.,
2024). Thus CDR is not an effective method of reaching the 
goals of the Paris Agreement, which can only b e achieved
with rapid near-term greenhouse gas emission reductions
(Schleussner et al., 2024). This can be more easily achieved 
under a scenario in which there is a low future global popu-
lation, the majority of whom adopt sustainable lifestyles, and 
optimistic assumptions about agricultural intensification a nd
dietary change, involving rapid renewable electrification and
high technological efficiency (Van Vuuren et al., 2018). 

There are trade-offs between these technical solutions, for 
example, failure to reduce greenhouse gas emissions deeply 
by the 2030s leads to a greater need for land-based measures 
to remove carbon dioxide from the atmosphere [referred to
as carbon dioxide removal (CDR)] in order to avoid “over-
shooting” the Paris Agreement goals (IPCC, 2022b). These 
emission reductions come from a combination of supply-
and demand-side measures: greater efforts to reduce energy 
demand also reduce the need for C DR and also the need
to use nuclear energy, which has high initial costs (IPCC,
2022b). IPCC (2022b) assesses modeled pathways to global 
net-zero emissions and finds that 74% (54–90%) of emission 
reductions come from supply and demand measures, 13% 
(4 = 20%) by CO2 mitigation options in the AFOLU sec-
tor, and 13% (10–18%) through the reduction of non-CO2

emissions.
There is also a trade-off in terms of the trajectories of 

declining fossil fuel use over time, with some portfolios re-
ducing coal, oil, and gas use at different rates. IPCC (2022b) 
assesses modeled pathways that limit warming to 1.5 ◦C 
with no or limited overshoot. Across these simulations, IPCC
(2022b) finds that the use of these three fossil fuels variously 
declines by 95% (interquartile range 80–100)%, 60% (40– 
75%), and 45% (20–60%) by 2050. However, their continued 
use at these levels is only consistent with the Paris 1.5 ◦C 
target with carbon capture and storage technologies: without 
this, their use declines by 100% (95–100%), 60% (45–75%), 
and 70% (60–80%) by 2050 relati ve to 2019. In all of
these pathways, electricity production is almost completely
decarbonized. A wide range of potential portfolios for so
doing exists, including various combinations of demand-side
management, smart grids, electrolytic hydrogen, sustainable
biofuels, and many others.

However, it is not only the global energy system that needs 
to be decarbonized: it is also the global food production sys-
tem, which is responsible for 21–37% of current greenhouse 
ga s emissions. Thus, IAMs such as IMAGE (van Vuuren
et al., 2017) are also used to explore the allocation of land 
to growing food, biofuels, or biodiversity conservation, and 
consideration of the demand for food in relation to human 
population growth and dietary preferences. There is potential 
to avoid 0.7–8 GtCO2e of greenhouse gas emissions by 2050
(2–20% of current emissions) so that a greater proportion of

protein is derived from plants (United Nations Environment
Programme, 2021). 

IPCC, 2018 and, more recently, IPCC, 2022b explored 
various pathways that limit warming to 1.5 ◦C with no 
or limited overshoot, drawing on a large database of IAM 
outputs. All of these pathways use CDR, but the amount 
varies and is much lower in scenarios where energy demand 
is greatly reduced. CDR methods include bioenergy with 
carbon capture and storage (BECCS), and actions in the 
Agriculture, Forestry and Other Land Use (AFOLU) sec-
tor such as “Afforestation.” Some pathways avoid BECCS 
deployment entirely through a combination of demand-side 
measures and use of AFOLU-related CDR measures. In 
modeled scenarios that include CDR, and limit warming to 
1.5C with no or limited overshoot, the potential reported
BECCS over 2020–2100 ranges from 30 to 780 GtCO2,
while the potential DACCS is 0–310 GtCO2. As previously
mentioned, large-scale deployment of BECCS has a high
land and water footprint and creates a conflict with several
SDGs including biodiversity conservation of life on land and
eliminating hunger.

Most of the IAMs do not distinguish, though, between the 
types of “Afforestation.” Some types of afforestation, such 
as the planting of monocultures of conifers, especially in 
areas where the natural habitat would have been savannah, 
grassland, or deciduous woodland, can, however, be detri-
mental to biodiversity conservation and the provision of some 
ecosystem services. In practice, within mitigation portfolios, 
“Afforestation” should be generalized to “Ecosystem restora-
tion” since large amounts of carbon are a lso stored in other
types of ecosystems, including natural grasslands and coastal
wetlands. This creates a synergy with both adaptation and
the sustainable development goals relating to life on land and
below water.

The precise choice of mitigation portfolios in a given 
location is obviously influenced by the national, regional, and 
local context. In particular, the relative costs of alternatives 
will be a key factor, with the costs of wind, solar, and storage
having fallen greatly in recent years. More generally, IPCC,
2022b finds that a portfolio of mitigation options “costing 
USD100 tCO2-eq-1 or less could reduce global GHG emis-
sions by at least half the 2019 level by 2030.” An important 
issue is the relative emphasis on reducing emissions of non-
CO2 greenhouse gases, in particular methane. IPCC (2022b) 
finds that deep reduction of methane emissions during the 
period when CO2 emissions are being reduced to net zero 
is an effective method to reduce peak global warming. The 
Glasgow C limate Pact, in which 104 countries pledged to
reduce methane emissions by 30% by 2030, is a step in the
right direction.

The question of in which sectors mitigation efforts are
concentrated also arises: IPCC (2022b) explores how, if the 
goals are to be kept in reach, reduced effort in one sector
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requires compensation by increased efforts i n another. IPCC,
2022b finds that in assessed net-zero scenarios, models indi-
cate that net zero is reached earlier in the AFOLU and energy 
supply sectors than it is for the buildings, industry, and trans-
port sectors. Decarbonization of the transport s ector is facil-
itated by urban planning measures to reduce demand (e.g.,
active transport), electric vehicles, and efficiency measures.

Another important issue to consider when designing port-
folios is the sustainability of materials required, for example, 
mining of materials required for batteries, where efforts to 
make mining more sustainable (e.g., a void damaging high
carbon/high biodiversity ecosystems) and to recycle miner-
als, can reduce undesirable side effects (IPCC, 2022b). 

Finally, an emerging issue is the effects of climate change 
on portfolios, for example, changing climate will affect the 
present-day regional energy generation potential of renew-
able energy technologies in positive or negative wa ys. Ex-
amples include projected reduction in solar power potential
in Europe and in hydropower potential in LatinAmerica (Hou
et al., 2021; Wasti et al., 2022). 

5.5 Portfolios of Adaptation Polic y

The United Kingdom has been a lead player in developing a 
prioritization system designed to inform its adaptation plan-
ning. It was one of the first countries to organize a national 
Climate Change Risk Assessment (CCRA) and its Climate 
ChangeAct 2008 established statutory requirements to assess 
risks to inform the National Adaptation Plan. The Nether-
lands and the United States r apidly followed suit with their
own national assessments. Here, however, the focus is on the
UK experience as its successive CCRA approaches provide
interesting lessons in adaptation prioritization methods.

Typically, as in the first CCRA, Climate Change Risk As-
sessment is conducted using a set of climate change scenarios 
to drive impact models in a harmonized fashion, to determine 
the magnitude of risks to human and natural systems in the 
country. However, in the United Kingdom, it was found that 
this approach did not deliver what was needed to inform 
the adaptation plan due to the need to make decisions about 
which adaptation to invest in as a priority. It was recognized
that factors other than the magnitude of future risks (in which
there are large uncertainties) were important, for example,
the vulnerability of the affected systems, the implications of
damage to those systems, and the adaptive capacity.

A lack of incorporation of existing adaptation and incon-
sistent treatment of socioeconomic change was also prob-
lematic. It was also noted that decision-makers would prefer 
a “receptor-based” assessment, that is, one more focused 
on sectors a t risk rather than academic classifications of
risk types. Reviewers recommended an “adaptation-first”
approach be taken in CCRA2.

Fig. 5.3 Steps in the CCRA2 prioritization p rocess. (Source: Warren
et al., 2016) 

In CCRA2, instead of performing a harmonized, top-down 
risk assessment to inform adaptation priorities, a new three-
step, bottom-up process was developed (Warren et al., 2018, 
Fig. 5.3): (1) assess climate vulnerability in the present day, 
(2) assess future vulnerability due to both climate and non-
climate drivers, and (3) prioritize adaptation options based 
on effectiveness, feasibility, and other criteria. In step (3), an 
“urgency scoring” framework was used as a basis for priori-
tization, in which the following attributes would increase the 
urgency for implementation: (a) rapid speed of onset of an 
impact/consequence; (b) a large spatial scale of the conse-
quences, for example, national scale; (c) a large magnitude 
of the social, environmental, and/or economic impact; (d) 
a time-limited opportunity—or window of intervention—for 
early adaptation; (e) a benefit in the next 5 years if action 
taken; (f) long lead times for adaptation (i.e., a process that 
takes a long time to complete); (g) socioeconomic trends 
that will drive high consequences; and (h) a potential for 
learning, to inform adaptation decisions in the near future. By 
including all these factors, the urgency scoring process was
able to tease out priorities more clearly despite uncertainties
inherent in precisely quantifying the size of future risks. This
process resulted in the classification of potential adaptation
actions into categories as follows: (1) more urgent issues
where adaptation action is needed; (2) more urgent issues
for which further investigation is needed; and (3) less urgent
issues where current action is to be sustained or a watching
brief is to be kept.

CCRA3 further develops the CCRA2 method by elab-
orating in step 3 analysis of the potential for lock-in of 
inappropriate or maladaptive responses, and the potential to 
exceed critical thresholds that impact on the effectiveness of
adaptation, as well as looking at interactions between individ-
ual risks (Betts & Brown, 2021). The rest of the methodology 
remains similar but was further improved using a quantitative 
magnitude-scoring process and a formal quality of evidence
process.
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5.6 A Note on Uncertaint ies

Scientific evidence can greatly assist decision-makers facing 
the portfolio problem, and co-production of research on cli-
mate change risks and adaptation benefits can be important. 
Since decision-makers may need advice on how to handle 
uncertainty, where possible scientists can provide informa-
tion in a way that minimizes uncertainty. For example, quan-
tifying precisely risks in the 2080s is much more difficult 
than estimating the percentage of risks avoided by limiting 
warming to 1.5 ◦C rather than 3 ◦C, or by implementing a 
particular adaptation polic y. That is more tractable and is a
mitigation-related question but still with large uncertainty.
However, it is not always possible to reformulate questions
so as to minimize uncertainty either because decision-makers
need answers to questions that have more uncertain answers,
or because uncertainties might be inherently large. This is
discussed more fully in Chaps. 3 and 4 (this v olume).

5.7 C onclusion

United Nations Environment Programme (2021) emphasizes 
how important it is to solve the environmental problems 
of climate change, biodiversity loss, land degradation, and 
pollution together. This means that the “portfolio problem” 
is not only a problem of climate change policy: it is one of 
creating climate-resilient development pathways that address 
all four issues, while contributing to the sustainable devel-
opment goals. It is also one of maximizing synergies, and 
avoiding conflicts, between policies put in place in different 
sectors, and managing the myriad uncertainties present in the 
portfolio problem. Many synergies involve biodiversity or 
water, and hence, there is a high potential for designing inte-
grated policy portfolios in these areas, including via nature-
based solutions. Pathways will involve a multitude of actors
in governments, businesses, financial organizations, NGOs,
academia, as well as individuals. Interdisciplinary knowledge
and communication between organizations responsible for
financial flows and incentives in different systems will be
critical in the effort to increase synergies and minimize trade-
offs between goals.
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6Climate Change Adaptation in Practice: 
Navigating Uncertainty in the Real Wo rld

Linda A. Joyce, Laurna Kaatz , and Joel Smith

6.1 Introduct ion

Climate change, though not a new challenge (Houghton et al., 
1990), is still considered an emerging and significant issue 
for practitioners and resource managers. As many chapters in 
this book discuss, analytic approaches have been developed
to assist in making sound decisions in the face of uncertainty
about climate change (see Chaps. 3, 4,  a  nd 9 in this volume). 
These contributions either address how to approach uncer-
tainty or offer tools to aid decision-making. How stakehold-
ers are navigating climate change considerations in natural
resource-related planning and decision-making efforts is the
focus of this chapter.

The challenge of anticipating climate change is that we 
know the climate is changing and will continue to change in 
the coming decades, but we cannot forecast precisely when 
and how this change will come to fruition on the ground. In 
the past, stakeholders have made decisions considering cli-
mate and weather with imbedded assumptions that the future 
would not be substantially different from past variability in
weather and climate. With respect to future climate, we know
temperatures and sea levels will continue to rise, but we do
not know by how much, by when, and what path—sudden or
smooth—the changes in climate will take.

Additionally, we are more certain about the change in 
direction in some c limatological variables than in others.
Figure 6.1 displays the relative certainty about the direction 
of change in key variables. We have the most confidence that
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temperature and sea levels will rise in the future. Temperature 
increases will lead to earlier peak snowmelt and more intense 
precipitation. In contrast, there is less certainty about ho w
precipitation patterns and climate variability will change,
although knowledge is improving (Doblas-Reyes et al., 2021; 
Hayhoe et al., 2018; Seneviratne et al., 2021). This differenti-
ated knowledge does give some direction for adaptation. We 
know we need to prepare for higher temperatures, sea levels, 
etc., but the magnitude and manifestation of these changes,
especially at localized scales, is less clear (Fig. 6.1). 

The uncertainty associated with future climate ripples 
through the physical, economic, social, and political net-
works in which stakeholders make decisions (Dewulf &
Biesbroek, 2018; Stults & Larsen, 2020). A survey of local 
adaptation plans across the United States found that most 
plans acknowledged future climate uncertainty, whereas few 
efforts incorporated uncertainty about local coping capacity, 
effectiveness of future strategies, or uncertainty related to 
actions of other entities or governmental policies. Our expe-
rience with climate change adaptation also sees the planning
approach spectrum described by Stults and Larsen (2020)  as  
ranging from deterministic Predict and Plan to more flexible
Adapt and Monitor approaches.

Based on our experience and that of others working with 
stakeholders, we offer these observations on uncertainty and 
the decision-making process through our case studies drawn
from the United States:

1. Uncertainty has always been and will continue to be a crit-
ical part of the decision-making process. Stakeholders and 
decision-makers seek to make the best decisions possible 
in light of uncertainty. A key part of this process is the 
recognition that actual changes in climate may differ from 
projections. D ecisions should, to the extent practicable,
incorporate flexibility and adaptive capacity as informa-
tion and understanding increases. Adaptive Capacity is a
“built-in” ability to rapidly adjust, take advantage of new
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Fig. 6.1 Continuum of certainty on climate change. (Source: U.S. Climate Resilience Toolkit, 2023) 

opportunities, or cope with change (California A daptation
Forum, 2016). 

2. The desire for certainty and predictive skill when ap-
proaching a decision is understandable. User needs for 
quantitative tools encompass current tools that are predic-
tive, as well as unmet needs for which predictive tools are 
on the horizon and still yet another area where the needs 
may not yet be met by existing or in-development tools. 
Predictive skill comes in the form of accuracy and preci-
sion. Precision of climate change projections (i.e., model 
resolution) does not necessarily result in improvement of
accuracy (predictive skill).While estimates of climate sen-
sitivities have narrowed and overall understanding of im-
portant dynamics and process-interactions in climate have
progressed, uncertainties about future human-generated
greenhouse emissions create a fundamental uncertainty
(Hausfather et al., 2020; see also Chap. 16 in this vol-
ume). Projections should be selected with relevance to the 
natural resource or environmental question (Snover et al.,
2013), treated as plausible futures (Langner et al., 2020; 
Woodhouse et al., 2021), and not forecasts or predictions.

3. The type and magnitude of response will also depend on 
the coping capacity of the natural resource beingmanaged. 
For example, a forest fire in a highly managed, densely 
forested watershed that would have historically burned 
regularly will likely be far more disastrous, that is, have 
a lower coping capacity, than a forest allowed to burn 
regularly or one subjected to controlled fires. Increasing 
the coping capacity of the managed natural resource will
further help address an inability to decrease the uncer-
tainty in how the future will come to fruition. Decision-
makers apply techniques to enhance coping capacity, and
increase adaptive capacity while minimizing the need for
certainty and prediction.

4. Stakeholder involvement is critical. Stakeholders need 
to be closely involved in decision-making and buy into 
outcomes. Decisions on managing climate-sensitive re-
sources have to be made by those who will be affected 
by and manage such resources. Scientists are needed to 
advise stakeholders on the state of science and its proper 
applications to decision-making, but stakeholders need 
to have confidence in the decisions. Though involving
multiple parties is time-consuming, the process of arriv-

ing at a shared understanding of goals, constraints, and
outcomes results in unpaired success (Yates et al., 2015). 
Such cooperation between stakeholders and scientists is 
often referred t o as “coproduction” of knowledge (Lemos
et al., 2019). 

5. Sound decisions that embrace uncertainty about climate 
change can and are being made (Bierbaum et al., 2013; 
Halofsky et al., 2015). Examples of climate adaptation in 
practice are illustrated in the next section.

For each case study, we draw out the particular manage-
ment or decision focus, the nature of stakeholder engage-
ment, and whether and how uncertainty was addressed. The 
follo wing examples span private and federal land ownership,
as well as a variety of natural resources.

6.2 Collaborative Efforts to Address 
GrazingManagement Decisions 
under Drought in the Gr eat Plains

Climate change brings the possibility of future sustained 
droughts in the Great Plains (Frankson et al., 2022). On 
the short-grass prairie, environmental and socioeconomic 
systems are tightly connected; drought affects ecological 
resilience of the shortgrass ecosystem, as w ell as economic
resilience of the private ranch (Joyce & Marshall, 2017). 
In response to a severe drought, a collaborative effort of 
federal and private land managers was initiated to explore 
management decisions on federal land that private ranchers 
seasonally grazed their livestock. Domestic livestock grazing 
on Pawnee National Grassland typically starts in May and 
ends in October. However, very dry weather occurred over a 
series of years preceding 2009, and these conditions forced 
seasonal grazing activity to be vacated earlier than p lanned.
Consequently, unplanned decisions about alternate forage
sources or the need to move or sell cattle were made quickly.
After this experience, federal managers and private rangeland
managers began to explore decision-making processes that
would incorporate risks associated with weather (Maczko et
al., 2019). Federal managers, in this case the United States 
Department of Agriculture Forest Service, must manage the
impact of weather on the availability and use of ecosys-

http://doi.org/10.1007/978-3-031-85542-9_16
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tem services from federal land, such as Pawnee National 
Grassland. Private land ranchers must manage the economic 
risk arising from environmental conditions that affect forage 
quantity and quality on both federal and private land. The 
collaborative effort shared available historical and current 
information on climate and resource conditions. This effort 
identified the need for an early season look at current condi-
tions, with the potential need mid-season to address declin-
ing conditions. This collaborative decision-making process,
providing two known points for decision-making by federal
managers and ranchers, continues to the present.

In another example of the coproduction of knowledge, 
the Collaborative Adaptive Rangeland Management project, 
on the nearby Central Plains Experiment Range, brought 
together a diverse set of scientists (ecologists, biologists, 
climate scientists, sociologists, economists) and an equally 
diverse stakeholder g roup (ranchers, conservationists, state
and federal agencies) to manage 10 herds grazing 3200
acres (1295 hectares) over the last 10 years (Wilmer et al.,
2022). Working together and learning to listen to each other, 
scientists and stakeholders continually evaluated multiple 
objectives, including grazing management, wildlife habitat
provisions, and ranch profitability and economic sustainabil-
ity (Ganguli & O’Rourke, 2022). 

6.3 Coproduction of Climate Change 
Information to Assess Future Risk 
to Roads in a National Forest

In this example, several entities organically came together to 
facilitate coproduction of data to assess future risk to roads 
in an area where snow/rain patterns were likely to change in 
the future. In 2013, the United States Department of Agricul-
ture Forest Service Mt. Baker-Snoqualmie National Forests 
(MBS NF) initiated a travel analysis as required by the
2005 TravelManagement Rule using a science-based process
called the Sustainable Roads Strategy. A public engagement
process asked stakeholders which roads mattered the most
(Cerveny et al., 2022). At the same time, the MBS NF was 
a collaborator in the North Cascadia Adaptation Partnership 
(NCAP) that brought together resource management agen-
cies from the United States Department of Agriculture and 
the United States Department of the Interior as well as federal 
and university research scientists. This partnership, along 
with numerous stakeholders, explored the current science
related to climate change and the effects on natural resources
within 6,177,635 acres (2.5 million hectares) of north-central
Washington (Raymond et al., 2014). 

Using climate change information developed through 
NCAP and the travel analysis, a University of Washington 
PhD student explored the impacts t o watersheds across
MBS NF (Strauch et al., 2015). Staff at Conservation 

Northwest, building on Strauch et al. (2015), assigned each 
road segment a composite climate hazard score determined 
from the combined potential peak 2080 flood-level increase
and potential 2080 winter soil moisture increase (Fig. 6.2) 
(Wooten, 2016). The analysis also considered potential shifts 
in the timing of shoulder seasons, allowing earlier or later
user access and road maintenance (Fig. 6.2). 

The final travel analysis product, including the work o f
Strauch et al. (2015) and Wooten (2016), provided informa-
tion that the MBS NF can use to minimize future risk of cli-
mate hazards in themaintenance of road systems and presents 
a v ariety of opportunities for making changes to current road
management practices (USDA, 2015). This information will 
serve as a basis for long-term maintenance cost reductions, 
prioritizing scarce resources to maintain the desired forest 
transportation system that meets the access needs for public 
or administrative purposes. The MBS has completed two 
access and travel management documents with a climate
change roads analysis. This coproduction example shows
how bringing scientists and managers together can assist in
adding climate change information to a standard planning
process on a National Forest.

6.4 DenverWater Embraces Uncertainty 
through Sce nario Planning

Denver Water, the largest drinking water utility in Colorado, 
has a long legacy of planning for the future. The utility began 
Integrated Resource Planning (IRP) in the 1990s, and each 
iteration h as built upon the last, factoring in new challenges
and taking advantage of new techniques and resources.

In 2002, the utility experienced simultaneous natural dis-
asters. Colorado experienced the single worst drought year 
in the state’s recorded history. Then in June of this same 
year, the fourth largest wildfire the state has experienced 
burned across Denver’s largest and hardest working water-
shed. Weeks after the fire was contained, a summer rainstorm
brought sediment and debris into streams and reservoirs,
significantly impacting water quality and reservoir capacity.
Nearly 20 years later, thewatershed is still noticeably scarred.

This experience presented Denver Water with an oppor-
tunity to reflect on its IRP planning assumptions and ap-
proach. Foundational questions such as “Does planning with 
the observed hydrologic record sufficiently prepare Denver 
Water for the variability the region has experienced prior to 
the observ ed record and may experience in the future?” and
“Howmight local hydroclimatic conditions change over time
as anthropogenic warming accelerates?” emerged as critical
new inquiries.

Denver Water reconstructed past hydrology using paleo-
hydrology, a technique that uses tree rings to recreate past 
hydrology, to address the first inquiry. The utility now plans



64 L. A. Joyce et al.

Fig. 6.2 Composite road hazard scores overlaid on the potential 2080 peak flood level percent increase for each sub-wa tershed, with mixed
rain-and-snow sub-watersheds shaded darker. (Source: Wooten, 2016) 

with data going back to 1634 and found droughts in the 1600s 
and 1800s that are much more challenging than seen in the 
observed record. Next, Denver Water turned to downscaled 
General Circulation Models coupled with hydrology mod-
els to understand potential future hydroclimatic conditions. 
The utility learned that modeling precipitation is incredibly 
complicated, its region may not see model agreement for 
precipitation, it should not expect skillful precipitation pro-
jections, and there is significantly more skill and confidence 
in temperature projections. As a result of these findings, 
Denver Water shifted its climate analysis focus to higher 
temperatures and, through simple sensitivity assessments, 
found its supply and demand is significantly vulnerable to 
warming. Basic assessments are informative and have proved

to be an incredibly valuable mechanism in helping the utility
understand and evaluate its vulnerability to climate change.
The most important outcomes of these inquiries were the un-
derstanding and acceptance that history cannot fully portray
the range of possible future conditions and that a Predict then
Plan approach will not adequately prepare Denver Water for
the future.

Following these lessons and seeking to avoid its experi-
ence in 2002, DenverWater embraced uncertainty as a critical 
aspect of planning and adopted Scenario Planning in 2008. 
Scenarios incorporate combinations of assumptions around 
external drivers of change (parameters outside of the utility’s
control including the regional economy, global greenhouse
gas emissions, and community values) to evaluate impacts
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to the water system and prepare for a range of future chal-
lenges. A key element of the scenario planning process is to 
challenge embedded assumptions that staff have about how 
the water system can operate and what the future will look 
like, and by envisioning different futures, encourage a broad 
range of thinking and discussion within the organization. In 
its current IRP, Denver Water is planning for both a w armer
and a hotter future. The utility recognizes climate change is
here and now, and that the region will continue to warm for
the foreseeable future, though exactly how much it warms
and how the warming manifest on the ground is uncertain.

6.5 Adaptation in Practice: Denver 
Water’s “From Forests to Faucets” 
Pro gram

In this example, a partnership across federal, state, and lo-
cal agencies depicts the effectiveness of coproduction and 
value of adaptation investments. The From Forests to Faucets 
program is a multimillion-dollar partnership between Denver 
Water, the U.S. Forest Service, the Colorado State Forest 
Service, the Natural Resources Conservation Service, the 
Colorado Forest Restoration Institute at the Colorado State 
University, a nd other agencies. It is creating resilient water-
sheds by mitigating the impacts of fire by treating overly
dense forestland and continuing reforestation efforts in areas
ravaged by wildfires.

Between 2010 and 2028, the program will have invested 
more than $96million and hundreds of labor hours to conduct 
fuel reduction and forest management actions. Through the 
beginning of 2023, over 150,000 acres (60,700 hectares) 
within Denver Water’s priority watersheds have been treated. 
Program treatments include thinning and hazardous fuels 
removal, prescribed fire, clear cuts, noxious weed treatments, 
and tree planting. Treatment plans are individually designed 
and implemented by program partners based on the charac-
teristics and conditions of each watershed and are intended
to decrease the risk of catastrophic wildfires, not mitigate
wildfires completely. Wildfires are important occurrences
in healthy watersheds and will happen in the future, likely
heightened by climate change (Abatzoglou & Williams,
2016; Higuera et al., 2021; Rodrigues et al., 2023)  (Fi  g. 6.3). 

Program success, which became evident during the Buf-
falo Mountain fire above Dillon Reservoir in 2018 (Fig. 6.3), 
illustrates the effectiveness of coproduced treatment invest-
ments. Specific fuel reduction treatments to the 900-acre (364 
hectare) Buffalo Mountain watershed were developed and 
implemented by the partnership and resulted in saved lives, 
property, ecosystems, and minimized impacts to reservoirs 
and water quality. Estimates indicate t he treatment approach
saved nearly $1 billion in damages. As fires increase in
frequency, duration, and intensity, and occur outside of the

Fig. 6.3 Photograph of burn line near residential homes immediately 
following the Buffalo Mountain fire in 2018. (Source: Denver Water)

traditional season and across higher elevation bands, copro-
duced investments in watershed health will save money a nd
decrease impacts on increasingly vulnerable communities
and natural resources.

6.6 Incorporating Climate in Culvert Size 
Selecti on

Culverts, which are designed to channel streamflow, often 
below roads, come in standard sizes ranging from 3-inch 
(0.080 m) diameter increments for small culverts to 1-foot
(0.305 m) for large culverts. Each size culvert (Fig. 6.4) (U.S. 
Department of Transportation, 1972) can handle a range of 
high stream flows. Therefore, in selecting a culvert size, it 
is not necessary to know the exact amount of peak flow, but 
it is important to have an idea about which range of flow is 
most likely to adequately account for potential increase in
future high flows. In the case of culverts, the marginal cost,
and downsides of selecting a larger size is relatively small
(Fig. 6.4). 

Given this situation, it may be possible to readily antici-
pate future increases in peak flow by installing incrementally 
larger culverts as the y are put in or reach the end of their
design life. For example, using Fig. 6.4, assume that a 42-
inch (1.067 m) culvert was sufficiently sized for observed 
peak flows. Perhaps peak flow was 130 cfs (cubic feet per 
second; 3.7 m3/s). As a result of climate change, the peak
flows could increase. The exact amount by which it would
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Fig. 6.4 Culvert sizes and capacities. Typical culvert capacity chart. 
(Source: Fig. 1 in “Capacity Charts for Hydraulic Design of High-
way Culverts.” Hydraulic Engineer Circular No. 10. 1972. U.S.

Department of Transportation. https://www.fhwa.dot.gov/engineering/ 
hydraulics/pubs/hec/hec10.pdf) 

increase is uncertain but increases of 10–20% or more over 
coming decades seem plausible (see Martel et al., 2021). 
Under this assumption, peak flows of approximately 145– 
160 cfs (4.1–4.5 m3/s) could be anticipated. In such a case, 
the next higher size of culvert, 48-inch (1.2192 m), would be 
needed. What this suggests is that if a new culvert is being 
installed or an older one being replaced, where observed 
peak flows might have supported installation of a 42 inches 
(1.067 m) culvert, anticipation of climate change could jus-
tify installation of an incrementally larger culvert, in this case 
48-inch (1.219 m). This simple calculation may only be cost-
effective if the marginal cost differences between installing a
42-inch (1.067 m) and a 48-inch (1.219 m) culvert are small
and there are no other complicating factors, such as a larger
culvert necessitating changing design of the road above.

The sizing of culverts in anticipation of climate change 
was analyzed by McCurdy and Travis (2017). They ana-
lyzed culverts across Colorado examining costs of installing 
culverts and benefits such as avoiding flooding and traffic 
diversions. The article found that increasing the “resilience 
factor,” that is, the capacity of a culvert to withstand a 
flow above design levels, is a dvantageous. This appears to
be consistent with the idea of installing somewhat larger
culverts that can withstand larger flows. However, McCurdy
and Travis (2017) found that replacing existing culverts with 
larger ones before their design lifetime was reached would
not be cost-effective.1 So going to a larger-size culvert may 
only be justified when new ones are being installed for
reasons other than anticipation of climate change.

1Design lives of culverts can be as long as 50–100 years (CCPPA, 2023). 

6.7 BostonWaterfront Planning

Spurred on by increasing climate disasters since the 1990s 
and a near miss in the Boston area from Superstorm Sandy 
in 2012, the City of Boston undertook a comprehensive plan-
ning effort to prepare for increases in sea levels, temperatures,
precipitation, and storm intensity.

Boston used a single scenario of sea level rise, assuming 
9 inches (0.229 m) of sea level rise by 2030, 21 inches 
(0.533 m) by 2050, and 36 inches (0.914 m) by 2070. A 
uniform scenario was needed to align all the roadways, 
walkways, and landscapes. The scenario, which is referred to
as the “40 inches scenario,” includes the 1:100 storm event
on top of the sea level rise projections.2 The plan also allows 
for the possibility that sea level rise will e xceed 40 inches
(1.067 m) this century (Bosma et al., 2015). 

A key part of the planning included extensive local stake-
holder consultations. This was important to develop and 
sustain community support for the long-term implementation 
of the plan a nd enable stakeholders to identify local concerns
and develop creative solutions (Walsh, 2016). 

The planning focused on eight areas across the city. Here, 
we describe one area: the “Coastal Resilience Solutions for 
Downtown Boston and the North End.” This is a $200–
300-million 50-year project to protect Boston waterfront
including Downtown, the North End, and the eastern edge

2The 40-inch scenario was based on projections of sea level rise by 
the US Government in 2012 and analysis of c hange in storm surge
undertaken for the State of Massachusetts (Bosma et al., 2015). 
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of the city’s West End from the 40-inch scenario by late
this century (City of Boston, 2020). The integrated plan, 
which was developed with extensive stakeholder input, relies 
on a combination of natural (green infrastructure) defenses, 
breakwaters, sea walls, harbor walks, and raised land to
protect the waterfront and inland areas from increases in
coastal flooding and sea level rise.

TheDowntownBoston andNorth End planwas developed 
with extensive input from local stakeholders, including prop-
erty owners, neighborhood groups, state and federal agen-
cies, and others. Two open houses were held for the public to 
give input into the plan. The stakeholders strongly preferred 
a combination of effectiveness, adaptability, feasibility, and
consideration of environmental impacts when prioritizing
options for protecting the waterfront.

Boston’s resilience plan is aimed at reducing flood risks 
in an area going from Rowes Wharf in Downtown, the Wharf 
District, North End waterfront, and the eastern part of the
West End not including the New Charles River Dam.

There are three timeframes for implementing specific 
components of the plan:

• Near-term out to 2030. This includes immediate measures
to address current flood risks.

• Mid-term actions out to about the 2040s.
• Long-term measures from about 2050–2070 and beyond.

The various time horizons allowed areas with different 
elevations to take sufficient measures to protect against the 
uniform scenario. Areas with lower elevation will build de-
fensive measures in the shorter timeframes while areas with 
higher elevations can put off implementing measures until 
later time periods. New construction will be built for the 
2070 scenario (Paul Kirshen, University of Massachusetts 
Boston, pers. comm.). The resilience plan proposes an in-
tegrated coastal defense system, including specific options
that provide protection from flooding caused by sea level rise
andmore intense coastal storms. The defense system includes
combinations of

• Green infrastructure (living shorelines).
• Offshore breakwater structures.
• Raising land such as Puopolo Park in the North End.
• Building and raising hard structures such as elevated wa-

terfronts, harbor walks, sea walls, and bulkheads.
• Where necessary to provide additional defense against 

elevated flood risks, raised roadways, intersections, and
bike paths.

The plan incorporates parks and bikeways and maximizes 
public access to the city’s waterfront. Property owners will 
need to take additional actions to protect their assets. Specific 
plans are included to defend against the “40-inch scenario,” 

but provisions are made to put in more protections should sea 
level rise exceed that scenario. 

Capital costs are estimated to be between $189 and $315
million, with estimated annual maintenance costs of $3–five
million. The plan reports that net benefits over its lifetime
(applying discount rates of 3 and 7%) will be $2–6 billion.

6.8 C onclusions

This chapter demonstrates—through selected examples of 
natural resource management—that added uncertainty about 
climate change need not paralyze decision-makers or the 
decision-making process. What the examples show is that
sound climate change-informed decisions can be made to
manage natural resources despite uncertainty about climate
change.

• Federal and private land managers collaborate to antic-
ipate and manage grassland production in the Pawnee
National Grassland.

• Federal forest managers and stakeholders worked together 
to anticipate potential impacts of climate change on roads 
in the Mt. Baker-Snoqualmie National Forests.

• Denver Water uses scenario planning, including scenarios 
not just of change in climate but also in socioeconomic 
conditions such as population, economy, and consumer
preferences, to improve its decision-making about long-
term water management.

• Denver Water works collaboratively with state and federal 
forest managers to reduce fire risks in watersheds in ways
that reduce risks of fire and harm to water supplies.

• Culverts incorporate a safety margin for a range of high 
flows. Using larger size culverts is a way of incorporating 
potential increases in high flow in a manner that can be
effective over a range of possible future conditions.

• The City of Boston worked with scientists and local stake-
holders to plan for sea level by selecting an individual 
scenario that serves as a minimum for its waterfront but 
also allows for raising the waterfront above that scenario
should sea level rise be higher than currently planned for.

These decisions recognize that while we know (and have 
known for some decades) that the climate is changing, and 
for many key variables we know the direction of change 
(e.g., higher temperatures and sea levels), skillful projections 
of exactly how climate change will manifest locally are not 
available now and are not expected to be available in the near 
future. Despite this, sound decisions that reduce risks and
improve resilience to future climate change are being made.

These examples also show that the process of -making
is as, if not more, important than the decisions themselves.
Stakeholder involvement is critical to arriving at management
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actions or decisions under climate change. Collaborative and 
coproduction efforts build trust among the stakeholders, sci-
entists, and decision-makers and facilitate shared understand-
ing of scenarios, effects, and possible tradeoffs. A diversity of 
perspectives is needed to challenge embedded assumptions 
about the future. Risk depends on the perspective/interest. 
Multiple objectives, such as ecological resilience and eco-
nomic resilience, are needed. These partnerships also provide 
opportunities to integrate scientific knowledge and experien-
tial knowledge. 

What has long been desired to help thosemaking decisions 
on long-term investments is to provide forecasts or guidance 
on what exact changes in climate and extreme events can be 
expected to happen in coming decades. In other words, the 
perception has been that science was not providing sufficient 
information, so a major focus has been on improving sci-
ence. This perception is sometimes expressed as a desire for
“actionable science,” that is, provide projections with high
enough spatial resolution and narrow enough of a range in
magnitude to be useful for decision-making.

While improvement in the science of projecting future
changes in climate would be helpful, it is not reasonable to
expect such a change in the science of projecting climate
change will emerge in the near future (Barsugli et al., 2009; 
Pielke Sr & Wilby, 2012). Yet, given the way we make de-
cisions about long-term climate-sensitive investments, there 
are ways to productively incorporate what is known about 
climate change into such decisions. We need to use science 
in more creative ways than we hav e in the past to enable us
to be better prepared for climate change impacts than the old
assumptions of climate stationarity would have yielded.
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7Uncertainty of Climate Change Impacts on Crop 
Produc tion

Daniel Wallach , Senthold Asseng , and Alex C. Ruane

7.1 Effect of Climate Change 
on Ag riculture

Climate changes could affect all aspects of the food system, 
beginning with impacts on average crop production and the 
stability of yields and additionally shaped by socioeconomic
and geopolitical forces (Porter et al., 2014). Society demands 
that future agricultural systems provide sufficient nutritious 
food for the consumption patterns of a growing and devel-
oping population, adapt to climate changes, play a role in 
the mitigation of greenhouse gas emissions, and provide an
economic incentive that keeps farms in business (Ruane et
al., 2017). The agricultural sector needs to advance by con-
sidering crop quantity, quality, efficiency of resource use, and 
environmental and sociopolitical footprint. This would be a 
substantial challenge if faced in isolation, but cropping sys-
tems are only a component of larger societal systems and thus 
compete under additional constraints for resources such as
public and private investment, labor, land, water, and energy
(Rosenzweig et al., 2020). Here, we focus on uncertainties 
in projections of climate impacts on field-level agricultural 
production (the fundamental engine of food systems through 
pastoral systems is also of fundamental importance and could
be severely impacted) (Soussana et al., 2010). 
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A number of climate factors affect agricultural systems, 
including long-term trends and episodic extreme events
(IPCC, 2014). The most widespread climate impacts stem 
from increases in mean temperature, particularly during 
portions of the growing season that correspond to key 
crop development stages. The increase in atmospheric CO2 
concentrations from continuing greenhouse gas emissions 
can have a beneficial effect on crop growth and water use 
efficiency. A third major effect is the expected change in 
rainfall patterns, which could impact agricultural production 
either directly for rain-fed agriculture, or indirectly through 
the availability of water for irrigation. Changes in extreme 
conditions, most notably heat waves and droughts given 
their ability to cause severe regional yield losses, are also 
important. Warmer conditions may also lead to a reduction in 
cold season hazards while those areas with increased rainfall 
could be forced to manage wet hazards such as flooding, 
water logging, and soil runoff degradation. Additional 
agroclimatic hazards are less well studied, including
severe storms (e.g., tropical cyclones and hail), changes
in ozone concentrations, and climate-driven alterations to
the likelihood and extent of outbreaks of pests and diseases.
In recent years, there has also been enhanced attention on
approaches that capture the exacerbating role of connected
extremes for agricultural impacts, which may be compound
(e.g., heatwave and drought at the same time and place),
concurrent (e.g., multiple breadbaskets suffering bad harvests
in the same year), or sequential (e.g., an early season drought
followed by a later drought).

Contextualized information about future climate impacts 
on regional and crop system-specific agricultural produc-
tion can play an important role in supporting food systems 
decision-making. Rather than assuming static farming sys-
tems, it is important to recognize the a gency of farmers and
other food system actors who may take actions in the face
of changing climate and socioeconomic conditions (Valdivia
et al., 2015). Climate impact information can inform re-
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active interventions that respond to agroclimatic risks that 
have already occurred or are ongoing (e.g., supplemental 
irrigation, pesticide application, farm bailouts) or proactive 
interventions that reduce or eliminate the likelihood of agro-
climatic risks so that disasters are more manageable (e.g., 
shifting growing seasons, selecting cultivars suited to chang-
ing climate conditions, building infrastructure for alternative 
field amendments, utilizing new agronomic technologies, es-
tablishing crop insurance programs, moving farmland away 
from hazard-prone areas, providing improved forecasts and
early-warning systems). Foresight and advanced planning are
needed to ensure that these preventive options are in place
to guard against future climate trends and extremes, and
information that corresponds to the scale of regional systems
is most useful to stakeholder decision-making.

7.2 Methods for Understanding 
and Quantifying the Effect of Climat e
Change

7.2.1 Forecasting by An alogy

Anticipated future climate in some specific location may 
be similar to current climate in a different location. Future 
crop production under climate change can then be inferred 
by analogy. However, use of this approach is limited by 

two major diff iculties, namely that the climate analogy is
in general only approximate, and there may be important
differences between the two locations other than climate (Bos
et al., 2015). 

7.2.2 Observation and Experimenta tion

Observations of field results, assuming they include both 
environmental and crop growth data, give information about 
crop response to the environment. Specially designed field 
and controlled environment experiments provide more tar-
geted information about how crops respond to weather and 
can thus be used as the basis for simulating the effects of 
climate change. Of particular usefulness are experiments that 
are specifically designed to explore conditions that mimic 
in some way expected future weather. This is more easily 
done in controlled environment experiments, but there is
always uncertainty because of the question of how far, and
in what ways, controlled environment chambers differ from
normal growing conditions. This has led to the creation
of free-air carbon dioxide enrichment (FACE) experiments
(Fig. 7.1), which can be combined with supplemental heat-
ing or increased ozone (Ewert & Porter, 2000; Kimball et 
al., 1995). These experimental results are also subject to 
uncertainties, related to both the imposed treatments (e.g.,
how homogeneous is the enriched CO2 concentration) and

Fig. 7.1 A free air CO2 enrichment (FACE) experiment with wheat at Braunschweig, Germany. (Courtesy of Remy Manderscheid copyright)
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to the heterogeneous nature of a crop. While observation and 
experimentation are the foundation for predicting the effect 
of climate change on crop production, they are insufficient. 
It is only possible to observe or test a few environments from 
a much larger number of environments of interest. Tools are
then needed to generalize or extrapolate to other situations
from those observed. Mathematical dynamic crop simulation
models provide those tools.

7.2.3 Statistical/Empirical Models

These models are based on historic weather and yield 
data that are analyzed to evaluate the separate and 
interacting effects of temperature and water (growing season 
mean and select extreme event thresholds), sometimes
incorporating additional factors to represent increasing
CO2 concentration (Urban et al., 2015). These models 
have the advantage of being directly based on observations, 
but are limited to conditions within the range that have
been observed (Lobell & Asseng, 2017). Most statistical 
models do not include responsive m anagement or genetics
(Chenu et al., 2017). 

7.2.4 Process-Based CropM odels

Process-based crop models are based on our understanding 
of the biological and physical processes that determine crop
production (Chenu et al., 2017). They can be used to sim-
ulate how changes in temperature and rainfall regimes, as 
well as CO2 concentration or other forcing variables, might 
affect crop production and yield. These models are based 
on biophysical equations and a set of parameters used to 
configure processes not directly resolved. Their accuracy is
heavily dependent on proper configuration to local condi-
tions, including soils, management, and cultivars (Asseng et
al., 2013). Experimentation as described above is important 
for developing and testing such models (Asseng et al., 2015; 
Maiorano et al., 2017). Being based on biological and phys-
ical processes, it is expected that crop models should be able 
to extrapolate to conditions outside those observed (Iizumi et
al., 2017; Ruane et al., 2017). Process-based models are the 
major method for evaluating the impact of climate change, so
the focus here is on such models.

7.3 Model Uncertaint y

Different models, faced with the same prediction problem, 
in general obtain different results. The v ariability between
models is a measure of model uncertainty.

7.3.1 Model Structure Uncertaint y

Soil–crop–atmosphere systems are very complex, and 
process-based mathematical models can only be, and are 
only meant to be, simplifications of the true systems. It is not 
surprising then that there are multiple crop model structures 
(different sets of equations) for the same crop s pecies, which
have been developed to focus on various aspects of the system
or ranges of environments. For example, Liu et al. (2019) 
compared more than 30 models for wheat, a nd Kumudini et
al. (2014) compared eight different thermal functions that 
have been used to model maize phenology.

The usual way of estimating model structure uncertainty 
is from ensemble studies, where multiple models are all 
provided with the same input variables and the same data for 
calibration. The variability among simulated outputs is then 
an indication of the uncertainty that results from uncertainty 
inmodel structure. It is only fairly r ecently that cropmodelers
have begun to do such studies. A major impetus was the
launching of the Agricultural Model Intercomparison and
Improvement Project (AgMIP, Rosenzweig et al., 2013)  that  
led to numerous multimodel studies of the effect of climate 
change, including the effect of increased temperature or in-
creased temperature with CO2 concentration on yield or grain
protein content of wheat (Asseng et al., 2015, 2019), yield 
of corn (Basso et al., 2018), yield of rice (Hasega wa et al.,
2017), and potatoes (Fleisher et al., 2017). Other multimodel 
studies have targeted the effect of extreme weather events 
(high temperatures o ver a limited time in particular) (Liu et
al., 2016b; Troy et al., 2015), the interaction of high tem-
peratures with increased CO2 (Thomey et al., 2019), and the 
effect of ozone, which is the most d amaging air pollutant for
crops (Choquette et al., 2019; Guarin et al., 2019). All these 
studies show that the variability between models is larg e. For
example, Asseng et al. (2015) showed that simulated yields of 
wheat can vary by over two tons per hectare between models.

The implicit assumption when estimating uncertainty 
from multimodel studies is that the models that participate 
are a random sample from some theoretical distribution 
of “plausible” models. But this is a simplification. In 
most cases, the collections are ensembles of opportunity. 
They are not specifically designed to cover the range of 
plausible models, but rather simply represent the modeling 
groups that volunteered to participate in the study. This 
may lead to an exaggerated estimate of variability if the 
ensemble includes models that are not adapted to the study
in question and so give unreasonable results. On the other
hand, several related models may participate in the study,
leading to an underestimation of variability. In consequence,
the estimates of model structure uncertainty based on
multimodel ensembles are themselves somewhat uncertain
due to the design of the intercomparison experiment.
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We have simplified the treatment of uncertainty by re-
garding model structure uncertainty as a single source of 
uncertainty, but one could go to a finer level of granularity 
and examine uncertainty related to specific processes in crop
models. For example, Alderman and Stanfill (2017) focus 
just on the uncertainty due to the fact that several different 
functions are possible for modeling temperature effect on
wheat phenology.

There are twomain pathways toward reducing uncertainty 
due to model structure. The first is to use as the simulated 
value not the value simulated by an individual model, but 
rather an ensemble value, often the mean or median of the 
values simulated by the models in an ensemble. It is well 
known in statistics that the variance of the mean of a sample 
is the variance of the population, divided by the sample size. 
In exactly the same way, the variance of the mean of multiple
simulated values is the variance in the population divided by
the size of the ensemble, assuming that the models in the
ensemble are a random sample of plausible models (Wallach
et al., 2018; Martre et al., 2015). The larger the ensemble 
size then, the smaller the model structure uncertainty when 
predicting with the mean of simulated values. The second 
path to reducing model uncertainty is through shared model
improvement. For example, Maiorano et al. (2017) found 
that improving the temperature response functions decreased 
the 10th–90th percentile range of simulated grain yields 
on average by 26% in an independent evaluation dataset
(Fig. 7.2). 

7.3.2 Model Parameter Uncertaint y

Crop models usually contain a large number of parameters. 
In general, most of these parameters are considered fixed, 
and only a relatively small number need to be estimated by 
calibration, that is, by fitting the model to a set of field data.
There are uncertainties in both categories of parameters, but
attention is usually focused on the uncertainty in calibrated
parameters.

Estimating uncertainty of estimated parameters is a major 
topic in statistics, and standard statistical approaches have 
been applied to crop models. Often the amount of data is 
insufficient to unequivocally determine the parameter values, 
leading to equifinality, meaning that various combinations of
parameter values give equally good fits to the data (Bevin &
Freer, 2008). However, even in the absence of exact equifi-
nality, calibrated parameter values are uncertain because only 
a finite amount of data are ever available for calibration. It 
is generally found that parameter uncertainty is substantially
smaller than structure uncertainty (e.g., Tao et al., 2018). 
In addition to parameter uncertainty due to limited data, 
simulated results can also depend on the calibration method. 
Parameter uncertainty is the result of uncertainties inmultiple 

parameters. It can also be of interest to look specifically at un-
certainty due to certain parameters or groups of parameters.

Parameter uncertainty can be reduced by increasing the 
amount and/or improving the quality of the calibration data. 
It can also be reduced by shared improvements in the calibra-
tion approach. The way forward is better data availability, in
particular through more effective data sharing, and through
guidelines for calibration specifically adapted to mechanistic
models like crop models.

7.3.3 Model Input Uncertaint y

7.3.3.1 Weather and Clima te
Models that project climate impacts on crop production are 
driven by a set of weather or climate information that captures 
the changing field environment under specified scenarios. 
Uncertainties related to the observation and projection of 
regional climate changes are well covered by other chapters 
in this volume, but here we concentrate on the elements of 
climate uncertainty represented within the selected weather 
or climate-forcing dataset. The gold standard for climate 
datasets used in crop modeling remains comprehensive, pre-
cise, and long-term meteorological observations from the 
field of interest. As high-quality observations are not avail-
able in the vast majority of agricultural impact assessments 
and future c onditions cannot be observed, uncertainties are
introduced when climate data are drawn from observational
products and future climate model simulations. These uncer-
tainties may result in biases critical for agricultural impacts
assessment, including those related to the mean climate, the
distribution of extremes (e.g., intensity, duration, frequency,
and timing), and relational aspects (e.g., associations be-
tween weather variables).

Historical climate data can be obtained from nearby sta-
tions, remote sensing products, retrospective analyses, or 
hybrid products that combine these into climatic forcing
datasets suited for agricultural model application. Ruane
et al., 2021 analyzed the implications of historical climate 
data uncertainty for an ensemble of global gridded crop 
models driven with 11 climatic forcing datasets, finding 
large uncertainties related to growing season temperature and 
(especially) precipitation biases in regionswith sparsemeteo-
rological station networks (particularly in tropical countries) 
and complex topography (where agricultural lands are likely 
not well represented by coarse datasets). Biases were also
larger for distributional aspects such as the number of heavy
precipitation days and extreme heat days.

Future climate forcing for crop models needs to be identi-
fied according to a specific emission scenario, climate model, 
downscaling technique (or lack thereof), and bias adjustment 
(or lack thereof); each of which introduces uncertainties as
discussed elsewhere in this volume and summarized here.
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Fig. 7.2 Simulated and measured days from sowing to anthesis (a, b), 
days from anthesis to maturity (c, d), leaf area index (LAI) (e, f), harvest 
index (HI) (g, h), grain number (i, j), single grain dry mass (k, l), final 
total aboveground biomass (M and N), final grain yield (o, p), versus 
mean growing season temperature for the calibration (a, c, e, g, i, k, 
m, o) and evaluation (b, d, f, h, j, l, n, p) datasets. Black dotted lines 

and dark grey areas are e-median (ensemble median) a nd the 10th–90th
percentile range of the 15 original (unimproved) models, respectively.
Solid red lines and light gray areas are e-median and the 10th–90th
percentile range of the 15 improved models, respectively. Symbols are
measured mean ± 1 s.d. for n = 3 independent replicates. (Source:
Maiorano et al., 2017) 

First, uncertainty in future scenarios reflects differences in 
radiative forcing associated with aerosol and greenhouse gas 
emissions represented by nonprobabilistic shared socioeco-
nomic pathways and representative concentration pathways 
(SSP-RCPs). These may take the form of an SSP-RCP com-
bination and time slice, such as the SSP370 mid-century 
(2040–2069) period, or a specific global warming level deter-
mined by global mean surface air temperature compared to 
pre-industrial c onditions (e.g., the +2.0 ◦C world). Second,

for a given scenario there are multiple general circulation
models (GCMs), which represent different possible predic-
tions of future climate for a given pathway (Eyring et al.,
2016). Agricultural applications may pay particular attention 
to uncertainties introduced by the range of models’ overall 
equilibrium climate sensitivities and their regional pattern 
of climatic changes. Additionally, the sequence of extreme
events could be highly dependent on internal climate vari-
ability that may be further understood using large ensembles
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of a single climate model. Third, the resolution of GCMs 
is typically hundreds of kilometers, requiring downscaling 
to capture climatic phenomena and local geographies im-
portant to agricultural applications. Finally, discrepancies
introduced by these climate simulations may still be further
reduced through bias adjustment to more decision-relevant
scales (Galmarini et al., 2019), although this can introduce 
methodological uncertainties and further uncertainties from 
the observational datasets that form the target of bias adjust-
ment.

Both future and historic agroclimatic impact analyses 
benefit from the use of ensemble approaches that are clear 
about sources of climatic uncertainty. In some cases, use of 
multiple models or methods may not reduce uncertainties 
as methods used to simulate, downscale, and bias-adjust 
climate information each has structural components that af-
fect the mean, distribution, and relational aspects of climate 
forcing information that can propagate into crop production
impact uncertainty. For example, a statistical bias-adjustment
method that adjusts precipitation intensity without adjusting
precipitation frequency can miss shifts in the frequency of
dry spells that are important to irrigation management.

7.3.3.2 CropManagement and Ge notype
In the future, cultivars adapted to changed conditions will 
likely be developed, and management will also probably be 
adapted to those cultivars and future conditions. Simulations 
for future climate often use current management, which may 
lead to unrealistically low simulated yields. However, pre-
dicting how cultivars andmanagement will change is difficult
and has large uncertainty (Rosenzweig et al., 2013). One 
approach to predicting future genotypes is via ideotyping 
where crop traits are defined in terms of model p arameters
to find trait combinations adapted to future climate (Asseng
et al., 2019). However, uncertainty arises because model 
parameters are not directly genetically determined, so mod-
ifying parameters does not accurately represent the range
of possible genotypes (Chenu et al., 2017). Furthermore, 
even accepting that parameter combinations represent possi-
ble genotypes, the possible ranges and correlations between
parameters are uncertain.

Adaptation via altered crop management is another op-
tion. However, in practice, crop management depends in 
complex ways on farmer situation and the socioeconomic 
environment influencing decision-making on a farm. One 
approach is to defi ne scenarios for future socioeconomic con-
ditions relevant to farming, called representative agricultural
pathways (RAPs) (Antle et al., 2017a). As with RCPs, these 
are possible scenarios rather than probabilistic forecasts. One 
approach is to search for crop management that maximizes 
yield under future conditions, but this is of course subject to 
uncertainties. There could also be disruptive changes, such as
vertical farming (Asseng et al., 2020), robotic management 

(Asseng & Asche, 2019), or massive genetic engineering af-
fecting future agriculture. One approach to better understand 
uncertainty due to crop management is to explore this with 
the current range of crop management practices, but this has 
not been done yet. More information on the effect of crop 
management on uncertainty is needed. Crop modelers also 
need cultiv ar parameters that represent the range of current
and possible future genotypes grown in the field. Better
understanding of genetics and new approaches in gene-based
crop models could be ways forward (Chenu et al., 2017). 

7.3.3.3 Initial C onditions
Simulations of cropping systems depend on initial soil water, 
N, and C pools. While “typical” initial values are often used 
and reset each year, a carryover effect, which ismore realistic, 
from year to year can result in very different simulated cli-
mate change impacts on cropping system outcomes (Basso et
al., 2018). Hence, there is uncertainty due to initial conditions 
and due to the practice of resetting initial conditions each 
year. To overcome the initial value setting uncertainty, crop 
models could be executed acrossmultiple years without reini-
tializing (Basso et al., 2018). However, this might require 
simulation of other crops in a crop rotation or a fallow period, 
each adding new uncertainties to the exercise. Simulations 
of these initial effects at large scale have been hindered by 
a lack of broad measurements of soil properties. However, 
improvements in soil moisture remote sensing provide new
observational perspectives on field water conditions through-
out the season (Mladenova et al., 2020). 

7.3.4 Multiple Sources of Uncertaint y

It is important to study uncertainties using multiple model 
structures, parameters, and inputs (Wallach & Thorburn,
2017). This can be done using super ensembles. For example, 
simulations could be performed using multiple crop models, 
with weather data generated by multiple GCMs (Liu et al.,
2019), or using multiple crop models, each with multiple 
parameter values generated from the distribution of p aram-
eter values for that model (Alderman & Stanfill, 2017), or 
usingmultiple cropmodels withmultiple GCMs andmultiple 
parameter values (Tao et al., 2018). The variability in simu-
lated values would represent uncertainty due to structure and 
weather uncertainty, or structure and parameter uncertainty, 
or structure, weather, and parameter uncertainty, respectively.
Wallach et al. (2016a, b) showed how to decompose the 
overall variance from such ensemble studies into separate 
contributions from each source of uncertainty. They showed 
that the combined uncertainty from structure and inputs is not 
simply a sum of uncertainties due to each of those sources
but rather the interaction between them. There have to date
been relatively few studies of multiple sources of uncertainty,
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so it is difficult to generalize about the results, but there 
is some indication t hat structure uncertainty is larger than
parameter uncertainty (Zhang et al., 2017). Note that multiple 
uncertainty studies are also of interest in other sectors such 
as water (Clark et al., 2016). 

7.3.5 Upscaling Uncertaint y

Crop models simulate a single homogeneous field, but often 
the interest is in reg ional or global production (Ruane et al.,
2017). Crop model application at a regional or global scale 
requires extrapolation methods, including aggre gation and
upscaling, each introducing additional uncertainty (Ewert et
al., 2015). One common way of obtaining regional yields is 
to divide the region into uniform grid cells, to simulate for a 
single point in each cell, and then to aggregate the results. 
The choice of resolution is a problem. Higher resolution 
(smaller grid cells) reduces the variability within the cell, 
and therefore the uncertainty due to choosing a single point, 
but requires input data from more locations, which may be 
difficult to obtain. An alternative is to simulate for a limited 
number of representative points in the region, chosen because 
the necessary input data are available for those points. The
problem with this upscaling approach is in how to weigh the
individual points to get the regional value. It has been found
that aggregation of grid cells and upscaling representative
points give similar results with a similar range of uncer-
tainties (Liu et al., 2016b;  Zhao  et al., 2017,  Fi  g. 7.3). In 
addition, there is also uncertainty in future land use and future 
irrigation for individual crops (Yu et al., 2019) and how, for 
instance, bioenergy and future land conservation m ight affect
cropland.

Improvement in both aggregation and upscaling would 
result from having more data. For aggregation, one requires 
more accurate model inputs, including soil characteristics,
initial soil conditions, and crop management, for each grid
cell (Ray et al., 2015). For upscaling, one requires detailed 
data for more representative points.

7.4 Prediction Uncertain ty

Given a simulated value, true crop response is uncertain 
because models are not perfect predictors. Prediction uncer-
tainty is evaluated by comparing simulated with observed 
v alues. A common summary value for prediction uncertainty
is mean squared error of prediction (MSEP).

Prediction uncertainty is clearly different from model 
uncertainty. For example, given simulations with multiple 
model structures, one can have close agreement between 
models (small model structure uncertainty), but all the mod-
els could be wrong (large prediction uncertainty). On the 

other hand, the two types of uncertainty are not totally discon-
nected. If there are large differences between models, then at
least some of the models must have large prediction errors.
Thus, large model uncertainty is necessarily associated with
large MSEP, when averaged across models (Wallach et al.,
2016b). 

Multimodel studies have indeed found that errors vary 
between models and can be quite large (Martre et al., 2015; 
Wallach et al., 2018). The variability between models might 
suggest that a way to limit prediction error is to choose the 
best predicting model. However, studies have shown that the 
ranking of models with respect to model e rror is not stable,
but depends on the specific output of interest and on the
environment simulated (Martre et al., 2015; Wallach et al.,
2018). 

It has been observed empirically that the mean or median 
of simulated values from an ensemble of models tend to have 
smaller errors than many or even all of the individual models
in the ensemble (Asseng et al., 2013). The reason is that at 
least some of the model errors cancel out when averaging 
over models. In fact, it can be proven that the MSEP of an 
ensemble mean must be as small or smaller than the average
MSEP of the individual models (Wallach et al., 2018). That 
is, prediction uncertainty is reduced by averaging over an 
ensemble of crop models compared to the average prediction 
uncertainty of the models in the ensemble. This has led, in 
practice, to the use of the ensemble median (often found to be
slightly better than the mean) to draw conclusions about the
effect of climate change on crop production (Liu et al., 2019). 
The path to further reduction in prediction error is through 
model improvement, that is, a more accurate description of 
the way weather, soil, and management impact crop growth
and development.

7.5 The Road Ahead to Reduce and Better 
Characterize Uncertain ty

Akey requirement for reducing uncertainty in climate change 
impact assessment is to better characterize climate change at 
the local level, which is in the domain of climate models. 
Another major uncertainty concerns the adaptation of crop 
cultivars and cropping systems to climate change. Cultivar 
characteristics and crop management are drivers of crop 
models, but crop models are also a major tool for projecting 
their evolution. Further studies on the use of crop mod-
els here are necessary. Crop models are generally designed
for projections of a single homogeneous field, while im-
pact studies are more concerned with regional and global
scales. Upscaling crop models is a major source of un-
certainty (Ewert et al., 2015), which could be reduced by 
improving global databases for the inputs required by crop
models.
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Fig. 7.3 Impacts of 1 ◦C global temperature increase on global 
wheat yield estimated by different assessment methods. The grid-based 
(0.5◦ × 0.5◦ grid cells) method is an ensemble median from seven 
global gridded crop models, averaged over 30 years and aggregated 
over all simulated grid cells. The point-based method is an ensemble 
median from 30 models, averaged over 30 years and aggregated over 
30 global locations. Regression_A is based on a country-level statistical 

regression. Regression_B is based on a global-level statistical regres-
sion. The error bars for the four different methods indicate the 95%
confidence intervals based on multimodel ensembles in the simula-
tions and bootstrap resampling in the statistical regressions. The mean
of the method_ensemble is shown with error bars indicating the
95% confidence intervals based on medians of individual methods.
(Source:Liu et al.,2016a, 2016b) 

Increasing the data for crop calibration and testing would 
be a major way to better characterize and then reduce un-
certainty. To some extent, this is a problem of making ex-
isting data more readily available to all modeling groups,
which would require a new paradigm for data collection and
sharing (Antle et al., 2017b). Additional measurements of 
initial soil conditions and in-season crop and soil dynamics 
are necessary to understand crop systems dynamics, bet-
ter characterize the uncertainty in crop model simulations, 
and reduce this uncertainty through model improvement. Of 
particular interest is experimentation that mimics climate 
change, including increased CO2 with respect to ambient,
increased temperature with periods of extreme temperatures,
and interactions of CO2 and temperature with crop cultivar,
crop nutrition, water availability, pests and diseases, and
other factors.

Predictors based on multimodel ensembles can reduce 
structure and prediction uncertainty, and shared improve-
ment can further reduce prediction uncertainty. Collaboration 
between modeling groups is therefore essential. Improved 
modeling techniques, including better use of data and inter-
operable model components, in next-generation crop models
(Antle et al., 2017b) will help make collaboration more 
efficient. Cross-fertilization between disciplines is also im-
portant, for instance, crop modeling has much to learn from
work on multimodel ensembles in climatology (Wallach et
al., 2016a). 

Uncertainty of climate change impacts on crop production 
is a vast field, and our vision of uncertainty is based on 
numerous individual studies, which are necessarily limited 
by the range of situations studied. To facilitate the gener-
alization of this research, it is important to develop stan-
dardized procedures for evaluating and reporting uncertainty. 
Uncertainty in uncertainty estimates, though a second-order 
effect, a lso requires more attention. While it will not be
possible to eliminate uncertainty, reducing uncertainty and
providing improved estimates of uncertainty are possible and
will enable more informed responses to the challenge of
climate change.
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8Uncertainty in Ecological Models 

Dan L. Warren , Lukas Baumbach , Jamie M. Kass , and Alke Voskamp 

8.1 Introduct ion

Unlike other effects of anthropogenic climate change that 
can potentially be ameliorated over long time scales, bio-
diversity loss is generally an irreversible process. Species 
driven to extinction stay extinct and communities altered 
by climate change may not recover even if anthropogenic 
disturbances are eliminated. Stakeholders require estimates 
of how localized climatic changes could impact species and
communities so that appropriate steps can be taken to prevent
losses (e.g., via changes to conservation threat assessments or
land management).

There are many methods for making these estimates at 
scales ranging from individual species to entire biomes. Here, 
we focus on one of the most widely used approaches for es-
timating the effects of climate change on individual species: 
species distributionmodels (SDMs), sometimes referred t o as
ecological niche or habitat suitability models. These models
correlate the presence of a species with a set of environmental
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variables to estimate the species’ environmental tolerances.
For a typical workflow, see Fig. 8.1. 

The utility of SDMs is clear for decision-making, but they 
are subject to many sources of uncertainty and require careful 
implementation and interpretation. Time-sensitive decisions 
may depend on models calibrated with data that are only in-
directly related to the phenomenon we are trying to estimate, 
and which cannot be fully validated. This is problematic
when a misinformed decision may have severe financial
and opportunity costs. Understanding uncertainties in these
models and communicating them effectively is of paramount
importance.

This chapter provides an overview of SDM uncertainties 
and how they interact (summarized in Fig. 8.2), as well as 
how best to address the issues these uncertainties create. 
As thousands of SDM manuscripts are published each year, 
we are only able to present a broad overview of issues that 
are each backed by their own deep literature. Uncertainties 
for SDMs are similar to those for other macroecological 
models, so our discussion should clarify specific issues while 
offering generalizable insights. Our review will follow a typ-
ical SDM workflow: from t he collection of occurrence data
and selection of environmental variables to model training
and evaluation, leading to the generation of potential range
maps and forecasting. SDMs are used in both aquatic and
terrestrial environments, but for brevity we will concentrate
on terrestrial examples in this review.

8.2 Presence Da ta

Superficially, occurrence data for SDMs are unambiguous: 
one (species detected in a location) or zero (species not 
detected). However, those data are products of multiple in-
teracting processes, many of which we would prefer to avoid
affecting our predictions. For any given data point, there may
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Fig. 8.1 Workflow of a typical SDM analysis. Modeling efforts 
typically begin with collection and curation of occurrence data 
(top left). Modelers then select a set of predictor variables (top 
right) that are thought to be important in limiting the species’ 
distribution, either based on previous biological knowledge or predictive 
performance of preliminary models. For most modern methods, it is 
then necessary to select a study area from which to select background 

points to train the model (middle left). Once data for each predictor 
have been extracted from the occurrence and background points,
modelers construct models to either generalize the environmental
distribution of the species (climate envelope methods) or to distin-
guish environmental conditions at occurrence points from those at
background/pseudoabsence points (correlative methods). In this figure
(middle right), results of two models are shown for a single predictor.
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Fig. 8.2 Sources of uncertainty in SDM analyses. Proceeding 
clockwise from “Occurrence Data”, boxes follow a simplified workflow 
of a typical SDM forecasting study. Sources of uncertainty that are 
intrinsic to each step of the modeling process are given in adjacent text. 
In addition to these, there are also many ways in which uncertainty 
at one step of the modeling process may propagate to other stages, 
shown here as dashed arrows. Arrows are directional and should be 
interpreted as “uncertainty at step A generates additional uncertainty 
at step B”. As a result of the iterative nature of many SDM studies, 
these uncertainties can propagate in both directions. We give brief 
descriptions of some of the ways this may happen, but given the 
interconnected nature of these steps, this list should not be considered 
exhaustive. 1. Uncertainty in occurrence data generates uncertainty in 

background sampling by affecting the delineation of the study area 
from which background points are sampled. 2. As occurrence data 
are integral to a posteriori predictor selection, changes to them may
affect predictors selected for modeling. 3. Occurrence data are crucial
components of model construction, so uncertainties in occurrence
data will propagate to model parameter estimates. 4. Models are
typically evaluated and selected based on subsets of the occurrence
data, so that uncertainty in occurrence data may result in uncertainty
in model selection. 5. Model evaluation often focuses on how well
models distinguish presence data from background data, so changes
in the background data may affect model selection. In addition, many
discrimination metrics are known to be heavily influenced by the size
of the background region. 6. Background data are used to represent the

be profound uncertainties about which processes are dri ving
that observation.

A species’ spatial distribution will generally be affected 
by its environmental niche, but the pattern also reflects ge-
ographic barriers, biogeographic history, human land use,

�
Fig. 8.1 (continued) Green (simple dashed) and red (compound 
dashed) lines show the prevalence of different values of the environmen-
tal variable at presence and background points, respectively, while solid 
blue lines indicate the predicted response of the species to that variable 

from each candidate model. Once models are constructed and one or 
moremodels have been selected, a forecast can bemade by interpolating
or extrapolating from thatmodel onto a set of predicted future conditions
for the environmental variables used to build the model (bottom)

species interactions, and stochastic events. Even within this 
realized distribution, the interpretation of a given occurrence 
point may be complex. An observation of a species at a lo-
cality may be an individual within its home range, or perhaps
an individual traveling between resources, midway through a
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seasonal migration, or present due to human-assisted translo-
cation. In most cases, making decisions regarding which 
observations to include in a model is challenging because 
information about the c ircumstances of occurrence is rarely
recorded and also because issues with detectability can lead
to inconsistent measurements (Everall et al., 2017; Guillera-
Arroita, 2017). 

It is tempting to conclude from the issues above that 
species’ current environmental distributions will always be 
a subset of the set of suitable environments, but this is 
not necessarily true. Many species disperse broadly, for ex-
ample, via wind or oceanic currents, and propagules often
end up in “sink habitat”: areas to which species disperse,
but which cannot support stable populations (Dias, 1996). 
If occurrences from sink habitats are used, models erro-
neously conclude that this habitat is suitable a nd overesti-
mate the set of suitable environments (Pulliam, 2000). How-
ever, marginal populations sometimes adapt to s ink habitats
(Kawecki, 2008), and SDMs have been used to identify the 
selective pressures t hat affect them (Morente-López et al.,
2022). 

Such conceptual uncertainties are inherent to occurrence 
data and are largely dealt with during data curation, if at 
all. This typically involves eliminating outliers or otherwise
suspicious points, or points that do not represent permanent
habitat according to expert opinion.

There are also many issues that stem from how data are 
collected and recorded. Spatial sampling bias is widespread

�
Fig. 8.2 (continued) set of environments available to the species, 
and as such have a large effect on the parameterization of correlative 
models. 7. Choice of study area may determine which predictors are 
available for model construction. 8. Choice of resolution for predictor 
data may affect the number of unique background points that can be 
sampled for model construction. 9. Predictor choice may affect which 
occurrence data are used for model construction, as some variables 
may not have complete geographic coverage. Additionally, the reso-
lution of the raster data affects the number of unique combinations 
of environments that are available at occurrence points, the level of 
uncertainty in those values due to downscaling, and similar to (8), 
the number of occurrence points retained for model construction. 10. 
Choice of predictors for model construction determines which future 
scenarios may be used for forecasting. 11. Models are fit using the 
values of the predictor variables that have been extracted using the 
occurrence and (optionally) background data. Uncertainty in which 
predictors are instrumental to limiting the species’ distribution therefore 
may have profound impacts on model structure. 12. Predictors are often 
selected by building one or more candidate models and evaluating their 
performance with different predictor sets. Uncertainty in optimal model 
structure may therefore propagate to uncertainty in the selection of 
ideal predictors. 13. Different algorithms sometimes require different 
amounts of background/pseudoabsence data, and in some cases different 
sampling methods for background/pseudoabsence data. 14. Similar to 
(12), data points are sometimes curated a posteriori based on model 
performance (e.g., removal of outliers, allowable levels of spatial or 
taxonomic uncertainty). Uncertainty in optimal model structure may 
therefore affect a posteriori data curation. 15. The choice of which 

modeling approaches to employ limits the candidate set of models 
that may eventually be used in forecasting, and as such uncertainty 
in selecting appropriate algorithms affects uncertainty in the eventual 
forecast. 16. Evaluation of models and model selection requires one or 
more candidate models. The results of model selection are by definition 
limited by the quality of models in the candidate set. Additionally, some 
metrics (e.g., information criteria) are only applicable to certain types of
models, so that choice of algorithm(s) may limit the set of criteria avail-
able for model evaluation. 17. Decisions about which evaluation metrics
to calculate and how to weight them when selecting models will often
determine which algorithms and settings go into the model(s) used to
generate the final forecast. Uncertainty in which evaluation procedures
perform best for a given task therefore propagates to decisions about
model structure. 18. Decisions about optimal study area and background
sampling strategies (e.g., accounting for sampling bias) are sometimes
made a posteriori by looking at the performance of models under some
set of evaluation metrics or by inspecting spatial predictions or marginal
predictor responses of models. Uncertainty in the choice of optimal
evaluation metrics may therefore generate uncertainty in optimal choice
of background area or sampling. 19. The final step of forecasting is
to make predictions from the selected model(s) onto a future scenario
for the environmental variables used in model construction. The choice
of which models to use is based on how each model performs under
the chosen evaluation metric(s), and as such uncertainty in the choice
of metrics results in uncertainty in the forecast. 20. Choice of future
time period and geographic region may limit which predictor variables
are available, so that biologically plausible variables may potentially be
unavailable for model construction

in occurrence data due to the logistical challenges of ac-
cessing remote areas and variations in sampling intensity 
and protocols between regions. Sampling bias is usually ac-
counted for by spatial thinning (removing occurrence points
in close proximity to others) or by incorporating the bias
explicitly into the modeling process (Phillips et al., 2009; 
Renner et al., 2015). The latter can be achieved by adding 
a bias estimate (or related predictors) to the model directly 
or by sampling background/pseudoabsence data (discussed 
below) with a frequency proportional to the estimated local
sampling intensity for the occurrence data.

Taxonomic misidentification is also a problem (Ander-
son, 2012; Ensing et al., 2013). For instance, species may 
be genetically distinct but morphologically indistinguishable
(i.e., cryptic species, Fig. 8.3), unknown subspecies or vari-
ants may be confused for the same species (e.g., Cavers et
al., 2013), or several species synonyms may exist. This is 
particularly true for the tropics, where the sheer number o f
similar species often makes precise identification difficult
(Huettmann, 2015). 

Positional accuracy may also be an issue. Modern occur-
rence data are usually collected using GPS with a spatial 
resolution much finer than the environmental data used in 
modeling. However, older records may only contain site 
descriptions (e.g., “found near reservoir south of Maysville,
Oklahoma”) and are often geocoded with some estimate
of spatial uncertainty, which should be considered when
choosing data for analysis.
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Fig. 8.3 Cryptic species are complexes of two or more species that 
are morphologically indistinguishable. In this example, two species of 
Pheidole ants have minor workers that cannot be distinguished based 

on any morphological measurements, but major workers of the two
species are completely distinct. (Photos courtesy of Alexandre Casadei-
Ferreira)
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One approach for dealing with uncertainty in presence 
data is to use Monte Carlo methods. These techniques resam-
ple the original set of occurrences either with replacement 
(“bootstrap”) or without (“jackknife”), then build models 
from the resampled d ata. By repeating this procedure mul-
tiple times, users can estimate variance in estimated habitat
suitability and responses to environmental gradients (Efron
& Tibshirani, 1994). 

An issue that has recently gained attention is taxonomic 
scale. SDMs are typically built for a single species but 
occurrences can, in theory, represent any taxonomic unit. 
Niches or distributions can be modeled for higher taxonomic
units (genera or families) in cases where the niche is evolu-
tionarily conserved (Smith et al., 2019), as species within this 
group would have similar environmental preferences. Con-
versely, in some cases genetically distinct populations within 
a species may have differential r esponses to climate change
and should be considered separately in SDMs (Pearman et al.,
2010; Zhang et al., 2021). Frameworks have been developed 
that can jointly model co-occurrence patterns for multiple
species (Warton et al., 2015). These models can separate 
shared environmental preferences from co-occurrence pat-
terns, and can additionally include the effects of phylogeny, 
traits, or other community data. Due to the relative n ovelty
of this approach, there are no widely accepted methods for
estimating uncertainty due to the choice of taxonomic scale.

8.3 Environmental V ariables

Often it is not known a priori which environmental variables 
shape the species’ niche or distribution, and thus the selection 
of variables can be a source of uncertainty. Multicollinearity 
is common among environmental predictors, which in some 
cases may involve multiple variables derived from the same 
source data (e.g., minimum, maximum, and mean tempera-
ture). If variables have high multicollinearity, interpretation
of variable importance or estimated responses can be highly
misleading andmodel transfer can become problematic (Dor-
mann et al., 2013). 

When fitting SDMs, researchers often initially consider 
multiple predictor variables and take one of two approaches 
to reduce the number of predictors: (1) for traditional regres-
sion or classification models, build candidate models and use 
model selection to d ecide which predictors to keep in the final
model; or (2) for models that use regularization to penalize
complexity (Phillips et al., 2006), build a single model with 
all variables and have t he algorithm decide which variables
to retain.

Manual predictor selection based on statistical or biolog-
ical criteria can be implemented before (a priori) or after (a 
posteriori) modeling. The statistical a priori approach uses 
correlation matrices or variance inflation factors (VIF) to ex-

clude variables that surpass a user-defined multicollinearity 
threshold. The biological a priori approach retains variables 
based on existing research or other biological justification. 
In contrast, a posteriori approaches focus on repeating anal-
yses with a reduced predictor variable set after examining a
starting model. The statistical a posteriori approach makes
such decisions using model performance metrics, whereas
the biological approach uses expert opinion ofmodel outputs.

All methods for reducing the set of predictors generate sig-
nificant uncertainty when multicollinearity is present. Model 
predictions in the present day may not change much if highly 
correlated variables are exchanged, but such correlations 
change over space and time. As a result, the most serious con-
sequences of predictor selection cannot be evaluated based on 
currently available data. For this reason, predictor selection 
is often explored with ensemble models, and the resulting
model variance used to determine where predictions are most
sensitive to these choices.

Selecting a resolution for predictor variables requires con-
sideration of both the data and the intended application. Fine-
scale raster datasets can be attractive under the belief that 
increased resolution will lead to better model accuracy. Ho w-
ever, these datasets are typically interpolated from weather
station data (Fick & Hijmans, 2017) or downscaled from 
predictions of global circulation m odels (GCMs; Karger et
al., 2017). Because of uncertainties inherent in the down-
scaling process, fine-scale estimates for present climate can 
vary widely between datasets, and those for future climate 
even more so when comparing different GCMs. Therefore, 
although coarser resolutions may provide less information, 
fine-scale data may contribute additional uncertainty. The 
scale at which stakeholders make decisions can also inform
selection of variable resolution. This can be conducive to the
application of model products but may not always be the
appropriate scale for the data.

8.4 Absence, Pseudoabsence, 
and Background Da ta

While many correlative SDM techniques require absence 
data to compare with presence data, absences are rarely 
collected in practice. Absence data have the same conceptual 
issues as presence data, but in addition, demonstrating that an 
organism is consistently absent from an area is significantly 
more time-consuming and uncertain than recording its pres-
ence. As a result, themost widely used SDMmethods attempt 
to distinguish species occurrences from “background” points 
(representing available environments) or “pseudoabsence”
points (approximating true absences). These points (here-
after, background points) are sampled either randomly or in
proportion to some estimate of species dispersal or spatial
sampling bias.
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The study area defines the geographic region for model 
training over which environmental values for background 
points are sampled. Ideally, the study area should include all 
occurrence records a nd regions the species has likely been
able to reach over long time scales (Barve et al., 2011), but 
exclude regions that the species is unlikely to have reached. 
If inaccessible regions are included, the y might contain little
useful information for the model (Anderson & Raza, 2010; 
Barbet-Massin et al., 2012) or, at worst, could cause models 
to parameterize spurious correlations between environmental 
conditions in those areas and the lack of occurrences of the 
species. These concerns apply only to the training region; 
predictions to regions outside the study area are not problem-
atic if they are interpreted as estimates of the species potential
distribution (Townsend Peterson et al., 2011). 

Data-driven approaches to choosing study areas use 
buffers or hulls around occurrence data. Alternatively, expert-
drawn range maps can be used to delineate study areas. 
Polygonal data such as administrative or o ther boundaries
without biological meaning should generally not be used to
define areas for model training.

Both the number of background points and their proximity 
to occurrence data can impact model parametrization. The 
default of 10,000 background points in the Maxent software 
(a popular implementation of maximum entropy SDMs) has 
become a standard for SDM studies, but this was origi-
nally suggested to avoid computational limitations nearly
two decades ago (Phillips et al., 2006)—larger or smaller 
background samples may be more appropriate depending on 
study area and resolution. If background points do not ade-
quately sample the available en vironment, modeled response
curves may become truncated, resulting in unrealistic model
predictions (Guevara et al., 2018). 

Approaches to reducing uncertainty introduced by back-
ground selection include weighting background points based 
on the distance to occurrences and using replicate runs based
on randomly sampled sets of background points (Barbet-
Massin et al., 2012). Given the large number of background 
points typically chosen for modeling, variance due to back-
ground sampling is typically low compared to the uncertainty 
introduced by the choice of the study area. In both cases, the 
effects o f uncertainty can be explored by building multiple
models with varying study areas and/or repeated random
sampling of background points.

8.5 ModelingM ethods

SDMs that do not use true absence data are often discussed 
in two broad classes based on the treatment of the presence 
data: climate envelope models (presence-only models) and 
presence/background models. Climate envelope models are
simple statistical generalizations of occurrence point distri-

butions in environmental space and require only data on
species occurrences (Nix & Busby, 1986; Blonder et al.,
2014; Carpenter et al., 1993; Brewer et al., 2016). Thesemod-
els can be based on confidence intervals (e.g., the range of 
each variable encompassing 95% of the occurrence data) or 
a distance metric quantifying the difference between a set of 
environmental conditions and the distribution of occurrences. 
Climate envelope methods will not extrapolate substantially
into climate conditions beyond the current environmental
distribution of the species.

Correlative presence/background methods range from 
more traditional models (e.g., generalized linear models) to 
machine learning methods (e.g., random forest, maximum
entropy, deep neural networks) (Phillips et al., 2006; Liaw 
&  Wiener, 2002; Lek & Guégan, 1999). While these 
methods are capable of extrapolating to new environmental 
conditions, and hence can ideally predict the effects of 
climate change, extrapolation accuracy relies on good model 
performance under conditions that are not available formodel 
training or validation. Extrapolating to conditions outside 
those used for model training is not generally seen as good
statistical practice because of the high associated uncertainty,
but as noted above SDMs are often used in this way because
no other option is available.

Managing the extent to which models extrapolate requires 
users to make decisions regarding model complexity, which 
requires consideration of h ow the model will be interpreted
and applied (Merow et al., 2014; Warren & Seifert, 2011). 
Compared to simpler models, complex models are generally 
more affected by processes unrelated to the species’ niche. 
Model complexity is therefore often desirable when the goal 
is to estimate the species’ current distribution, but results 
can be misleading for projections to new conditions that 
may have dif ferent correlations between those processes and
the environment. Simple models, conversely, may generally
be more interpretable and transferable but may make less
accurate estimates of species’ realized distributions.

Since predictions of species distributions may show sig-
nificant biases depending on the modeling algorithm used, 
model e nsembling has become a popular approach to de-
tect algorithm-independent patterns (Beaumont et al., 2016). 
Model ensembles have also been used to explore uncertainty 
in multiple aspects of SDM analyses, and algorithm choice 
seems to be associated with particularly high variance (Buis-
son et al., 2010; Diniz-Filho et al., 2009; Watling et al.,
2015; Dormann et al., 2008; Thuiller et al., 2019). Ensem-
ble predictions can be more accurate than individual model 
predictions, but there is still some disagreement about their 
utility for SDMs. Ensembling methods are usually applied to 
model predictions rather than to the models themselves. As
a result, if the underlying ecological relationships have been
misidentified, or if differences between models are primarily
driven by methodological biases instead of statistical noise,
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ensembling may not be helpful. In some cases, ensembles 
including poor models may dilute or overrule the predictions 
of good models. Therefore, construction and selection for 
ensembled models should be just as rigorous as for single
models (Valavi et al., 2021). 

Ensembles also add their own sources of uncertainty. 
First, ensembling requires criteria by which to weigh models; 
even uniform weighting makes assumptions about models’ 
relative merits. Second, model predictions may differ in 
nature between algorithms (e.g., probability/suitability val-
ues, different presence/absence thresholds, etc.) and thus 
may not be directly comparable. Often this is addressed 
simply by normalizing model predictions. In recent years,
however, more sophisticated recalibration techniques have
been developed, and many approaches are now available
(Schwarz &Heider, 2018). However, these may also increase 
overparameterization and homogenize differences between
models (Kindt, 2018). 

8.6 Model Evalua tion

Model performance is important when deciding how much 
confidence to place in predictions, but evaluating model fit 
on training data can lead to overparameterization and poor 
extrapolation. Cross-validation, an iterative procedure that 
avoids the need for “independent” datasets for evaluation
by building and evaluating models on different subsets of
a dataset (Hastie et al., 2001), is often used to evaluate 
SDMs. Spatial or temporal cross-validation is particularly 
effective at judging how well models transfer to new times
or places (Roberts et al., 2017). However, even evaluations 
onwithheld data can favormodels that capture environmental 
correlates of nontarget processes (e.g., spatial sampling bias). 
This is particularly truewhen there are consistent correlations 
between nontarget processes a nd one or more environmental
predictors (Veloz, 2009). 

In practice, model selection in SDM is dominated by the 
use of discrimination metrics, such as the area under the 
receive r-operating characteristic curve (AUC) and omission
rates (Fielding & Bell, 1997). As commission errors can 
represent valid predictions outside of sampled areas, they are 
usually considered a less severe p roblem than omission errors
(Townsend Peterson et al., 2011). Other evaluation metrics 
have been applied to SDMs (Allouche et al., 2006), but as 
different discrimination metrics are often highly correlated, 
metric choice can be relativ ely arbitrary for model selection
(Warren et al., 2019). Other studies have used multiple dis-
crimination metrics to describe different aspects of model
performance (Radosavljevic & Anderson, 2014). 

In contrast, calibration metrics evaluate how well the 
observed frequency of species’ presence in a set of conditions 
matches the predicted frequency. However, they require that 

the prevalence of occurrences in the evaluation data match 
the true species’ prevalence. In most cases, this is unknown,
but modified calibration metrics can accommodate this issue
[e.g., scaled calibration plots (Phillips & Elith, 2010; Hirzel 
et al., 2006); continuous Boyce index (Phillips & Elith, 2010; 
Hirzel et al., 2006)]. These metrics are not widely used in 
SDM studies, but they are frequently more relev ant to the
intended model application than binary prediction.

As cross-validation does not explicitly penalize models 
for being too complex, an alternative method is to use infor-
mation criteria such as Akaike information criterion (AIC), 
widely used in statistics to manage the tradeoff between 
model fit andmodel complexity. ApplyingAIC to regression-
based SDM algorithms is straightforward, but its applicabil-
ity to more widely used machine learning SDM algorithms is 
less clear. For example, while simulation studies have shown 
that AIC performs well for Maxent models, there are both 
philosophical reasons (e.g., information criteria are typically
applied when the focus is on parameterization, not predic-
tion) and practical reasons (e.g., the disconnect between the
number of parameters and the effective degrees of freedom
of models built with the L1 lasso) to be cautious about this
approach (Warren & Seifert, 2011). 

Model performance evaluated via discrimination, calibra-
tion, and model complexity metrics may be decoupled and, 
in some cases, even negatively correlated, so metric choice 
should be given careful consideration. Many R packages 
for SDMs generate multiple performance metrics that can 
lead to the selection of different models for downstream 
analyses—such exercises can help the modeler quantify eval-
uation uncertainty. Finally, when evaluating models, it is
also important to examine spatial predictions and marginal
response curves (relationships between individual variables
and the model response) for ecological realism (Guevara et
al., 2018). 

8.7 For ecasting

Once one or more models have been selected to estimate the 
species’ niche, projecting the effects of climate change is 
superficially simple; the niche estimate is projected onto a 
future climate scenario within the region of interest. How-
ever, this requires users to select climate scenario(s) rep-
resenting expected changes in the study region, as well as 
the geographic extent for the projection. Ideally users would 
make a single optimal choice for each of these aspects of the 
forecast, informed by existing data or the relative realism of
different climate models and knowledge of which geographic
regions are relevant to stakeholders. However, in many cases
investigators simply bracket their uncertainty with respect to
these parameters by projecting niche estimates to a range of
climate scenarios over a broad region.
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Forecasting future habitat suitability often involves ex-
trapolating to environmental conditions that were not avail-
able in the time period and geographic region for model 
training (“non-analog conditions”). This poses many poten-
tial problems, but this is also typically done when few if 
any forecasting alternatives are available. Non-analog con-
ditions are more prevalent when models are projected to 
more extreme climate scenarios and broader g eographic areas
or more distant times; thus, choice of climate scenario and
region may profoundly affect model predictions and their
associated uncertainties. Environmental similarity metrics
can help identify areas where extrapolation is most extreme
(Owens et al., 2013). 

Uncertainty in the choice of climate models and emissions 
scenarios is often explored by projecting a preferred model or 
set of models across a range of future scenarios. In contrast 
to the use of ensembles to explore uncertainty in model 
development, this range of projections is typically explored 
separately rather than averaged; here, the goal is to i nvestigate
the effects of different scenarios rather than to average out the
differences between them.

Forecasting also assumes that the relationship of habitat 
suitability to the environmental predictors remains consistent 
over time and space. This in turn assumes that genetic drift 
and natural selection are not substantially altering species’ 
tolerances over relevant time scales, but also that phenomena 
unrelated to the niche that may affect species’ relationships to 
the environment remain unchanged. These assumptions may 
be particularly problematic with respect to species interac-
tions, for example, if the i nteracting species is not tracking
the environment consistently. This generates a great deal of
uncertainty if future change results in a high prevalence of
non-analog communities, which may involve the gain and
loss of multiple interactions (Blois et al., 2013). 

Similarly, many species distributions may be affected by 
factors that are not typically included in SDMs (e.g., crops, 
roads). Even for good niche estimates, there may be signifi-
cant forecasting errors if some habitat patches are otherwise 
environmentally suitable but rendered unsuitable b y land
use or other anthropogenic effects. While some studies have
explored the interacting effects of climate change and land
use (Newbold, 2018; Hof et al., 2018), these are still not 
frequently considered in SDM studies.

Finally, predicting expected future species distributions 
requires knowledge of (or assumptions about) the dispersal 
potential of the species. This varies even between closely 
related species, and reliable estimates are often not avail-
able. Many forecasting studies address this by predicting 
distributions under a variety of dispersal scenarios, most 
often simply using a “no dispersal” scenario (i.e., species 
cannot disperse to any grid cell that is not currently suitable) 
and a “full dispersal” scenario (i.e., species can disperse 
to any grid cell predicted to be suitable). If intermediate 

scenarios are provided, they typically use simple buffers 
around species’ current ranges either of an arbitrarily chosen 
distance, or based on range extent or species’ biological 
attributes. While simplistic, these approaches allow us to
estimate the prediction uncertainty arising from our lack
of detailed knowledge about species dispersal. Even when
detailed estimates are available, including them in forecasts
can be challenging; this requires us to apply a dispersal
estimate over a landscape where some habitat is unsuitable,
and where suitability of habitat changes over time. As with
different climate scenarios, different dispersal scenarios are
typically considered separately, rather than averaged to make
an ensemble prediction.

8.8 Decision-Maki ng

For SDMs, uncertainty is unavoidable given the data and 
modeling issues discussed in this chapter, and different a p-
proaches can result in greatly contrasting maps for decision-
making (Loiselle et al., 2003). Communicating this construc-
tively to stakeholders presents several challenges. Scientists 
value estimates of uncertainty as they provide information 
about the reliability of model predictions. In c ontrast, stake-
holders often desire direct answers to management questions
rather than lists of possibilities. Villero et al. (2017) call for 
open communication between researchers and conservation 
practitioners to help align management goals with research 
directions, as well as making products for spatial decision-
making to promote information exchange. Distilling SDM 
uncertainties into a portfolio of maps showing several po-
tential scenarios can help create actionable information for 
stakeholders. Such scenarios could represent the most ex-
treme predictions made under d ifferent modeling approaches
to help set bounds for future expectations. Another strategy
is to reduce the complexity surrounding parameters of uncer-
tainty to a simple categorical scale that facilitates decision-
making. For example, Sofaer et al. (2019) developed a rubric 
for managers consisting of “interpret with caution,” “accept-
able,” and “ideal,” and used these to rate SDM inputs and
methods.

8.9 Closing Remarks

All the sources of uncertainty outlined above deserve consid-
eration, but it is more productive to consider these in terms of 
their relative impacts. Many studies have constructed models 
using a variety of approaches at each step (e.g., choice of
study area, predictor variables, algorithm) accompanied by
post hoc analyses partitioning the variance in spatial predic-
tions (Diniz-Filho et al., 2009; Watling et al., 2015)  or  the  
discrimination accuracy (Dormann et al., 2008;Watling et al.,
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2015) among the different sources of uncertainty. The most 
consistent picture emerging from these studies is that model-
ing algorithm choice is the p rimary source of uncertainty—
usually by a fairly substantial margin—with GCM (Watling
et al., 2015) and data quality (Dormann et al., 2008)  also  
having notable, albeit s ubstantially smaller, effects.

Species distributionmodels built from presence/background 
data are popular because they are relatively straightforward to 
implement and use data that are widely available. However, 
these models have considerable uncertainty associated with 
every stage of the analysis, as this chapter highlights. 
Methodological uncertainty is present in every empirical 
research study, but how best to communicate, or even 
leverage, uncertainty for decision-making depends on the
particular management goals being addressed. That said,
most uncertainty analyses still only cover a few steps in the
modeling process. Recent trends toward formal standards
for SDM analyses (Araújo et al., 2019) and new tools for 
organizing and generating SDM metadata (Merow et al.,
2019;  Zurell  et al., 2020) should aid in both reducing and 
helping communicate methodological uncertainty.

In the case of SDMs, maps of habitat suitability are 
the product most needed to aid decision-making, and such 
maps should communicate to practitioners the uncertainties 
that may affect conservation outcomes. Species distribution 
modeling will unarguably continue to be a fundamental in-
strument in our ecological toolbox for the foreseeable future, 
and thus it is essential t hat we develop better ways to ac-
curately measure, communicate, and harness uncertainty in
thesemodels. Effectively using this information hasmanifold
potential benefits for guiding future management and conser-
vation practice.
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9Uncertainty in Hydrologic andWater Resources 
Modelling 

Robert L. Wilby and Geoff Dar ch

9.1 Introduct ion

Uncertainty is the ‘new normal’ (Deloitte, 2017). Prescient 
words indeed, yet the authors could hardly have imagined 
the unprecedented global consequences of the 2020 pan-
demic. Climate scientists are accustomed to thinking about 
‘bad stuff’—such as more frequent and/or severe weather 
extremes and gradual disruptions to Earth system processes, 
perhaps leading eventually to ‘tipping’ points. But Covid-19 
raised difficult questions around foresight and preparedness
for extraordinary shocks. Pandemic flu, emerging infectious
diseases and climate-related impacts all featured as signifi-
cant risks in the UK Government’s National Risk Register.1 

But it is unclear whether indirect consequences are fully con-
sidered, that combinations of hazards are evaluated or that the 
risk assessment leads to adequate preparation. Fundamental
questions remain unanswered: what, where, when and how
bad?

This chapter has, by comparison, set the rather modest 
goal of explaining how managers can develop more secure 
water infrastructure and resource plans, despite deep un-
certainty about future climate, water supplies and demand. 
Nonetheless, given that the United Nations Sustainable De-
velopment Goals for 2030 are intrinsically water-related, cli-
mate threats to the water sector have significant ramifications
for humanwelfare and the environment over coming decades.
The interaction of water and Covid-19 has illustrated this,

1https://www.gov.uk/government/publications/national-risk-register-
2020 
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with water being the primary medium for cleaning. For UK 
water resources managers, the ‘lockdown’ in response to 
Covid-19 caused significant changes to patterns of w ater use
in space and time, whilst a concurrent hot dry spring led to
record levels of demand in some areas.

We already know a lot about the relative importance 
and characteristics of hydrologic uncertainty arising from 
different socioeconomic pathways, associated greenhouse 
gas e missions, climate system feedbacks, regional climate
change and water sector impacts (Clark et al., 2016). We 
recognise that the data used to calibrate our hydrological 
models are imperfect and can be hard to obtain in some
regions (Wilby et al., 2017). Furthermore, we know that 
hydrological model structures and parameters are uncertain
and non-stationary (Broderick et al. 2016; Wilby , 2005); 
fundamental water balance terms like evapotranspiration are 
sensitive to carbon dioxide concentrations, y et this is seldom
reflected in model experiments (Prudhomme et al., 2014); 
changing land-surface properties and hydrological conditions 
can affect future floods and d roughts too (Hutchins et al.,
2018; Fowler et al., 2022). Unsurprisingly, indices of hydro-
logic change are sensitive to all these components and can 
accrue large uncertainty in their estimates (Ekström et al.,
2018). 

Faced with such a daunting list of uncertainties, it is not 
surprising that there a re diverse reactions (Curry & Web-
ster, 2011). ‘Wait and see’ or ‘hiding’ from the issue may 
be tempting but rarely permissible—especially in situations 
where action is mandatory. For instance, UK water compa-
nies are required by law to revisit strategic water plans ev ery
5 years and, where necessary, make investments to improve
their asset and network resilience to climate hazards.2 A 

2https://webarchive.nationalarchives.gov.uk/ukgwa/20170602144659/ 
http://www.ofwat.gov.uk/regulated-companies/resilience-2/climate-
change/ 
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‘wait and see’ approach is also inadvisable for two reasons. 
First, water resources management has a significant focus on 
drought riskmanagement and in situations, where drought re-
silience standards are high3 , the chance of severe restrictions 
(e.g. cuts to supplies or standpipes) are very low. Therefore, 
it is difficult to determine the severity of such an event until 
it is too late, and this is likely to be exacerbated by climate 
change; a water resources manager will not know in advance 
how much more severe climate change will make the next 
drought event! Second, with the exception of some demand
management measures, it is generally impossible to ‘build
your way out’ of drought events due to the time taken to
develop new supplies (especially more complicated options
such as desalination or reuse).

‘Reducing uncertainty’ is an appealing idea, but expe-
rience tells us that this is unlikely. After decades of re-
search, we can better c haracterise uncertainty, but there are
few cases where ambiguity has actually been reduced (e.g.
Rowell, 2019). ‘Taking no chances’ with the uncertainty may 
manage the risk of regrettable outcomes, but there could be 
large opportunity costs. A precautionary approach is justifi-
able, where the risks to people and/or the environment from 
climate-related hazards are too great to countenance, such
as large safety margins in engineering designs to avoid dam
collapse or damage to critical infrastructure (e.g. Wilby et al.,
2011). ‘Adaptivelymanaging’ uncertainty is about enhancing 
flexibility and options to allow timely responses to emerging 
climate threats and opportunities. The Thames Estuary 2100 
Project is widely cited as a classic example of this approach
(see: Ranger et al., 2013). But this strategy is based on a sin-
gle, slowly evolving variable (sea level); assumes longevity 
of monitoring; and requires g overnance systems to oversee
phased adaptations that could span decades.

Given the above context, this chapter focuses on two key 
challenges for water resource management: climate-adjusted 
infrastructure (projects) and climate resilient water systems 
(plans). Other pressing needs around filling data sparse 
places, predicting peak water, understanding the physical 
driv ers of mega floods and droughts, evaluating hyper-
resolution hydrological models or managing compound
hazards have been addressed elsewhere (Wilby, 2019). 
By concentrating on ‘projects and plans’, the tone is 
solution-orientated; accepting uncertainty as a given, there 
is still much that can be done in practice to adapt water 
resource systems to climate change. The chapter begins 
with a synopsis of modelling frameworks for evaluating
hydrological change. This is followed by a critique of
techniques for incorporating allowances for climate change

3In England and Wales, water companies are moving towards a one in 
200-year drought resilience standard in the short-term, and a one in 500-
year drought resilience standard by 2039; this standardmeans that severe 
restrictions (rota cuts and standpipes) would only be required in events
more extreme than the respective return period.

in detailed engineering designs. Next, water system resilience 
to credible ‘storylines’ of change and climate extremes are 
considered. Finally, we discuss outstanding knowledge gaps 
and research opportunities for improving water security
despite uncertainty about climate change.

9.2 Hydrologic andWater Resource 
Modelling Frame works

There is already much literature on hydrological modelling 
and decision-making under uncertainty (see: Wilby, 2016; 
Wilby&Murphy , 2018; Slater et al., 2021; Chan et al., 2022a; 
plus references therein). It is helpful to start with a reprise 
of modelling frameworks because they reflect the overall 
rationale for uncertainty analysis as well as the practicalities
involved. Smith et al. (2018) assert that there are three ana-
lytical approaches to uncertainty—conveniently labelled A,
B and C (Fig. 9.1). 

‘A’ is for ‘Analyse’. This is the conventional approach, 
sometimes called a ‘top down’ assessment. The modelling 
team strives to capture all dimensions of uncertainty in their 
analysis, such as emissions scenario, climate model ensem-
ble, regional climate downscaling techniques, hydrological 
model structures and parameters. Uncertainty tends to cas-
cade as outputs from one part of the modelling c hain are
handed to the next. Early studies explored relatively few
dimensions and it was recognised that the sampling captured
only a fraction of the true uncertainty domain. For exam-
ple, Wilby and Harris (2006) investigated the uncertainty in 
future low flows in the River Thames using two emissions 
scenarios, four climate models, one statistical downscaling 
technique, two hydrological model structures and two hy-
drological model parameter sets (i.e. just[!] 32 dimensions 
of uncertainty in total). Even so, there was a wide range 
of projected uncertainty in low flows, which expanded over
time: from −20% to +70% (by the 2020s), then −40% to
+60% (by the 2050s) and −50% to +80% (by the 2080s)
(Fig. 9.2). 

Subsequent studies implemented more elaborate mod-
elling of the same river b asin. For instance, Borgomeo et al.
(2016) applied an ensemble of 10,000 climate model projec-
tions to a water resource system model with an algorithm 
to identify an optimal set of water resource management 
plans across a 25-year planning horizon. The results showed 
adaptation costs spanning an order of magnitude depending 
on attitude to risk. O thers have similarly performed super-
ensemble/hyper-matrix experiments that show simulated hy-
drological impacts are sensitive to sources of uncertainty
analysed and models used (New et al., 2007; Manning et 
al., 2009). More recently, UNSEEN (UNprecedented Sim-
ulated Extremes using Ensembles) methods apply very large 
ensembles of retrospective forecasts to evaluate the chance
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Fig. 9.1 An illustration of the “Analyse”, “Bound” and “Crystallise” approaches to tackling the cascade of uncertainty in environmental impacts
of climate change. Source: Smith et al. (2018) 

Fig. 9.2 Example cumulative distribution functions (CDFs) for 
changes (%) in low flows (95th percentile of daily flows) in the River 
Thames by the 2020s, 2050s and 2080s reflecting emissions, climate
model, empirical downscaling, hydrological model and parameter
uncertainty. Source: Wilby et al. (2006) 

of exceeding extreme weather records even under current 
climate variability (e.g. Thompson et al., 2017;  Kelder  e  t al.,
2022). 

Returning to F ig. 9.1, ‘B’ is for ‘Bound’ the uncertainty 
(others might refer to the category as ‘bottom up’). This 
framework involves setting ‘credible’ upper and lower limits 
to the values used in a modelling chain, such that the full 
range of system uncertainty is explored. The main advantage 
is that the computational burden and resources required are 
considerably reduced compared with the analyse-all strategy, 

although it can be significant if wide uncertainty bounds
are initially used. Bounded sensitivity testing of hydrologic
systems has been undertaken in a range of contexts and is an
essential feature of decision-scaling (Brown et al., 2012)  and  
scenario-neutral (Prudhomme et al., 2010) methods. These 
create response surfaces showing changes in meaningful 
impact metrics (e.g. water in storage, flood areas, annual 
costs) linked to prescribed changes in climate drivers (e.g.
precipitation variability) within the specified bounds (e.g.
Poff et al., 2016). 

The Bound framework is particularly useful for discerning 
trade-offs, critical vulnerabilities and thresholds in system 
behaviour, with and without adaptations; it can also be used 
to guide the f urther application of scenarios or ‘storylines’.
For example, Broderick et al. (2019) demonstrated that a 
20% allowance for changes in future flood magnitude in 
Ireland could afford protection against 48% to 98% of the 
uncertainty in the CMIP5 ensemble range. However, defin-
ing credible maxima and minima for sensitivity testing is 
not always straightforward. Some recommend perturbation
ranges beyond even those of climate model projections to
identify system limits/breaking points (e.g. Culley et al.,
2016); others have developed stochastic weather generators 
with vulnerability assessments in mind (e.g. Kilsby et al.,
2007; Steinschneider et al., 2019; Wilby et al., 2014). This 
chapter will return to some of these tools later.

Finally, framework ‘C’ is for ‘Crystallise’. Now the em-
phasis is on distilling considerable amounts of climate model
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information into a much smaller set of scenarios or ‘sto-
rylines’ whilst capturing most of the variability within the
ensemble and related climate model experiments (Shepherd
et al., 2018;  Chan  et al., 2022b). This not only reduces the 
amount of work that needs to be done but is also a very 
powerful c ommunication device, applied most notably in
the 2014 climate scenarios for the Netherlands.4 Moreover, 
contrasting, yet plausible futures can be co-developed with 
stakeholders, then used to test water system resilience. For
instance, Yates et al. (2015) investigated various storylines 
of future warming and drying in Colorado with associated 
narratives of forest dieback (due to fire and/or beetle attack) 
andmore dust on snow events (shifting the timing and volume 
of snowpack melt). Hydrological model parameters were 
adjusted accordingly to represent attendant changes in land-
surface properties, thereby creating water resource scenarios 
that were internally consistent with the prescribed regional 
climate and land surface changes. Storyline approaches also 
make space to imagine the barely unthinkable (so-called
black, grey, and now green swan events). The H++ scenario
is a good example of a credible high-end scenario that is
now firmly embedded in UK climate risk assessment and
sensitivity testing (Ranger et al., 2013). 

Although it has been convenient to categorise uncertainty 
frameworks as A, B or C, in practice, the water sector is not 
afraid to adopt a mixed methods approach—to draw on the 
strengths of all. The next two sections show how hydrologists 
have been applying climate m odel information in practice
to ensure that assets and long-term plans continue to deliver
intended benefits regardless of the climate outlook.

9.3 Allowances for Climate Change

Most water infrastructure is long-lived. Hence, there are 
growing risks of failure or lower levels of service if assets 
are not designed with climate variability and change in mind. 
Unfortunately, there is limited guidance on how allowances 
for climate change should be derived and then incorporated 
within detailed engineering designs. The UK Government
has developed advice with regional allowances for design
variables such as peak river flows, intense rainfall and sea
level5 ; the US Army Corps of Engineers created an online
Sea-Level Change Curve Calculator6 to help with vertical 
construction infrastructure and flood proofing in the coastal 
zone. Other rare examples include the Netherlands Ministry
of Infrastructure and Environment Guideline for Stress Test-

4http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_ 
2015.pdf 
5https://www.gov.uk/guidance/flood-and-coastal-risk-projects-
schemes-and-strategies-climate-change-allowances 
6https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html 

Table 9.1 Climate change adjustment factors (%) for annual 1-day 
maximum rainfall (Rx1day) in Viet Nam. These values were based on 
CMIP5, under RCP8.5. Return-period estimates are from the Gumbel 
distribution. All c hanges are relative to 1986–2005, for the 97.5th
percentile of the credible ensemble, rounded up to the nearest 5%.
Source: ADB (2020) 

Return period (years)
Future period 2 5 10 20 25 
2016–2035 15 20 25 25 25 
2036–2055 35 25 30 30 35 
2056–2075 50 45 45 45 45 
2076–2095 80 75 75 70 70 

ing the Climate Resilience of Urban Areas,7 the International 
Hydropower Association’s Hydropower Sector Climate Re-
silience Guide,8 and the Asian Development Bank’s Manual 
on Climate Change A djustments for Detailed Engineering
Design of Roads.9 

No doubt such guidance is in short supply because the 
processes involved in creating it are technically demanding 
and protracted. Any recommendations have to be aligned 
with national standards and procedures. Allowances must 
also be provided for typical design variables, but these quan-
tities are not always directly available o r archived by cli-
mate modelling centres. Physically meaningful performance
metrics are then needed to select climate models that are
most skilful at representing (sub-daily) extremes (e.g. Cortés-
Hernández et al. 2016). Next, climate model information 
has to be processed and presented in forms that are familiar 
to practitioners. H ence, ‘look up tables’ of allowances are
preferred (e.g. Table 9.1). This involves making decisions 
about what models to include or exclude, what extreme value 
distribution to fit, what baseline period to use as the refer-
ence point, and what emissions scenarios and future periods 
are relevant. How climate information features in decision-
making is important too. This depends on how precautionary 
the end-use will need to be, or whether, and how other 
uncertainties are included. Above all, working assumptions
and methodological details should be transparent, with gov-
ernance structures in place for periodic review and updating
of allowances as their scientific basis evolves.

Figure 9.3 shows what was involved in the creation of 
climate change adjustments for Viet Nam (Table 9.1). ADB 
(2018) developed a preliminary set of adjustment factors for 
each province using a single regional climatemodel driven by 
three G lobal Climate Models (GCMs) under RCP8.5. ADB
(2020) followed the same procedure but used an ensemble 
of 16 GCMs from CMIP5, also for RCP8.5, but without any

7https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-
for-stress-testing-the-climate-resilience-of-urban-areas/11258895 
8https://www.hydropower.org/publications/hydropower-sector-
climate-resilience-guide 
9https://doi.org/10.22617/TIM200147-2 

http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
http://www.climatescenarios.nl/images/Brochure_KNMI14_EN_2015.pdf
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://www.gov.uk/guidance/flood-and-coastal-risk-projects-schemes-and-strategies-climate-change-allowances
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://cwbi-app.sec.usace.army.mil/rccslc/slcc_calc.html
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://climate-adapt.eea.europa.eu/metadata/guidances/guideline-for-stress-testing-the-climate-resilience-of-urban-areas/11258895
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
https://www.hydropower.org/publications/hydropower-sector-climate-resilience-guide
http://doi.org/10.22617/TIM200147-2


9 Uncertainty in Hydrologic and Water Resources Modelling 97

Fig. 9.3 Procedure for incorporating climate change allowances in detailed engineering design (DED). Key: BIIG = Basic Infrastructure for 
Inclusive Growth (projects), TCVN = national standards of Viet Nam. Source: ADB (2018) 

downscaling. Given the low confidence in regional projec-
tions, average adjustment factors were derived for the whole 
of Vietnam rather than at the provincial level. The choice 
of climate variables (of specified durations and return peri-
ods) was mandated by Vietnam national standards for roads 
(TCVN 4054:2005) and bridges ( TCVN 9845:2013). These
require a design flood level of 1 in 100 years for expressways
and 1 in 25 years for category 3, 4 or 5 rural roads (Fig.
9.3). The 1-day annual maximum rainfall total (Rx1day) is 
a critical element in their hydrologic formulae, including for 
design water discharge, flood level a nd discharge velocity, so
this variable was given special attention.

Allowances like those shown in Table 9.1 are implemented 
in four steps. First, the required design standard is determined 
by the type of structure. For example, this might be Rx1day 
with 25-year return period for a culvert draining a rural 
road with expected service life of 20 years. Second, a base-
line value for Rx1day, with same return period, is obtained
from historic records for the site (or nearest representative
meteorological station). This might be Rx1day = 320 mm.
Third, the appropriate allowance is taken from Table 9.1.  For  
Rx1day with 25-year return period and project life extending 
into 2036–2055, the allowance is+35%. Finally, the uplifted 
design value of Rx1day is 432 mm (i.e. 320 mm plus 35%). 
This quantity is used in subsequent calculations of ri ver dis-
charge, water levels and velocities to establish the dimension
of the culvert. Headroom is built into Table 9.1 by using the 
97.5th percentiles of the credible ensemble range, rounded
up to the nearest 5%.

Although climate change allowances depend on location 
and application, some aspects are transferrable. Four guiding 
principles sat behind the development of ADB (2020:xii). 
These were that adjustment factors should (1) draw on strong 
scientific evidence yet be pragmatic, proportionate in terms 
of the effort involved, and reflective of key uncertainties; (2) 
adopt national engineering design standards and procedures 

(exemplified above for Vietnam); (3) requiremodest amounts 
of data (in this case for creating scenarios of changes in 
extreme rainfall, regional sea level rise and high-end wa-
ter levels); and (4) apply fully transparent calculations for
common design parameters, such as channel discharge, flow
depth and velocity, mean sea level, storm surge and wave
height and coastal erosion.

Similar workflows have been followed by other national 
agencies and professional bodies (e.g. Dale et al., 2018). 
These tend to be pragmatic, but there remains a wider need 
for revamping upstream decision rules a nd evaluation prin-
ciples for project justification (Stakhiv, 2011). In particular, 
conventional approaches to discounting can present obstacles 
when the costs for higher standards of design (i.e. adapta-
tion) are borne up front, whereas the benefits from these 
adjustments to the project may not be realised for decades
to come. Indeed, there is a danger that major investments are
continuously postponed, leading to increasing risk.

One possible approach to managing this would be to 
develop adaptive designs for the infrastructure itself (or mak-
ing the infrastructure system adaptable). Some assets are 
sufficiently short-lived that they will be replaced in time (e.g. 
access road resurfacing), but others (e.g. major pipelines, 
dams, fixed parts of treatment works) are expected to be 
operational in the late twenty-first century and beyond. As 
discussed above—where safety is concerned—a precaution-
ary approach can be justified, but in other cases, costs may 
be prohibitive. Ho wever, it is possible to consider how assets
might be extended in the future or whether they could be
designed to be quickly adapted. For instance, additional
mechanical equipment could be brought in during a drought.
Use of real options analysis or least worse regret analysis can
help end-users balance opportunity cost with regret too.

The following section steps back from the detail of indi-
vidual projects to consider how plans for entire water supply
systems can be tested and bolstered against climate threats.
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9.4 Climate Resilient Water Supply 
S ystems

Worldwide, water suppliers face acute and chronic threats 
from climate variability and change. Short-duration, hydro-
climatic extremes can disrupt operations or even threaten 
the safety of critical assets, such as the near collapse of 
the e mergency spillway at Oroville Dam in 2017 follow-
ing record-breaking winter rainfall (Vano et al., 2019). At 
the other extreme, the 2012–2014 California drought may 
have been the most severe i n the last 1200 years (Griffin
& Anchukaitis, 2014). In addition, long-term changes in 
the climatic-drivers of water supply and demand present 
systemic risks to the industry. These may be countered by 
a raft of measures, including investments in new infrastruc-
ture, water reuse, source protection, improved efficiency and 
behaviour change, regional water transfer and reallocation of 
water between uses. However, planners need future climate 
scenarios to test the robustness of existing water systems to 
both acute and chronic climate risks; scenarios are also used 
to explore the efficacy of adaptation measures and trade-offs 
between options. T hese scenarios are typically created from
ensembles of regional climate simulations (‘Analyse’ frame-
work), via weather generators (‘Bound’ framework), but less
so for storylines (‘Crystallise’ framework). Following some
contextual matter, the use of these frameworks is illustrated
below with reference to the UK water sector.

The UK water regulator (Ofwat) has a ‘resilience duty’10 

under the 2014 Water Act. Resilience has been defined by 
the UK Government as ‘the ability of assets, networks and 
systems to anticipate, absorb, adapt to and/or rapidly re-
cover from a disruptive event’. Improved resilience may be 
delivered by (1) avoiding dependence on single assets (i.e. 
by increasing redundancy), (2) enhancing the capacity of 
systems to withstand disruptions such as floods (i.e. by in-
creasing r esistance), (3) adopting design standards to ensure
the system functions irrespective of risks (i.e. by increasing
reliability) and (4) testing procedures to ensure quick return
of disrupted services (i.e. by increasing rates of recovery).
The National Infrastructure Commission (2018) placed par-
ticular emphasis on delivering resilience to water shortages 
as a consequence of climate change and population growth
whilst protecting the environment.11 In their Water Resource 
Management Plan 2019, water companies set out measures 
over the period 2025 to 2050 for achieving resilience to 
‘worst historic’, ‘severe’ and ‘extreme’ droughts (with re-
spectively 1%, 0.5% and 0.2% annual probability). At that 
time, the cost of proactive long-term resilience improvements
was estimated to be £18–21 billion, compared with costs of
relying on emergency measures for severe droughts of £25–

10https://www.ofwat.gov.uk/regulated-companies/resilience-2/ 
11https://nic.org.uk/app/uploads/NIC-Preparing-for-a-Drier-Future-
26-April-2018.pdf 

40 billion (Fig. 9.4). Hence, the costs of achieving resilience 
to the combined uncertainty in the assessed population a nd
climate scenarios by 2050 were in the range of £3–15 billion.

The above requirements presented significant technical 
challenges, not least because there are very few river-flow 
records longer than 50 years and, for rainfall, more than 
150 years anywhere. How then did the Commission andwater 
companies generate information about a 500-year drought 
that is credible for the present a nd climate by 2050? The
Commission calculated future water balances using two cli-
mate change scenarios taken from the Future Flows Hy-
drology archive12 : central, medium emissions, average water 
balance scenario, and dry, medium emissions with less water 
in South East England. These were based on an ensemble of 
11 variants of the Hadley C entre Regional Climate Model
HadRM3-PPE under SRES A1B emissions, for 282 river
sites and 24 boreholes (Prudhomme et al., 2013). Bias-
correction was applied to the HadRM3-PPE precipitation 
and temperature series, which were then re-gridded to 1 km 
resolution and input to three hydrological models. Hence,
the resilience projections were developed using a Type A
framework (see Sect. 9.2) with partial representation o f un-
certainties.

All water companies in England and Wales are required 
to publish a water resources management plan every 5 years 
that looks forward at least 25 years. These plans include 
key information to support financing for water resources, 
demand management and leakage services. Anglian Water 
provides water supply and sewage services to more than 
six million customers in the East of E ngland. The company
covers the largest geographical area with some of the driest
locations and regions of most rapid population growth in the
UK. Hence, this company faces some of the most pressing
climate-supply-demand challenges in the country.

Anglian Water’s £6.5 billion investment plan for 2020 
to 2025 was submitted to the economic regulator Ofwat 
in September 2018; of this, approximately £300 M was 
for a daptation of the water resources system to climate
change impacts. The Water Resource Management Plan
2019 (WRMP19) supply forecast13 incorporated analysis of 
historical and stochastically generated droughts, including 
for an ‘extreme’ event with approximately 1 in 500-year 
return period (judged to have a 5% chance of occurring 
during the 25-year planning period). Synthetic droughts were
based on output from a spatially coherent weather generator
(Serinaldi & Kilsby, 2012, as updated by Met Office, 2016) 
followed by stringent selection of a subset of severe events 
with different rainfall deficits, durations and geographic 
properties. Short-listed 200-year return period droughts and
one 500-year drought were analysed using the Aquator water

12https://www.ceh.ac.uk/services/future-flows-maps-and-datasets 
13https://www.anglianwater.co.uk/siteassets/household/about-us/ 
supply-forecast.pdf 
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Fig. 9.4 Costs (£ billion) of providing proactive, long-term resilience 
versus relying on emergency response for droughts beyond current 

resilience levels. Costs are expected present values to 2050 and include
maintaining current levels of resilience. Source: National Infrastructure
Commission (2018) 

resource zone (WRZ) model to assess the impacts on w ater
yield and deployable output.

Future climate change impacts were evaluated using the 
UK Climate Projections 2009 (UKCP09) following guid-
ance issued to water companies by the Environment Agency. 
All 33 of the available HadRM3-PPE projections were run 
through rainfall-runoff and recharge models to evaluate im-
pacts on surface water and groundwater recharge. Then, a 
representative subset of scenarios were fed into groundwater 
yield models and the Aquator model t o simulate deployable
output. Finally, the ensemble median (in terms of surface
water and groundwater yields) under the medium emissions
was used to calculate the reduction in deployable output
to reveal the most vulnerable WRZs (Fig. 9.5). This cen-
tral scenario shaped the ‘Preferred Plan’ in the WRMP19, 
alongside ‘representative’ high and low scenarios to capture 
uncertainty, which were included in ‘headroom’, a planning 
margin between supply and demand. These investigations 
revealed a potential 57.7 Ml/d reduction in deployable output 
by 2045—the basis for then assessing investment options. In
summary, Anglian Water implemented a mix of the ‘Bound’
and ‘Crystallise’ frameworks in their WRMP19.

9.5 Discussion and Concluding R emarks

The previous examples show that considerable effort is 
required to translate climate model output into decision-
relevant information for project justification and resilience 

testing. Time and resource constraints mean that exhaustive 
assessment of uncertainties (i.e. the ‘Analyse’ framework) 
is seldom feasible in the commercial world. Evident in 
all water-sector literature surveyed, there is an appetite 
to embrace uncertainty through judicious selection of 
representativ e or ‘marker’ scenarios. Perhaps there is scope
within the research community to support this readiness
through development of guiding principles to ‘Bound’
assessments in objective and consistent ways, both in
relation to climate change projections and hydrological
model uncertainty.

As has been shown, weather generators (and more 
recently their dynamical modelling equivalent—UNSEEN 
techniques) are already widely used for climate risk 
assessment and options appraisal. Rather than a confounding 
factor, it appears that uncertainty analysis is contributing 
to more rigorous and systematic appraisal of water supply 
systems and plans. By stochastically generating extreme 
events (such as a 500-year drought) then identifying water 
system vulnerabilities, it is possible to focus resources 
on improv ing resilience to almost unimaginable events.
However, confidence in the credibility of these stress
tests depends on thorough validation of weather generator
skill at reproducing physically plausible extremes (high-
intensity sub-daily rainfalls through to multi-season or even
multi-year droughts) (Kilsby et al., 2007; Steinschneider 
et al., 2019). Sensitivity testing should also look beyond 
perturbations to primary variables such as seasonal rainfall
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Fig. 9.5 Water resource zones (WRZs) affected by climate change by 2045. Source: Anglian Water Ltd. (2019) Water Resources Manage ment
Plan 2019

and mean temperature to more elaborate adjustments 
covering variability, intermittency, extremes, seasonality 
and/or inter-annual persistence (Culley et al., 2019: 121). 

There are other opportunities. So far, storyline applica-
tions appear to be under-represented. Yet, they offer a way 
of rationalising very large numbers of scenarios whilst pro-
viding a richer , more coherent and internally consistent set
of drivers for exploring system vulnerabilities and adaptation

outcomes (Shepherd et al., 2018). Storylines also enable 
contemplation of rare but high-risk compound events—such 
as an H++ sea l evel rise combined with storm surge (Wilby
et al., 2011) or deadly heat following a powerful cyclone 
(Matthews et al., 2019). As seen with Covid-19, previously 
unanticipated combinations of circumstances and impacts 
have proved significant. Greater attention to scenario genera-
tion and uncertainty analysis is needed to support adaptation
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efforts in data-scarce regions too. Even where ground-based 
hydroclimatic information is sparse, it is possible to blend 
this with remotely sensed data to parameterise weather gen-
erators and create atlases of climate hazards (e.g. Wilby &
Yu, 2013). 

In conclusion, this chapter focused on a narrow set of 
issues drawn from the very broad topic of uncertainty in 
hydrologic and water resource modelling. Emphasis was 
placed on how uncertainty frameworks have facilitated the 
application of climate science within the water sector by 
creating workflows for new design standards and testing the 
resilience of water supply systems. Unfortunately, there was 
not space to cover other important topics like uncertainties 
in global drought and flood hotspots, in the integrated as-
sessment of the climate-water-energy-food nexus or in the
outlook for global ‘water towers’ and transboundary water
flows or for water-related health hazards or climate impacts
on freshwater ecosystems.

However, recent experience of the water sector demon-
strates that water managers and planners are learning to 
live with uncertainty, using climate change allowances, ro-
bust decision-making, stress testing of systems and options 
appraisal, adaptive management and decision-scaling tech-
niques. Nonetheless, more can still be done to strengthen the 
enabling environment for practitioners, not least, by provid-
ing easier access to climate model products and developing 
guidance for embedding climate adjustments in asset design, 
operating rules and water resource plans. Researchers and
practitioners can also work together on emerging and poten-
tial impacts beyond those conventionallymodelled, including
abrupt shifts in hydrological behaviour under climate change,
water quality impacts and future environmental flow require-
ments. These all offer exciting frontiers for future research
and development.
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10Dimensions of Uncertainty in Mitigating 
Fl ooding

Sarah M ichaels

10.1 Introduct ion

Climate change exacerbates threats with which we are fa-
miliar, such as flooding, requiring us to rethink strategies, 
in which we have developed confidence if not complacency. 
At the same time, climate change is one among a number of 
important sources of uncertainty as we grapple with making 
decisions about what will be the relationship between people 
and the environment on which we depend. For example,
significant uncertainty surrounds assessing many factors de-
termining flood hazard and flood risk, such as agricultural
land expansion, wetland reclamation and deforestation, and
projections for them (Kundzewicz et al., 2019). 

Defining uncertainty as “any departure from the unachiev-
able ideal of complete determinism” (Italics in the original) 
(Walker et al., 2003) captures the extent and prevalence of 
what we don’t know and suggests uncertainty can range from 
deviating a little to a lot from c omplete determinism. In this
definition, uncertainty includes risk defined as uncertainty
quantified using probabilities (Knight, 1921). The above def-
inition of uncertainty, however, is not sufficient to delineate 
the different forms uncertainty takes in impinging on decision 
making. This is what we need to know if we are to consider
uncertainty constructively in policymaking.

In the complex, multifaceted, interlinked world of poli-
cymaking, those engaged in the process from information 
providers to decision-makers are rarely confronting a shared, 
single uncertainty in their different deliberations. Conse-
quently, what is needed is a means of understanding the
different dimensions of each uncertainty that create the un-
certainty space in which policy relevant choices are made.

S. Michaels ( �)
Department of Political Science and Nebraska Public Policy Center, 
Univ ersity of Nebraska-Lincoln, Lincoln, NE, USA
e-mail: sarah.michaels@fulbrightmail.org 

While dimensions of uncertainty are applicable regardless 
of policy sector, policymakers and those who advise them 
confront uncertainty in making specific policy choices about 
specific concerns for which they have authority and juris-
diction. In this chapter, we look at flooding, a worldwide 
devastating phenomenon, specifically flooding in the admin-
istratively and culturally valuable vicinity of the National 
Mall, in the capital of the United States, Washington, DC. 
To do so, we consider three drivers of the potential to be
harmed: hazard, exposure, and vulnerability. The uncertainty
associated with each can be understood by considering (1)
Where is the uncertainty situated? (2) Howmuch uncertainty
is there? (3) What is the nature of the uncertainty (Walker et
al., 2003)? The conclusion highlights the value of considering 
the combined dimensions of salient uncertainties.

10.2 Why Look at Fl ooding?

Worldwide, flooding is the most prevalent natural d isaster
(Bailey et al., 2021). A disaster is a situation which exceeds 
a community’s independent ability to rebound fully and in 
a timely manner. Twenty-nine percent of the world’s popu-
lation, 2.2 billion people, live where some inundation will 
occur in a one-in-100-year flood event. Nineteen percent
of the world population, 1.47 billion people live in high-
risk flood zones, exposed to depths of inundation exceeding
0.5 feet (0.15 m) (Rentschler & Salhab, 2020). Flooding can 
be disastrous in its own r ight and exacerbate other tragedies
(Munich, 2020). Faster than other natural hazards, the num-
ber of flood disasters reported has trended upward. Compared 
to the 1980–1989 decade, the total number of f lood disasters
in the 2010–2019 decade increased by 181% (Bailey et al.,
2021). 

There is high confidence in the Intergovernmental Panel 
on Climate Change (IPCC) Sixth Assessment 2021 Report 
that extreme weather events can be attributed to climate
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change and are aggravating the prospect of floods and
droughts (Douville et al., 2021). It is anticipated that extreme 
precipitation events will intensify with every degree increase 
in global warming. For every degree of warming, it is 
anticipated that there will be an additional one or two extreme 
precipitation events of the extent that, on average, now
occur twice per decade (Myhre et al., 2019). The increasing 
frequency and intensity of flood disasters resulting frommore 
extreme precipitation than occurred in the past is detrimental 
to ecosystems, societies, and the economy (Tabari, 2020). 

Between 1980 and 2019, flood losses worldwide 
amounted to 40% of all loss-related natural catastrophes a nd
more than US $1 trillion, only 12% of which was insured
(Munich, 2020). The deficient investment in flood insurance 
and underinvestment in flood protection is a function of 
collectively discounting flood risk even though flooding is
pervasive and damaging (Bailey et al., 2021). Yet, compared 
to other natural hazards, flooding is the one for which 
precautionary measures are most effective and for which
ameliorative actions have the greatest potential (Dieperink et
al., 2016). In this context, it is valuable to understand what 
dri ves the potential to be harmed.

10.3 Hazard, Exposure, and Vulnerability 
as Drivers of the Potential to be
Harmed

Hazard, exposure, and vulnerability constitute three essential 
elements of the expected value of a loss. They drive the 
prospect to be harmed. A hazard constitutes the potential 
occurrence of a physical event that may adversely impact
exposed and vulnerable elements (Cardona et al., 2012). 
Flood hazard refers to the probability of a flood occurring 
in a given area with a defined recurrence interval with a
particular severity (Santos et al., 2020). Exposure refers to 
what is in the area in which a hazardous event may happen. 
It is what is subject to loss should a hazardous event happen
(Cardona et al., 2012). People, properties, and infrastructure 
situated in areas potentially impacted by flooding are flood
exposed (Santos et al., 2020). Vulnerability refers to how 
prone exposed elements—whether it is people, how they 
make their living, or their a ssets—are to being adversely
impacted by a hazardous event (Cardona et al., 2012,  p.  
69; Santos et al., 2020). Vulnerability is a function of not 
having the capacity to ameliorate exposure to a hazardous
event or set of circumstances (Cardona et al., 2012). It is 
determined by the societal capacity to address an extreme
event (Koks et al., 2015). While vulnerability is situation 
specific, it can be exacerbated by underlying conditions. For 
people, these conditions can involve p overty, isolation, lack
of information, and maladaptive practices (Cardona et al.,
2012). Flood vulnerability is the propensity to be adversely 

impacted by the occurrence of flooding, such as through the 
loss of housing or livelihood or f acing flood-related health
concerns, such as exposure to mold, waterborne diseases, and
mental health issues.

While exposure is a prerequisite to being vulnerable, it 
is possible to be exposed without being vulnerable. This 
can happen, for example, if people have sufficient means to 
mitigate potential harm if exposed to a h azard, such as when
living in a floodplain, households can afford to modify the
building structure of their homes to withstand a flood event
(Cardona et al., 2012). 

While disaster is usually triggered by a hazard event, ex-
posure and vulnerability are critical, driving factors (Cardona
et al., 2012). Flood risk management is often focused on 
reducing exposure a nd vulnerability to flood-related threats
(Koks et al., 2015). Increasing exposure and vulnerability to 
flooding can be attributed to human actions in flood-prone ar-
eas that do not implicate climatic mechanisms (Kundzewicz
et al., 2020; Mitchell, 2003), such as urbanization, grow-
ing populations, and increasing economic activity. These 
actions do, however, interact with climatic mechanisms. Con-
sequently, to understand composite uncertainty requires a 
holistic approach to socioeconomic development within the 
context of climate change, such as employed by Dawson
et al. (2011) in assessing how effective nonstructural flood 
management measures are in the Thames Estuary, England.

Intensifying the prospective consequences of weather 
events are anthropogenic terrestrial changes, such as 
regulating rivers, decreasing how much w ater is retained
in catchment, and sealing land surfaces (Mitchell, 2003). To 
explore further the relationship between hazards, exposure, 
and vulnerability, it is c onstructive to consider a specific
flood setting.

10.4 Vignette: Flooding and the National 
Mall, Washington, DC

Washington, District of Columbia (DC), is located in the 
Mid-Atlantic region of the East Coast of the United States. 
Washington DC’s flood hazard, notably in the vicinity of the
National Mall (Fig. 10.1), is considered especially intoler-
able because of the exposure of buildings housing critical 
federal activities and highly valued artefacts of national and 
international significance. The National Mall area because 
of its downstream location has been impacted acutely by 
urban development throughout the Potomac watershed. This
development has reduced vegetation cover and increased the
extent of impervious surfaces (National Capital Planning
Commission (NCPC), 2008). 

Washington, DC, on the Atlantic Coastal Plain, is flood-
prone because of its flat topography, broad floodplains, its
location at the confluence of the Potomac and Anacostia
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Fig. 10.1 The National Mall in Washington, DC. Source: National Capital Planning Commission (NCPC) (2008)
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Rivers and having three buried waterways. It is subject to four 
flooding types, three caused by heavy rainfall or snowmelt, 
the fourth by the level of the tide. (1) Overbank flooding 
happens when the capacity of river channels is exceeded or 
there is a blockage in the channel preventing water flow-
ing through. (2) Urban drainage flooding occurs when the 
volume of stormwater runoff exceeds the design capacity 
of the sewer system through which runoff flows. (3) Levee-
caused flooding happens when levees block the water behind 
them from flowing into natural drainages, such as rivers. 
To compensate, levee systems will include channels and/or 
pumps to move the water around or over a levee. (4) Tidal or
storm surge flooding occurs when wind and low atmospheric
pressure combine to raise water levels before a storm. While
the mean range of normal tides on the Potomac is 3 feet
(0.9 m), during a hurricane, the surge can be as high as 12 feet
(3.6 m) (National Capital Planning Commission (NCPC),
2008). 

Major, periodic, damaging floods have occurred in the 
Potomac Basin impacting the National Mall (National Cap-
ital Planning Commission (NCPC), 2008), often followed 
by recommendations and sometimes action to ameliorate 
the damaging consequences of future flooding. The Flood 
Control Act of 1936 was passed by Congress in response to 
the 1936 Great Flood in DC. The Act authorized the Army 
Corps of Engineers to solve the problem of overbank flooding 
on the NationalMall. In 1940, the project began operation. To 
facilitate construction by the Navy Department during World 
War II, a significant section of the levee was removed. In re-
sponse to the 1942 Washington DC flood, the Flood Control 
Act of 1946, passed by Congress, authorized improving the 
levee protecting the National Mall to restore the levee’s level 
of protection, which had been compromised by the Navy
Department construction, and to improve the operation of
the levee. Sixty years later, the American Corps of Engineers
had not completed the improvements authorized in the 1946
Flood Control Act because Congress had not funded them.
In those intervening years, Washington, DC, continued to
experience periodic flooding, sometimes hurricane related
(National Capital Planning Commission (NCPC), 2008). 

In June 2006, Washington, DC, experienced extensive 
flooding, resulting in shutting down operations in four federal 
buildings housing the Internal Revenue Service Headquar-
ters, the Commerce Department, the Justice Department, and 
the National Archives and the closing down of Smithsonian 
properties on Constitution Avenue, including the Museums 
of American History and Natural History. For a 24-h pe-
riod, during June 25–June 26, 2006, the amount of rainfall 
matched w hat would happen in a 50-year storm event while
during the most extreme rainfall period of 6 h, rainfall was
equal to what would fall during a 200-year storm (National
Capital Planning Commission (NCPC), 2008). 

After the 2006 flood, officials proposed a number of ways 
to protect the Mall against floods in the future, including 
building a $400 million pump station. At the time of this 
writing, June 2022, none of them were built, at least in
part, because of the relevant entities not working together
(Flavelle, 2021). The maze of jurisdictions responsible for 
stormwater and flooding inWashington, DC, especially in the 
downtown area is comple x (National Capital Planning Com-
mission (NCPC), 2008). Responsibility for flood control on 
the Mall is distributed among a number of entities, including 
the District of Columbia water utility, the National Capital 
Planning Commission, the Army Corps of Engineers, and t he
National Park Service. It is not evident who should take the
lead (Flavelle, 2021). While how responsibilities are divided 
up among federal and local authorities is n either consistently
uniform nor clear (National Capital Planning Commission
(NCPC), 2008; Flave lle, 2021), cooperation is required as 
a number of potential solutions, such as low impact devel-
opment, are beyond the where withal of a single jurisdiction
to execute (National Capital Planning Commission (NCPC),
2008). 

Eleven grand Smithsonian museums and galleries on the
National Mall (Fig. 10.2) are built on what was marsh. 
The National Museum of American History was built on 
what was the T iber Creek, which in the 1800s was filled in
(Smithsonian Institution, 2021). The Smithsonian Institution, 
the world’s largest museum, education, and research complex 
(Smithsonian Institution, 2021) gets over half of its financial 
support from the US Congress with the r emainder coming
from nongovernment funds (Flavelle, 2021). It must adapt to 
climate change to continue to fulfill its mission of researching 
and curating US scientific and cultural heritage. The nature 
of its collections, which are often stored in historic structures, 
need carefully controlled environments maintained in narrow 
ranges of humidity and temperature and protection from
extreme events, such as flooding (Smithsonian Institution,
2021). 

Institution buildings on theNationalMall face two hazards 
from the warming planet. In the longer term, parts of theMall 
will be submerged by rising seas pushing water in from the 
tidal Potomac River. Of immediate concern is the exposure of 
the buildings and the irreplaceable collections in them to the
hazard of more and more heavy rainstorms (Flavelle, 2021). 
Vulnerabilities therefore include the basement stored artifacts 
and the basement situated electrical and ventilation system 
maintaining the appropriate humidity levels of on display
artifacts, such as art, textiles, documents, and specimens
(Smithsonian Institution, 2021). 

Water is already coming into the most at-risk Smithsonian 
structure, the National Museum of American History, which 
houses almost two million precious artifacts. Staff there have
experimented with reducing vulnerabilities by putting flood
barriers outside of windows, installing sensors throughout the
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Fig. 10.2 Smithsonian museums and galleries on The National Mall. Source: Smithsonian Institution (2021) 

building that are triggered when wet, putting plastic sheeting 
on a cabinet to guide water leaks into a trash can surrounded 
by absorbent fabric to catch water that missed the trash 
can, and situating strategically plastic, wheeled bins that can
be deployed where needed to distribute their contents of a
variant of cat litter to soak up water (Flavelle, 2021). 

In 2021, the Smithsonian was in the early planning stages 
of a $39 million proposed project to fortify the American 
History Museum, including building flood gates. In addition, 
since 2015, the Smithsonian has been requesting federal 
government funding to begin constructing a $160 million 
storage site in Suitland, Maryland, to house item from the
American History Museum and the National Art Gallery.
While relocating collections is time consuming, requiring
planning, new facility construction, and meticulous process-
ing of each item (Flavelle, 2021), they would no longer be 
exposed to the flood hazard in the National Mall Area.

The above vignette illustrates the complexities and nu-
ances of one flood hazard setting with many confounding 
layers, true of other settings. These include the need for 
cooperation among entities, dealing with more than one form 
of the hazard, lack of funding, evolving threats, and c oping
with the immediate situation while planning for the long
term. What is needed is a framework in which to understand
the dimensions of uncertainty salient to decision-making in
these circumstances.

10.5 TheWhere, HowMuch, and Nature 
of Uncertainty in Decision-Mak ing

The uncertainty space relevant to decision making is created 
by asking three questions: (1) Where is the uncertainty sit-
uated? (2) How much uncertainty is there? (3) What is the
nature of the uncertainty (Walker et al., 2003)? The questions 
are applicable to each of the three drivers of loss: hazard,
exposure, and vulnerability.

10.5.1 Where Is the Uncertainty Situa ted?

The first dimension of uncertainty relevant to decision-
making is identifying where uncertainty exists that impinges 
on how and what policy choices get made.Where uncertainty 
is situated matters because it determines which people in 
what roles in the policy process have how much ability, if
any, to manipulate the causes of uncertainty. Uncertainty
may be situated (Walker et al., 2003): 

(a) Within the policy frame: In the process of shaping how 
to interpret the societal problem being confronted, one 
view gains primacy over others. This results in policy
being pushed in a particular direction. For example, in
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the vignette above, the dominant view is to defend the 
National Mall area from the flood hazard. That is to 
reduce the vulnerability of what is exposed to flood-
ing rather than to reduce exposure. While planning has 
begun on developing a storage site outside of the area 
for the Museum of American History and the National 
Art G allery, management and planning are focused on
protecting the collections of artefacts in situ and flood-
proofing the buildings housing them. Framing influences
every stage of the policy process and the concurrent
policy analysis.

(b) The external context: From a policy perspective, this 
involves contextual considerations beyond what can be 
manipulated in a particular policy process. This includes, 
and is not limited to, the overarching biophysical environ-
ment, politics, economics, social issues, and technology. 
In the vignette above, there are a number of significant 
contextual considerations. From the biophysical environ-
ment, there is the warming planet, sea-level rise, and 
weather p atterns shaping the flood hazard and what is
exposed to that hazard. From a political perspective,
there is the tension between the District of Columbia
and the US Federal Government (National Capital Plan-
ning Commission (NCPC), 2008; Flave lle, 2021). From 
an economics perspective, considerable funding is re-
quired from the federal government to reduce vulnerabil-
ity within the District of Columbia. As illustrated in the 
vignette, authorizing legislation is no guarantee funding 
is forthcoming. Funding to reduce the vulnerability of 
buildings and what they house in the National Mall com-
petes with other pressing social issues in DC, across the 
US, and US interests outside the country. For example, in 
a world where there is great human poverty, the question 
is raised whether funds should go to protecting artifacts. 
Technological advances prov ide more accurate and re-
sponsive monitoring sensors at lower costs than before,
making possible the timely detection of exposure, such as
water leaks, thus minimizing water damage to vulnerable
artefacts. If warnings are effectively disseminated and
acted upon, flood forecasting technologies contribute to
improved preparedness (Wilby & Keenan, 2012). Tech-
nology also makes possible more effective and lower cost 
in flood defense systems, such as floodgates, t o reduce
the vulnerability of exposed structures.

(c) The model of the system: This refers to the structured, 
analytical process of creating an abstraction of the system 
of interest as it exists or as envisioned. That system can 
involve a hazard, an area exposed to hazard, or what is 
vulnerable or some combination of the three. A model 
enables decision support activities to explore how differ-
ent alternatives effect outcomes of interest under different 
scenarios andmakes possible examining tradeoffs among
policies. Models have been used to further understanding

of hazards, exposure, and vulnerability. They have been
generated to link increases in temperature with flood
exposure (Boesch et al., 2018; Masson-Delmotte, 2021) 
and have been used to envision future flood scenarios im-
pacting the National Mall area (Smithsonian Institution,
2021; National Capital P lanning Commission (NCPC),
2008). 

(d) In the outcomes of the policy analysis and the decision 
process, policy analysis supports:While those generating 
policy advice may focus on the uncertainties associated 
with the results their models produce and how robust the 
decision support exercise conclusions are, policymakers
may focus on the implications of those outcomes for the
goals of their organizations (Walker et al., 2003). For 
example, the independent consultants engaged to deter-
mine the cause of the 2006 DC flood were concerned 
not to present their findings as more definitive than they 
were, resulting in their concluding that the rapid, intense
rainfall occurring in a short time could not be definitively
declared as the cause of the flood (National Capital
Planning Commission (NCPC), 2008). In recognition of 
the assessments of the vulnerability of particular collec-
tions housed on the NationalMall, Smithsonian decision-
makers have proceeded with creating storage space for 
some of the Smithsonian collections outside the area of
the National Mall (Bechtol, 2021). 

(e) In the weights different people assign to those outcomes: 
A key factor in decision-making under uncertainty is
how individuals perceive uncertainty (Slovic, 1987 uses 
the term risk rather than uncertainty). Uncertainty judg-
ments vary among individuals because of differences 
in information about the uncertainty, different le vels of
uncertainty, relationships to power, or specific concerns
(Slovic, 1987). That Congressional decision-makers have 
broader responsibilities and balance wider ranging inter-
ests than do Smithsonian decision-makers means they are 
unlikely to weigh the outcomes of analyses and decision 
processes related to the flood hazard and the exposure
and vulnerability it creates for Smithsonian buildings and
collections on the National Mall the same.

10.5.2 HowMuch Uncertainty Is There ?

The second dimension of uncertainty relevant to decision-
making is where the uncertainty is on the spectrum b etween
absolute certainty and complete ignorance (Walker et al.,
2003). On the low end of the uncertainty continuum, there 
are clear and strong indicators about the outcomes in a
given policy sphere (Jakobsen, 2016). At the high end of 
the uncertainty continuum, in novel situations, there are not 
clear and strong indicators about what the future conditions
or the outcomes will be in a given policy sphere or when
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changes may happen (Walker et al., 2003). Depending on 
the extent of uncertainty, different analyses are undertaken to 
form projections. For example, the Maryland Expert Group 
on Sea-level Rise has determined sea-level rise probabilities 
salient to Washington DC’s flood hazard. DC is on land the 
State of Maryland ceded to be the nation’s seat of govern-
ment. There is a 66% probability by 2050 in Maryland there 
will be a 0.8–1.6 feet (0.2–0.4 m) relative mean sea-level 
rise. There is a 5% chance the mean sea-level rise will be 
greater than 2.0 feet (0.6 m) and a 1% chance it will be 
greater than 2.3 feet (0.7 m). These 2018 projections consider
Mid-Atlantic US regional factors, such as ocean currents,
subsidence, and how far the region is from melting glaciers
and polar ice sheets. They were also tied to the larger-scale
2014 Intergovernmental Panel on Climate Change Fifth As-
sessment Report projections of global sea-level rise (Boesch
et al., 2018). The Maryland Expert Group Sea-level Rise 
projections are of value in ascertaining the exposure of the 
Smithsonian properties on the National Mall in Washington, 
DC. Compared to the uncertainty associated with the hazard 
of sea-level rise noted above, there is less uncertainty about 
the exposure to flooding in the vicinity of the National 
Mall from precipitation runoff and from the nearby Potomac 
River. The National Museum of American History and the 
National Museum of Natural History on the National Mall 
have had well-documented e xperience of water getting into
where artifacts are stored. Both have valuable collections on
their lower floors. There is the least uncertainty about how to
address the vulnerabilities of the structures and collections as
the Smithsonian has already undertaken vulnerability assess-
ments and developed plans to address them (Bechtol, 2021). 
The relative differences in the extent of uncertainty between 
hazard, exposure and vulnerability are worth noting. This 
appreciation explains why it is appropriate for the American 
History Museum to reduce the vulnerability of its collection
even while there is a considerable range in the climate change
related flood hazard to which the Museum will be exposed.

10.5.3 What Is the Nature of the Uncertaint y?

The nature of uncertainty is the third dimension to i dentify
(Walker et al., 2003). Is it because of what we don’t know, im-
perfections in knowledge, epistemic uncertainty (vanDorsser 
et al., 2018), which has the potential to be reduced by increas-
ing what we know? Or is it because of the inherent variability 
of the phenomena under scrutiny, which creates irreducible or
aleatory uncertainty (Michaels & Tyre, 2012; van Dorsser e t
al., 2018)?With climate change, variabilitymay be a function 
of different possibilities for human intervention. For exam-
ple, theMaryland Expert Group on Sea-level Rise calculated, 

after 2050, the probability distribution estimates of relative 
sea-level rise for three different pathways for greenhouse 
gas e missions: meeting the Paris agreement, stabilized emis-
sions, and growing emissions (Boesch et al., 2018). 

Asking what the nature of uncertainty is creates two 
different paths for how to address the uncertainty being 
confronted. This is because research, which by definition 
cannot reduce irreducible uncertainty, can reduce epistemic 
uncertainty. Research can reduce epistemic uncertainty while 
acknowledging aleatory uncertainty. Such is the case when 
the Maryland Expert Committee on sea-level rise determined 
three different sets of probability-based projections for sea-
level rise for the latter half of this century using 2000 as the 
base year. The Committee acknowledged the future pathway 
of global emissions was increasingly going to determine sea-
level rise rates. If the Paris Climate Agreement goals are 
met, resulting in emissions being limited, so the global mean 
temperature is increased to less than 2 ◦C above preindustrial 
levels, there is a 66% likelihood sea-level rise in 2100 will be 
between 1.2 and 3 feet (0.4–0.9 m) w ith a 5% probability it
will be greater than 3.7 feet (1.1 m). In contrast, if green-
house gas emissions continue to grow after 2050, there is
a 66% probability sea-level rise in Maryland by 2100 will
be between 2.0 and 4.2 feet (0.6–1.3 m). This is twice to
four times what sea-level rise was in the last century. These
ranges of estimates for the sea-level rise hazard can be used
as inputs into projecting tidal range and storm surge changes
to estimate future exposure (Boesch et al., 2018). 

The predominance of epistemic over aleatory uncertainty 
in understanding the vulnerability of the Smithsonian collec-
tions and buildings on the National Mall has made possible 
effective action to mitigate the flood hazard. Enough research 
has been done for the conservators in the American History 
Museum to take ameliorative action or at least know what
needs to be done, if there are funds to do so (Smithsonian
Institution, 2021). The archival and library collections from 
the basement of the National Air and Space Museum, on 
the National Mall, ha ve been moved 30 miles (48 km) away
(Bechtol, 2021). With the benefit of engineering studies, 
the latest addition to the Mall, the Smithsonian’s National 
Museum of African American History and Culture was built 
with pumps sufficiently powerful to keep ground water from
permeating its lower floors (Flavelle, 2021). 

In sum, to identify uncertainty that can be addressed in 
policymaking three questions warrant responses: (1) Where 
is the uncertainty situated? (2) What is uncertain? (3) How 
much uncertainty is there? All three dimensions of uncer-
tainty matter individually and in combination because they
shape what policy responses are appropriate. In turn, the
policies implemented shape the future uncertainty space and
with that future policy options.
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10.6 Concluding R emarks

Uncertainty needs to be considered now more than ever as 
climate change reveals the extent the p ast is not a predictor
of future flooding scenarios (Milly et al., 2008). Yet, we have 
still to develop fully operational guidance to think through 
uncertainty, systematically, effectively, and appropriately as a
parameter throughout deliberations shaping flood mitigation
policy.

As one step toward doing so, this chapter has brought to 
the fore the necessity of recognizing three critical dimensions 
of uncertainty in decision-making. We have done so in the 
context of flooding, worldwide the most devastating natural 
hazard, using the specific example of the flood hazard on 
Washington, DC’s National Mall. It is important to recognize 
the relationship between the appreciation of the drivers of 
harm and their associated uncertainties. Indeed, theMaryland 
Sea-level Rise Expert Group made clear their probabilistic 
projections of the hazard of sea-level rise were intended t o
be used in determining exposure. This includes estimating
tidal range and storm surge changes and developing tools for
mapping inundation and in reducing vulnerability, such as
developing high-tide flooding adaptation strategies, in plan-
ning and regulating, and siting and designing infrastructure
(Boesch et al., 2018). 

With no expectation of being able to eliminate surprise, 
the most constructive strategy is to face it, however imper-
fectly or incompletely and to hedge against it (Schlesinger,
1967). This chapter has argued this needs to be done not for 
an omnibus uncertainty but rather for the compilation of the 
sets of uncertainties actors confront in executing their indi-
vidual and collective responsibilities in the policy process.
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11Uncertainty in Transportation Infrastructure 

Jennifer M. Jac obs

11.1 Introduct ion

Transportation is a crucial component underlying (quite lit-
erally) almost every aspect of our individual and collective 
lives. Without planes, trains, automobiles, and ships, our 
economy would stagnate, our society would be immobile, 
and our lives, our work, and our recreational activities would 
be irreversibly changed. Roads and bridges constitute the 
most widely recognized part of the global infrastructure 
for the transportation of people and goods. However, the 
transportation sector consists of a vast, interconnected system 
of assets and derived services, which also includes railroads, 
airports, ports, public transportation, and oil and natural gas 
pipelines as well as the people who build, operate, and main-
tain that system. In the United States alone, there are over
$4.9 trillion (USD) dollars of publicly owned transportation
facilities and equipment, including over 4.2 million miles of
center lane roads, 600,000 bridges, 136,000 railroad miles,
20,000 airports, 900 ports, and 2.6 million miles of oil and
natural gas pipelines (USDOT, 2020). 

The transport system has many attributes that make it 
particularly climate vulnerable. Many of its components have 
design lives of 10–100 years with the actual service life being 
even longer. Present-day transportation systems are often 
built on routes that were established centuries ago before 
automobiles existed. For example, much of the United King-
dom’s road network has its foundations in Roman transport 
priorities; hence, a network designed 2000+ years ago is still 
very much in use b ut exposed to different climate conditions.
Globally, many of these roads are increasingly in harm’s
way due to climate change impacts from flooding, wildfires,
and changing winters. In the continental United States, over
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19,000 km of coastal roads are already subject to high-tide 
flood. The frequency and extent of inundation is projected to 
increase e xponentially in the coming decades due to sea-level
rise (Fant et al., 2021). 

Uncertainty is not a term that is widely used within the 
transportation engineering practice because it implies that the 
system or asset is potentially vulnerable to failure, whichmay 
undermine the faith of the public who rely on transportation 
infrastructure to support movement of people, goods, and 
services. Instead, the treatment of uncertainty is more often 
framed as “risk and reliability” where risk combines the 
likelihood that a system or asset failure occurs with the 
consequences of that event and reliability is the likelihood 
that the system of interest performs as designed. Regardless, 
it is understood that transportation assets are designed, built
and maintained in a manner in which most of the decisions
include some degree of uncertainty and risk regardless of
whether the methods and specifications that are used meet
design codes, governmental regulations, or client wishes
(Faber & Stewart, 2003). An advantage of design codes 
is that they systematically handle uncertainties that arise 
from variable material properties and loads. However, be-
yond the uncertainties addressed by the design code, there 
are numerous additional uncertainties that may arise due to 
the potential for design and construction errors, changes in 
post-construction use and maintenance practices, a mismatch
between the specific design and the original model, and the
stressors, including travel demand and weather extremes that
are applied to the infrastructure over its lifetime (Bulleit,
2008;  Chen  et al., 2011). The trick is to reduce uncertainty 
enough to be able to design and build infrastructure within a
tolerable risk.

The engineering mindset is that good designs do not
fail (Petroski, 1985) and that the infrastructure is built to 
handle anticipated stresses. However, recent extreme weather 
events—including the devastating 2021 and 2022 floods 
in Western Europe, China, Africa, India, and Pakistan; the
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February 2021 North American cold wave, Cyclone Amphan 
in Bangladesh and India; and droughts, heat waves, and 
forest fires in Australia, Europe, western United States, 
and Uttarakhand—highlight the vulnerability of engineered 
transportation networks and bridges to extreme events.While 
it is broadly recognized that the global physical infrastructure 
is at increasing and critical risk from climate-driven stressors 
and that the situation will likely be exacerbated as projected 
in future climate scenarios, relatively few infrastructure
researchers and practitioners incorporate climate change.
Furthermore, rarely is the risk from natural hazards to
transportation infrastructure informed by multi-hazard
perspectives (Argyroudis et al., 2019; Hillier et al., 2020). 

Changes to the transportation system risk portfolio are not 
only a product of the changing climate. The transportation 
system is expanding and evolving in response to market 
demand and innovation. Globally, mobility has been growing 
rapidly and forming new transportation patterns. Anticipated 
changes by 2030 include annual p assenger traffic increasing
by 50% as compared to 2015, global freight volumes growth
of 70% compared to 2015, and a doubling of the current 1.2
billion cars on the road (Sustainable Mobility for All, 2017). 
Transportation innovations, including shared mobility (e.g., 
car sharing, carpooling, and ride-sourcing), autonomous and 
electric vehicles, and advanced materials (e.g., light weight 
design and composite materials, intelligent materials, and hy-
brid engineering materials), may supplant existing mobility 
delivery systems. These new demands and innovations as 
well as deteriorating infrastructure and land-use change will
impact a transportation system’s ability to perform reliably,
safely, and efficiently under a changing climate (Douglas et
al., 2017; Lyons & Davidson, 2016; Jacobs et al., 2018). 
Moreover, the COVID-19 pandemic resulted in unprece-
dented changes to mobility. Over the short-term, leisure 
and business travel nearly terminated, international border 
lockdowns shut down migratory laborers, stranded travelers, 
and separated families. Pandemic control measures, such as 
teleworking, reduced passenger traffic volume by over 50%
in many urban areas, with even greater reductions in the pub-
lic transit usage (Abu-Rayash & Dincer, 2020; Falchetta & 
Noussan, 2020). At the same time, freight transport demand 
increased due to a shift in the last-mile deli very of goods
from customers to freight (Falchetta & Noussan, 2020). It 
is unclear how travel practices and modality will shift post-
pandemic. Effectively managing future risk, including cli-
mate change as well as pandemic-proof travel, requires a shift 
in the t ransportation infrastructure community’s mindset to
account for the changing complexity (Chester & Allenby,
2019b). 

This chapter provides a synopsis of the main sources of 
uncertainty viewed through a climate change lens. It first 
addresses uncertainties facing civil engineers and methods 
used in practice to address those uncertainties, including 

initial conditions and observed forcing data/climate model 
inputs. The discussion then explores why traditional practices 
are not up to the task of considering climate change in the 
sector and points to a range of alternative methods that can 
provide the basis f or the needed shift in thinking. The chapter
concludes by exploring several topics and open questions for
the transportation field as it moves forward in adapting to
a changing climate while at the same time reducing carbon
emissions from the transportation sector.

11.2 Overview of Engineering Risk-Based 
Decision-Mak ing

Most significant transportation infrastructure projects 
involve engineering design. The goal of design is to develop a 
transportation asset (e.g., bridge, road, port) that meets fixed 
performance criteria, including safety and serviceability. For 
example, if a culvert is to be designed to convey water under 
a roadway, the site conditions and design runoff values are 
provided to the engineer. Because there are many possible 
design options that may m eet the given performance criteria,
analyses are conducted to determine which options will
perform as required. Of the viable designs, an optimal option
is selected which meets the criteria and often considers the
asset’s lifetime cost (De Neufville et al., 2004). 

Engineers are known for just wanting a number in order 
to design new infrastructure. That is, traditionally a de-
sign analysis is conducted using specific values for material 
properties and design loads. However, it has always been 
understood that, in practice, there are many uncertainties in
the design process and that any number used for design is
uncertain (Galambos & Ravindra, 1981). These uncertainties 
in transportation infrastructure planning, design, operation, 
and maintenance arise from many sources, including human 
errors in design or construction, randomness in material 
properties, limits of the design model, limited data, and un-
certainty in predicting the future conditions or characterizing
the past (Bulleit, 2008). 

Engineering practice has always managed the risk of bad 
things happening due to uncertainties that could result in 
technical failures, which in turn protects the public and the 
engineers who design, build, and maintain the infrastructure.
Over time, this has refined a general approach to analyzing
risk for engineered systems (Fig. 11.1) and led to an evolution 
of quantitative probabilistic methods to account for those 
uncertainties (e.g., design and construction errors, long-term 
maintenance, and model adequacy) that are widely adopted 
by the profession. Present-day transportation infrastructure 
design standards provide well-defined specifications that ac-
count for a range of uncertainties. In some cases, this may
be the simple application of a factor of safety (FS) or effec-
tively a multiplier to scale-up the calculated design that just
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Fig. 11.1 Generic representation of the flow of risk-based decision 
analysis. Source: Faber and Stewart (2003) 

meets requirements to an assumed safer level. More complex 
approaches such as load and resistance factor design (LRFD) 
employ multiple considerations. The result is that transporta-
tion systems are built stronger than our best estimates of what
is needed to exactly meet the specified design conditions
(Douglas et al., 2017) in order to account for the uncertainty 
due to natural variability (aleatory variability).

11.3 Accounting for Environmental Loads 
in Design and A ssessments

Understanding how to consider the changing climate when 
designing new infrastructure or assessing the vulnerability 

of existing infrastructure requires knowledge about how cli-
mate impacts the infrastructure and how those impacts are 
analyzed. Environmental conditions impact infrastructure in 
multiple ways. Analytical methods that consider those im-
pacts vary widely. In general, during the design process, an 
engineer will quantify all the loads, including the environ-
mental loads that a structure will experience over its lifetime
and the likelihood of the loads occurring simultaneously. In
structures, loads include dead loads that are loads from the
structural itself, live loads that are anything that is in or on the
structure during its life, and transient loads due to weather,
including wind, rain, and snow (Bulleit, 2008). A changing 
climate will directlymodify the individual transient loads and 
their combinations. In contrast, traffic and its loading are the 
most important factors that impact pavement design. Changes 
in environmental conditions such as temperature and precip-
itation affect the ability of pavement materials to perform as 
designed. The uncertainty due to changes in temperature or 
precipitation arises from both the uncertainty about future 
conditions as well as the uncertainty regarding how those
changes affect material properties. Environmental loads are
quantified using historical and often outdated observational
data, which are recognized as having natural variability, but
that variability is assumed to be stationary.

For agencies that manage large portfolios of assets in their 
transportation system, individual analyses are not practical to 
understand the relationship between extreme weather events 
and the system response. At the agency level, the portfolio 
of risks is beginning to be analyzed in a manner that em-
phasizes performance, such as a desired state of good repair. 
Risk management then seeks to achieve performance targets
through investments made during a typical planning horizon
(e.g., 10 years) to address immediate risks and to take actions
to mitigate risks beyond the planning horizon (FHWA, 2017). 
Many transport agencies are in the early stages of developing 
risk management practices. The insurance and reinsurance 
industries have already seen an impact on their business via 
insurance payouts due to increasing frequency and inten-
sity of extreme events. In response, their risk mapping and
catastrophe modelling tools have been updated to include the
uncertain future climate (Collier et al., 2021). 

At the portfolio scale, riskmanagement for extreme events 
draws from the risk and disaster resilience community for 
natural hazard management and planning, which combine 
the assessment of hazards, asset exposure, and vulnerability
(Bernal et al., 2021). These assessments typically use coarser 
tools such as fragility curves and depth damage functions to 
identify vulnerable assets and to quantify potential damages 
to the overall system. Fragility curves provide the likeli-
hood of infrastructure exceeding a particular damage state 
based on the intensity of the applied hazard. While they are
widely known for their application to earthquakes, they have
emerged as useful tools for a broader portfolio of hazards,
including floods, landslides, and fires. Depth-damage func-
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tions, which relate inland and coastal floodwater depth versus 
percent damage, are also used for a variety of infrastructure. 
The extent and severity of damage to structural components 
and contents are estimated from the depth of flooding and the 
application of the assigned depth-damage curve. There are a 
wide range of methods to use these and other tools within
a probabilistic framework that includes the random nature
of hazards and vulnerability as well as an uncertain future
(Bernal et al., 2021). 

11.4 Coping with Climate Change Using 
Traditional Engineering A pproaches

The transportation sector is facing unfamiliar challenges due 
to climate change and the great uncertainty regarding what 
the future holds. Extreme weather events are anticipated to 
become more frequent and more severe than in the past. Sea-
level rise is anticipated to cause gradual, long-lasting, and 
large-scale impacts on roads, r ail, ports, and airports. The
uncertain nature of climate change includes if, where, when,
and how changes to environmental stressors could occur and
the infrastructure might respond (Dewar & Wachs, 2008). 
Because this is new territory for the transportation sector, 
there is limited reliable guidance regarding how to adapt and 
even which methods can successfully guide agency practice 
under climate change uncertainty. Current practice is not well 
suited to effectively plan and manage under these conditions. 
However, existing tools can form the basis of traditional ap-
proaches that can be employed to “aid in the determination of 
the relative o rder of magnitude of environmental forcing un-
certainties and associated system sensitivity, risks to existing
and planned assets, and to identify critical vulnerability from
the decision makers’ perspective” (Douglas et al., 2017). 

Much of the early work considered the impact of a chang-
ing climate in design or vulnerability, leveraged risk-based 
frameworks, often employing simple top-down approaches 
or climate analogues. In a top-down approach, one or more 
climate-change scenario or historical trend is used to project 
future changes in environmental loadings. These changes are 
propagated through existing analysis frameworks to iden-
tify potential changes to transportation infrastructure perfor-
mance or to develop climate resiliency through enhanced de-
sign, which incorporates future environmental loads (Knott et
al., 2019). For example, top-down, risk-based approaches, of-
ten informed by an ISO 31000:2009, are at the heart of many 
national standards including the UK Highways Agency’s 
seven-stage a daptation framework to determine affected in-
frastructure, risk, and adaptation options (Fig. 11.2). Similar 
approaches are adopted by the US Federal Highway Admin-
istration’s (FHWA) Climate Change and Extreme Weather
Vulnerability Assessment Framework (Fig. 11.3) (Asam e t
al., 2015) and the Canadian Climate Lens assessment and the 

Public Infrastructure Engineering Vulnerability Committee 
(PIEVC) protocol. Despite their adoption, many agencies 
noted significant obstacles in implementing the frameworks 
due to the limits of available climate model output and
inadequate treatment of risk for the changing climate (Wall
& Meyer, 2013). The evolving climate also requires new 
infrastructure considerations including the following: (1) the 
time horizon for the asset’s design and operational lifetime 
and (2) asset criticality classification prior to selecting the 
analysis approaches and emission scenarios. Many national, 
regional, and local agencies have found value in first devel-
oping procedures to estimate future loadings, to synthesize
the results in terms of time horizons and the probability
of occurrence of the extreme event, and to translate those
results into quantitative values, including adjustment factors
for application to design.

Asian Development Bank (2020) has developed top-down 
treatment procedures for including climate change in detailed 
engineering design. They provide two detailed case studies 
from Vietnam, (1) the flooding of the Bao Ninh–Hai Ninh 
coastal road in Quang Binh province and (2) coastal erosion 
due to sea-level rise (SLR) at Thinh Long in Nam Dinh 
province. Their procedures are used to develop adjustment 
factors for future design precipitation and high-end SLR 
scenarios, to characterize asset vulnerability from flooding 
and coastal erosion, and to determine future design needs
(e.g., discharge, water level, and streamflow velocity) for
an upgraded spillway–culvert. Specific engineering solutions
are evaluated including nature-informed solutions as well as
performance considerations based on the broader context and
area in which the infrastructure is located.

Because results of top-down approaches depend on the 
chosen climate-change scenarios, a lack of guidance about 
model and scenario selection plus the inability to assign 
a probability to the possible futures, among other reasons, 
has hampered uptake of these methods in practice. Other 
approaches attempt to bypass these obstacles by eliminating 
the use of specific climate model output and instead use his-
torical trends, the upper limits of historical data confidence 
intervals, or climate a nalogues. Climate analogues identify
regions whose current climate is a reasonable analogue for
the project’s future climate, as a framework for considering
adaptation options, as well as to develop an appreciation for
the uncertainty and its impact on investment in long-lived
assets (Hallegatte et al., 2007). 

There are other traditional tools, which are less widely 
used, that can aid decision-making under uncertainty. These 
include structured decision analysis techniques, scenario
planning, and iterative or cyclical risk-based approaches
(Dewar & Wachs, 2008;  Wall  et al., 2003). A decision tree is 
a structured decision analysis technique that breaks down a 
decision into potential outcomes and the likelihood of their
occurrence. A decision tree is often represented graphically
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Fig. 11.2 Highways agency adaptation framework model from UK Highways Agency and Parsons Brinckerhoff. Source: Climate Change 
Adaptation Strategy and Framework. Highways Agency, London, 2009

as a series of options, decisions, and outcome uncertainties 
from which the expected benefit of each branch’s outcome is
determined. For example, Qiao et al. (2017) used Bayesian 
decision trees to determine whether to close a given road 
after flooding or to keep it open and whether in situ pavement 
testing should be performed to support the decision. Their 
approach could be enhanced to support pavement and traffic
management under future flooding conditions.

Scenario analysis is another familiar tool in planning 
which has potential value for the transportation sector. Sce-
nario planning presentsmultiple potential futures to decision-
makers, then asks them to consider how to prepare for each. 
In some cases, scenario planning has been used to identify 
plans that are robust across a number of futures. The value 
of scenario planning is not necessarily the specific plan,
but the process of thinking about the problem broadly as
well as their possible solutions and the commonalties among
those solutions (Chester & Allenby, 2019b). Kirshen et a l.
(2012) presented a simplified scenario planning approach. 
Their coastal Maine, USA, case study quantified damages 
and adaptation costs due to SLR induced flooding by com-
bining multiple SLR scenarios with depth damage curves. 
The process provides insights to support agency decision-

making. Iterative or cyclical risk-based approaches use risk-
based adaptation frameworks such a s top-down analyses and
scenario planning in an iterative manner. As new information
becomes available, risks are recalculated and adaptation pri-
orities and approaches may be adjusted (Wall et al., 2003). 

11.5 Recent Advances in Uncertainty 
Approaches to Cope with Climat e
Change

While the transportation sector has always operated under 
uncertain conditions, climate change is more challenging 
because of the “deep uncertainty” posed by an evolving 
technology, climate, and social systems nexus. As the sector 
struggles to use tried and tested approaches, it is becoming 
increasingly clear that the changing complexity requires a
shift in thinking about how to provide more agile and flexible
infrastructure in the face of uncertainty (Chester & Allenby,
2019b). The following sections outline a range of thinking 
about the challenges and approaches. The first covers real op-
tions and systems dynamics, which incrementally change the
sector’s way of doing business. The second section presents
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Fig. 11.3 Federal highway administration (FHWA) climate change and extreme weather vulnerability assessment framework (Asam et al., 2015). 
Source: US FHWA. Permission requested

methods (such as decision-making under deep uncertainty, 
dynamic adaptive planning in operation and decision-making 
options, and socioecological and technological systems) that 
embrace the complexity of the c urrent age but would require
a paradigm shift in the transportation sector.

11.5.1 Approach 1: Repurposing Existing 
Risk-Based Decision-Mak ing

Real options address the challenge that arises when attempt-
ing to value investments in long-lived infrastructure given 
that climate change may radically change the stressors on 
and demands for that infrastructure. Historically, net present 
value (NPV) and life-cycle cost assessments (LCAs) have 
been used to identify efficient investments and costs. How-
ever, NPV and LCA are not designed to handle an unknow-
able future. Introduced for the financial markets, real options 
are the rights without obligations to delay a decision until 

more is known about the uncertainty. In the context of civil 
engineering, this provides a means to build in flexibility to
change the infrastructure in the future. Real options analy-
sis techniques extend NPV to include the value of flexible
design and management of infrastructure. “The development
of options analysis holds the promise of enabling the engi-
neering profession to calculate the value of flexibility” (De
Neufville et al., 2004). The decision tree discussed previously 
is a simplified approach to a real options analysis, but it 
does not perform as well as real options when f aced with
the “wicked” uncertainty of future environmental stressors
(Van den Boomen et al., 2019). For instance, Kim e t al.
(2017) present a case study in which real options are used 
to determine the value of a flexible adaptation strategy for 
managing current and future floods in Seoul, Korea, under 
a range of Representative Concentration Pathways. Their 
work provides a replicable decision approach for including
the uncertainty of climate scenarios in a complex urban
area. While real options are sometimes criticized for their
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limited applicability to infrastructure, at its core the method 
attempts to encourage flexible design that recognizes that 
the future is uncertain, hence supports infrastructure design 
that is adaptable in the future. Its strengths are recognized
and used to support flexibility in dynamic strategic planning
within an adaptive planning framework.
System dynamics can be used to understand complex 

systems that change over time. It is a mature approach that 
has been widely used to understand sustainability and more
recently climate change and infrastructure (Mallick et al.,
2014). This simulation approach helps to provide a strategic 
view of a “system.” This could be a road network, a railway, 
an airport or even a pavement system, with independencies, 
feedback loops, and dynamic interactions, among the various 
components. Because the approach tracks the dynamic nature 
of the system as opposed to a single snapshot in time, it
is well suited to represent nonstationary climate impacts on
transportation systems. Mallick et al. (2014)  used  system  
dynamics to understand the impact on pavements from mul-
tiple climate stressors under climate change in coastal and 
inland environments. Their system dynamics model shows 
the complex linkages and feedbacks of the pavement system 
under a changing climatic and includes those pavement pa-
rameters that are affected by climate change that lead to the 
resulting pavement performance, maintenance requirements,
and costs. When used in combination with Monte Carlo
simulation, the uncertainty in climate change projections
can be used to develop a probabilistic understanding of an
outcome (e.g., pavement lifetime or condition) that is relevant
to decision-makers.

11.5.2 Approach 2: Embracing Complexity 
in Engineering Risk-Based 
Decision-Mak ing

There is increasing evidence that conventional ways of han-
dling uncertainty in engineering practice are antiquated. The 
rigid infrastructure systems resulting from fail-safe designs 
are locking-in investments and constraining options for deliv-
ering reliable transportation for people, goods, and services 
in the future. Yet, even with massive investments, the systems 
are ill-prepared to handle unknowable changes to the climate
and unprecedented extreme events as well as changes in de-
mand and technology. When dealing with “deep uncertainty”
(Lempert, 2003) from climate change, the transportation sec-
tor’s risk-based approaches (that rely on probability distribu-
tions) are not able to handle the complexity of an unknowable 
future. Instead, adaptive methods such as real options within 
dynamic strategic planning, robust decision-making, info-
gap analysis, adaptive polic ymaking, and adaption pathways
are better suited to characterize and manage today’s climate
change challenges (Helmrich & Chester, 2020). The methods 

outlined below embrace the complexity of the current age but 
would require a paradigm shift in the transportation sector.
Adaptive management of infrastructure is a broad term 

that encompasses approaches that manage a system that 
is likely to change. The underlying assumption is that the 
current worldview is incorrect and that over time additional 
information needed to manage the system will come to 
light. A critical aspect of adaptive management is gather-
ing information to inform the management cycle of assess,
design, implement, monitor, evaluate, and adjust (Dewar &
Wachs, 2008). The ability to adjust requires “both agility and 
flexibility, respectively, the ability to maintain function in 
both physical structure and institutional rules despite a non-
stationary future, and the ability to respond to changes in
demand beyond regular or incremental changes” (Chester &
Allenby, 2019a; Gilrein et al., 2019). 

Two types of adaptive management approach are 
assumption-based planning (ABP) and dynamic adaptive 
planning (DAP). ABP, developed by the RAND Corporation, 
spells out all assumptions and uncertainties in a plan then 
identifies which assumptions are c ritical to the success of
the plans as well as which are likely to change in the future
(Wall et al., 2003). The reduced suite of assumptions is 
monitored using “signposts” or warning signs to detect errors 
in them. ABP also recommends taking “shaping actions” to 
coerce the assumptions to play out favorably and “hedging 
actions” to reduce the impacts of incorrect assumptions. ABP 
can broadly address many aspects of c limate uncertainty,
including direct and indirect impacts on traffic patterns,
condition of infrastructure, and land-use change (Dewar &
Wachs, 2008). DAP builds on ABP by developing a basic 
plan, identifying the vulnerabilities of the plan, implementing 
a monitoring program, a nd predetermined adaptations as
needed (Wall et al., 2003, 2015). 

Given the complexity of these methods and the nuances in 
their application, we point to three case studies that illustrate 
how they can support agility and flexibility in the face of deep 
uncertainty. In the first case study, Wall et al. (2015) demon-
strate the use of DAP for a transportation link between San 
Francisco, CA, and an adjacent community that is vulnerable 
to SLR plus storm surge, where uncertainties included future 
SLR, travel patterns, and land use, as well as social uncer-
tainties. They provide details of the adaptive planning steps, 
including the initial stage-setting work of defining objectives, 
constraints, and options; selecting a basic p lan from the op-
tions; and understanding the conditions under which it will be
successful (assumptions). These increase the plan’s robust-
ness and a monitoring program, with signposts and trigger
levels, enables corrective actions (Kwakkel et al., 2010). 

The second example applies a dynamic adaptive policy 
pathways approach to water management (i.e., flood pro-
tection and freshw ater supply) for the Rhine Delta in the
Netherlands (Haasnoot et al., 2013). This approach also
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Fig. 11.4 Map showing the most cost-effective adaptation pathways 
and the cost scorecard. The timing of Hot Mix Asphalt (HMA) overlays 
is illustrated with X and tipping points, where a transfer to a different 
pathway may occur, are shown with a bull’s eye symbol. Solid lines 

represent viable pavement structures for all scenarios and dashed lines
represent viable pavement structures for some but not all scenarios. PV
is present value. Source: Knott et al. (2019) 

uses the adaptive planning steps of (Kwakkel et al., 2010) 
but combines them with an adaptation pathways approach 
that includes dynamic decisions to address an ensemble of 
scenarios. Drawing from preexisting water-related scenarios, 
they determine that there could be stresses on freshwater 
supply and increased flood risk due to direct and indirect 
impacts from climate change. The impacts can be managed 
through a range of actions, each with their own efficacy and
effects on other aspects of the system. Adaptation pathways
are mapped over time where early actions may transition to
other actions in the future. Similar to Wall et al. (2015), a 
specific monitoring program with signposts, a plan for how 
to k eep future options open, and adaptation opportunities is
presented.

The final case study demonstrates a stepwise and flexible 
pavement adaptation plan using hybrid bottom-up (asset-
based)/top-down (scenario-based) approach to address 
climate-change-induced temperature and groundwater rise
at a coastal site in New Hampshire (Knott et al., 2019). 
In partnership with stakeholders, they identify climate-
change-induced temperature and groundwater rise as critical 
stressors of a coastal roadway, then demonstrate how to 
determine impacts to pav ement life using a scenario-based
analysis. They use the adaptation pathways framework
(Haasnoot et al., 2013) to present a specific example of 
how an agency could use the pathways maps with supporting 

information (e.g., thickness of overlays or rehabilitation 
of base-layers) to make decisions. The potential routes
through time encompass future uncertainty and then translate
pathways to present values dollars over a 60-year time
horizon (Fig. 11.4). 

11.6 Discussion and C onclusions

This chapter has focused on the adaptation of infrastruc-
ture or transportation systems to uncertain climate and non-
climatic factors. However, these measures will not oper-
ate in a vacuum. Within the transportation sector, there is 
a strong mitigation-adaptation nexus that is largely under-
served despite the potential for co-benefits and synergies
(Sharifi, 2021). In most cases, climate change mitigation and 
adaptation efforts are conducted independently and in some 
cases even seen as competitors for the limited resources that
are available to address climate change challenges (Jiang
et al., 2020). The transportation sector is also connected to 
and dependent on other critical infrastructure, e.g., climate-
transport-health nexus, or climate-transport-energy nexus, or 
climate-transport-development nexus, or climate-transport-
agriculture nexus. Hence, there is considerable scope for
transport-related co-benefits and trade-offs with other sec-
tors.
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Infrastructure performance depends not only on critical 
infrastructure assets, systems, and networks but also the 
ecosystem, institutional, and social landscapes in which they 
are embedded. There is increasing awareness that techno-
centric, robustness strategies have limitations, and a more 
holistic approach is warranted. Approaches that consider 
these interactions add complexity but can benefit by iden-
tifying and avoiding constraining infrastructure ability to
change in the future and broadening the suite of potential
options to adaptive capacity beyond those that would emerge
from traditional approaches (Brunetta et al., 2019;  Markolf  
et al., 2018). It is this latter point that offers optimism for 
new, creative, and efficient transportation solutions that could 
emerge from a more inclusive, common vision of climate-
related uncertainties.

The engineering community has long recognized that 
their practice is fraught with uncertainty, so they have in-
cluded risk analysis in design practice where possible and 
acknowledged those uncertainties outside of the design code. 
This chapter identified e stablished methods that the trans-
portation community uses to address uncertainty and pro-
vided insights as to why these methods are rapidly becoming
inadequate.

A key takeaway from this chapter is that today’s trans-
portation sector is faced with increasing complexities in un-
certainty due to a changing climate. Climate change must be 
considered in combination with a rapidly evolving commu-
nity of practice, the recognition of interdependencies among 
sectors, and an increasing role of public institutions. In light 
of these changes, the sector’s existing methods fall short. 
The cited literature is replete with calls to radically change 
the sectors’ means of addressing uncertainty arising from 
unknown and unknowable futures. What this means in prac-
tice remains unclear. However, the wealth of approaches that
have recently emerged and were reviewed in this chapter
consistently point to the need for more agile and flexible
infrastructure in the face of uncertainty.

These adaptive approaches and associated uncertainty 
challenges are not compartmentalized like the past 
engineering frameworks. For example, from a practical 
perspective, the adaptive management strategies not only 
require designs that are flexible enough to adapt to
unpredictable changes in the future but also require agreed
metrics for monitoring performance and triggering change
(Chester & Allenby, 2019b). As Dewar and Wachs (2008) 
noted, the cost of information is a significant barrier to 
adaptive management. Hence, transportation agencies have 
begun to leverage advances in information technology to 
support the adaptive management of transport systems. 
Transportation agencies still need to better understand
and track interconnectedness plus move toward approaches
capable of reducing uncertainty and delivering performance
despite an unknown and changing future.
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12Science in Coastal Adaptation Decision-Making: 
Working Effectively with Persistent 
Uncertain ties

Susanne C. M oser

12.1 Introduct ion

A remarkable paradox characterizes science in coastal adap-
tation decision-making: sea-level rise (SLR) is one of the 
most certain and irrefutable consequences of climate warm-
ing, and yet exactly how high it will rise over the twenty-
first century in different locations is ridden with deep and 
persistent uncertainties. In the first dispensation of the In-
tergov ernmental Panel on Climate Change’s (IPCC) Sixth
Assessment trilogy—the Physical Science Basis—the key
takeaways for SLR could not be more convincing nor more
eyebrow-raising in their implications (Box 12.1;  and  Ch  ap.
19 on sea-level rise projections, this volume).

Box 12.1 High-Level Findings from the IPCC Sixth Assess-
ment Report on Sea-Level Rise 

• Global mean sea level increased by an average of 
0.20 m between 1901 and 2018 at a mean rate of 
1.3 mm/year in the first 70 years of that period, 
an accelerated rate of 1.9 mm/year between 1971 
and 2006, then further increasing to 3.7 mm/year
between 2006 and 2018. Human influence was very
likely themain driver of these increases since at least
1971 (IPCC, 2021,  p.  6).

• Global mean sea level has risen faster since 1900 
than over any preceding century in at least the last 
3000 years, driven by accelerating ocean warming
(thermal expansion) and ice loss from land (addition
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Box 12.1 (continued) 
of water to the ocean basins) (IPCC, 2021,  p.  9).  
“The rate of ice sheet loss increased by a factor of 
four between 1992–1999 and 2010–2019. Together, 
ice sheet and glacier mass loss were the dominant 
contributors to global mean sea level rise during
2006–2018” (IPCC, 2021, p. 14).

• It is virtually certain that global mean sea level will 
continue to rise over the twenty-f irst century (IPCC,
2021, p. 28) and that the rate of rise will continue to
increase.

• “Many changes due to past and future greenhouse 
gas emissions are irreversible for centuries to mil-
lennia, especially changes in the ocean, ice sheets, 
and global sea level. .  .  .  In the longer term, sea level 
is committed to rise for centuries to millennia due to 
continuing deep ocean warming and ice sheet melt, 
and will remain elevated for thousands of years,” 
rising “over t he next 2000 years [ .  .  . ] by about 
2–3 m if warming is limited to 1.5 ◦C, 2–6 m if 
limited to 2 ◦ C, and 19–22 m with 5 ◦C of warming,
and [continuing] to rise over subsequent millennia”
(IPCC, 2021, p. 28).

• While far out, difficult to imagine and in many 
decision-makers’ minds irrelevant to today’s de-
cisions, there is remarkable confidence in where 
modern-day SLR is headed, given that “projec-
tions of multi-millennial global mean sea level rise 
are consistent with reconstructed levels during past
warm climate periods” (IPCC, 2021, p. 29). 

Despite these stark and mostly high-confidence findings 
in the IPCC Sixth Assessment Report, a look at the detailed 
SLR projections over the twenty-f irst century reveals only 
medium and low confidence, confounded by regional di-
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Fig. 12.1 Comparison of upper-range SLR projections illustrates how 
conservative the IPCC projections (light blue) have been compared 
to the wider scientific literature (pink symbols). Source: Garner et al.

(2018), figure reproduced under the CC BY -NC-ND 4.0 license terms. 
See: https://creativecommons.org/licenses/by-nc-nd/4.0/ 

vergence from these global estimates. Thus, the challenge 
that coastal decision-makers must confront. Relative to the 
baseline established between 1995 and 2014, global mean sea 
level in 2100 has at least a 2/3 chance to rise by as much as

• 0.28–0.55 m under the very low greenhouse gas (GHG) 
emissions scenario

• 0.32–0.62 m under the low GHG emissions scenario
• 0.44–0.76 m under the intermediate GHG emissions sce-

nario
• 0.63–1.01 m under the very high GHG emissions scenario
• A small chance, it could even go up to 2 m if there is 

catastrophic ice loss. 

Scientific projections of SLR over the past four decades 
have varied notably, reflecting remarkable advances in ob-
servation, modeling and methodology, but also changes in 
the underlying emissions scenarios and persistent deep un-
certainties in scientists’ understanding of the fundamental 
processes driving global sea-level rise (Garner et al., 2018). 
As a systematic review of the literature reveals, “Results 
show a reduction in the range of SLR projections from the 
first studies through the mid-2000s that has since reversed. In 
addition, [the analysis reveals] a tendency for [IPCC] reports 
to err on the side of least drama [a term coined by (Brysse et
al., 2013)]—a conservative bias that could potentially impede 
risk management” (Garner et al., 2018, p. 1603). That look 
at the broader literature illustrated that the greatest change 
and variation has been on the more dangerous upper end of 
projections (Fig. 12.1). 

For coastal decision-makers, wide, widening, and chang-
ing ranges of scientific projections are difficult to deal with 
given the high-stakes decisions they face. How to decide 

when faced with questions such as the following: Should 
further development along vulnerable shorelines be permit-
ted, given the sea-level rise outlook over the long-term even 
if there is great near-term economic benefit to such devel-
opment? How can coastal erosion and flooding—some of 
the greatest risks from sea-level rise and coastal storms— 
be most effectively managed? Should storm-damaged homes 
be restored and repaired in place, and if so, to what level 
of protection? How much time can be gained by building 
nature-based buffers between the sea and coastal structures, 
and is that w orth the investment? What are the costs and 
benefits of different adaptation strategies? Is relocation from 
the shoreline necessary and how soon? Different rates of SLR 
would result in different answers. Some of these responses 
may later turn out to be maladaptive, i.e., creating lock-
ins and/or greater vulnerabilities, either for at-risk human 
communities, coastal industries, and natural systems or for 
adjacent ones to whom risks have been transferred (Schipper,
2020). 

Many coastal managers are stymied by these difficult 
questions, even though coastal environments, economies, and 
property are already at risk and af fected by the impacts of 
a rising ocean (Fleming et al., 2018; Sayers et a l., 2022). 
Decision-makers tend to plan and call for action, but absent 
adequate investment often still select to delay adaptation 
action as long as possible, demanding more reliable, locally 
relevant data (Fleming et al., 2018; Moser et al., 2014). Oth-
ers decide to begin adaptation, often selecting a “politically 
feasible” set of SLR projections, i.e., projections that are 
most likely to be acceptable to political decision-makers, to 
advance the process at all. Autonomous market responses 
and distortions can even encourage further high-intensity 
deve lopment at the shorefront (via climate gentrification),
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rendering the political economy of adaptation even more 
challenging and creating—ultimately—ev en greater vulner-
abilities (Keenan et al., 2018). 

Taking a step back then from the state of S LR science 
and coastal adaptation in practice,1 a mixed picture of cer-
tainties and uncertainties in the scientific, observational, and 
decision-making realms arises. It inevitably leads to several 
vexing questions:

• Given scientific certainties and the already observed im-
pacts and trends of SLR (observational certainties), why 
are we not seeing more action?

• Given the range and types of scientific uncertainties, is 
action likely or possible?

• Given uncertainties in the decision-making arena itself, 
does scientific (un)certainty matter a t all, and if s o, ho w?

This chapter attempts to address these questions and the 
paradoxical situation they portray. While anchored in SLR 
science and coastal planning and decision-making, it asks 
one central question, albeit with wider applicability, namely: 
what is the relationship between scientific (un)certainty and
action? Section 12.2 articulates the theoretical expectations 
one might hold about this relationship in t he context of 
rational decision-making. Section 12.3 then tests this theory 
against several brief empirical cases, showing how real-
life decision-making often does not respond to certain or 
uncertain scientific understanding as e xpected. Rather, as 
Sect. 12.4 will show, scientific knowledge (whether certain 
or not) is transformed into a strategic tool in the political 
process which then attains importance for or against action. If 
scientists wish to engage and become players in this process, 
what options do they have to bring science as effectively a s 
possible into the political process? Section 12.5 offers some 
answers before concluding with a summary and outlook in 
Sect. 12.6. 

12.2 Scientific Uncertainty in the Rational 
Decision-Making Paradigm: 
Theoretical E xpectations 

Rational decision theory has been developed, critiqued, and 
advanced over the past five decades in a variety of disciplines, 
including (behavioral) economics, psychology, sociology, 
law, neuroscience, philosophy, political science, organiza-
tional studies, business operations, and planning (e.g., An-
dre ws, 2017; Brown, 2005; Gächter, 2013; Jaeger et al., 2001; 
Reyna & Rivers, 2008; Wolbring, 2020). It is be yond the 

1The main focus in this chapter will be on US coastal adaptation. While 
not directly transferable to other political, socioeconomic, cultural, 
and le gal contexts, many insights gained from this case will resonate 
elsewhere.

scope of this chapter to review this wide-ranging body of 
work. Suffice it to say, in its simplest form, rational choice 
theory assumes:

• Individuals act rationally in pursuit of their goals (i.e., 
aligning means and ends logically) and in a risk-averse 
manner (i.e., maximizing utility, satisfaction or gains 
while minimizing losses).

• Individuals have sufficient and unambiguous information 
to establish their preferences.

• Those choices can be influenced by incentives. 

Because decision-makers often appear to act seemingly 
against their own stated goals or self-interest, respond coun-
terintuitively to incentives, and/or the information available 
to them is not unambiguous or sufficient (much less complete 
and certain), much research has gone into understanding the 
environmental (e.g., organizational, contextual) and internal 
(cognitive and affective) factors that could explain these 
empirically observed deviations from theory. The result has 
been a plethora of alternative models of decision-making in 
the face of risk and uncertainty. 

One logical implication of the basic tenets of rational 
choice theory, however, is that when decision-makers face a 
reasonably certain future, they will be in a better position to 
strategically align means and ends and determine a course 
of action in ways that maximize gains while minimizing 
potential losses. In other words, certainty about the future 
should enable swift and rational action, while uncertainty 
about future outcomes should stymie it. This does not mean, 
decision-makers have no tools available to act in the face of 
uncertainty, but the theory implies that uncertainty makes i t 
more difficult to act, and it would not be unreasonable to see 
delays in action, particularly if the g ains are unclear and/or
the stakes (the potential losses) are high (Kasperson, 2009). 

This leads to a simple matrix which r elates scientific 
uncertainty to action (Fig. 12.2). While this caricature does 
not do justice to the messiness of real-life situations, it helps 
to structure the discussion below. It suggests that in cases 
of low levels of uncertainty action is more likely (rational 
action; dark green), whereas in cases of high uncertainty, no 
action should be expected (rational inaction; dark red), with 
the counterintuitive cases being action in the face of high 
uncertainty (irrational action; light green) a nd inaction in the 
face of low uncertainty (irrational inaction; light red). 

The next section explores several brief cases from around 
the USA to illustrate with empirical evidence how decision-
makers do or do not act in accordance with the rational
decision-making paradigm laid out here.
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Fig. 12.2 Expected types of action or inaction in the face of different 
levels of uncertainty 

12.3 Testing Theory Against Real-World 
C ases 

12.3.1 Rational Act ion 

The case of greatest certainty is the one where we can look 
at twentieth-century coastal management action in the face 
of observed (i.e., well-understood) slowly rising sea level 
and examine the actions that were taken. Before 1972—the 
year the federal Coastal ZoneManagement Act was passed— 
shoreline development was essentially blind and reactive: 
development happened, disasters happened, and rebuilding 
happened. But since the passage of the federal act and its 
state companions in the decades since, the action seen in 
the face of low rates of SLR is a patchwork of relatively 
minor adjustments, including flood insurance, elevation of 
structures, strengthened zoning or bu ilding codes, hard and 
soft shoreline protections (e.g., seawalls, beach renourish-
ment, protections of natural buffers), setbacks, and often no 
action at all until disaster struck. Rebuilding in the same 
location to the same building standards has been the oft-
repeated history of coastal zone management in the USA 
(although the US Federal Emer gency Management Agency
(FEMA) under President Biden in 2022 moved to prevent 
this by administrative action; see FEMA, 2022). In the past, 
however, this has left many homeowners more vulnerable to 
the encroaching sea, natural shorelines severely degraded in 
man y places, and countless coastal communities ill-prepared 
for current and future storms, floods, a nd erosion.

In short, under the assumption of slow SLR (i.e., the 
certainty that comes from extending known trends into the 
future), many states and communities acted, albeit only min-
imally, to adapt. The history of coastal disasters makes the 
unequivocal case that these actions were insufficient. We 
hav e never been over-adapted. Spending too much money for 

coastal protections that would later turn out to be too much 
has n ever been our problem.

By implication, this past experience suggests that there 
is one uncertainty that coastal decision-makers can safely 
ignore: the low end of future SLR projections. Decision-
makers needn’t worry about the most conservative end of 
SLR projections. Given the physics of ocean warming and 
accelerating ice loss from land, resulting in the increasing 
rates of SLR already being observed, there is no reasonable 
case that can be made that twenty-first-century SLR will be 
merely an extension of the past. Nor can a good case be 
made that coastal storms will lessen in terms of intensity 
or frequency, that El Niño will cease to play a major role 
along the West Coast of the USA, that erosion will slow 
down, or that wetland loss come to a halt. Thus, with US 
coastal communities already not well adapted to current rates 
of SLR and coastal hazards, more must be done. The only 
question is how much more, which points toward the higher 
ends of projections, i.e., to the far more uncertain end of the
spectrum.

12.3.2 Irrational Act ion 

The earliest known state-level policy in the USA regulating 
shoreline development in the face of uncertain SLR was 
put in place in Maine more than 30 years ago, in 1988. 
The state passed its so-called Sand Dune Rules, which later 
were slightly weakened due to property takings concerns but 
were essentially upheld against these challenges. The law 
explicitly acknowledges uncertainties in the science and the 
existence of diver gent SLR projections but drew on expert 
judgment of the state of science at that time to defend its 
rule-making and specific choice of one SLR scenario (3 ft. 
by 2100; later revised under legal pressure to 2 ft.) (Moser,
2005). An in-depth examination of that case revealed that the 
motivation behind the policy had little to do with SLR per se, 
but with a perceived defacement of the coast from increasing 
high-density coastal development experienced at that time. 
Nevertheless, SLR science was used to embolden the case 
against such development and stands as the earliest example 
in US coastal polic y to put in place a SLR re gulation despite
uncertain future projections.

A second case comes from California, namely, the 2011 
amendment to the San Francisco Bay Plan (San Francisco 
Bay Conservation and Deve lopment Commission (BCDC),
2020), with further, complementary updates in 2019. The 
policy directing shorefront development along the San Fran-
cisco Bay fully acknowledges uncertain SLR projections, 
particularly beyond mid-century, but does not prohibit new 
development. Instead, it requires developers to demonstrate 
resilience until 2050 under all SLR projections and demands 
that the y present a feasible adaptation plan thereafter, i.e., to
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make clear how their development will be protected under 
different SL scenarios. It also places the economic burden of 
that adaptation on the developer. 

12.3.3 Rational Inact ion 

The now infamous case of the State of North Carolina “leg-
islating away” SLR might count as a case of rational inaction 
in the face of significant uncertainty. The state legislature 
chose to i gnore long-term SLR trends, nominally because the 
“science was bad” and the uncertainties too great to support 
regulation (Opt & Low, 2017). In 2009, the state Coastal 
Resources Commission had directed its Science Panel to pro-
duce state-level SLR projections to guide coastal regulation, 
but when those scientific recommendations were delivered 
a year later, pointing to potentially very high sea levels, the 
state legislature stipulated that the projections to 2100 could 
not be applied for such purposes. While well understood as 
having been politically motivated by development interests, 
the law did not lay out an adaptation path forward in the 
f ace of uncertain albeit potentially very high risk but instead 
shaped a path—if only temporarily—that enabled continued 
coastal development with minimal adaptation in the face of 
a f alse sense of certainty (i.e., ignoring the significant rise 
projected in the latter half of the century).

The only concession made was to require updates on the 
SLR science every 5 years. As a result, the Science Panel has 
updated its projections twice (still only projecting to 2050, 
but acknowledging that SLR is accelerating). The state’s 
coastal zone management program is providing technical 
assistance to local communities wishing to adapt, and the 
state has advanced comprehensive resilience planning. But 
the science has still not been deemed certain enough to be 
used in regulatory and permitting decisions (Allen, 2020). 

12.3.4 Irrational Inact ion 

A case of irrational inaction (i.e., not adapting in the face of 
evident risk and agreed-upon science) is the case of Florida 
permitting the expansion of the Turkey Point nuclear power 
plant to twice its generating capacity. The power plant, lo-
cated near Homestead, Florida, some 25 miles south of 
Miami, is situated at sea level in a high-hazard flood zone. 
The Southeast Florida Regional Climate Change Compact— 
a four-county partnership—had previously agreed on SLR 
scenarios to b e used for such decisions, namely, 23–61 cm 
of SLR by 2060 (Moser et al., 2014). While a politically 
significant step to have a common set of projections across 
the four-county region, the figures are remarkably low, i.e., 
not particularly risk-averse or precautionary, when compared 

to the numbers used in other regions of the world (e.g., the 
highly precautionary figures [+4.3 m for extreme sea levels 
by 2100] used for the Sizewell nuclear power site in the 
UK; see Wilby et al., 2011). Given the already-existent and 
clearly growing flood risk under any SLR scenarios to this 
high-risk infrastructure, relocation to higher ground might be 
considered a rational choice. However, plant expansion plans 
were only slightly modified to account for potential flooding 
of access roads, while the plant itself was not fortified any 
further in place. Relocation was dismissed as it was deemed 
too expensive a nd electricity rate payers were thought to not 
accept that added cost.

12.3.5 Implica tions 

A first lesson from these short vignettes is that even with per-
fect knowledge or well-supported scientific evidence, action 
is not guaranteed because science does not compel action. 
Decision-makers’ goals, intentions, and underlying value 
commitments (e.g., to growth, development, profit) do. And 
even when action is being taken, that adaptive action has 
been generally insufficient—a “fig leaf” that allows decision-
makers to say they have acted but one that allowed them 
to side-step political backlash or attacks due to unpopular 
choices. One critical implication is that focusing only o n re-
ducing scientific uncertainties by way of additional research 
is inadequate at best and will not guarantee that adaptation 
decisions will in any way be scientifically informed. Differ-
ently put, further reduction i n scientific uncertainties will not 
guarantee appropriate, sufficient, or timely action t o prevent
significant losses.

A parallel, second insight from these cases is that uncer-
tainty is not a show-stopper to action. In fact, both certain 
and uncertain science have been used to justify action. The 
question, rather, is what is at stake and what motivates people 
to action, and how is science used to bolster the case for or 
against action in t he face of uncertainty?

Finally, and at first seemingly in contradiction to these 
observations, is that in each of these cases, decision-makers 
did create or depended on some kind of certainty that allowed 
them to move forward on the path of action (adaptive or 
maladaptive) they decided to pursue—just not necessarily 
scientific certainty. Rather, each describes a case in which 
decision-makers arrived at a kind of political or psycho-
logical certainty by accepting or ignoring, curtailing, or se-
lectively using the science. In turn, that certainty-imbued 
science became a strategic tool in the political process. This 
violates the rational decision-making paradigm but does not 
mean science is not relevant to decision-making. It simply 
tells the wrong story of how that is so.
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12.4 Scientific Knowledge as Strategic Tool 
in the Political Pr ocess 

How then does scientific knowledge—uncertain or not— 
come to matter in the political process? In each of the stories 
relayed above, more or less uncertain scientific knowledge 
got transformed into a psychologically “certain” and politi-
cally persuasive argument for or against action:

• In the case of rational action in the face of scientifically 
well-established knowledge of SLR trends, the risks of a 
rising sea level seem to have been ignored or downplayed 
(a seeming reduction of uncertainty) to justify continued, 
if minimally hazard-cognizant coastal development.

• In the case of irrational action, two pathways to action 
emerged: in one, expert judgment was used to legitimize 
the selection of one out of several SLR scenarios (again, 
a seeming reduction of scientific uncertainty to establish 
regulatory certainty). In the other example, the relatively 
small uncertainty in SLR in the next few decades was em-
braced and adaptive action by coastal developers required, 
with the added stipulation to illustrate both financial ca-
pability and flexible yet feasible adaptive pathways over 
the long-term should sea level be higher than expected 
over the lifetime of the structure (regulatory and financial
certainty).

• In the case of rational inaction, the available science was 
termed “bad” and unreliable and thus supported legislators 
in their ideological desire to ignore its implications (cre-
ating a psycho-political certainty). However, the door for 
future political consideration was left open by demanding 
periodic science updates.

• And finally, in the case of irrational inaction, an economic 
and associated sociopolitical certainty (high costs of relo-
cation and the perceived lack of the public’s willingness to 
foot that bill) won out over another certainty, namely, the 
already evident and growing risks and clearly established 
scientific guidance on which science to use in planning 
and decision-making.

Not only do scientific uncertainties become transmuted 
into political certainties. Scientific certainties can also be 
transf igured into political uncertainties to argue against ac-
tion. Figure 12.3 illustrates some of the common motivations 
that drive this transmutation, including personal or political 
motivation as well as actual or perceived economic benefits 
from acting or postponing it but also reputational, economic 
or legal liabilities and policy requirements (see also C urry & 
Webste r, 2011). 

These observations clearly help to better understand why 
actions and inactions are being observed against the spectrum 
of scientific (un)certainties. They tell an empirically more

Fig. 12.3 The transmutation of scientific (un)certainties into political 
certainties 

accurate, more nuanced, and thus more persuasive story. This 
alone, however, would paint a picture of science essentially 
being no more than a political football (incidentally, a bias 
some scientists hold and actively use to stay a long way 
away from political engagement). Clearly, such a story would 
still be inadequate because it diminishes scientists’ agency 
to simply being servants to a process they cannot influence 
and which reduces them to one-way information-delivery 
“automatons,” rather than actors who themselves can act 
strategically and ethically in their engagement with informa-
tion users. 

Differently put, for scientists to ignore the political needs 
of decision-makers and the range of motivations that underlie 
their choices (as depicted in Fig. 12.3) is no better than politi-
cians ignoring scientific facts just because they are inconve-
nient. The task for scientists instead is to become smart and 
practiced in learning about these political (and underlying 
social and psychological) motivations and learning to work 
with them. As they learn about these underlying decision 
drivers, scientists can play more effective roles as issue advo-
cates (more acti vist) or honest brokers (less activ ist) (Pielke
Jr., 2007). In the former case, they may help advocate for 
flexible adaptation actions that reduce risk, minimize losses, 
benefit at-risk communities and natural habitats, and preserve 
positive choices for future generations while protecting and 
restoring the life support systems on which humans depend. 
In the latter case, they may simply choose to lay out the 
choices more clearly without taking any side as to what 
decision-makers should choose. 

Incidentally, doing so involves learning some of the very 
lessons that hav e led to modifications of the all-too-simplistic 
rational decision-making paradigm (Samson, 2014)  (Tab  le  
12.1). 

Which of these influences matter most at any one time, 
and with different decision-makers, cannot be predicted. The 
important takea way is that these psychological influences 
always come into play. The purely “rational” (emotion-free)
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Table 12.1 Social-science insights that have modified the rational d ecision-making paradigm 
Biases and heuristics People employ biases and heuristics in forming judgments in the f ace of uncertainty (Tversky & K ahneman, 

1974) 
Mental models and 
conf irmation b ias 

People process information through preexisting mental models and exhibit confirmation bias, which makes 
uptake of new information that challenges people’s beliefs and values more difficult (Johnson-Laird, 2010; 
Plous, 1993) 

Slow vs. fast information 
processing 

People process information not just carefully, analytically, and systematically (“slowly”) but also affecti vely 
and intuitively (“fast”) (Kahneman, 2013) 

Choice framing People respond differently to different kinds of uncertainties and framings of choices (Ho & Budescu, 2019; 
Levin et a l., 1998) 

Trust in information sources People do not process all information equally but tend to pay more attention to information from trusted 
sources (Sarathchandra & Haltinner , 2020) 

Denial of existential threats People avoid and deny information that signals existential threats (Wullenkord & Reese, 2021) 
Context-dependence of 
decision-making 

People make decisions that don’t just depend on the information they receive but the environment and 
context in which they make them (Gigerenzer & Goldstein, 1996) 

Context-dependent valence 
of v alues 

People hold multiple values with different, often context-dependent valence as they choose among options 
and those preferences don’t stay the same over time (Thaler, 2015) 

Loss aversion People care more about losing something they have than gaining something they don’t y et have (Kahneman 
& Tversky, 1979) 

Social norms People are often more influenced by social norms than economic norms (Kinzig et a l., 2013) 
Emotions and values People make better choices when factual information is linked to emotions and values (Reyna, 2021) 

decision does not exist and is, in f act, not desirable ( Reyna, 
2021). Drawing on these insights, however, suggests sci-
entists have significant power in shaping how information 
is delivered and heard, how decision options are framed, 
and how scientists can help decision-makers make adap-
tation decisions without risking their political survival. It 
changes scientists from being deliverers of information to 
being sophisticated partners in a transaction, which makes 
the uptake of (uncertain) science in adaptive decision-making 
more lik ely.

12.5 Opportunities for Science to Inform 
Coastal Adaptation Decision-Making 

Returning to the practical, what are some concrete ways then 
for scientists to help inform and shape coastal adaptation 
decision-making in the face of scientific uncertainty? The 
proposed entry points discussed below illustrate not only 
ways in which scientists can help inform decision-makers’ 
understanding of risks, uncertainties and the options, values, 
and preferences they have but also the necessity of rela-
tionship building, continuity of engagement, and reflexivity 
(on all sides) to grapple with the inherently nonscientific, 
normative dimensions of decision-making.

12.5.1 Help in Prioritizing R isks 

With climate change impacts emerging faster and faster, and 
many of them creating a sense of foreboding and overwhelm, 
busy decision-makers first need help with not just identifying 
the entire universe of possible risks, but which ones to focus 
on first. Breaking down overwhelmingly large (and pro-

foundly threatening) problems into a series of tractable ones 
makes it more likely to get publics’ and decision-makers’ at-
tention. Pragmatically, often this means tying climate change 
and adaptation to an existing problem that already has their 
attention. For example, as coastal managers update exist-
ing road or water infrastructure in coastal areas, careful 
consideration of sea-le vel rise (and other climate change 
impacts) projections and an appropriate economic analysis 
of adaptation options (e.g., robust decision-making under 
deep uncertainty) can help meet multiple objectives while 
minimizing risks for decades. Linking to such immediate 
needs helps planners, stakeholders, and elected officials with 
limited attention spans to focus on adaptation; it is also often 
where there are resources to address the growing risks from
climate change.

This may still not reduce the universe of possible climate 
change impacts enough to helpwith focus.Where then are the 
most meaningful points of intervention? Walker et al. (2010) 
proposed a triage approach distinguishing t hree categories o f 
situations: 

1. No matter the climate scenario, i mpacts will be minimal. 
2. No matter what we do, losses will be sev ere and irre-

v ersible. 
3. Adaptation promises to make the greatest d ifference on 

impacts. 

It is only in that third category where questions of 
risks, benefits, and harms (and associated uncertainties), 
the relevant actors/affected parties to involve, scope, 
scale, urgency/timeframe, and the feasibility of adaptation 
actions need to be addressed. Thus, rather than delivering 
all-encompassing climate impacts or risks assessments, 
scientists can be most helpful to decision-makers if they go
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a step further and identify this third space where adaptation 
could make a real difference. This opens the door to being 
decision-rele vant. 

12.5.2 Address What Is Unique about 
A daptation 

In the next instance, scientists can be helpful in elucidating 
aspects that are unique about adaptation. While many de-
cisions entail uncertainty, many adaptation decisions must 
contend with deep uncertainty, indirect costs and benefits, 
and with long time horizons at once.

Importantly, there are not only scientific or predictive 
uncertainties to worry about but also values uncertainties 
(Bammer&Smithson, 2008;Moser, 2005). Regarding values 
uncertainties, a unique challenge in adaptation is that what 
and how much society values something currently vs. in the 
future is not necessarily the same. This may affect what gets 
protected now vs. what is still seen as worthy of protection 
later, how much society is willing to pay for something 
now vs. later, and so forth. Often, there is ambiguity in 
individuals’ values and the sum of individual values is not 
necessarily the same as collective values due to competition 
among the values we hold. Typically, these value uncertain-
ties are hidden in model assumptions and not made visi-
ble or understandable to decision-makers. Thus, rather t han 
glossing over or trying to resolve all these uncertainties, it is 
often more important for decision-makers to understand the 
role and implications of different values so they can arrive 
at their own judgment. Scientists can further help decision-
make rs and stakeholders with different values identify their 
own implicit assumptions and facilitate deliberate reflection
and deliberation on these values.

Another (not-entirely unique but nonetheless crucial) fea-
ture of adaptation is that the cost of anticipatory adaptation 
is born now, even if its ultimate benefits are only reaped 
in the future. As with greenhouse gas emissions reduction, 
decision-makers will be keenly interested in a) distributing 
the cost not just across societal groups in the present but 
also over time and b) favor adaptation options that have near-
immediate (co-)benefits. In many ways, however, this uneven 
distribution of costs and benefits gives adaptation often the 
character of public goods, provided best by institutions with 
a responsibility toward the collective, rather than by private 
actors, seeking profit maximization. Given limited public 
funds to date for adaptation, there has been a g rowing interest 
in involving the private sector in financing adaptation. In 
some instances, this may not only open up greater pools 
of resources but may also require improved support from 
the scientific community in placing economic value o n non-
monetized risks and benefits and help with comparing costs 

and benefits that are o ften separated by disciplinary and
governance silos.

Finally, adaptation must contend with the necessarily 
long-term planning horizons for future climate risks versus 
short-term planning cycles. In many instances, existing 
institutions (much less current decision-makers) may 
not have the longevity required to sustain and/or repeat 
adaptation efforts into that long-term future. Scientists must 
help facilitate conversations about how to chart that path, 
help identify ways for decision-makers to feel comfortable 
and able to make commitments over time, and help them find 
feasible near-term and interim steps that maintain long-term 
flexibility. The important wo rk on adaptation pathways and 
robust decision-making in the face of deep uncertainty (see
Chaps. 3 and 4, this volume) provide tools t o do s o. 

12.5.3 Help in Choosing Adaptation O ptions 

Having identified risks where adaptation can make a real 
difference and having recognized the unique challenges 
decision-makers face, scientists can then support the 
adaptation process by making it possible for stakeholders 
and decision-makers to choose among different adaptation 
options. Not only d o people need to understand the pros and 
cons and costs and benefits of different a daptation options, 
they also need guidance in working through these decisions.

A useful step here is to help assess the adaptation options 
under consideration as to whether and h ow they address the 
unique aspects of adaptation (Table 12.2). 

In addition, adaptation decisions must also consider is-
sues like safety of operation, ease of implementation, and 
other implementation issues. Clearly, the decision for or 
against different adaptation options involves profound val-
ues choices. Scientists—using structured decision-making 
processes—can help planners, decision-makers, and stake-
holders make the criteria transparent and then deliberate the 
values-side of their choices (Gregory et al., 2012). This may 
entail explicitly exploring visions of the future, including the 
desirable, plausible/constrained, and possible futures. This 
also means listening carefully and helping to surface implicit 
values in how people discuss these futures and choices. It 
can empower all involved in the decision-making process and 
enable them to participate more effectively. Finally, it can 
help to improve the quality of decisions itself, i.e., by helping 
to refine the problem definition, clearly elicit and discern the 
objectives, define a range of alternatives that are linked to 
those objectives, and then help assess the consequences of 
pursuing any one of the alternatives and confronting trade-
of fs (and possible synergies).

Notably, in none of these instances are scientists unduly 
influencing or making any of these choices for the decision-

http://doi.org/10.1007/978-3-031-85542-9_3
http://doi.org/10.1007/978-3-031-85542-9_4
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Table 12.2 Preferable adaptation options that address the unique features of adaptation 
Adaptation options that address deep 
uncertainty issues 

Adaptation options that address indirect 
benef it i ssues 

Adaptation options that address l ong time 
horizons 

• Have net benefits, regardless of future 
climate 
• Include the possibility of low-cost safety 
margins 
• Can easily be changed, avoid lock-in 
• Fit with short-lived planning horizons, 
allowing repeats 
• Simplify or streamline d ecision-making 
complexity 
• Build toward wider range of variance, 
not average 
• Include inb uilt mechanisms for routine, 
periodic r eview 

• Involve mechanisms that lower direct costs 
to actors now, spread to, or share costs with 
future actors 
• Involve mechanisms that provide near-term 
benefits and address trade-offs 
• Facilitate cross-sector alignment and thus 
enable sharing of c osts and benefits 
• Lower transaction costs now, e.g., by 
allowing more frequent, smaller decisions 
resulting in learning and f amiliarity or 
through “mainstreaming”

• Identify options to fill the institutional gap 
• Involve mechanisms that bridge short-term 
horizons 
• Require periodic revisiting of decisions 
• Build in monitoring and evaluation, and 
establish agreed thresholds which—when 
reached—trigger subsequent adapti ve action 

Source: Adapted from Walker et al. (2010) 

makers, i.e., they remain objective in the sense of not im-
posing their values on a decision. Scientists—as citizens— 
have no more a voice than other citizens. Rather, to be 
useful and decision-relevant, scientists assist better decision-
making. They do so not only by conducting research to an-
swer decision-relevant questions but by helping to facilitate 
a process in which all voices are heard and given appropriate 
consideration so that the decision and its consequences be-
come clearer to all involved. They support joint fact-f inding 
and knowledge coproduction and assist in making risks, 
uncertainties, and decision consequences meaningful (Hilger
et al., 2021). 

12.6 Summary and O utlook 

This chapter examined the ways in which uncertainties in and 
beyond sea-level rise science can, but does not necessarily, 
delay coastal adaptation action and how scientists can work 
more effectively with coastal practitioners and communities 
to make uncertainties intelligible and decision-relevant while 
still facilitating action. The argument launched from a review 
of an outdated way of thinking wherein scientific uncertainty 
is thought to be “the problem,” i.e., the reason for delayed 
decision-making, resulting in an assumption that uncertainty 
needs to be reduced in order to see “right action.” With 
limited empirical evidence to support this simplistic assump-
tion, the chapter then proposed an alternative paradigm that 
more adequately captures the role of (uncertain) science 
in decision-making. It showed how scientific uncertainty is 
transmuted in the political process into a “political certainty” 
so that it can bolster the case f or action or inaction, as the 
case may be. In this sense, uncertainty becomes “politically 
constructed.” Importantly, however, scientists are not just 
powerless bystanders to this process but can actively “co-
construct” the meaning, importance, and interpretation of 
uncertainty. While more science may be useful and some 

scientists are better a t advancing the knowledge frontier than 
public deliberation of adaptation options, this recommen-
dation shifts the attention from “doing more science” to
“working effectively at the science-policy interface.”

The chapter argued that there are not only uncertainties in 
all dimensions of climate risk assessment and coastal impacts 
research but also in all aspects o f coastal adaptation decision-
making and risk governance (Moser , 2005; Renn, 2008). 
Scientists must learn to navigate this complex territory with 
greater sophistication, drawing on what is understood about 
how people process information, form judgments, and make 
decisions in the real world. With that understanding, scien-
tists can more usefully support coastal decision-making by 
helping to identify coastal adaptation priorities, address the 
unique aspects of adaptation, and identify and assess possible 
adaptation options suitable in different coastal contexts. At 
minimum, the shift that the chapter proposes is thus one 
from a “scientifically rational” decision-making paradigm 
to a “politically rational” one. Maybe more important even 
is the move away from seeing (or drawing) a sharp line 
between the scientific and the decision-making processes to 
seeing the two as transactionally and relationally intertwined. 
It asks that both scientists and decision-makers get better at 
working with each other . Then, uncertainty can no longer be 
seen as being inherently important to decision-making but 
as a condition that attains cocreated political significance. In 
short, no knowledge is inherently valuable; no knowledge is 
inherently “certain enough” for action; and no uncertainty is 
inherently decision-relevant or decision-limiting. Instead, all 
forms of knowledge can attain value in someone’s eyes, in 
some contexts; all knowledge can be “good enough” to act
on; and all certainties and uncertainties can bemade decision-
relevant.

This implies—for both the coast and for other sectoral 
contexts—not only a different kind of training of scientists 
and decision-makers to b uild the necessary skills. It also 
demands doubled ef forts in strengthening, normalizing, and
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institutionalizing science-policy interactions. In the face of 
accelerating climate changes, there is no time to lose in 
making sophisticated science-policy interactions common-
place so that trust and familiarity are established as the 
foundational c onditions for the difficult choices coastal com-
munities now face in an al ways-uncertain and increasingly 
high-stak es environment.
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13Uncertainty in Determining Impacts of Climate 
Change on Human Health

Kristie L. Ebi ,  Mary  H.  Hayden ,  Morgan  E.  Gorris , 
Christopher K. Uejio , and Jennifer V anos

13.1 Introduct ion

Changing weather patterns are altering the population bur-
den of climate-sensitive injuries, illnesses, and deaths and 
impacting health systems and access to healthcare. The health 
impacts can be direct (heat, flood, wildfire, storms, and 
drought), ecosystem-mediated (vector-borne diseases, food-
and water-borne infections; air quality), or involve human
agency (e.g., undernutrition, migration, and conflict) (Cisse
et al., 2022). Climate change can also reduce access to and 
jeopardize critical infrastructure (e.g., water and sanitation 
services, hospitals, healthcare facilities) and destabilize sys-
tems that maintain population health (e.g., flooding events 
that reduce food security, or sea-level rise in coastal re-
gions that limits access to healthcare). Risks to population
health and health systems arise from the interactions of
climate-related hazards with the vulnerability of individuals,
communities, facilities, and geographic regions exposed to
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those hazards; and the capacity to prepare for and effectively 
manage the associated risks. For each health outcome, a 
mix of interventions can be implemented along the pathways 
from exposure to health impact, which are affected by vul-
nerability and capacity to manage. Inherent uncertainties in
data, analyses, models, and health system responses, as well
as projections of health risks of climate change, should be
factored into health decision-making to increase resilience
and health equity.

The chapter first outlines a framework for understanding 
the health risks of climate change and then discusses sources 
of uncertainty in projecting health risks and of incorporating 
uncertainties into health decision-making. The chapter ends 
with a b rief discussion section highlighting the importance of
proactive, timely, and sufficient investments to reduce health
risks in a changing climate.

13.2 Framework for Understanding 
the Health Risks of Climate Change

Any health outcome that is climate-sensitive could be 
affected by a changing climate. The extent to which 
climate-related hazards affect population health and health 
systems depends on various interacting environmental, 
socioeconomic, and health factors and trends. Climate 
change is a risk multiplier that interacts with upstream 
determinants of exposure and vulnerability, including 
environmental factors (e.g., air pollution, land use c hange,
biodiversity loss, and desertification), socioeconomic factors
(e.g., demographic change, economic growth, investments
in science and technology development, urbanization,
and inequities), and vulnerability and susceptibility (e.g.,
population health status, social infrastructure, and political
commitment) (Haines & Ebi, 2019). Each of these factors has 
multiple components that may affect the burden of climate-
sensitive health outcomes a nd the effectiveness of health
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Table 13.1 Exposure pathways with e xamples of health outcomes

Exposure pathway Examples of health outcomes
Extreme weather and 
climate e vents

Injuries, fatalities, mental health effects, 
reduced functioning of or access to
healthcare facilities

Heat stress Heat-related illnesses and death; 
exacerbation of existing chronic diseases; 
injuries; reduced labor capacity, income,
and nutrition

Air quality, including 
air pollution a nd
aeroallergens

Exacerbations of asthma and other 
respiratory diseases, respiratory aller gies,
cardiovascular disease

Water quality and
quantity

Campylobacter infection, cholera, 
cryptosporidiosis, harmful algal blooms, 
leptospirosis, viruses, salinity and heavy
metal (e.g., arsenic) poisoning

Food safety and
security

Undernutrition, salmonella food poisoning, 
campylobacter infection

Vector distribution and
ecology

Dengue; malaria; Zika, Lyme disease; 
chikungunya; rift valley fever; hantavirus 
infection; West Nile infection; outbreaks
affecting the functioning of healthcare
facilities

Social factors Physical and mental health effects of violent 
conflict, civil unrest and forced migration

systems, such as the extent to which urban growth plans 
address the quality of housing stock. Together, these factors 
interact to affect exposure pathways that determine the 
magnitude and pattern of climate-sensitive health outcomes 
at various scales, including extreme weather and climate 
impacts, heat stress, air quality, water quality and quantity,
food security and safety, vector distribution and ecology, and
social factors that can exacerbate or ameliorate conflict and
migration (see Table 13.1). The level of climate resilience of 
health systems then determines the extent to which climate-
related shocks and s tresses impact population health and
access to and functioning of healthcare infrastructure.

Natural and human systems are deeply integrated, requir-
ing systems-based approaches to understand the scale of 
the challenges and the options to manage. Humans affect 
natural systems that, in turn, can alter population health. 
For example, essential nutrients, including carbohydrates,
proteins, fats, vitamins, and minerals, are required for human
health and development (Ebi, Anderson, et al., 2021). Inad-
equate intake can negatively affect development and result 
in a wide range of adverse health outcomes. At the same 
time, human land use directly affects more t han 70% of
the global, ice-free land surface that supplies food, fresh-
water, and other nature services (IPCC, 2019). Global pop-
ulation growth and changes in per capita consumption of 
food, feed, fiber, timber, and energy have caused unprece-
dented rates of land and freshwater use. A bout 23% of
total anthropogenic greenhouse gas emissions derive from
agriculture, forestry, and other land use (IPCC, 2019). In-
creased carbon dioxide emissions are reducing the nutri-

tional quality of major cereal crops, including wheat and 
rice, that are projected to affect millions of people later
this century (Ebi, Anderson, et al., 2021). Changing tem-
perature and precipitation patterns, particularly in tropical 
regions, are decreasing crop yields, leading to increasing 
rates of food insecurity in vulnerable countries and regions. 
Climate change also impacts food security through loss of 
livelihoods. A better understanding of this complex food-
health-climate system requires addressing data and knowl-
edge gaps surrounding plant biology and policy responses. 
There are limited data on nutrients other than protein, iron, 
and zinc, leading to a limited mechanistic understanding 
of the response of plants to elevated carbon dioxide con-
centrations. Further, data are largely missing on nutritional 
status and food safety in lo w- and middle-income countries,
limiting assessments of the magnitude of the risks. Transdis-
ciplinary research involving at least ecologists, plant phys-
iologists, economists, and experts in human nutrition is es-
sential for developing a systems-based understanding of the
potential impacts on human nutrition and the attendant con-
sequences for achieving food security as part of the sustain-
able development goals (SDG 2: Zero Hunger; https://www. 
un.org/sustainabledevelopment/hunger/). This example pro-
vides context for the complex nature of understanding the 
direct and indirect connections between climate change and
health outcomes in diverse settings.

13.3 Sources of Uncertainty in Projecting 
Health Risks of Climate Change

There are multiple sources of uncertainty when projecting 
how the magnitude and pattern of health risks and impacts
on healthcare infrastructure would change with additional
climate change, including:

• Health data access and quality.
• Quantifying relationships between weather/climate data

and health outcomes.
• Modeling weather/climate and health.
• Future development (e.g., infrastructure) and population

growth/dynamics.
• Spatial scales of data and impact on decision-making at 

differing levels/scales.

Figure 13.1 illustrates the compounding uncertainties in 
projecting health risks of c limate change.

13.3.1 Health Data

As with all data, there are uncertainties in the accuracy and
completeness of health data. An outbreak of an infectious
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Fig. 13.1 Compounding uncertainties in projecting the health risks of
climate change

disease following a flooding event is an example wherein 
completeness and accuracy of epidemiological data are often 
lacking: it is likely that not all infectious disease cases were 
identified and accurately diagnosed because (1) individuals 
may have c hosen not to visit a healthcare provider, (2) the
disease was misdiagnosed, or (3) health systems were too
overwhelmed to accurately record the information.

Mortality associated with extreme heat is another 
example. The official statistics from the Centers for Disease 
Control and Prevention (CDC) state t hat more than 600
people in the USA die annually from extreme heat (https:// 
www.cdc.gov/disasters/extremeheat/index.html), yet the 
National Weather Service estimates merely 158 deaths
annually from extreme heat (https://www.weather.gov/ 
hazstat/), and Maricopa County in Arizona alone reports 
229 deaths annually from extreme heat since 2016 (https:// 
www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404). 
However, epidemiological modeling used to estimate excess 
deaths from high ambient temperature indicates that about 
12,000 heat-related mortality deaths occur annually in
the USA (Shindell et al., 2020). These varying numbers 
underline the inherent uncertainty in quantifying current 
(and thus future) impacts of extreme heat on human health. 
There is an immediate need to align these numbers using 
a systematic method for identifying heat-caused and heat-
associated deaths across counties, which involves medical
examiner or coroner decision-making/approaches and
accounting for underlying illnesses and contextual factors
of death (location, timing, activities, etc.).

Human disease case data are collected through disease 
surveillance systems, wherein human case reports are entered 
into a system and shared among levels of public health (local, 
state, territorial, federal, and international). These systems 
aim to monitor, control, and prevent the occurrence and 
spread of state-reportable and nationally notifiable infectious 
(and some noninfectious) diseases and conditions. In the 
USA, common surveillance systems include the CDC, N a-
tional Notifiable Diseases Surveillance System (NNDSS),
Environmental Public Health Tracking Network, and the
National Syndromic Surveillance Program (Centers for Dis-
ease Control and Prevention, 2021). Recent federal govern-
ment efforts have focused on providing near-real-time data 
and proactiv ely forecasting influenza and COVID-19 (CDC;
https://ephtracking.cdc.gov/Applications/heatTracker/). 

Data surveillance programs are either passive or active
(Murray&Cohen, 2017). Passive disease surveillance occurs 
when cases are reported to a public health agency through a 
reporting system upon patient diagnosis. Active data surveil-
lance occurs when public health staff seek out and receive 
reports of disease cases, including calling or visiting health 
facilities or i nterviewing patients. Combining these two data
surveillance programs into the same analysis may result in
spatial and temporal statistical bias in the human disease data.

Disease surveillance systems are subject to two major 
uncertainties: under-ascertainment and underreporting. First, 
at the community leve l, not all cases seek healthcare, lead-
ing to under-ascertainment (Gibbons et al., 2014). Often, 
a person may not be symptomatic or have mild symptoms 
and can recover without seeking medical care. As a result, 
reported disease cases tend to be more serious. Second, at 
the healthcare level, there is a failure to adequately report
symptomatic cases that have sought medical advice, causing
underreporting (Gibbons et al., 2014). Underreporting may 
be due to human error in entering disease billing codes into 
the system, physician awareness, or differences in diagnostic 
testing or uncertainties (false-positives or false-negatives) in 
the diagnostics. These issues could result i n spatial hetero-
geneity in disease reporting. Disease cases may be labeled as
suspected, probable, or confirmed to address differences in
diagnostic practices.

Because not all states in the USA are required to report 
each disease, there is spatial heterogeneity in human disease 
case data. Furthermore, the location where a case was con-
tracted and where the official case report is submitted does 
not always match and could be based on where t he case
resides; hence, spatial noise exists in the data. Such spatial
heterogeneity and noise in the data can result in incongruent
decision-making to mitigate current or future health impacts
in a given location (Solís et al., 2017). Further, the diseases 
that are nationally notifiable are subject to change and may 
cause a temporal gap in reporting. Federally funded facilities
and tribal governments are not required to report cases to lo-

https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.cdc.gov/disasters/extremeheat/index.html
https://www.weather.gov/hazstat/
https://www.weather.gov/hazstat/
https://www.weather.gov/hazstat/
https://www.weather.gov/hazstat/
https://www.weather.gov/hazstat/
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://www.maricopa.gov/ArchiveCenter/ViewFile/Item/5404
https://ephtracking.cdc.gov/Applications/heatTracker/
https://ephtracking.cdc.gov/Applications/heatTracker/
https://ephtracking.cdc.gov/Applications/heatTracker/
https://ephtracking.cdc.gov/Applications/heatTracker/
https://ephtracking.cdc.gov/Applications/heatTracker/
https://ephtracking.cdc.gov/Applications/heatTracker/


140 K. L. Ebi et al.

Fig. 13.2 Pathway from weather or climate event to reported climate-sensitive health outcomes

cal health agencies (McCotter et al., 2019), so disease counts 
of particular populations, including Indigenous people, may 
not be accurately reflected within US surveillance data.

Disease vector data and vector surveillance programs are 
other common forms of health data used for climate change 
and human health analyses, especially because climate 
change is projected to change the distribution, abundance, 
and seasonality of disease vectors and pathogens. Disease 
vector taxonomy, especially before advanced genomic 
sequencing, was frequently identified by eye and subject 
to incorrect assignment. Where disease vectors are surveyed 
and collected often coincides in urban and suburban areas 
where people a re; hence, there is often a spatial bias in
vector sampling. Additionally, different vector surveillance
techniques are used for data collection, which can bias their
results. For example, some types of mosquito traps yield a
higher abundance and diversity than others (Giordano et al.,
2020). 

A more comprehensive and strategic approach is needed 
to build the public health surveillance capacity to climate
change and its compounding impacts on human health
(Moulton & Schramm, 2017). 

Figure 13.2 illustrates the pathway from a weather or 
climate e vent to reported health outcomes.

13.3.2 Quantifying Relationships between 
Weather/Climate a nd Health

The limited number of published studies reporting climate 
and health exposure-response (e.g., damage) functions is 
one of the largest challenges in linking health outcomes to 
climate-related factors, thus resulting in modeling uncertain-
ties. Even for relatively well-studied systems, such as air 
pollution (e xtreme heat-relatedmorbidity andmortality is an-
other example), there are still critical knowledge gaps related
to emission factors, fuel load, and combustion completeness
(e.g., McCarty, 2011) and the specific impacts on health. 
Intuitively, exposure-response functions are best suited for 
the place in which they w ere derived and should only be
judiciously extrapolated to other locations.

There is an immediate need for multidisciplinary research 
teams with a deep understanding of the Earth system pro-
cesses and climate metrics to estimate exposure-response 
functions more accurately. For example, public health re-
searchers may not be aware that ground-based rain gauges
can contain 10–40% errors in temperate regions (Aguado
& Burt, 2000). Some guidance is available on appropri-
ate environmental metrics for human health applications, 
but more cross-disciplinary f ertilization would be beneficial
(e.g., Davis et al., 2016). For example, the misapplication of 
gridded climate datasets obscured the positive climate warm-
ing a nd malaria transmission association in Kenya (Omumbo
et al., 2011). This association was only revealed by cocre-
ating local climate at the same analysis level as the health
outcomes.

Generally, common statistical methods (e.g., time series 
analysis, case-crossover study designs) for developing 
e xposure-response functions produce similar results (Lu &
Zeger, 2007). Nonetheless, results are strongly influenced by 
key statistical model choices such as the exposure-response 
functional form (e.g., linear, nonlinear, threshold-based)
and lag between exposure and onset of symptoms (e.g.,
Krow-Lucal et al., 2017). Theoretical, experimental, and 
observational studies indicate that environmental exposures 
and/or infectious disease risks are frequently nonlinear. 
Simplifying nonlinear relationships as linear or threshold-
based introduces statistical bias into the analysis (e.g.,
Vicedo-Cabrera et al., 2019). Time series methods such 
as distributed lag nonlinear models or generalized additive 
mixedmodels are popular for considering different exposure-
response functional forms and temporal lags (e.g., Gasparrini
et al., 2010). 

13.3.3 Modeling Climate Change and H ealth

Climate models project various plausible climatic conditions 
based on greenhouse gas emission growth trajectories (rep-
resentative concentration pathways). Projecting the future is
inherently uncertain due to natural climate variability (e.g.,
El Niño Southern Oscillation), scientific uncertainty (e.g.,
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climate model sensitivity to greenhouse gases, feedbacks), 
and societal choices (e.g., population growth, consumption, 
degrowth) (see chapters in this volume byMorris andMonier, 
Lehner and Deser, and Forest and Collins). To provide an 
analogy, future COVID-19 cases are related to natural vari-
ability, scientific uncertainty (e.g., emergence of new strains 
or variants, waning immunity, protection against reinfection,
etc.), and social choices (e.g., proportion of the population
vaccinated and boosted, mask-wearing, social distancing)
(see Box 13.1). 

Box 13.1: COVID-19 

COVID-19 highlighted the importance of recognizing 
and accommodating uncertainty given the system com-
plexity with multiple interacting components, includ-
ing nonlinear interactions. The complexity of COVID-
19 translated into day-to-day uncertainty about the 
optimal steps to r educe transmission in a dynamic and
unpredictable system whose components adapt read-
ily to interventions (Rutter et al., 2020). Transparent 
reporting and data surveillance are critical first steps 
to understanding the scope and breadth of any out-
break. However, from the beginning of the COVID-
19 outbreak, uncertainty has been a hallmark of the 
response because of the inherent limitations of ha ving
accurate health surveillance data with a novel pathogen
that did not have approved testing available (Koffman
et al., 2020). These known limitations require scientists 
to acknowledge the uncertainty in the data and in the 
proposed interventions while doing so in a transparent 
manner that allows for scientific debate as to the next 
best steps. This transparency in data limitations also 
allows the public to recognize that COVID-19 (or 
any novel pathogen) is evolving alongside scientific 
thought as to the best adaptive behaviors to reduce the 
risk of transmission. Without the acknowledgment of
uncertainty, the scientific community risks rejection of
proposed interventions, spread of disinformation, and
a tainted view of the scientific process.

The lessons learned from the COVID-19 response
can readily be transferred to approaching uncertainty
in the climate system (Klenert et al., 2020). There is a 
great need to educate the public about uncertainty and 
its place in the scientific process (see Broomell et al. 
in this volume) and about the n eed for collective action
to reduce future impacts of climate change and novel
pathogen introductions.

13.3.4 Future Developmen t

Perhaps the largest source of uncertainty in projecting fu-
ture health risks involves the extent of action that societies 
will take to move toward a more resilient and sustainable 
future, including changing demographic patterns, economic 
growth, urbanization, investments in research and technology 
development, and other factors. The shared socioeconomic 
pathways (SSPs) are used by the climate change community
to describe the socioeconomic factors that will alter future
burdens of climate-sensitive health outcomes and the status
of healthcare infrastructure (Sellers & Ebi, 2017). The SSPs 
describe potential futures that diverge on axes of increasing 
challenges to adaptation and mitigation. These potential fu-
tures range from very optimistic, where governments can de-
velop sustainable futures that provide the baseline to facilitate 
mitigation to climate change while adapting to its impacts 
(SSP1), to very pessimistic, where governments must con-
front the effects of increasingly severe climate impacts and 
events while lacking the political will or resources to invest 
in adaptation or mitigation measures, resulting in poor health 
outcomes (SSP3) (see also Morris and Monier, this volume).
The building blocks of health systems also vary dramati-
cally across the SSPs, from proactive, adaptively managed,
interdisciplinary, and strong North-South partnerships under
SSP1 to reactive, failure to adapt, and siloed information
channels and national governance under SSP3.

Ebi, Boyer, et al. (2021) applied a synthesis approach used 
in the Intergovernmental Panel on Climate Change (IPCC) 
assessment reports to illustrate how six health risks could 
change with further temperature increases under three adap-
tation scenarios: heat-related morbidity and mortality, ozone-
related mortality, malaria incidence rates, incidence rates of 
dengue and other diseases spread by Aedes sp. mosquitos, 
Lyme disease, andWest Nile fever. Adaptation can reduce the 
magnitude of risks as they increase with additional climate 
change. Transitions from detectable and attributable risks to 
severe and widespread risks related to heat could manifest 
even at warming o f less than 1.5 ◦C above preindustrial tem-
peratures andwill continue to develop at warming levels up to
about 2.5 ◦C, depending on the extent to which adaptation is
proactive, timely, and effective (Ebi, Boyer, et al., 2021). The 
high adaptation scenario that emphasizes international co-
operation toward achieving sustainable development has the 
greatest potential to avoid significant increases in risks under 
all but the highest warming scenarios; even then, there will 
be residual risks for health systems to manage. The analysis
provides insight into possible limits for adaptation. For ex-
ample, additional warmingmay lead to expansion or northern
range shifts of tick species capable of transmitting pathogens
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that cause Lyme disease that, combined with underprepared 
or overburdened health systems, could lead to communities 
in certain regions being overwhelmed by disease outbreaks
(Cisse et al., 2022). 

13.3.5 Spatial Scales of Importance for 
Decision-Mak ing

The misalignment of climate analysis levels/scales may in-
troduce statistical bias into climate change and health projec-
tion studies. Projections may apply temperature/precipitation 
averaged over a large area (50 km2) to exposure-response 
functions developed from a single weather station or city with 
different statistical properties or found at a different location 
than the reported health data. Generating higher spatial reso-
lution projections (“downscaling”) (see Fowler and Mearns, 
this volume) can serve the dual purposes of aligning analysis 
scales and statistically debiasing the climate projections (for 
statistical downscaling), thus supporting c ongruent decision-
making to reduce climate-related health outcomes.Moreover,
low- and middle-income countries (LMICs) often lack spa-
tially representative or accurate health and weather infor-
mation resulting in minimal data to leverage for decision-
making now or within projections. For example, Green et al.
(2019) found gaps in the representation of LMICs in heat-
impact assessments.

13.4 Incorporating Uncertainties into 
Decision-Mak ing

Avoidable injuries, illnesses, disabilities, diseases, and deaths 
caused by climate change show that many individuals, com-
munities, and health systems are not prepared for the current 
or future health impacts of climate change, demonstrating
the presence of an adaptation gap (Cisse et al., 2022;  Eb  i,
2020; Romanello et al., 2021; United Nations En vironment
Programme, 2018). Limited human and financial resources 
and a lack of health adaptation research ha ve constrained
needed progress (United Nations Environment Programme,
2018; World Health Organization (WHO), 2021a). 

TheWorld Health Organization climate change and health 
surveys chart progress toward preparing health systems for 
climate change impacts. The 2021 survey concluded that 
national planning on health and climate change is advancing, 
but the comprehensiv eness of strategies and plans needs to
be strengthened (WorldHealth Organization (WHO), 2021a). 
For example, only 47 (52%) of 91 countries surveyed had a 
national health and climate change plan or strategy and thus 
implementing action on crucial health and climate change 
priorities remains challenging. The main obstacle is lack of 
climate finance for h ealth-related adaptation, with less than

0.5% of international adaptation funding going to the health
sector, and equally limited research funding in biomedical
sciences for climate change and health (Romanello et al.,
2021; United Nations Environment Programme, 2018). 

Given the current adaptation gap and projected increase in 
health risks, a rapid scaling up of efforts is needed to increase 
the resilience of health systems and empower individuals and 
communities to protect health, using iterative risk manage-
ment approaches that explicitly consider the range of possible 
climate futures. To build climate-resilient and environmen-
tally sustainable health and healthcare systems, adaptation 
approaches need to address the building blocks of health and 
healthcare systems: (1) leadership and governance; (2) health 
workforce; (3) health information systems, including vul-
nerability, capacity, and adaptation assessments, integrated 
risk monitoring, and early warning a nd response systems; (4)
service delivery, including climate-informed health policies,
plans, and programs and management of the environmental
determinants of health; (5) the availability and accessibility
of complementary social services; (6) climate-resilient and
sustainable technologies and infrastructure; and (7) financing
and investment (World Health Organization (WHO), 2020). 

The first foundational step toward building resilience 
for most health departments and ministries is conducting 
a climate change and h ealth vulnerability and adaptation
(V&A) assessment (World Health Organization (WHO),
2021a). V&A assessments establish a knowledge base of 
current and projected health risks for:

• Developing, implementing, monitoring, and evaluating 
the effectiveness of adaptation options in the context of
a changing climate.

• Identifying particularly vulnerable populations, regions, 
and healthcare infrastructure.

• Detailing the capacity of systems, organizations, and com-
munities to prepare for and manage changes in the mag-
nitude and pattern of climate-related risks.

The process of conducting these assessments must involve 
partnership building within the health sector to ensure the 
integration of climate change into relevant policies and pro-
grams, such as vector control or maternal and child health 
programs. The process also builds partnerships across non-
health sectors to collaboratively develop decision-support 
tools such as early warning and response systems and to 
ensure decisions taken in these sectors promote health and 
well-being by using a health-in-all-policies approach. An 
outcome of V&A assessments is prioritized adaptation strate-
gies, policies, and programs, with implementation plans over
short to longer terms that incorporate mid-course corrections
to reflect changing uncertainties about the magnitude and
pattern of climate change and the consequences of develop-
ment choices (World Health Organization (WHO), 2021b).
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13.5 D iscussion

The increasing scale and pace of current and projected cli-
mate change impacts require determined efforts to rapidly 
scale-up actions to protect health andwell-being, as well as to 
protect access to and functioning of healthcare infrastructure. 
Designing effective adaptation options requires explicit con-
sideration of the wide range of uncertainties in data, models, 
analyses, and actions by individuals, communities, and health 
systems. Actions are needed to assess risks and vulnerabil-
ities to current and future impacts, to identify populations 
that suffer disproportionately, and to develop, implement, and 
evaluate required interventions. The increasing complexity 
and severity of risks t hrough, for example, compounding
or cascading events, requires that health decision-makers
work closely with those in other sectors to shape essential
determinants of health and develop climate resilient and low
carbon health systems. (e.g., Mathews et al., 2019). This 
process will create new demands on technical knowledge, 
infrastructure, and capacities and will require enhanced and 
novel surveillance to strengthen the iterative management 
of climate change risks to health. Proactive, timely, and 
sufficient inv estments in research, data access, and adaptation
are critical to ensuring that individuals, communities, and
health systems can prepare for a rapidly changing climate.
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14Uncertainty and Socioeconomic Vulnerability 
to Climate C hange

Kirstin Do w , Paty Romero-Lankao , and Olga Wilhelmi

14.1 Introduct ion

As climate change expresses itself in waysmore apparent and 
compelling to all communities, the pressure to act to reduce 
risks and vulnerabilities is increasing. Correspondingly, the 
goal of understanding and potentially reducing or most ef-
fectively managing uncertainty associated with vulnerability 
to climate change is becoming more prominent. Qualitative 
and quantitative vulnerability analyses are frequently used 
to better understand the past, present, and future impacts of 
environmental stressors on groups of people, infrastructure, 
and ecosystems; to inform decision- and policymakers about 
how to mitigate these impacts; and to guide interv entions
seeking to build community resilience. The related disaster
risk reduction and climate adaptation debates and decisions
are likely to be contentious as they may aggravate existing
inequalities and redistribute resources, benefits, and costs
under changing conditions. These raise the broader social
significance of making uncertainties within vulnerability as-
sessment more transparent.

This chapter examines concepts of uncertainty in relation 
to socioeconomic vulnerability to climatic hazards. It dis-
cusses different types and potential sources of uncertainty
in vulnerability assessments. A pair of cases considering
vulnerability to flooding examine how uncertainty about
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vulnerability is reflected in policy processes. The first case 
focuses on how uncertainty in legal authorities and obli-
gations influences the vulnerability of communities to the 
impacts on roads of sea level rise-related flooding. This 
relates to our limited understanding of the interacting factors 
and actions shaping vulnerability and flood risk. The second 
case illustrates how two sources of uncertainty can limit 
stakeholders’ actions in building climate resilience. This
results from different ways of knowing, or how we come
to know the world and our relationship to it, and actions
involved in mitigating present climatic risks and adapting to
future risks.

14.2 Intersections of Socioeconomic 
Vulnerability and Uncertain ty

Natural hazard and climate change vulnerability analyses are 
critical steps in disaster risk reduction and climate change 
adaptation. These analyses may also inform priority setting 
and identify opportunities. Research in vulnerability, with
various schools of thought, includes different framings, the
characterization of indicators, and the analytical approaches
(Cutter, 2012; Peduzzi et al., 2009; Romero-Lankao et al.,
2012). In climate change research, the IPCC (2014) defined 
vulnerability as “the susceptibility to be harmed... the degree 
to which a system is susceptible to, and unable to cope with, 
adverse effects..., including climate variability and extremes. 
Vulnerability is a f unction of the character, magnitude, and
rate of the threat to which a system is exposed, its sensitivity,
and its adaptive capacity.”

Following this definition, in this chapter, we approach 
vulnerability as amultidimensional concept reflecting the dy-
namic processes that create exposure, sensitivity, and adap-
tive capacity among groups, sectors, and communities. Vul-
nerability analyses are an important mechanism to evaluate
risk or the potential for consequences from hazardous events
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(Thomas et al., 2020; IPCC, 2014) and to inform hazard 
mitigation and climate adaptation. However, vulnerability 
is complex and inherently uncertain. While uncertainty in 
vulnerability analyses and risk modeling has been generally 
emphasized in the literature, uncertainty in socioeconomic 
vulnerability has not received as much attention as that given
to uncertainty in climate prediction, weather forecasting, or
decision-making (Dilling et al., 2018). After several decades 
of theoretical and empirical work, vulnerability assessments, 
and the introduction of vulnerability science (Cutter, 2003), 
some scholars recognized “capturing socioeconomic uncer-
tainty” as one of themain challenges in vulnerability research
(Eakin & Luers, 2006). 

The discussion about uncertainty in vulnerability and fo-
cused efforts to categorize and quantify uncertainty in vulner-
ability have only gained momentum in the last 15 years (Patt
& Dessai, 2005; Eakin & Luers, 2006; G all, 2007, V incent,
2007; Eakin & Bojorquez-Tapia, 2008;  Ave  n, 2011;  Tate  e  t
al., 2011; T ate, 2013). These efforts at conceptualization and 
categorization of uncertainty differ based on d iscipline or
research focus (e.g., Bijlsma et al., 2011; Di Baldassarre et
al., 2016; Lempert et al., 2004; Patt & Dessai, 2005; Pedde 
et al., 2019). In part, this progress can be attributed to a 
greater emphasis on a socio-ecological system perspective
(Turner et al., 2003), climate change adaptation ( Vincent,
2007), and complex and cumulative effects of cascading
disasters (Thomas et al., 2020). As emphasized by Adger 
and Vincent (2005) and recently illustrated by the COVID-
19 pandemic, uncertainties associated with economic, social, 
and political systems and human behavior have much greater
range compared to the range of uncertainties associated with
the physical (climate) system alone.

14.3 Characterizing the Nature 
of Uncertainty Related 
to V ulnerability

Many terms capture aspects of uncertainty (e.g., risk, sur-
prise, ignorance, imprecision, and ambiguity). Based on Doll
and Romero-Lankao et al. (2016), we classify the forms of 
uncertainty into three categories:

1. Epistemic uncertainty is caused by limited knowledge. 
Following Bijlsma et al. (2011), we distinguish two 
types of relevant epistemic uncertainties: substantive 
uncertainty or limited knowledge about the substance 
(content, subject matter) of the vulnerability problem and 
process uncertainty related to how lack of kno wledge
about how the actions of participants in a process or those
of actors at high levels will influence vulnerability.

2. Ambiguity is uncertainty arising from multiple legitimate 
conceptualizations and framings of vulnerability, such that 

even in the absence of epistemic uncertainty not ev eryone
should or could agree on what vulnerability is (Brugnach
& Ingram, 2012; Kwakkel et al., 2010; Renn, 2008;  Renn  
et al., 2011; Sword-Daniels et al., 2018). 

3. Ontological uncertainty, also called random, stochastic, or 
aleatoric uncertainty, refers to the inherent variability of 
human or natural systems (Ascough et al., 2008). Onto-
logical uncertainty in vulnerability is due to the stochastic 
nature of weather, climate, and society that makes it diffi-
cult to predict the occurrence of both a hazard o r stressor
and the societal and environmental conditions and human
behaviors at the time of the hazard.

To a greater or lesser degree, all understandings of vul-
nerability, regardless of a framing or a school of thought, are 
surrounded by these types of uncertainties. High uncertainty 
in vulnerability stems from a number of factors related to the 
dynamic nature of exposure, sensitivity, and capacity. As it is 
related to risks, what is vulnerable also depends on what is
valued—health, wealth, and equity—and on how it is framed.
Some aspects, such as social capital, can be viewed as “po-
tential energy” or latent traits that contribute to resilience
but are not fully activated (Cutter, 2016). Previous studies 
have attributed uncertainty to varying quantification meth-
ods, data availability, characteristics of indicators, research 
frameworks, multi-scalar issues, or definitions (Bijlsma et al.,
2011;  Tate  et al., 2011). 

Numerous methodological techniques attempt to charac-
terize the range of uncertainty. For example, stochastic prob-
ability techniques have been dev eloped to simulate climate
variability (e.g., Franzke et al., 2015), dynamic commodity 
prices, and other social environmental phenomena. Multi-
variate indices attempt to capture the vulnerability of groups,
livelihoods, and ecological and infrastructure systems (Cut-
ter, 2012). Analyses of the impact of policy scenarios on 
environmental risk a lso consider uncertainties (e.g., Baeza et
al., 2019). 

The potential to fully overcome analytical challenges is, 
however, questioned. As Berkes (2007, p. 284) has argued, 
socio-ecological systems are so complex that “our knowledge 
of them, and our ability to predict their future dynamics, will 
never be complete.” Some studies assert that vulnerability 
analyses promise more certainty, and more useful results,
than they can deliver (Patt et al., 2005). Discussion in the 
literature suggests different approaches to analyzing and
characterizing uncertainty (Romieu et al., 2010; see also 
Curry and Webster for other ways to address uncertainty). 
For example, Romieu et al. (2010) identify a set of frame-
works recommending dealing with high uncertainty through 
a precautionary-based approach related to vulnerability re-
duction. They also observe that others see high uncertainty as
requiring new decision-making tools (Romieu et al., 2010). 
Dilling et a l. (2018) argue that surprise arising from uncer-
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tainty, “is an unavoidable component of weather and climate 
disasters—one that wemust acknowledge, learn to anticipate, 
and incorporate into risk assessment andmanagement efforts. 
In sum, although it may seem paradoxical, w e should be
learning how to expect surprise.” Hardy and Hauer (2018) 
point to the need for more research on the most effective 
planning frameworks to foster adaptation decisions in the 
face of uncertainty. 

The following sections of this chapter introduce the topics
contributing to uncertainty (Bijlsma et al., 2011) and point 
to areas where efforts to reduce uncertainty are advancing, 
notably in the use of vulnerability indices. Issues related to 
theoretical frameworks where uncertainty persists are dis-
cussed and then two case studies that illustrate the impact 
of uncertainty on the understanding and management of 
vulnerability are presented. One case study considers the role 
of legal systems in shaping vulnerability where rather t han
aiming to reduce complexity to a level of predictability, new
riskmanagement approacheswill be needed. The second case
illustrates how both limited knowledge and different ways
of framing vulnerability can hinder stakeholders’ efforts to
build resilience.

14.4 Vulnerability Indices and Associated 
Uncertain ties

The complex, multidimensional nature of vulnerability en-
courages the use of aggregate or composite vulnerability 
indices—social analogs to the quantitative physical hazard
models (Tate, 2012). Various indices aim to quantify many 
types of vulnerability—such as social, biophysical, and insti-
tutional. Typical data in a vulnerability index include demo-
graphic characteristics such as number of children, women, 
elderly, with measures of exposure, infrastructure quality, 
social and institutional assets, and other site characteristics.
Despite widespread use of indices, however, our knowledge
about their robustness and reliability is limited (Tate, 2013). 
The selection, interpretation, and availability of indicators, 
used in construction of vulnerability indices, also vary, ne-
cessitating the use of proxy variables. Indicators of exposure, 
sensitivity and adaptive capacity may have varying signif-
icance in dif ferent settings (e.g., poverty carries different
implications in places with higher levels of social protection)
(e.g., Rohat et al., 2019; Wilby , 2017). 

Tate et al. (2011) and Tate (2012, 2013) further explore the 
partiality and uncertainty in vulnerability indices by expand-
ing the discussion about subjective weighting of indicators to 
other steps in index construction, namely, indicator selection, 
scale of analysis, measurement error, data transformation, 
normalization, weighting, and aggregation. He uses Monte 
Carlo-based uncertainty analysis to demonstrate that changes 
in input data and algorithms have the potential to alter the 

end results. His work shows t hat uncertainty analyses can
improve precision, transparency, and credibility of social
vulnerability indices. He argues that “Epistemic uncertainty
is associated with all vulnerability models. The lack of its
assessment and portrayal does not deny its existence” (Tate,
2013, p. 541). Efforts to assess the empirical validity of 
social vulnerability indices against Hurricane Sandy impacts 
show different spatial patterns depending on the vulnerability 
construct employed and identify the need for more research
on the validity of social vulnerability indices (Rufat et al.,
2019;  Fi  g. 14.1). 

Eakin and Bojorquez-Tapia (2008), Tate (2012, 2013), 
Romero-Lankao et a l. (2016), and others provide further 
important insights into uncertainty associated with vulner-
ability indicators and indices. Both Eakin and Bojorquez-
Tapia (2008) and Romero-Lankao et al. (2016) discuss the in-
herent subjectivity and uncertainty of assigning weights and 
aggregating indicators in vulnerability assessments. They 
argue that reducing uncertainty (and subjectivity) requires an 
approach that can handle the diverse types of input variables 
and can provide a basis for comparing, weighting, and ag-
gregating d iverse data into a single index. The multicriteria
analysis and fuzzy logic were used to illustrate this pro-
cess in rural Mexico (Eakin & Bojorquez-Tapia, 2008)  and  
Mumbai India (Romero-Lankao et al., 2016). For addressing 
weighting-related uncertainty in the assessment of flood risk 
and vulnerability in the city of Leipzig, Germany, Scheuer et
al. (2011) suggested combining systematic weights alteration 
and subsequent analysis of variation in the resulting index 
values with the validation by s takeholders, thus combining
quantitative and qualitative methods.

Different theoretical underpinnings and methodological 
approaches to vulnerability and associated uncertainty illu-
minate contrasting a spects of vulnerability and omit others
(see Eakin & Luers, 2006; O’Brien et al., 2007; Romero-
Lankao et al., 2012, 2016). Livelihoods and political ecology 
approaches place greater emphasis on the structural, insti-
tutional, cross-scale drivers of differences in populations’ 
vulnerability to hazards. In the natural hazards research com-
munity, r eliability of vulnerability analyses in part has been
addressed by validating the indices with impact data (e.g., de
Sherbinin et al., 2019; G all, 2007; Schmidtlein et al., 2011; 
Wilhelmi & Morss, 2013). While index validation helps to 
connect underlying social and environmental drivers to the 
negative impacts (e.g., mortality, economic losses, damages), 
the focus on impacts generally does not look explicitly at 
epistemological process uncertainties, such as inequality or
determinants of political power operating across social scales
and distance to influence variations in populations vulnera-
bility (Adger, 1999; Ribot, 2010). 

The climate change impacts, vulnerability, and adapta-
tion researchers have been tackling similar issues of the
difficulties of validating indicators, constructing a single
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Fig. 14.1 Social vulnerability indexes for New York and New Jersey 
census tracts affected by Hurricane Sandy. Source: Rufat, S.E. Tate, C. 
T. Emrich & F. Antolini, 2019: How Valid Are Social Vulnerability 
Models? Annals of the American Association of Geographers, copy-

right © 2019 by American Association of Geographers, reprinted by
permission of Informa UK Limited, trading as Taylor & Francis Group,
www.tandfonline.com on behalf of © 2019 by American Association of
Geographers

vulnerability metric, complex human-environment system, 
and the contextual nature of vulnerability (Adger & Vincent,
2005; Füssel, 2010; Patwardhan et al., 2009;  Flanagan  e  t
al., 2020;  Rohat  et al., 2019). Adger and Vincent (2005) 
and Vincent (2007) point out that the varying contexts of 
governance among places pose a challenge to developing 
reliable adaptive capacity indices at the scales required for 

adaptation decision-making. These issues are in addition to
the uncertainty involved in relying on scenarios and socioe-
conomic projections.

For example, Adger and Vincent (2005) state that un-
certainties in adaptive capacity can be significant due to 
limited knowledge about the direction of change in many
of the key input variables. They discuss vulnerability as a

http://www.tandfonline.com
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dynamic construct that is constantly shifting in response to 
changing environmental a nd social conditions. Adger and
Vincent (2005, p. 400) write, “it is apparent that uncertainty 
in the science of adaptation stems more from contested 
underlying theories of behavior, politics, and risk than of 
data and observa tion,” suggesting the significance of two
categories of uncertainty: epistemic and ambiguity. Patt et al.
(2005, p. 412) described how future uncertainties cascading 
upon each other increase the overall uncertainty, “even more 
so when translating natural system changes to t heir effects
on an uncertain social system.” In one effort to address
such uncertainty, Romero-Lankao et al. (2016) turned to a 
combination ofmethods for amore nuanced understanding of 
the multilevel socioeconomic, political, environmental, and 
infrastructural factors that a ffect inequality in vulnerability
and shed light on uncertainty.

14.5 Uncertainty Arising from A mbiguity

Uncertainty about who and what is vulnerable can also result 
from the already referred situations of ambiguity. Such am-
biguity exists when scientists and stakeholders frame vulner-
ability differently due to alternati ve disciplinary traditions,
value systems, expectations, experiences and forms of knowl-
edge (Kwakkel et al., 2010; Renn, 2008). Ambiguity remains 
even if epistemic uncertainty is addressed. Linguistic uncer-
tainty is a form of ambiguous uncertainty arisingwhen vague, 
equivocal, under-specified, and context-dependent notions of 
vulnerability, and the meaning o f words can change over time
(Ascough et al., 2008; Regan & Colyvan, 2000) and made 
more challenging when people do not share the same native
language.

Ambiguity is influential in the development of policy 
to reduce vulnerability. Policies to address vulnerability 
are faced with the challenge of moving decision-makers 
beyond their accustomed ways of framing and managing 
climate changemitigation and adaptation. For example, some 
decision-makers focus on projecting climate parameters 
(e.g., temperature and sea-level) and exploring adaptation 
options under different scenarios, while others focus on 
policies (e.g., infrastructure provision, health, and education)
that can reduce vulnerability to those hazards. Policy also
involves a collective engagement of disparate interests,
values, and power relations (Romero-Lankao et al., 2016). 
For instance, officials within sectors involved in managing 
climate risk, such as food, energy, water, disaster risk 
management, and urban planning hold diverse organizational 
and cultural values. They lack the incentives, rights, financial
resources, and responsibilities needed to work across sectors
and jurisdictions (Scott et al., 2015). Additionally, decision-
makers involved in disaster risk reduction and climate change 
adaptation policies lack interaction and coordination because 

of dif ferences in language and political culture (Schipper et
al., 2016). An examination of these factors is an essential 
first step to developing the skill sets, tools, funding, and 
incentives needed to foster effective risk mitigation and 
climate adaptation practices under uncertain climate and 
development dynamics. There is also frequently a mismatch 
between geographical and topical areas of concern and 
the jurisdiction or knowledge necessary to manage climate 
risks. For instance, large-scale hydropower generation, while 
managed to provide electricity to an urbanizing region, often 
creates problems of fit among service areas and multiple
water basins and externalities, such as risks of floods
and water scarcity, for outside regions and downstream
communities depending on water basins. Integration across
these lines creates the ever-present potential for conflict and
misunderstanding.

14.6 Case Study 1: Legal Uncertainty 
and Barriers to Vulnerability 
Reduc tion

The multi-scalar and dynamic traits of vulnerability are two 
major factors contributing to uncertainty. One source of 
uncertainty is the interactions of institutional, including le-
gal, processes moving at varied rates, sometimes slowed 
or accelerated by random physical or societal events, and 
covering diverse, occasionally poorly defined jurisdictions 
that can interact with the ability of institutional changes 
to alter socioeconomic vulnerability. These complex spatial
and temporal interactions come to the fore in consideration
of what laws enable or disincentivize a local government’s
willingness to act in different ways to reduce the vulnerability
of citizens.

Local governments face a variety of barriers to climate 
adaptation and vulnerability reduction. Lack of staffing ca-
pacity and funding are well documented barriers to adap-
tation (Nordgren et al., 2016) though the significance and 
duration of such barriers are uncertain. Smaller and more 
rural local governments are known to have capacity issues
affecting the well-being of citizens (Horney et al., 2017; 
Jurjonas & Seekamp, 2018), but these differences are not 
well-explored. A survey of local government practitioners in 
the USA also identified that regulations and laws at regional, 
state, and federal levels impede local government efforts to
prepare for climate change (Nordgren et al., 2016). Institu-
tional resistance to change (Barnett et al., 2015) or ambiguity 
and lack of consensus over policy goals can slow the pace of 
adaptive change.When adaptive change becomes slower than 
climate change, the pace of institutional responsiveness be-
comes a limit to adaptation (e.g., the ability of water utilities
to shift from a water provision orientation to one of strong
water conservation) (Barnett et al., 2015), introducing further
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uncertainty into the potential for timely implementation o f
strategies to reduce vulnerability.

The legal and regulatory institutions called out by local 
governments are slow-to-change institutions, perhaps not as 
resistant as some discussed by Barnett et al. (2015), but as 
common law courts, they build from precedent and decisions 
challenged over time at multiple levels. Adaptation can raise 
unanticipated or unresolved legal issues requiring engage-
ment with potentially lengthy and expensive legal processes. 
For example, litigation over one dilapidated coastal home that 
had been declared a public nuisance took 5 years and resulted
in a $1.5 million settlement, a figure that did not include legal
costs (Kusnetz, 2017). The institutional uncertainty over 
rights and jurisdictions coupled with the uncertain pace of 
resolution are emerging as significant factors in understand-
ing how institutional processes at higher scales influence the
dynamics of vulnerability at local and individual scales.

The maintenance of infrastructure is a key government 
service influencing vulnerability in many forms. For exam-
ple, even low magnitude flooding reduces the response times
of emergency responders in England (Yu et al., 2020). Safe 
and accessible roads support economic vitality; access to 
employment, medical care, and education; and, in extreme 
events, evacuation. Safe wastewater treatment systems pro-
tect public health by assuring proper treatment of wastes 
potentially containing harmful bacteria. Increased extreme 
rainfall events, more frequent tidal flooding, coastal storms, 
and s ea level rise are likely to place greater stresses on both
types of systems at risk to climate-related changes, increasing
community vulnerability to a diverse set of economic and
other losses.

Jones et a l. (2019) conducted a Southeast USA regional 
analysis of whether tort and local government law can both 
advance and hinder climate change resilience planning and 
climate adaptation efforts. In the USA, tort law refers to 
“A body of rights, obligations, and remedies that is applied
by courts in civil proceedings to provide relief for persons
who have suffered harm from the wrongful acts of others”
(Lehman & Phelps, 2004). Jones et a l. (2019, p. 81) find that 
“Our analysis of how roads are managed in our four-state 
study leads us to conclude that, even if a governmental entity 
wanted to make an adaptive choice—say repair, upgrade, 
or abandon a road—the laws as they currently exist make 
such choices difficult.” For local governments considering 
adaptive strategies, the laws create a dilemma of having a 
duty t o maintain roads and knowing that the failure to do so
could result in tort claims versus the potential to abandon
roads that are too expensive, impractical, or impossible to
maintain which could result in taking claims.

US Public tort law has been described as “a jerry-built 
structure, a patchwork, a doctrinal stew” (Schuck, 1983,  p.  
51; Jones et al., 2019). Ongoing sea-level rise challenges 
the assumption of unchangeable property rights in regulatory 

doctrine. In this way, the physical process of rising sea 
levels highlights the ideal of unchangeable property rights
as a clash with very real and drastic coastal transformation
(Byrne, 2012). The challenges of both of these areas of 
law as related to adaptation represent a major barrier with 
significant potential to d elay adaptive actions and, in the
process, increase the duration and magnitude of some forms
of vulnerability.

14.7 Case Study 2: Epistemic Uncertainty 
Joins Ambiguity in Boulder CO

In September 2013, Boulder County, Colorado, USA, expe-
rienced unprecedented, week-long rainfall corresponding to 
about 80% of its annual average (MacClune et al., 2014). 
The resulting flood caused the evacuation of 18,000 people, 
the destruction of 688 homes, and damages to an additional 
9900. The flood unequally affected people and places, hit-
ting mountain communities such as Lyons and Jamestown, 
CO more and low-income households—e.g., those living 
in mobile parks—the hardest. The flood serves as an ex-
ample of the significance of epistemic uncertainty in the
ways of framing siloed management. These do not fit with
the multidimensional nature of vulnerability and ambiguity
manifested in stakeholders’ inability to grasp and manage the
complex interdependencies between critical infrastructures
and actions (Romero-Lankao & Norton, 2018). 

Romero-Lankao and Norton (2018) examined the inter-
dependent conditions, during the 2013 flood, that amplified 
or mitigated cascading negative consequences on people, in-
frastructure, and places. The researchers combined 17 semi-
structured qualitative interviews and fuzzy cognitive maps
(FCMs), a semiquantitative and participatory method, to
analyze the conditions and learning processes (Carvalho,
2013; K ok, 2009). They interviewed representatives from 
governmental and civil society organizations from most of 
the key sectors and jurisdictions (e.g., emergency recovery, 
energy, water, and food) from the local, county, and state 
levels. The sample also dre w from the Cities of Boulder
and Longmont on the plains and the towns of Lyons and
Jamestown in the mountains.

Six of seven roads following creeks up mountain canyons 
failed and left the affected populations isolated. The break-
down of energy and transportation networks led to failures 
in water treatment in Lyons and Longmont, not in Boulder, 
where backup generators ensured that the water treatment 
plant stayed online. Electricity, gas, and refrigeration systems
in the mountain communities were off and affected food
suppliers, restaurants, and markets, which are key within the
mountain tourism sector.

Factors such as zoning regulations, greenways, institu-
tional capital, and ability for learning helped to mitigate the
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impacts of the floods. A key example of institutional capital 
and ability for learning was a strong preexisting culture of 
cooperation, which sped response and enabled recovery— 
e.g., through learning from previous experiences, such as 
the Four Mile Fire of 2010, to set construction permits to 
expedite recovery. Community organizations mobilized food
for those affected, and gift cards provided residents with a
means to offset the costs of electrical bills.

Through cultural brokers, community gathering places 
and shelters helped Latinos and minority groups. At the 
same time, channels of communication (e.g., warning in En-
glish) were culturally inappropriate to minority groups. Ac-
knowledgment of this barrier led local authorities to suggest
strengthening reliance on cultural brokers and community
leaders—two trusted means to help disseminate warnings
targeting most vulnerable groups.

However, agency was not enough to understand and re-
spond to interdependencies between transportation, energy, 
food, and other critical sectors, on the one hand, and commu-
nity responses on the other. For example, the flood triggered 
impacts in the transportation, energy, food, and water sectors 
that generated negative cascading effects. These impacts 
were felt across the economy, livelihoods, and interests that 
were intricately woven into the social fabric of Boulder, 
affecting everything from the mountains to the plains, from 
transport and communication to emergency response, pro-
foundly shaking the experience of everyday life. Interest-
ingly, actions by different sectors and jurisdictions helped to 
minimize some negative cascading effects. For example, t he
existence of an integrated Office of Emergency Management
structure provided for effective coordination between sectors
such as fire and utilities. Through emergency preparedness,
different sectors knew what to do during the flood. For
instance, they learned that they would need to open a depart-
mental operating center to organize the emergency response.

However, stakeholders were not able to grasp the com-
plexity of both interdependencies and cascading effects. In 
other words, they were faced with limited and different 
siloed ways of framing and adapting (ambiguity). It was only 
through our cognitive FCM exercise already described above
that stakeholders were able to grasp some of this complexity,
which is a source of epistemic uncertainty.

We also examined changes in respondents’ awareness and 
learning from extreme events in order to do things differently. 
Almost across the board respondents indicated that their 
organizations, and many organizations they worked with, 
implemented a variety of changes following the 2013 floods. 
For instance, they updated contingency, communication, and 
recovery plans within each sector, and they introduced up-
dated building and land use codes within sewage and other
specific systems.

Notably, most of the learning occurred within organiza-
tions with a focus on the systems and infrastructure that 

each controlled rather than on interdependencies between 
systems, actions, and interventions that participants were able 
to grasp during our interviews. Exceptions to this include 
the creation of the Flood Rebuilding and Permit Information 
Center, staffed by experts in transportation, septic infras-
tructure, and floodplain management. We can conclude that 
even in Boulder County, whose community has historically 
shown high ability for learning from extreme events, the 
capacity to grasp the full complexity of vulnerability and the 
different ways of knowing and action limited the ability to 
influence deeper, transformative changes in understanding 
and practices among public and private actors. Examples
include actions to address the links between transportation
and water. Often roads are parallel to river systems and
require enforced banks and setbacks from waterways. Simi-
larly, another option is to move water lines farther away from
rivers, as well as burying gas lines 5–6 m underground.

14.8 Closing Reflect ions

Addressing uncertainty in vulnerability research in general 
and quantitative assessments, in particular, has broad soci-
etal implications for informing priorities in adaptation and 
increasing resilience. The increasingly visible impacts of 
climate change have led to greater interest in adaptation
coupled with the growing recognition that the scale of the
problem will require sometimes controversial priority setting
(Dow et al., 2013). Reducing uncertainty is very valuable in 
this decision context, but the extent to which t hat is possible
is an active area of discussion.

The complex, multidimensional nature of vulnerability is 
surrounded by multiple forms of uncertainty; some forms 
(e.g., those related to climate hazards) are more amenable 
to robust, predictive analysis to inform decision-making than 
others. Progress is being made in characterizing these forms 
of uncertainty; understanding uncertainties involved in c re-
ating indices; exploring cascades of uncertainty in multilevel
processes linking environment, society, and technology; and
identifying societal processes that are subject to emerging
trends, random events, and enduring ambiguity.

With this progress and despite these challenges, 
researchers highlight the need for vulnerability analyses, 
provided the uncertainty is recognized and the implicit 
and e xplicit working assumptions made at each stage of
constructing vulnerability indices are explained (Hardy &
Hauer, 2018;  Patt  et al., 2005; Vincent, 2007). Hardy and 
Hauer (2018) contend that despite uncertainty about climate 
change predictions, effective adaptation planning is feasible
(also see Smith et al., 2018 for approaches to incorporate 
uncertainty into decision-making). However, as suggested by 
this review, considerable effort will be required to improve
the characterizations of the many forms of uncertainty
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in socioeconomic vulnerability, and then further develop 
strategies to address those t hat are more difficult to reduce.
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15Climate/Earth System Projections and Their 
Uncertainties: An Overvi ew

Chris E. Forest and William D . Collins

15.1 Pro logue

This book section is focused on the uncertainty of climate 
models, which were typically called General Circulation 
Models (GCMs) of the atmosphere in the early years and 
have been renamed Global Climate Models or Earth System 
Models in the past few decades. The models were developed 
from the governing equations for the atmosphere, land sys-
tem, oceans, sea ice, and ice sheets. Additionally, the models 
include the chemical cycles for carbon cycle, atmospheric
aerosols, and other chemicals appearing in the different com-
ponents of the model. These models represent the dynamics
of the individual systems at appropriate spatial and temporal
scales. These models are the workhorses for understanding
climate and earth system behavior over the past 60 years.

15.2 Part 1: A Brief History of Climate 
Modeling and Assessments

Earth System Models are the fundamental tools that we use 
both to understand the history of past global climate change 
and to predict future global climate changes. To provide an 
introduction to the next few chapters in this book, we will set
the scene on how we determine and quantify uncertainties
in projections of future climate. Without going into a long
and detailed history of climate change (e.g., Weart, 2003), 
we want to identify a starting point to acknowledge the 
early projects in the United States and in Europe where the
first computers were working to forecast weather. In turn,

C. E. Forest ( �)
Department of Meteorology and Atmospheric Science, The 
Pennsylvania State University, U niversity Park, PA, USA

W. D. Collins
Lawrence Berkeley National Laboratory, Berkeley, CA, USA 

this started the climate modeling activities, which had roots 
in the weather forecasting models after the World War II 
era. For this history, the developments of climate models 
were an extension from the first computers used to simulate
atmospheric dynamics using the computers developed at the
Institute of Advanced Studies.

The first numerical models investigating the climate sys-
tem simulated the vertical structure of the atmosphere and 
focused on mechanisms relating to the energy budgets and 
radiative transfer within the atmosphere. These numerical 
computing models were developed at the Institute of Ad-
vanced Studies (IAS) in Princeton, NJ (a precursor to the
Geophysical Fluid Dynamics Laboratory (GFDL) climate
modeling teams). Using the first computers developed at
IAS (Weart, 2003), some of the first quantitative simulations 
of atmospheric circulations were being developed by Jule 
Charney (MIT & IAS), Norman Philips (IAS), and Arnt 
Eliassen (IAS) to apply both the atmospheric equations for 
weather applications, while the numerical methods were be-
ing developed for the computer, known as the “IASmachine.” 
Advances in applied mathematics and computational model-
ing were closely linked to the development of Geophysical
Fluid Dynamics during this era in the late 1940s and early
1950s.

Three examples are Charney and Eliassen (1949), Eliassen 
(1952), and Charney and Phillips (1953) which were pub-
lished from the work developed at the IAS. Given the devel-
opments of the numerical weather and climate models based 
at the Institute of Advanced Studies, the development of both 
atmospheric and climate models have continued to be devel-
oped to the present day given the computational platforms 
for the numerical models that are now available. (NOTE: For
additional details, please see the latest set of models in the
6th Intergovernmental Panel on Climate Change Assessment
Report (AR6) (ipcc.ch).)

Next, we fast-forward two decades to one of the first 
assessments to document how climate models were used to
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assess the impacts of climate change provided in “Carbon 
Dioxide and Climate: A Scientific Assessment” Report from 
the National Academy of Science (National Research Coun-
cil and Climate (1979); hereafter, the Charney Report). This 
is the first quantitative assessment on the estimate of equilib-
rium climate sensitivity (the climate response to a doubling 
of carbon dioxide concentrations). Based on the limited avail-
able models, t he Charney Report concluded the best estimate
of the equilibrium sensitivity to changes in carbon dioxide
concentrations is: 3.0◦

.C, with a range of 1.5–4.5◦
.C. At the 

time, there were multiple climate models that contributed to 
the report with at least three (3) climate system models that 
included an atmosphere, ocean, land, and i ce components.
In the Charney Report, multiple models were considered to
assess uncertainties in the feedback processes that could be
addressed.

The Charney Report focused primarily on the atmospheric 
feedback processes that would respond to changes i n
temperature. Ramanathan and Coakley (1978) reported 
a climate sensitivity using a one-dimensional radiative-
convective model with fixed specific humidity profile, fixed 
lapse rate, and fixed cloud cover and heights. This model was 
unable to address uncertainties related to changes in: cloud
cover, cloud height, relative humidity, and lapse rates. Other
groups (Lian and Cess (1977) and others) were assessing 
feedback from changing albedo due to sea ice and snow 
cover changes and additional changes from cloud albedos. 
Among atmospheric feedbacks, cloud feedbacks were the 
most difficult, given that cloud model parameterizations of 
that era were simple compared with present-day models. 
Still to this day, the cloud feedbacks continue to be a key 
uncertain feedback as high-resolution cloud models become
more integrated within the global scale climate models. To
represent clouds in climate models, modelers must address
feedback of the short-wave and long-wave effects, which
were discussed in Section 3.2 in the Charney Report.

In Section 3.2 of the Charney Report, the authors focused 
on ocean processes that slowed the rate of warming. At the 
time, the numerical models were not representing the ocean 
dynamics that would alter the poleward heat flux. Instead, 
they were imposing poleward fluxes rather than explicitly 
modeling the western boundary currents. Additionally, the 
models were using approximations to represent the heat 
exchange between the atmosphere and ocean without cal-
culating the energy transfer across the ocean surface and 
deeper into the thermocline region. Uncertainties in the rate 
of heat uptake would determine whether the energy absorbed 
by the ocean would be lower than observed and result with 
more energy stored in the land surface or upper oceans. 
Alternatively, it could be higher than observed and lead to 
more energy stored in deeper regions of the ocean basins and 
keeping the surface relatively cooler . As a result, the rate of
ocean warming can strongly influence the rates of climate

change. Similarly, rates of ocean carbon uptake strongly
depend on the ocean temperature. Another aspect of ocean
dynamics is how the scaling of the equations of ocean dy-
namics compare with those for atmospheric dynamics. Given
the smaller length scales for baroclinic processes, convection,
and mixing processes, ocean climate models require finer
grids and thus, higher computational costs to resolve specific
processes such as wind mixing, thermal mixing, and evapo-
rative processes.1 

The last section of the Charney Report addressed the capa-
bilities of the three-dimensional general circulation models 
(which should be considered as the state of the science 
models of the era). The models available in the late 1970s 
for the report were: three models from the NOAA Geo-
physical Fluid Dynamics Laboratory (M1, M2, M3, led by
S. Manabe and colleagues (Manabe and Wetherald, 1975, 
1980; Manabe and Stouffer, 1980)) and two models from 
the NASA Goddard Institute for Space Studies (H1 and 
H2, led by J. Hansen and colleagues Hansen et al. (1983, 
n.b., final model description )). Additionally, the British 
Meteorological Office model (Mitchell, 1979) was available, 
but the numerical experiments were based on fixed surface 
conditions that were different enough to not be included 
with the five models from the two US groups. The five 
(5) models available were considered to be independently 
developed, used different parameterizations for key aspects 
of the structures, and included components of the models that 
simulated sea surface temperatures. In today’s parlance, each 
of these models could be considered an independent model 
with different dynamics, physics, and representations of the 
key climate components (Atmosphere, Ocean, Land Surface, 
Ice) although each would be very simplified compared to the
current IPCC-class models as used for the IPCC Assessment
Reports. Key differences listed are “geographies, seasonal
changes, cloud feedback, snow and ice properties, and hor-
izontal and vertical resolutions.” Overall, the five distinct
models produced results that led to the results discussed in
Section 4 of the Charney Report.

Both the GFDL models and NASA models provided re-
sults that accounted for “swamp oceans” v. “mixed layer 
oceans,” geographic representation of land-ocean character-
istics but all were at low resolution when compared with 
current climate models. A significant difference from current 
models is that neither model included interactive heat trans-
ports in the ocean. In addition, the NASA models accounted
for a larger number of processes including: “ground heat
storage, sea-ice leads, and dependence of snow-ice albedo
on snow age.” In the late 1970s, the simulation experiments

1At the time, we note that current modern climate topics were not 
considered in the Charney Report such as biotic and abiotic c omponents
of the ocean flora and fauna or more comprehensive carbon cycle
estimates.
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included scenarios for both “doubled” and “quadrupled” 
CO2 concentrations, which have continued to be one of the 
standardized estimates for IPCC Assessment Reports which
started in 1990 with the First Assessment Report (AR1)
(Houghton et al., 1990). At this time, the IPCC has produced 
and published six (6) major IPCC Assessment Reports and 
other targeted scientific reports on climate change for the
United Nations.

15.3 Part 2: What Is the PathWe Have 
Tra veled?

Since the initial climate model assessment with the Char-
ney Report (National Research Council and Climate, 1979) 
and the first IPCC Assessment Report in 1990, the climate 
modeling community has expanded considerably. After the 
1990 report, there were 11 modeling groups and 26 models 
that provided inputs to the IPCC AR1 Report. In the latest 
IPCC Report, there were 28 modeling groups and 59 models 
included in the AR6 Report (with additional models for 
both higher resolution atmosphere models and c ryosphere
models), and the development of a whole set of associated
downscaling techniques to allow the assessment of regional
impacts (Chap. 18). Based on the approach set forth by the
Charney Report National Research Council and Climate
(1979) from the US National Academy of Science, the IPCC 
assessments of climate change and the evaluation of the 
climate model projections ha ve been critical scientific com-
ponents for informing the international negotiations related
to the UNFCCC process.

Developing better climate science has expanded from a 
fundamental question: What will global temperature change 
be in a future with a doubled (or quadrupled) concentration 
of carbon dioxide? This has evolved toward the assessment 
of a large number of emissions and concentration scenarios 
today (Chap. 16). Based on the UNFCCC goals, the scientific 
community has continuously adapted the science to learn 
how climate change information can be helpful for informing 
relevant and important decisions. Specifically, how will we 
use the climate modeling expertise to analyze proposals to 
move toward net-zero forcing? This is a critical question for
the climate impact assessment community. We need to learn
how we can address these challenges and provide scenarios
to guide problem solving for future climate change man-
agers. Understanding this uncertainty will be helpful to guide
decision-makers on how to prepare for alternative scenarios
or for specific risks.

The IPCC process provided a platform for developing Cli-
mate/Earth System Models to inform the scientific commu-
nity to develop and document the current science related to 
drivers of climate change, the projections of climate change, 
and the impacts of climate change. The First IPCC Report

(1990) was a single volume with eleven (11) chapters with
365 pages. Compared with the latest IPCC Report (Masson-
Delmotte et al., 2021), respectively, the three working group 
reports together have 7345 pp [WG1 (2049p), WG2 (3068p), 
WG3 (2042p), Synthesis Report (186p)], and they staggered 
the release for each Working Group and the Synthesis Report 
over the period from August 2021 to March 2023. Based on
these six IPCC Reports to date, we can focus on only a few
of the issues related to uncertainty in the climate modeling
research area.

First, using the six IPCCAssessment Reports over the past 
34 years, we can provide a table for the Equilibrium Climate 
Sensitivity (ECS) across the set of reports (Table 15.1). 

At face value, this table suggests that we have learned 
very little about the equilibrium climate sensitivity, but the 
Global Climate Models have continued to improve by identi-
fying what regions (or processes) require specific attention 
to improve the climate projections. During the 1980s and 
1990s, fixing the climate models appeared like a “whack-a-
mole” game, where each modeling group fixed one model
component that affected other processes, which then needed
attention. With limits on computing capacity, within each
modeling group, developers could choose to focus on clouds,
atmosphere-ocean fluxes, or aerosol processes, and this com-
munity approach worked well.

15.4 Part 3: What Critical Climate 
Observations Are Required?

To improve climate models, one critical issue is maintaining 
and archiving climate data sets across all model components. 
From the bottom of the ocean to the top of the atmosphere, 
the climate data observations have been archived and provide 
multiple ways to test and improve the model processes, 
if not providing additional predictive skill. Based on the 
synoptic measurements for weather forecasting, the climate 
community has used the long records of surface temperatures 
and upper-air r adiosonde archives to provide diagnostics on
the atmospheric and land surface processes. The global ocean
data has shorter data sets for deep temperature and salinity
data with technology developed in the post-World War II
era (e.g., Swallow 1955; Swallow and Worthington 1961). 
The transects of the ocean data have been de veloped since
the 1970s (e.g., https://cchdo.ucsd.edu/ or https://joa.ucsd. 
edu/Data_homepage). The ARGO float fleet (W ong and Co-
authors 2020) has provided an alternative data acquisition 
which augments the ship-based transects. The coverage of the 
oceans depths to 2000m has been available since 2016 (Riser
et al. 2016). The combined WOCE and ARGO data sets have 
provided the deep sea data for the past 50 years, while some
ocean data in the nineteenth century (e.g., Gleckler et al.
2016) has provided some insights from single ships.

https://cchdo.ucsd.edu/
https://cchdo.ucsd.edu/
https://cchdo.ucsd.edu/
https://cchdo.ucsd.edu/
https://joa.ucsd.edu/Data_homepage
https://joa.ucsd.edu/Data_homepage
https://joa.ucsd.edu/Data_homepage
https://joa.ucsd.edu/Data_homepage
https://joa.ucsd.edu/Data_homepage
https://joa.ucsd.edu/Data_homepage
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Table 15.1 Estimated Equilibrium Temperature for a doubling of [CO2]. concentrations from the preindustrial era. These estimates are based on 
the Charney Report (1979) and the six major IPCC Assessment Reports https://ipcc.ch/reports/ 
Assessment report Best value Likely range Very likely range Number of models 
Charney Report (1979) 2.4 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 5. 
IPCC AR1 (1990) 3.0 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 26. 
IPCC AR2 (1995) 3.0 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 16. 
IPCC AR3 (2001) 3.0 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 31. 
IPCC AR4 (2007) 3.0 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 23. 
IPCC AR5 (2013) 3.0 ◦ .C 1.5–4.5 ◦ .C 1.5–4.5 ◦ .C N = 50. 
IPCC AR6 (2021) 3.0 ◦ .C 2.5–4.0 ◦ .C 2.0–5.0 ◦ .C N = 59. 

With the advances in data collection i n the oceans since
∼.2000, the climate data archives have provided the tools to 
test climate model response to the historical anthropogenic 
forcing data by combining the longer historical surface and 
upper-air data. This provides the starting point for testing 
climate model response to the human impacts on the climate
system. Starting in IPCC AR4, multiple groups were able
to use Monte Carlo methods (Andronova and Schlesinger,
2001;  Forest  et al., 2002; Knutti et al., 2002)  to  derive  
limits on the Equilibrium Climate Sensitivity (ECS) and 
the Transient Climate Response (TCR). The changes in the 
surface temperature and the ocean heat content over multiple 
decades provide an observations-based approach to generate 
climate models that are consistent with uncertainty in the 
model realizations and the data sets. These early attempts to 
quantify the range of ECS and TCR using the observational 
data were possible due to the climate data, climate m odels,
and statistical tools. In the AR6, these basic approaches are
still being used but withmore computational power to run full
Earth SystemModels. One critical set of uncertainties related
to the projections will be to test short-lived climate forcings
driven by transient emissions, both natural and anthropogenic
sources.

15.5 Part 4: Model Uncertainty 
Quantification Limits Based on the 
Computational Constr aints

To begin understanding the uncertainty in climate projec-
tions, we start with the development of climate models. 
This has always translated the core equations (fluid, mass, 
radiation, etc.) using numerical methods that discretize the 
climate model equations onto spatial grids (or onto spherical 
harmonics) on the sphere. This requires choices on how to 
limit the computations based on the memory limits of the 
“computer du jour.” Similarly, we also have time constraints 
when considering how many simulations are possible based 
on the computational speed of calculations (i.e., floating 
point operations per second (flops)). Both limits, on the speed 
and the memory, determine how many climate simulations 
can be generated based on the computational limits. In a

general sense, these computational limits still set the funda-
mental limits to the quality of our climate simulations. Over
the past seven decades since the 1950s, we can track the
advances in memory that allow scientists to create smaller
grids, which, in turn, require both smaller time steps and
require higher speeds (i.e., requires more flops) when we
increase the grid resolutions.

An additional source of uncertainty for climate simula-
tions is the sensitivity to initial conditions across the set of 
climate state-vector variables (see Chap. 17). Often, this is 
discussed as t he limits of discretization in representing the
equations of motion using a specific grid and time step.

The transition from a continuum derivativ e for a nonlinear
equation ∂f (vx ·E,t)

∂t
. to a discretization requires expanding the 

terms i n the following equation:

. 
∂f (vx · E, to)

∂t
= ∂vx

∂t
· E + ∂E

∂t
· vx

= vx(to + Δt) − vx(to)

Δt
· E(x, to)

+ E(to + Δt) − E(to)

Δt
· vx(x, to)

= vx(to + Δt)

Δt
· E(x, to) − vx(to)

Δt
· E(x, to)

+ E(to + Δt)

Δt
· vx(x, to) − E(to)

Δt
· vx(x, to)

= vx(to + Δt)

Δt
· E(x, to))

− 2
vx(to) · E(to)

Δt

+ E(to + Δt)

Δt
· vx(x, to),

which adds small errors in the calculation of ∂f (vx ·E,t)

∂t
..  As  

the climate modeling community has learned to simulate 
climate, we recognize how projections of climate change will 
be sensitive to the accuracy of estimating the derivatives,
∂f (vx ·E,t)

∂t
.. To improve the numerical accuracy, we require 

higher-order numerical methods, but the higher accuracy 
of the derivatives will increase the computational costs.

https://ipcc.ch/reports/
https://ipcc.ch/reports/
https://ipcc.ch/reports/
https://ipcc.ch/reports/
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So, better representation of the nonlinear discretization will 
require good choices when developing codes to discretize the
governing equations.

15.6 Part 5: “The Climate Modeling 
Paradigm”: HowMany Ensemble 
Members CanWe Affo rd?

Given a specific computer resource, we can identify (and 
track) the computational costs that limit our assessments 
of uncertainties in climate change projections. As climate 
models have developed and become more complex over the
past 60 years (Fig. 15.1), we have improved our ability to 
compare climate model simulations with observational data 
sets. Given the uncertainties in the set of climate equations, 
typically, we compare an ensemble of model simulations to 
a single set of observational data. If we see that the obser-
vational data is within the uncertainty range of our climate 
model simulations, this is a first step to quantify whether the 
climatemodel is behavingwell. As the complexity of amodel 
increase, we can then proceed to identify the interactions 
across the different model components, and this requires 
examining how the communication between the model com-
ponents is also aligned with the observational data. After this
last part, we learn how the feedback processes within each of

the different subsystems can influence the internal variability
as well as the response of the climate system components. If
simpler numerical discretizations lead to poorer accuracy in
the models, this can lead to poorer estimates of the simulation
results, which in turn will limit our interpretations of the
climate change over the next century and beyond.

As models improve, the estimated outputs provide op-
portunities to test how well the models compare against 
internal variability of the climate system for the individual 
components (atmosphere, ocean, land, or ice), as well as 
the interactions among the climate model components. An
alternative approach would be to analyze the interacting
budgets across the component models (energy, momentum,
angular momentum, trace gases, etc.).

As an example, based on the terms of the energy bud-
get equations within an atmospheric global model, we can 
estimate the individual terms of the energy flux budgets 
from the models and estimate the interactions across model 
components. Uncertainties in the model components are con-
tributing to the internal variability and the prediction un-
certainty of the Earth System Models. We are only able 
to assess the uncertainty if we are able to c ompare model
outputs to the observational data sets that are available. The
long-term monitoring of atmospheric state variables (e.g.,
radiation, temperature, winds, or precipitation fields) is an
essential task to provide a useful but not sufficient to test the

Fig. 15.1 This presents the components and the interactions of the climate systems required to incorporate the physical and human components 
of the Earth System Models. (Based on the original figure in: NRC, 1986, doi:10.17226/19210; [(Steffen et al., 2020), Springer Nature])
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transports and fluxes. The spatio-temporal analyses require to 
go further into the analyzed fields that are operating across 
daily, seasonally, and long-term climatological time-space 
scales. The synoptic weather data are just the beginning of 
the data that is required as we focus on climate hindcasts or
projections into the next centuries.

In general, the uncertainty characteristics of a model are 
being set by the individual components of the specific models 
that are currently being evaluated. A holistic approach to 
quantifying uncertainties would require to incorporate diag-
nostics that would have cross-over covariance diagnostics 
that inform how a coupled model could depend on other
components within the full model interactions. The use of
causal inference (Pearl, 2009;  Barnes  et al., 2019, 2020) 
could be a key element to include in additional machine
learning tools.

We have standard practices to define the next set of simula-
tions based on what model components are involved and how 
the models fail to represent the statistics of the observations. 
When we start the design phase, we need to consider both the 
computational limits that set the computational design and
the experimental design for a set of climate simulations to
answer the scientific objectives. Here are some questions that
need to be considered:

– Do we have sufficient processors to run high-resolution 
simulations for both smaller time steps and grid sizes?

– Do we have a computational platform that has suff icient
memory (RAM) for the computations?

– Do we have disk storage for the outputs?
– Do we have resources to run a lternative model options?
– Dowe have resources to alter the scenarios or test alternate 

critical model parameters?

As we consider the computational costs as one factor, we 
must also consider the experimental design for the individ-
ual model, while also considering the design for m ultiple
modeling groups that can participate to address the scientific
objectives for climate hindcasts or future projections.

15.7 Part 6: How DoWe EstimateModel 
Uncertainty Based on the 
Obser vations?

Climate model uncertainty has been assessed by testing if 
robust observational signals can be identified/detected in 
simulations of the historical climate change era. Because cli-
mate models have multiple simulations of the historical past, 
the climate model outputs can provide uncertainty estimates 
using standard statistical methods (e.g., regressions, correla-
tions, or other statistics which are derived from observational 
data). Additionally, the output of a climate model can be 

compared against output from other climate models to assess 
the similarities or differences among available climate simu-
lations. In early years of the IPCC process, the development
of climate assessment tools were developed largely from the
community andwere consolidated at the Program for Climate
Model Diagnosis and Intercomparisons (PCMDI, est. 1989)
https://pcmdi.llnl.gov/ and https://pcmdi.llnl.gov/metrics/ at 
the DOE Lawrence Livermore National Laboratory (LLNL). 
PCMDI has contributed to every IPCC report from AR1 (in 
1990) toAR6 (in 2021). In the last decade,many international 
climate research laboratories have been developing suites of 
statistical tools, managing data archives, and climate model 
outputs, which have developed and extended the capacity 
to work with climate m odel outputs. (Nota bene: Climate
modeling teams and their data sets have always pushed the
envelope of computational science capacity and standards
throughout the climate science era.)

In the latest AR6 assessment, climate diagnostics have 
been in the public domain, and programs are available via
GitHub: https://github.com/IPCC-WG1. Critical variables 
that have direct connections to observations include:

– Surface and upper-air temperatures
– Land surface temperatures
– Precipitation 
– Aerosols, a nd
– Ocean heat content

In addition, the climate driving agents have long-term 
records for: (1) Heat trapping gasses are long-lived and well-
monitored and (2) long-lived forcings via land-use changes 
(regularly, monitored by satellites). Climate forcing agents 
that are less poorly known are: aerosols and particulate
matter that impact both vertical distributions of clouds and
atmospheric radiative fluxes.

15.8 Part 7: What Directions AreWe 
Heading in 2025 and Be yond?

Tomove forward on reducing uncertainty, we need to provide 
guidance on where we could improve our predictions on 
climate change timescales. In this book section, the chapters 
provide tools and methods that can provide guidance on the 
uncertainty of the climate predictions for specific setups of 
the models and forcings. W e leave the readers with some
additional thoughts on some significant challenges that could
guide the next directions for climate prediction.

As a scientific community, we lack a first-principles the-
ory of climate—so we do not know the necessary and suffi-
cient criteria for a Climate/Earth system model to be useful 
as predictors. This has consequences as we move forward
on developing ESMs on how we are adjusting to Edward

https://pcmdi.llnl.gov/
https://pcmdi.llnl.gov/
https://pcmdi.llnl.gov/
https://pcmdi.llnl.gov/
https://pcmdi.llnl.gov/metrics/
https://pcmdi.llnl.gov/metrics/
https://pcmdi.llnl.gov/metrics/
https://pcmdi.llnl.gov/metrics/
https://pcmdi.llnl.gov/metrics/
https://github.com/IPCC-WG1
https://github.com/IPCC-WG1
https://github.com/IPCC-WG1
https://github.com/IPCC-WG1
https://github.com/IPCC-WG1
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Lorenz’s butterfly wings driving unexpected consequences 
across the model projections. We are limited by too few ways 
to test our nonlinear interactions in our models that are being
used to guide climate policy in the coming decades.

As a grand challenge for testing climate models in dra-
matically different climates, we are highly limited based on 
the historical records of the present-day and proxy data from 
paleoclimate eras. As an example, the interglacial periods 
during the ice ages are not included, and the proxy records for 
the interglacials are limited. To test climate models using the 
paleoclimate proxy observations, we need to provide larger 
sets of spatio-temporal data that can be used to rule out 
possible model configurations. For the recent past, we have
higher resolution records of the recent few centuries, but we
would like to have better data resolution of the ice-age cycles.
The proxies, so far, are not providing strong evidence to rule
out possible responses or feedback processes.

Since the first insights into climate models (e.g., Foote
1856;  Cro  ll 1875; Arrhenius 1896), we have seen Manabe 
et al. (1965); Manabe and Wetherald (1967) move our field 
into the present era, where we have started from a top-down 
approach where the incoming solar radiation is balanced 
by the outgoing long-wave radiation to space. While the 
climate modeling development has been driven from the top-
down rather than the bottom up, we are limited by the open 
system approach. To develop a “first-principles” approach, 
we need to develop tools and diagnostics from t he funda-
mental components of the physical processes driving the bud-
get equations for Momentum, Energy, Continuity, Angular
Momentum, Mass, etc. This could provide a Hierarchy of
Physics where we can develop theory for the transitions to
physical/dynamical scaling.

As one example, for fundamental fluid dynamics, we 
consider microscopic fluid dynamics, which sets a path to 
boundary-layer turbulence to 3D convection, and eventu-
ally, to equations for the geophysical fluid dynamics. As a 
second example, we could consider the interactions related 
to microphysics of water droplets and aerosols that drive 
cloud formation and, in turn, have set the structure of the 
stratocumulus clouds that lead to cloud reflectivity that can
modulate the incoming solar radiation. These fundamental
physics and chemistry can also connect to the biosphere
where we could discuss the role of the Amazon Rainforest
(evapotranspiration and cloud condensation nuclei) or the
Tropical Ocean Biosphere (biomolecular dynamics produc-
ing aerosol precursors for cloud condensation nuclei).

Systems with very long memory are another major chal-
lenge for predictions. Two examples are how we use the 
observations of the ice sheets or the land surface. These are 
critical parts of the present-day climate system yet these are
central to understanding the climate services we obtain from
the terrestrial carbon cycle or understanding the risks of sea-
level rise (Chap. 19).

As we look forward to the chapters in this section, the 
authors have addressed the uncertainty for each climate com-
ponent and addressed the k ey items that can be helpful for
acknowledging where significant uncertainties still exist.
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16Emissions and Concentration Scenarios 

Jennifer Morris and John M. Reilly

16.1 Introduct ion

Climate impacts depend on the magnitude of climate change, 
as well as planning practices and the level and effective-
ness of adaptive responses. In turn, the magnitude of fu-
ture climate change is uncertain, depending not only on 
uncertainty in the Earth system and natural variability b ut
also on uncertainty in future emissions and their underlying
human system drivers. As such, consideration of different
potential emissions futures is essential for understanding and
preparing for future climate change.

This chapter briefly reviews the role of uncertainty in 
emissions projections. It then addresses the key drivers of 
emissions of greenhouse gases and other pollutants and 
how uncertainty in those drivers affects projections of 
future emissions. The Intergovernmental Panel on Climate 
Change (IPCC) has played a dominant role in developing 
emissions and concentration scenarios that are used by the 
climate community, and ultimately, these provide a range 
of climate scenarios of potential use to those assessing 
climate impacts. The IPCC approach has focused on scenario 
development, eschewing formal uncertainty analysis. We 
review the IPCC approach to scenario dev elopment and how
it has changed through successive assessment reports (AR).
We then describe approaches that use formal uncertainty
analysis techniques and how this differs from scenario
analysis, as well as methods that can connect probability
distributions back to individual scenarios of interest. Finally,
we summarize lessons learned from more than 40 years of
socioeconomic effort to create scenarios to support climate
change research.

J. Morris (�) · J. M. Reilly
Center for Sustainability Science and Strategy, Massachusetts Institute 
of T echnology, Cambridge, MA, USA
e-mail: holak@mit.edu 

16.2 The Relative Role of Socioeconomic 
and Earth SystemUncertainties 
in Climate Pro jections

There is substantial uncertainty about future emissions, 
driven by underlying uncertainty in socioeconomic drivers of 
emissions, which contributes to the uncertainty in projections 
of climate c hange. There is also uncertainty about how
the Earth system responds to emissions (see Chap. 15). 
In addition, there is widely recognized natural variability in 
the climate system, captured as i nternal variability in general
circulationmodels of the Earth system (see Chap. 17). Efforts 
to partition climate projection uncertainty (e.g. Hawkins &
Sutton, 2009; Lehner et al., 2020) have found that internal 
variability and uncertainty in the climate system response 
and modeling of it (“model” uncertainty) are the largest 
drivers in the near-term. However, beyond the next decade or 
two, uncertainty in human systems and resulting emissions 
(“scenario” uncertainty) becomes an increasingly important 
contributor to uncertainty in climate change projections.
Model uncertainty remains important, but the influence of
socioeconomic-driven scenario uncertainty grows over time
and perhaps becomes the largest source of uncertainty after
50–75 years (Fig. 16.1). 

Figure 16.1 is but one attempt to partition uncertainty. 
Different approaches to estimate underlying scientific and 
socioeconomic uncertainty can give widely varying esti-
mates of uncertainty in scenarios, leading to different as-
sessments of how d ifferent sources of uncertainty contribute
to the overall uncertainty in climate outcomes. For exam-
ple, Gillingham et al. (2018), in a multi-model comparison, 
found an interquartile range of CO2 concentrations from 
integrated assessment models of 200 ppm to 400 ppm just 
from within model differences (all models used the s ame
input uncertainty distributions). A key uncertain input was
labor productivity growth obtained by averaging results of
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Fig. 16.1 Fractional contribution of individual sources of uncertainty 
to total uncertainty in global mean temperature, based on model simula-
tions from the sixth Coupled Model Intercomparison Project (CMIP6).
Adapted from Lehner et al. (2020) 

expert elicitation. The individual distributions from experts 
varied dramatically, and so if each were used separately, that 
would produce a much wider uncertainty range for r esulting
emissions and concentrations. Estimates of uncertainty in
Earth system response also vary widely (Knutti et al., 2017). 
Also, the internal variability in models may not capture all 
of natural variability, such as the full effect of ENSO (El
Niño-Southern Oscillation) events or the effects of volcanic
eruptions.

Any effort to assign some fraction of uncertainty to each 
of these sources will depend on estimates of the i ndividual
uncertainties. However, the basic conclusion of Lehner et
al. (2020)—that natural variability is a critical source of 
uncertainty in climate projections 10–20 years into the future, 
Earth system uncertainty dominates projections 20–60 years 
out, and scenario uncertainty grows over time becoming a 
key driver of projections 30 or more years into the future— 
is relatively robust. The characteristic of this partitioning 
follows directly from the cumulative nature of the climate 
problem, stemming from the fact that most greenhouse gases 
are long-lived in the atmosphere. This means that even pretty 
large differences in emissions for a few years have a small 
effect on near-term concentrations and climate. It is only with 
scenarios differing emissions for decades that we begin to
see significant differences in concentrations and the resulting
climate. Similarly, the effect of Earth system uncertainties
on projections relative to natural variability depends on the
change in the concentration level—the uncertainty in result-
ing climate is bigger if the concentration change is larger.

The general partitioning pattern has important implica-
tions for both climate policy and climate impact assessment. 
For climate mitigation policy, the implication is that mitiga-
tion efforts need to be pursued for decades before significant 
benefits for climate are observed. Short-term climate vari-

ability may give false diagnoses of the relationship between 
emissions, concentrations, and climate. For example, the so-
called warming hiatus—a decade or so from 1998 to 2008—
showed little atmospheric warming. Careful diagnoses even-
tually showed that the nature of ENSO events and other
short-term variations had offset what otherwise would have
been continued atmospheric warming (Kopp & Lean, 2011). 
For climate impact analysis, and any conclusions regarding 
the effectiveness of adaptation measures, one needs to be 
cognizant of the fact that, again, in the short-term, natural 
variability may dominate a nd needs to be considered. Mis-
taking short-term variability for a long-term climate trend
can lead to maladaptation (e.g., Schipper, 2020). Many early 
(circa IPCC AR1 to AR4) studies of climate impacts focused 
on end-of-century climate projections because the signal 
of climate change was more evident. However, adaptation 
policy- and decision-making generally are focused on what 
should be done now or in the next few years, recognizing 
that the climate is changing but also that both short-term and 
long-term projections are quite uncertain. Unless the decision 
in question is with regard to very long-lived investments, sce-
nario uncertainty may have little effect on decisions of what 
to do now with regard to adaptation. For example, whether 
the world achieves net-zero emissions by 2050 or not will not 
have much effect on a decision about what crop to plant this
season or even whether to install irrigation equipment in the
next few years. Those decisions are largely affected by past
emissions and the resulting concentrations, and associated
climate uncertainty is driven by scientific uncertainty in Earth
system response to those concentrations, with the decision
complicated by the noise of natural variation.

It is also essential to understand that different sources of 
uncertainty (and related risks) can interact with one another. 
Terms such as “cascading,” “propagating,” and “compound-
ing” have been used in literature to describe the interact-
ing uncertainties and risks related to climate change. Simp-
son et al. (2021) present a framework for complex climate 
change risk assessment that accounts for different kinds of 
interactions between multiple risks, including aggregate risk 
(the accumulation of multiple risks), compound risk (the 
interaction of multiple risks), and cascading risk (causal
relationships between multiple risks). This type of framing
is further emphasized in Reed et al. (2022). For climate im-
pact assessment, we must consider uncertainty in underlying 
socioeconomic drivers that leads to uncertainty in emissions, 
uncertainty in concentrations because of uncertainty in the 
carbon cycle and in the fate of other gases, uncertainty in 
the radiative effects of these gases, uncertainties in climate
feedbacks, natural variability, and finally uncertainty in how
a sector or system responds.

If these uncertainties were simply additive, it would seem 
that uncertainty would grow unbounded. However, in formal
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Fig. 16.2 Frequency distributions for climate outcomes in 2091–2100 
relative to 1861–1880 for Reference and ParisForever ensembles with 
emissions uncertainty plus median climate (EmiUnc, orange for Ref-
erence and light blue for ParisForever) vs. ensembles with median 
emissions plus climate uncertainty (ClimUnc, red for Reference and 

blue for ParisForever) vs. ensembles with both emissions and climate 
uncertainty (dark blue for Reference and dark red for ParisForever,
bold lines). (a) CO2 concentrations, (b) total radiative forcing, (c)
temperature, and (d) precipitation. From Morris et al. (2025) 

uncertainty analyses, where uncertain values of different 
parameters are chosen randomly, uncertainty ranges do not 
grow in an unbounded fashion, as many of the s ampled
uncertainties end up offsetting one another. This is illustrated
in results from Morris et al. (2025) in the series of panels in
Fig. 16.2. This analysis produced Monte Carlo simulations 
where both climate response and socioeconomic drivers of 
emissions were uncertain, comparing them to results when 
only one or the other type of uncertainty was considered, 
and doing so under different climate policy assumptions. 
Focusing on panel (c) showing uncertainty in temperature 
projections, the combined effect of uncertainty in climate 
response and emissions is almost identical to climate re-
sponse alone. Adding emissions uncertainty barely changes
the overall uncertainty. However, there is still considerable
temperature uncertainty resulting from emissions scenario
uncertainty alone; hence, the uncertainties are less than “ad-
ditive.”

These results appear to contradict the results of Fig. 16.1 
because even the end-of-century results appear to show cli-
mate response uncertainty as dominating the temperature 
uncertainty in either of the policy scenarios. However, one 
reason for this is the often “conditional” nature of uncer-
tainty projections, here conditional on a policy assumption—
whether the near-term Paris targets are met or not. While
results in Fig. 16.1 were based on sets of emissions scenarios 
that included scenarios that at least implicitly had different 
policy outcomes and so were more unconditional in nature,
the distributions in Fig. 16.2 are explicitly conditional on pol-
icy goals. When making investments in adaptation measures, 
investments today are not conditional1 and so it is necessary 
to make a judgment about how likely it is that a particular pol-

1Although one may be able to space out in time the full investment to 
get better information on the total investment needed as the problem 
evolves, e.g., a dike could be built today, with additions added in the
future if needed, though it is likely necessary to build it initially in such
way that it can support additions.
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icy goal will bemet or not. The climate distribution of interest 
for impact analysis would be a combination of the tw o policy
scenario distributions in Fig. 16.2 (and others representing 
other possible policy outcomes), weighting them by some 
judgement about the likelihood of countries adhering to any 
particular mitigation goal. Such assessments of the likelihood 
of different policy outcomes are uncommon in scientific
literature. A notable exception is Morris et al. (2022), which 
formally represents policy uncertainty in an analysis of near -
term energy investment decisions.

Another point illustrated by Fig. 16.2, and relevant to our 
later discussion of the IPCC approach to scenario develop-
ment, is how emissions and climate response uncertainty 
jointly affect concentration uncertainty as shown in panel 
(a). Even for a certain emissions scenario, there is consid-
erable uncertainty in concentrations because of uncertainty 
in ocean and land uptake of CO2 as well as natural sources 
of other gases because of their dependence on climate. And 
perhaps an obvious point—if emissions are more tightly
controlled (as in the “ParisForever” policy scenario), then
climate response uncertainty is relatively more important.
Finally, while the time evolving contribution of uncertainty
in the study behind Fig. 16.2 is not shown here, the g eneral
pattern of Fig. 16.1 still applies—natural variability dominat-
ing in the near term, climate response uncertainty significant 
and growing over the first few decades, and emissions sce-
nario uncertainty less important in the first few decades and
becoming more important over time.

Given the importance of emissions, it is necessary to 
understand which emissions matter, where they come from, 
what factors influence their trajectory, how we model their 
uncertainty, and howwe get from emissions to concentrations
to radiative forcing to climate change and impacts.

16.3 Emissions, Sources, and Driv ers

The major greenhouse gases (GHGs) emitted by human 
activities include carbon dioxide (CO2), methane (CH4), 
nitrous oxide (N2O), and three fluorinated gases (or F-gases): 
hydrofluorocarbons (HFCs), perfluorocarbons (PFCs), and 
sulfur hexafluoride (SF6). There are also a variety of other 
anthropogenic emissions/changes that affect the climate di-
rectly and indirectly. The major GHGs have relatively long 
atmospheric lifetimes and thus are well-mixed in the atmo-
sphere. That said, the radiative forcing (direct heat-trapping) 
effect and atmospheric “lifetimes” vary greatly among these 
gases. The non-CO2 gases are gradually oxidized through 
various processes, and so the term lifetime or half-life is ap-
propriate. Emissions of CO2 are partitioned among the atmo-
sphere, ocean, and terrestrial vegetation (and a small amount 
into rocks through mineralization), and so it is more appro-
priate to speak of the fate of emitted CO2—how much ends 

up in each of these compartments. Since the lifetimes/fate
and radiative forcing of these gases will vary over time and
depend on levels of other substances in the atmosphere, there
is not a single unchanging lifetime or radiative forcing effect.
Nevertheless, it has proved convenient to approximate the
climate effects of emissions of the major, well-mixed gases
through an index that integrates their radiative forcing effect
over time.

The most widely used index is the 100-year global 
warming potential (GWP) reported i n the first IPCC report
(Houghton et al., 1990), originally proposed by Lashof and
Ahuja (1990). Values are regularly updated in subsequent 
IPCC reports. By definition, the index value of CO2 is 1.0, 
and all other gases are valued relative to CO2. In general, 
the other gases are much more effective at trapping heat 
and/or last longer in the atmosphere, and so their values are 
much greater than 1.0, meaning that even though the tons of 
these gases emitted to the atmosphere are small relative to 
tons of CO 2, their integrated warming effect is much larger.
While the IPCC’s 100-year GWP is widely used, it is not
without controversy andwas originally offered to indicate the
difficulties in coming up with a simple index (Shine, 2009). 
The IPCC calculates 25-, 100-, and 500-year GWPs (number 
of years over which they integrate warming). Those focused 
on short-term effects have argued for the 25-year GWP as it
increases the weight of short-lived methane (e.g., Howarth
et al., 2012), but, at the same time, that would further reduce 
the incentive to decrease emissions of some of the gases that 
are nearly permanent, lasting 1000’s of years. Others have 
argued t he focus should be on comparing the temperature
effect over time, not stopping at radiative forcing (Shine et
al., 2005). Still others have argued that ultimately the index 
should be based on damages (Manne & Richels, 2001; Reilly 
&  Richards, 1993). Ideally, atmospheric models take as input 
the individual gases and substances and include radiative 
forcing codes for each substance so the GWP calculation 
is irrelevant for that purpose. However, GWPs come into 
play in emissions control efforts, where such policies allow 
flexibility of which gas to abate, the trade-off among them
depending on which index is used. Despite the purely
physical science nature of the GWP calculation, Sarofim and
Giordano (2018) suggest accounting of temperature effects 
through to damages and including economic discounting 
roughly supports use of a 100-year GWP given discount
rates typically used in climate damage assessment.

CO2 is the most common of the long-lived, well-mixed 
GHGs, comprising about 75% of global emissions (IPCC,
2014). Its primary source is fossil fuel use (i.e., the com-
bustion of coal, oil and natural gas for electricity, industry, 
transportation, buildings, etc.). CO2 is also emitted through 
some industrial processes, such as making cement. Another
important source, or sink, of CO2 is land use change. Trees,
plants, and soil store carbon. When land with a lot of carbon
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storage (such as forest) is converted to another land use 
that stores less carbon (such as crop land or pasture), the 
reduced store of carbon in organic matter is released into 
the atmosphere through decomposition as CO2.  Conversely,  
converting land to uses with greater carbon storage (such
as reforestation) removes CO2 from the atmosphere as it is
accumulated in biomass and organic matter, resulting in a
carbon sink (i.e., negative CO2 emissions).

The main anthropogenic source of CH4 (16% of global 
emissions) is agriculture, particularly animal waste and rice 
cultivation. Waste management, energy use (particularly nat-
ural gas), and biomass burning also contribute to CH4 emis-
sions. There are also natural sources of CH4, including CH4 
released from melting permafrost. The main anthropogenic 
source of N2O (6% of global emissions) is also agriculture, 
particularly fertilizer use. Fossil fuel combustion also gener-
ates N2O. F-gases (2% of global emissions) are from refrig-
eration, industrial processes, a variety of consumer products,
and the transmission and distribution of electricity.

In terms of economic sectors, electricity and heat pro-
duction is the largest source of global GHGs (25%), fol-
lowed by agriculture, forestry and other land use (24%), 
industry (21%), transportation ( 14%), other energy (e.g., the
extraction, refining, processing and transportation of fuels)
(10%), and buildings (6%) (IPCC, 2014). In terms of coun-
tries/regions, the top contributors to global emissions are 
China (24%), the United States (13%), the European Union 
(EU-28) (9%), India (6%), Russia (5%), Japan (3%), and
Brazil (2.5%) (International Energy Agency (IEA), 2021). 
Together, they are responsible for almost tw o-thirds of global
GHGs.

Beyond the long-lived and well-mixed GHGs, short-lived 
local air pollutants and other anthropogenic activities are also 
important climate forcers. These include carbon monoxide 
(CO), volatile organic compounds (VOCs), nitrous oxide 
(NOx), sulfur dioxide (SO2), ammonia (NH3), black carbon 
(BC), and organic carbon (OC). Sulfate aerosols (SO2, BC), 
most of which are released from the burning of carbon-
based fuels, actually have a negative forcing or cooling effect 
as they reflect incoming solar radiation. Black carbon and 
organic carbon absorb heat in the lower atmosphere and 
thus can affect the distrib ution of heat in the troposphere.
Tropospheric ozone is also an important greenhouse gas
and human activity contributes to precursor emissions. Jet
contrails have also been identified as a source of warming.
In addition, changes in the land surface that alter albedo or
hydrology/evaporation can contribute to climate change.

For the most part, GWPs are not calculated for these 
substances as there are various problems that arise. A GWP 
for sulfate aerosols would suggest increasing these would 
be a good thing, offsetting positive radiative forcing, but 
that would ignore the serious health consequences of these 
aerosols. In addition, these substances often form in the 

atmosphere, through complex and nonlinear processes, so 
it is not straightforward to calculate how an emission of,
for example, an ozone precursor becomes ozone and then
has a radiative effect. As regularly reviewed, various studies
have attempted to examine how long-term changes in these
substances have affected climate (e.g., IPCC, 2023). 

Future emissions depend on several factors. Key drivers 
include economic growth and development, population 
growth, the cost and availability of low-carbon technologies, 
resource availability, land use changes, and policy. These 
are all uncertain and vary by region and sector. Emissions
and energy futures in Africa and other developing/emerging
economies are particularly critical to global outcomes.

Policy is a critical driver of emissions, yet future pol-
icy is deeply uncertain. Carbon pricing (via carbon tax or 
cap-and-trade system), regulations (e.g., renewable portfolio 
standards, fuel economy standards, bans on new coal gen-
eration, air quality standards, energy efficiency standards), 
government expenditures (e.g., research and development, 
tax credits, loan guarantees), trade policy (e.g., tariffs on 
embedded carbon in traded goods), and land use policy can
all lead to emissions reductions. However, the extent to which
these will be employed by governments in the future is highly
uncertain.

Ultimately, it is the concentrations of emissions in the 
atmosphere and their radiative forcing that matter for climate 
change. Concentrations depend not only on emissions but 
also on the rate of carbon uptake by the ocean and terrestrial 
ecosystems, which is also uncertain. Total radiative forcing, 
which is the sum of the effects of all long-lived greenhouse 
gases plus tropospheric ozone and aerosols, is driven by con-
centrations as well as the strength of sulfate aerosol forcing, 
which is uncertain. How total radiative forcing translates to 
global temperature change depends on climate sensitivity 
(ho w responsive the Earth system is to forcings), which is
also uncertain. How temperature and other climatic changes
(e.g., precipitation) translate into impacts (e.g. sea-level rise,
land/crop productivity changes, labor productivity impacts,
etc.), particularly at regional and local levels is further uncer-
tain, and the implications of those impacts depend in turn on
adaptive responses.

In the context of uncertainty about future emissions and 
their drivers, scenarios are often employed to explore plau-
sible pathways of how economies, population, energy, tech-
nology, resource availability, land use changes, emissions, 
concentrations, radiative forcing, and/or global temperature 
may change over time. Some scenarios are designed to ex-
plore how emissions might evolve in the absence of climate 
policy, while others are expressed in terms specific targets, 
such as limiting the increase in global surface air temperature
relative to preindustrial levels to below a certain level (e.g.,
2 ◦C or 1.5 ◦C) or stabilizing concentrations at certain levels
or achieve net-zero emissions by a certain year.
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16.4 Emissions and Concentration 
S cenarios

Community efforts to support the Intergovernmental Panel 
on Climate Change (IPCC) have employed standard sets of 
scenarios to represent a range of plausible future emissions 
or concentration pathways to be used as inputs into climate 
models to explore a range of future climate projections. Cli-
mate impact researchers can then investigate impacts across 
the range of climate scenarios. The range of climate projec-
tions is further broadened by simulating climate pathways
with varying climate models or by altering parameters of a
climate model to represent Earth system response.

The approach to scenario development, as first developed 
under the IPCC umbrella, utilized storylines around various 
drivers of emissions growth (e.g., economic and population 
growth, technology and resource availability, amount of co-
operation among countries, concern for the environment, 
etc.) with the goal of creating a lar ge spread in emissions.
This approach of using narratives or storylines is often re-
ferred to as the Shell Scenario approach, which dates to the
1960s (Postma & Liebl, 2005), and is motivated by the goal 
of getting decision-makers to imagine quite different ways in 
which the world could develop and not get locked into simple 
extrapolations of current trends or focusing on just a single 
“best estimate” of the future. In that sense, the approach 
recognizes that the f uture is uncertain. However, IPCC re-
ports explicitly cautioned against attaching likelihoods to the
scenarios, identifying them as all “equally plausible” (e.g.,
Nakicenovic, 2000). 

Over time, there has been a shift in the focus of scenarios 
developed in support of the IPCC. Initial sets of scenarios 
focused on projections of greenhouse gas and air pollution 
emissions. Following sets of scenarios identified representa-
tive concentration pathw ays (RCPs), with the latest scenarios
focusing again on emissions targets (e.g., net-zero targets).

Widely used IPCC scenarios are summarized in Table 16.1, 
and many are shown in Fig. 16.3. 

The sets of scenarios used in the first three IPCC assess-
ment reports and the Special Report on Emissions Scenar -
ios (SA90, IS92, and SRES) are emission-based scenarios
(Bretherton et al., 1990; Leggett et al., 1992; Nakicenov ic,
2000). They utilize increasingly complex storylines—while 
the SA90 scenarios are based on world population projec-
tions, SRES scenarios lay out assumptions about demograph-
ics, economic characteristics, international trade, technology, 
and other factors. The assumptions driving the storylines 
were run through human system and integrated assessment 
models (IAMs) to project emissions. Many IAMs were used 
for SRES, resulting i n multiple emissions scenarios for each
storyline. For each of six storylines, one emissions scenario
was chosen to be the “marker” scenario to be used as inputs
to climate models.

The IPCC Fifth Assessment Report (AR5; IPCC, 2014) 
focused on Representative Concentration P athways (RCPs,
Moss, 2010; van Vuuren, 2011). Unlike the earlier sets of 
standard scenarios, modeling teams generated multi-gas con-
centration levels in 2100 consistent with four radiative forc-
ing targets (RCP2.6 RCP4.5, RCP6.0, and RCP8.5, with 
the numbers indicating the watts per meter squared forcing 
increase relative to preindustrial levels). Rather than starting 
with detailed socioeconomic storylines to generate emissions 
and climate scenarios, the RCPs instead start with radiative 
forcing to pass to climate models and were not initially 
associated with any particular socioeconomic or emissions 
scenarios. They were designed to produce different end-of-
century climate results, spanning the range of outcomes from 
emissions and concentrations projections in the literature 
at the time. As such, IAMs needed to work backwards to 
derive a range of emissions trajectories (and corresponding
assumptions about e.g. policies and technology strategies) for

Table 16.1 Summary of widely used IPCC scenarios

Name of scenario set
Number of 
main scenarios Individual scenario names Year Introduced IPCC report u sing scenarios

Scenarios 
defined b y

SA90 4 Scenario A–D 1990 First assessment report
(FAR)

Emissions 

IS92 6 IS92a-f 1992 Second and third assessment 
reports (SAR and TAR)

Emissions 

SRES 6 A1B, A1T, A1FI, A2, B1,
B2

2000 Special report on emissions 
scenarios; third and fourth 
assessment reports (TAR and
AR4)

Emissions 

RCP (representative 
concentration p athways)

4 RCP2.6, RCP4.5, 
RCP6.0, RCP8.5

2010 Fifth assessment report
(AR5)

Concentrations 

SSP-RCP (shared socioeconomic 
pathways—representative 
concentration pathways)

7 SSP1–1.9, SSP1–2.6, 
SSP4–3.4, SSP2–4.5, 
SSP4–6.0, SSP3–7.0,
SSP5–8.5

2016 Sixth assessment report
(AR6)

Concentrations 

1.5 ◦C (net-zero emissions) 4 P1, P2, P3, P4 2018 Special report on global 
warming of 1.5 ◦C

Emissions
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Fig. 16.3 Emissions pathways and ranges in 2100 of different 
IPCC scenarios. Based o n data from publicly available databases:
IS92 (https://sedac.ciesin.columbia.edu/ddc/is92/index.html); SRES 

(http://sres.ciesin.org/final_data.html); RCPs (https://tntcat.iiasa.ac.at/ 
RcpDb); AR5 (https://tntcat.iiasa.ac.at/AR5DB); SSP-RCPs (https:// 
tntcat.iiasa.ac.at/SspDb); AR6 (https://data.ene.iiasa.ac.at/ar6) 

each RCP that would achieve concentrations that generated 
the specified level of radiative forcing. For each RCP, one 
of the emissions pathways (in terms of GHGs, aerosols, air 
pollutants, and other short-lived species) was selected as the
main scenario to be used in climate model simulations.

Another difference between RCPs and previous scenarios 
is that while none of the SRES scenarios included explicit 
policies and measures to limit climate forcing, the three 
lower RCP scenarios (2.6, 4.5, and 6.0) are all climate policy 
scenarios. RCP8.5 is the only non-mitigation scenario con-
sidered. It was intended to be a “very high baseline emission
scenario” representing the 90th percentile of no-policy base-
line scenarios available at the time (van Vuuren, 2011). Many 
authors have used the RCP8.5 scenario as a reference “no-
policy” baseline against which climate action is measured. 
However, given economic growth trends, falling costs of 
low-carbon energy options, and government interventions 
worldwide (e.g. to expand renewa bles and reduce emissions),
many now believe the RCP8.5 “no-policy” scenario to be
highly unlikely (Hausfather & Peters, 2020). 

Independently of the RCPs, a broad range of socioe-
conomic scenarios were developed—the S hared Socioeco-
nomic Pathways (SSPs, O’Neill, 2014;  Riah  i, 2017). The 

SSPs are based on five narratives describing how socioe-
conomic trends (e.g., population, economic development, 
technology deployment, education, globalization, etc.) might 
evolve in the absence of climate policies (though they do 
consider non-climate policies, such as those related to de-
velopment, technology, environmental protection, etc.). They 
focus on c hallenges to mitigation and adaptation, and are
intended to span the range of plausible socioeconomic fu-
tures. The narratives for the SSPs are described in Table 16.2. 
As no-(climate) policy baselines, the SSPs lead to different 
emissions and temperature outcomes, with 2100 warming 
ranging from 3.1 ◦C to 5.1 ◦C above preindustrial levels.

SSPs can also be combined with mitigation targets con-
sistent with the RCPs to explore how different levels of 
climate change mitigation could be achieved given different 
socioeconomic assumptions (i.e., baselines). The mitigation 
challenge varies significantly depending on the SSP baseline 
assumed, with some SSPs being incompatible with RCPs that 
limit warming to 2 ◦C  or  1.5  ◦C abov e preindustrial levels.
For example, within the SSP database, of the models that ran
SSP3, none could successfully achieve RCP2.6 and models
had difficulty achieving RCP1.9 for all but SSP1 (Rogelj,
2018).
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Table 16.2 Summary of SSP narratives (from Riahi, 2017) 
SSP1 Sustainability—taking the green road (low challenges to mitigation and adaptation)

The world shifts gradually, but pervasively, toward a more sustainable path, emphasizing more inclusive development that respects 
perceived environmental boundaries. Management of the global commons slowly improves, educational and health investments 
accelerate the demographic transition, and the emphasis on economic growth shifts toward a broader emphasis on human well-being. 
Driven by an increasing commitment to achieving development goals, inequality is reduced both across and within countries. 
Consumption is oriented toward lo w material growth and lower resource and energy intensity

SSP2 Middle of the road (medium challenges to mitigation and adaptation)
The world follows a path in which social, economic, and technological trends do not shift markedly from historical patterns. 
Development and income growth proceed unevenly, with some countries making relatively good progress while others fall short of 
expectations. Global and national institutions work toward but make slow progress in achieving sustainable development goals. 
Environmental systems experience degradation, although there are some improvements, and overall, the intensity of resource and 
energy use declines. Global population growth is moderate and levels off in the second half of the century. Income inequality persists 
or improves only slowly and challenges to reducing vulnerability to societal and environmental changes remain

SSP3 Regional rivalry—a rocky road (high challenges to mitigation and adaptation)
A resurgent nationalism, concerns about competitiveness and security, and regional conflicts push countries to increasingly focus on 
domestic or, at most, regional issues. Policies shift over time to become increasingly oriented toward national and regional security 
issues. Countries focus on achieving energy and food security goals within their own regions at the expense of broader-based 
development. Investments in education and technological development decline. Economic development is slow, consumption is 
material-intensi ve, and inequalities persist or worsen over time. Population growth is low in industrialized and high in developing 
countries. A low international priority for addressing environmental concerns leads to strong environmental degradation in some
regions

SSP4 Inequality—a road divided (low challenges to mitigation, high challenges to adaptation)
Highly unequal investments in human capital, combined with increasing disparities in economic opportunity and political power, lead 
to increasing inequalities and stratification both across and within countries. Over time, a gap widens between an internationally 
connected society that contributes to knowledge- and capital-intensive sectors of the global economy and a fragmented collection of 
lower-income, poorly educated societies that work in a labor intensive, low-tech economy. Social cohesion degrades and conflict and 
unrest become increasingly common. Technology development is high in the high-tech economy and sectors. The globally connected 
energy sector diversifies, with investments in both carbon-intensive fuels like coal and unconventional oil but a lso low-carbon energy
sources. Environmental policies focus on local issues around middle and high-income areas

SSP5 Fossil-fueled development—taking the highway (high challenges to mitigation, lo w challenges to adaptation)
This world places increasing faith in competitive markets, innovation, and participatory societies to produce rapid technological 
progress and development of human capital as the path to sustainable development. Global markets are increasingly integrated. There 
are also strong investments in health, education, and institutions to enhance human and social capital. At the same time, the push for 
economic and social development is coupled with the exploitation of abundant fossil fuel resources and the adoption of resource and 
energy intensive lifestyles around the world. All these factors lead to rapid growth of the global economy, while the global population 
peaks and declines in the twenty-first century. Local environmental problems like air pollution are successfully managed. There is
faith in the ability to effectively manage social and ecological systems, including by geo-engineering if necessary

The IPCC Sixth Assessment Report (AR6; IPCC, 2023) 
featured SSP-RCP combinations, which incorporate two ad-
ditional RCPs—RCP1.9 and RCP7. The report highlights 
seven combinations: SSP1–1.9, SSP1–2.6, SSP4–3.4, SSP2– 
4.5, SSP4–6.0, SSP3–7.0, and SSP5–8.5. For these scenar-
ios, the total radiative forcing level from the RCPs is the 
target defining the scenarios, and emissions pathways are 
developed by applying mitigation policy as needed given the
assumed socioeconomic baseline assumptions dictated by the
SSPs such that the resultant emissions, when run through a
climate model, achieve the target radiative forcing.

AR6 Working Group II also introduced a new categoriza-
tion of scenarios, defined by their likelihood of ex ceeding
global warming levels (at peak and in 2100) (IPCC, 2023): 

• Category C1 comprises modelled scenarios that limit 
warming to 1.5 ◦C in 2100 with a likelihood of greater 
than 50% and reach or exceed warming of 1.5 ◦C during 
the twenty-first century with a likelihood of 67% or less. 
It is referred to as 1.5 ◦C (>50%) with no or limited

overshoot. Limited overshoot refers to exceeding 1.5 ◦C
global warming by up to about 0.1 ◦C and for up to several
decades.

• Category C2 comprises modelled scenarios that limit 
warming to 1.5 ◦C in 2100 with a likelihood of greater 
than 50%, and exceed warming of 1.5 ◦C during the 
twenty-first century with a likelihood of greater than 67%. 
It is referred to as 1.5 ◦C (>50%) after a high overshoot.
High overshoot refers to temporarily exceeding 1.5 ◦C
global warming by 0.1–0.3 ◦C for up to several decades.

• Category C3 comprises modelled scenarios that limit peak 
warming  to  2  ◦C throughout the twenty-first century with 
a likelihood of greater than 67%. It is referred to as 2 ◦C
(>67%).

• Categories C4, C5, C6, and C7 comprise modelled sce-
narios that limit warming to 2 ◦C, 2.5 ◦C, 3 ◦C, and 4 ◦C, 
respectively, throughout the twenty-first century with a 
likelihood of greater than 50%. In some scenarios in C4
and many scenarios in C5–C7, warming continues beyond
the twenty-first century.
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AR6 pulls from a database of almost two thousand global 
scenarios produced in different ways by a wide range of 
models and, for those that project climate outcomes, assigns 
each to the C1-C8 categories. It also introduced a set of 
illustrative mitigation pathways (IMPs) and two pathways 
illustrative of high emissions. These were selected from the 
larger set of scenarios to illustrate a range of different mitiga-
tion strategies that would be consistent with different warm-
ing levels. The five IMPs illustrate pathways that achieve 
deep and rapid emissions reductions through different types 
of mitigation strategies—one focusing on renewables, one 
on carbon dioxide removal a nd net negative emissions, one
on low demand for resources, one on less rapid mitigation
initially followed by gradual strengthening, and one on sus-
tainable development and reducing inequality.

The IPCC Special Report on Warming of 1.5 ◦C (SR1.5)
focused on scenarios that could achieve climate stabilization
at 1.5 ◦C, identifying a range of emissions pathways
that could do so (IPCC, 2018). SR1.5 also emphasized 
the importance of achieving net-zero emissions at some 
point, ideally by mid-century, in order to achieve the 
1.5 ◦C temperature stabilization goal. This report strongly 
influenced research agendas, beginning a heavy focus on net-
zero emission (NZE) scenarios in the scientific community
(e.g., Morris et al., 2023; International Energy Agency (IEA), 
2021; Azevedo et al., 2021). This marks a shift back toward 
emissions-focused scenarios. 

Net-zero emissions means that released emissions need 
to equal negative emissions (emissions removed from the 
atmosphere), and for atmospheric stabilization that would 
need to include all greenhouse gases and all sources. How-
ever, with regard to policy pledges and scenarios explored, 
there remain important questions about what exactly “net 
zero” means. First, to which emissions does the net-zero 
target apply? Sometimes the target is applied to CO2 only, 
typically meaning fossil energy and industrial process CO2 
emissions. Sometimes it is applied to all greenhouse gases 
and all sources. CO2 emissions from land use and land cover 
changes (LULCC) may or may not be included, or a net-
zero goal may allow credits from verified reduction in land 
use emissions or increases in sinks. Second, what about the 
pathway to net zero? A net-zero goal by a prespecified date, 
such as 2050, does not identify the path by which it will be 
achieved—different paths can lead to the same end goal, but 
with quite different cumulative emissions, which ultimately 
are what is important in determining the climate outcome. 
Third, for any given pathway to net zero, there is also a 
question of howmuch positive and negative emissions should 
be involved. The net-zero target does not determine the gross 
emissions that remain (e.g., from fossil fuel combustion). 
A net-zero target can, in principle, be achieved with deep 
reductions in emissions and small amounts of n egative emis-
sions, or quite large, continued emissions and reliance on

fossil fuel combustion (without carbon capture and storage)
with large offsetting amounts of negative emissions. These
strategies, and those in between, can result in the same net
emissions path and thus the same or similar climate implica-
tions but quite different implications for technologies, cost of
achieving the target, and other areas such as health (e.g., air
pollutant emissions associated with fossil fuel combustion)
and land use change (e.g., for afforestation or biomass for
negative emissions).

Although NZE by 2050 has become an ubiquitous target
and used in many scenarios, the necessary timing for net-zero
emissions in order to achieve a given temperature target is
highly uncertain. SR1.5C included 90 individual scenarios
with a 50% chance of 1.5 ◦C in 2100 (IPCC, 2018). Only 18 
of those (20%) have net-zero CO2 emissions (energy sector 
and industrial process CO2) in 2050. In AR6, while all of 
the scenarios that limit warming to 1.5 ◦C with at least a 
50% chance and no or limited overshoot reach net-zero C O2

emissions, the timing ranges from 2035 to 2070 and only half
of the pathways reach net-zero GHG emissions at any point
during the second half of the twenty-first century (IPCC,
2023). 

Related to net-zero emissions, SR1.5 also emphasized a 
carbon budget approach—that achieving a specific tempera-
ture stabilization target, such as 1.5 ◦C, at a given probability 
requires limiting the total cumulative global anthropogenic 
emissions of CO2 since the preindustrial period to a certain 
amount. In turn, efforts have been made to estimate the
remaining carbon budget—how much CO2 can be released
from today to the time CO2 emissions reach net zero (e.g.,
Mengis et al., 2018; Millar , 2017; Rogelj et al., 2016, 2019; 
Tokarska et al., 2018). However, these estimates are highly 
uncertain and wide ranges appear in scientific literature. For 
example, values for limiting warming at 1.5 ◦C with 50% 
probability, expressed as cumulative carbon emissions from
the beginning of 2018, vary from slightly negative to 900
GtCO2 (Rogelj et al., 2019). Reasons for the differences 
include the use of different definitions of carbon budget, 
such as threshold exceedance budget (TEB) versus threshold
avoidance budget (TAB) (Rogelj et al., 2016) and different 
assumptions about non-CO2 emissions/forcing (e.g., Mengis
et al., 2018; Millar , 2017; Tokarska et al., 2018), particularly 
aerosol forcing (e.g., Samset et al., 2018) and the role of 
methane (Rogelj et al., 2015) and other non-CO2 GHGs. 
Carbon budget estimates also depend on how the probability 
of temperature staying below a chosen level is calculated 
and the model used, including assumptions about climate 
sensitivity, ocean heat uptake, and the strength of aerosol 
forcing, which determine the transient climate response to
cumulative carbon emissions (TCRE). Accounting for all
the uncertainties, the range of carbon budgets that could be
considered consistent with a given temperature target is large.
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Throughout much of the history of the IPCC scenario 
process, the approach has been to target an endpoint—e.g., 
emissions or total radiative forcing in 2100, or net-zero emis-
sions by a given date. Storylines were developed around dif-
ferent pathways to motivate them. Multiple modeling teams 
with a variety of models independently altered parameters 
of their models in an attempt to hit or approximately hit 
the target level of emissions or concentrations. In principle,
this approach illustrated that there were different underlying
assumptions about basic drivers of emissions that could lead
to similar paths. One might contrast this approach with a
more conventional scenario approach, such as the Energy
Information Administration’s long-term energy projections
(US EIA, 2023), where analysts form judgments about ba-
sic parameters of the model (e.g., population growth, labor 
productivity/GDP growth, technology cost/availability, etc.) 
and then run the model to determine what level of emissions 
result. 

One needs to see the IPCC approach as responding to 
the broader intergovernmental policy process. Early on, there 
was no governmental consensus on policy goals or targets, 
and the scenario approach avoided suggesting specific cli-
mate policies or targets. As such, early IPCC scenarios did 
not include explicit climate policies. The storylines devel-
oped for some of the emissions paths included attention or 
concern for the environment and sustainability but without 
a specific set of policy instruments through which such 
concerns would be addressed. However, implicitly, to address 
such concerns would likely mean some type of concerted 
policy direction, and observers generally interpret the lower 
emissions scenarios as likely only if there were policies, for 
example, those targeted at reducing fossil fuel use. 

More generally, early IPCC efforts eschewed any effort 
to create consensus projections, which likely would have 
been nearly impossible or very controversial given the state 
of international politics on climate change at the time. As 
such, the process was carefully designed to avoid creating a 
central scenario that could be interpreted as “most likely.” In-
stead, recognizing that climate models and impact assessors 
would want to contrast scenarios with more or less climate 
change, the process was designed to ensure a wide range 
of emissions/concentrations pathw ays, which were explic-
itly not assigned likelihoods. By targeting a limited set of
emission or radiative forcing endpoints, there were then a
manageable number of scenarios that could be simulatedwith
computationally intensive climate models.

As the intergovernmental policy process identified
agreed-upon policy goals such as staying below 2 or 1.5
◦C from preindustrial levels or getting to net-zero emissions,
the IPCC scenario approach added scenarios with specific
policies and targets that achieved these goals. However,
avoidance of assigning likelihoods to scenarios has continued
throughout IPCC assessments. Despite changes in the focus

of scenarios over time, the basic scenario range did not
change much until the most recent rounds when new, much
lower emissions/radiative forcing scenarios were added that
included specific climate policy goals (see Fig. 16.3). 

There have been a variety of critiques of the IPCC process. 
Many question whether the few storylines are enough or if 
they overly limit possible outcomes. Others have suggested 
that the focus on “consistent” storylines of the future narrow 
thinking too much and, as a result, fail to consider really
surprising developments such as radical new technologies
(Postma & Liebl, 2005). Until recently, the lack of explicit 
policy in scenarios and even the refusal to suggest that to 
achieve relatively low emissions scenarios would require 
explicit policy to reduce emissions had been frustrating to 
many. Many have also been frustrated by the refusal to iden-
tify likelihoods to scenarios. As an example consequence, 
some analysts have argued the RCP 8.5 scenario is now 
highly unlikely but is still used as a “reference” case for much 
climate impacts work. Relatedly, studies or policy d ecision-
making processes may want to consider “low probability,
high consequence” outcomes, but the IPCC does not provide
insight into which scenarios would produce those outcomes.
For this reason, we turn to methods that attempt to explicitly
quantify the likelihood of specific emissions/climate out-
comes.

16.5 Uncertainty Quantificat ion

While scenarios have long been used to explore plausible 
future emissions, a scenario approach can only explore a 
limited number of combinations of assumptions and provides 
no quantitative interpretation of likelihood. Further, the space 
explored through scenarios is ultimately a judgment, and 
the limited set of scenarios considered may have severe 
biases or miss important areas of the uncertainty space. In 
contrast, uncertainty quantification via a probabilistic Monte 
Carlo approach can more fully and systematically e xplore
the uncertainty space while also putting error bars on pro-
jections. Monte Carlo analysis involves creating distributions
for underlying input parameters, sampling from them, and
then simulating the model hundreds or thousands of times to
generate probability distributions of outcomes.

Morris et a l. (2025) and Morris et al. (2022)  take  a  proba-
bilistic ensemble approach to representing a comprehensive 
set of both socioeconomic and c limate uncertainties. That
work advances an approach used by Webster (2012)  and  
Sokolov (2009), employing an updated and improved version 
of the MIT Integrated Global System Model (IGSM) and a 
significant reassessment of uncertainty in input parameters. 
The result is a consistent framework for uncertainty quantifi-
cation in coupled human-Earth system models, which sup-
ports a broad exploration of global-change uncertainty. The
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Fig. 16.4 Example probabilistic outcomes from a Monte Carlo uncertainty quantification approach applied to a coupled human-Earth system
model. Adapted from Morris et al. (2022) 

resulting integrated, probabilistic socioeconomic and climate 
projections provide insight into the probability of outcomes 
of interest, including emissions, CO2 concentrations, tem-
perature, p recipitation, gross domestic product (GDP), and
energy use, among many others (see Fig. 16.4). These proba-
bility distributions of human and Earth system outcomes can 
serve as a basis for risk-based decision-making.

While there are growing calls for more formal proba-
bilistic, risk-based approaches to inform discussions about
mitigation and adaptation research (Gillingham et al., 2018; 
Hausfather & Peters, 2020; Rose & Scott, 2018), there have 
also been various critiques of probabilistic approaches to 
uncertainty quantification (e.g. Katzav et al., 2021;  Mor-
gan, 2018;  Weyan  t, 2017). An alternative approach is ro-
bust decision-making (e.g., Lempert, 2019), which explores 
multiple representations of the future (without assigning 
likelihoods) and uses robustness, rather than optimality, as a 
decision criterion (i.e., to identify decisions that are resilient 
to uncertain changes in future circumstances). This often 
inv olves avoiding worst case outcomes, using formulations
such as minimizing the maximum loss or, alternatively, max-
imizing minimum utility to guide decision-making.

Scenario discovery is a model-based approach for sce-
nario development aimed at finding areas of interest within 
large, multidimensional databases of simulation model re-
sults (see, e.g., Bryant & Lempert, 2010). It involves screen-
ing databases of model simulations (through statistical, ma-
chine learning or data-mining algorithms) to identify out-
comes of interest and their conditions for occurring. It can 

then inform the development of specific individual scenarios 
to explore in depth. This is in contrast to IPCC-style scenario 
development (e.g., the SSPs) which creates storyline narra-
tives. A danger with the storyline approach is that one may 
be overconfident that only one narrow set of outcomes can 
be part of a consistent story. Scenario discovery approaches 
can avoid this e rror and can identify variables associated with
given outcomes of interest without defining a priori which
variables are most important. In this way, it can “discover”
different scenario pathways to a given outcome and identify
individual scenarios that are particularly relevant or interest-
ing.

While scenario discovery is commonly paired with robust 
decision making and therefore does not assign probability 
distributions for sampling input parameters, the approaches
can also be applied to probabilistic ensembles (see, e.g.,
Morris et al., 2022; Rozenberg et al., 2014; Guivarch et al.,
2016). Similarly, while the focus of scenario discovery has 
mostly been to identify values of input assumptions that tend 
to drive an outcome of interest, it can also be used to inves-
tigate combinations of endogenous outcomes in an ensemble 
of projections. By combining scenario discovery techniques 
with a probabilistic Monte Carlo ensemble, one can e xplore
how different endogenous outcomes are related and potential
tradeoffs, if there are prevailing storylines behind outcomes
of interest, and identify individual scenarios that are defined
by specific combinations of outcomes.

There are also methods that explicitly factor uncertainty 
about the future into near-term decision-making. Many such
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approaches (e.g., stochastic dynamic programming, stochas-
tic optimization) build on Bellman (1957) and attach specific 
likelihoods to different future outcomes and then identify a 
near-term decision that, for example, minimizes the sum of 
the expected policy costs plus any remaining expected cli-
mate damage. While formally constructing a fully quantified 
policy optimization problem of this type is rarely pursued in 
practice, one way or another, any decision process tends to 
attach weights to different outcomes, generally placing less
weight on outcomes perceived to have almost no chance of
occurring. Of course, there are possible exceptions to this,
such as the fat tail hypothesis (Weitzman, 2014) that basically 
argues that deep uncertainty about climate change creates a 
finite probability of catastrophic outcomes, and the expected 
value of damage is essentially unbounded. As a result, any 
estimate of expected damage is dominated by unquantifiable 
small, but finite risk. Various critiques of this hypothesis 
exist, and the policy implication—that wemust avoid climate 
change at all costs—is at best difficult to implement. Does it
mean we must turn off all lights immediately and get rid of
all methane belching ruminants and rice paddies tomorrow
or proceed with all due haste phasing these out over a decade
(or two or three)?

Interactive approaches where scenario developers interact 
with decision-makers, or where the decision-makers can ac-
tually use simplified modeling tools to help them learn about 
how different actions might lead to different results tend to 
be more successful in terms of h aving scenario information
factor more prominently into decision-making. Examples
of models that can be used by decision-makers are those
developed under the Climate Interactive (2023)  effor  t.

16.6 Summar y

With 40+ years of scenario development for climate analysis, 
there are some key takeaways:

• Scenario uncertainty can be as important as uncertainty 
in the science of climate change, but its contribution 
to overall climate uncertainty doesn’t emerge as a main
driver until the second half of the century.

• Various scenario approaches have been developed to cap-
ture a wide range of future emissions and concentration
outcomes.

• The IPCC scenario process has had a strong influence on 
the scenario development community.

• The IPCC process has eschewed formal uncertainty tech-
niques but has looked to the broader literature to develop
target or marker scenarios. That literature also includes
formal uncertainty analysis.

• Scenarios are often conditioned on specific assumptions, 
such as specific policy goals or broader storylines that
define some elements of the scenario.

• Expectations about future climate and what it means for 
climate impacts and adaptation require further judgment 
about the likelihoods of different scenarios/their various
conditional assumptions, such aswhether policy goals will
be achieved.

• Applying newer approaches like scenario discovery with 
probabilistic approaches can combine the benefits of dis-
tinct scenarios with likelihoods of outcomes o f interest,
providing a richer foundation for mitigation and adapta-
tion studies.
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17The Importance of Internal Variability for 
the Uncertainty in Climate Change Projections 
and Decision-Mak ing

Flavio Lehner and Clara D eser

17.1 Introduct ion

17.1.1 What Is Internal Climate Variability 
andWhere Does It Come F rom?

Internal variability refers to fluctuations that arise intrinsi-
cally in a nonlinear dynamical system, even when that system 
is closed (energy, mass, and momentum are conserved) and 
not subject to any changes in external forcing. In the case of 
Earth’s climate, internal variability arises primarily from the 
uneven distribution of energy across the planet at any given 
time. Physical processes, such as oceanic or atmospheric heat 
transport or radiation to space, act to balance this uneven-
ness, but they do so a t different temporal and spatial scales.
Together with Earth’s rotation and uneven solar radiation,
this means that an even energy distribution is never reached,
leaving Earth’s climate to shift energy around perpetually.

Internal variability affects virtually every aspect of the cli-
mate system and is manifested, for example, as variations in 
temperature from one day to the next but also by strengthen-
ing and weakening of ocean currents from one decade to the 
next. Importantly, internal variability occurs around a m ean
state, which is dictated by the long-term balance of the system
at hand. Internal variability thus almost always occurs within
a certain range (e.g., a range of temperature values) and does
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not drive the system unidirectionally. In Lorenz’ seminal 
papers on chaos, a set of differential equations describes a 
nonlinear system with one or more attractors around which
the system varies (Lorenz, 1963). In a simplified analogy, 
Earth’s long-term average climate is such an attractor, and
variations around it represent internal variability.

The Lorenz model offers insight into a key feature of 
internal variability: its inherent unpredictability. It was found 
that even in a deterministic system such as the Lorenz model, 
miniscule differences in initial conditions used to solve the 
equations can lead to very different trajectories after a while. 
This phenomenon exists in reality as well, where fluid medi-
ums, such as the atmosphere and ocean, are intrinsically 
unstable to tiny perturbations (e.g., the baroclinically unsta-
ble atmospheric jet stream or tropical convection patterns).
Because the initial conditions of a system under prediction
(e.g., weather) are never known perfectly, this inevitably
leads to a gradual divergence between the prediction (e.g.,
a weather forecast) and the actual outcome.

17.1.2 Why Care About Internal Variabilit y?

The example of weather forecasting and initial condition pre-
dictability suggests that internal variability arises from small 
spatial and temporal scales and grows to encompass global 
and decadal scales. This leads to important issues for climate 
science. The historical climate record reflects not only a 
response to various external forcings affecting its energy bal-
ance (such as changes in orbital parameters, solar irradiance, 
greenhouse gas concentrations, or aerosols), but it has also 
embedded fluctuations that are the expression of a unique 
realization of internal variability. “ Unique” here means that it
is just one of many possible and equally plausible realizations
that could have occurred. Taking this insight to the extreme
has led to the analogy that the flap of a butterfly could cause a
hurricane. While proving such causality is beyond our reach,
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this concept of “contingency” (Gould, 1989) is useful when 
thinking about the possible consequences of even the smallest 
perturbations to the atmosphere and, once they grow, to the 
larger climate system—or, conversely, how the systemwould 
have evolved had that butterfly not flapped its wing.

This superposition of external and internal influences 
complicates the interpretation of the historical climate record, 
as our understanding of climate variability and change relies 
on a robust separation of these influences. Like the past, 
future climate will also reflect the combined influence of 
external forcing (e.g., an increase in greenhouse gas concen-
trations) and internal variability. Precise prediction of future 
climate for lead times longer than a few years is thus not
possible. This poses a communication challenge and calls
for probabilistic predictions—again very similar to weather
forecasts, where a chance of rain rather than a binary forecast
of rain or no rain is given.

This chapter will discuss the role of internal variability 
in climate projections using the example of air tempera-
ture, give an overview of methods used to separate and 
quantify external and internal drivers of climate variability, 
and discuss outstanding scientific challenges i n this field.
This chapter draws from a recent perspective paper on the
origin, importance, and predictive limits of internal climate
variability (Lehner & Deser, 2023). 

17.2 The Role of Internal Variability 
in Climate Projec tions

17.2.1 An Example: Temperature Project ions

To illustrate the influence of internal variability on climate 
projections, we show projections of wintertime air temper-
ature over North America from many d ifferent simulations
with the same climate model under the same radiative forcing
scenario (Fig. 17.1). As with the Lorenz model, any individ-
ual simulation is started from slightly different initial con-
ditions (here, roundoff errors in atmospheric temperatures 
at year 1920 of each simulation—the butterfly w ing flap),
while the rest of the model setup is kept identical between
the different simulations (Kay et al., 2015). Specifically, each 
simulation is subject to the same historical external forcing, 
such as volcanic eruptions or changes in greenhouse gas 
concentrations, as well as an emissions scenario going out 
to year 2100. Such a setup is called a single-model initial-
condition large ensemble (SMILE). The initial perturbations 
to each simulation are so small that the weather on the 
model planet over the first few days looks almost identical 
between simulations. Then, gradually, the different s imula-
tions diverge and eventually become decorrelated with regard
to their interannual variability. At that point, the climate

system has “forgotten” about the initial conditions and the
resulting range of temperatures represents the many possible
trajectories of climate around its climatological attractor.

Here, the different trajectories are illustrated by linear 
trends over the next 30 years (2021–2050) from each of
the 30 SMILE ensemble members (Fig. 17.1). All ensemble 
members show widespread increases in temperature, consis-
tent with the expectation of warming with future greenhouse 
gas emissions. The spatial pattern of this warming, however, 
shows substantial variations—there are even ensemble mem-
bers with regional cooling trends ov er 2021–2050. Due to
the identical experimental setup in all ensemble members,
any member-to-member differences are attributable solely to
internal variability.

The average of the 30 trend maps is shown in the bottom
left panel of Fig. 17.1. This “ensemble mean” trend pattern 
represents the response of the climate model to the external 
forcing imposed to each simulation, as the differences be-
tween the individual ensemble members are largely averaged 
out. In other words, the forced response or “signal” common 
to all simulations is distilled from the “noise” of internal vari-
ability through the averaging process. This “signal” shows 
a poleward-amplified p attern of warming throughout North
America. The “noise” pattern, quantified by computing the
standard deviation across the 30 individual maps, also shows
a poleward-amplified pattern (bottom middle panel of Fig.
17.1). As a result, the signal-to-noise map shows a more 
amorphous pattern than either the signal or the noise (bottom
right panel of Fig. 17.1). Importantly, the signal-to-noise 
values are larger than 1 over almost all of North America— 
this indicates the emergence of the forced response from the
background climate noise.

Assuming that the internal variability of this particular 
climatemodel is realistic (a point discussed later), any projec-
tion of temperature for the real world is s ubject to irreducible
uncertainty of the magnitude shown in Fig. 17.1.  In  other  
words, the real world could end up looking lik e any one of
the maps in Fig. 17.1, and we would not be able to predict 
ahead of time which one it might resemble.

17.2.2 Contribution of Internal Variability 
to Total Projection Uncer tainty

Besides the largely irreducible uncertainty from internal vari-
ability, other sources of uncertainty are important for climate 
change projections: model response uncertainty and scenario
or socioeconomic uncertainty (see Chaps. 15 and 16). How 
does internal variability compare to these other sources of 
uncertainty? A common framework to quantify this is to
calculate a “total projection uncertainty” from a collection
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Fig. 17.1 Linear trend in winter (December–February) mean temper-
ature over the period 2021–2050 from 30 individual CESM1 Large 
Ensemble simulations (panels l abeled 1–30), all under the identical
forcing protocol of RCP8.5 (Kay et al., 2015). The bottom panels (from 

left to right) show the ensemble mean (EM) trend, the standard deviation 
(STD) across the 30 trend maps, and t he signal/noise (EM/STD). Figure
adapted from Lehner and Deser (2023) 

of simulations from different modeling groups run under 
a common s et of emissions scenarios (Hawkins & Sutton,
2009). 

Taking all available models from the fifth Coupled Model 
Intercomparison Project (CMIP5) that provide simulations 
for multiple emissions scenarios results in a subset of 28
models and three different emissions scenarios (Lehner et
al., 2020). For each model and scenario, the forced response 
can be estimated either by averaging all of the available 
simulations, or—as is more common due to the lack of 
multiple simulations from some models—it can be estimated 
as a statistical fit to each model’s simulation (e.g., a fourth-
order polynomial can be fit to a temperature time series as
done in Hawkins & Sutton, 2009). The residual from this 
fit provides an estimate of internal variability (quantified 
by computing the variance of the residual time series). The 
variance across the estimated forced responses in each model 
for a given emissions scenario constitutes an estimate of 
model uncertainty. Finally, averaging the forced responses 
across all the models for each scenario separately and then

calculating the variance across the scenarios constitutes an
estimate of the scenario uncertainty. These uncertainties are
approximately additive (Yip et al., 2011), such that the total 
uncertainty can be estimated as the s um of the individual
sources of uncertainty.

Each source of uncertainty can now be expressed as a 
time-varying fraction of total uncertainty. F or example, for
projections of decadal global mean temperature (Fig. 17.2a), 
internal variability and model uncertainty initially contribute 
about 50% each to the total uncertainty, while scenario un-
certainty is zero b ecause the different scenarios have not
diverged yet (Fig. 17.2b, c). Moving further into the future, 
internal variability contributes increasingly less to total un-
certainty, while model uncertainty and eventually scenario
uncertainty become the dominant sources of uncertainty (Fig.
17.2b, c). At local scales, such as for a grid cell near An-
chorage, AK, internal variability initially dominates total 
uncertainty and remains important for a longer time, as
climate tends to be more variable at smaller spatial scales
(Fig. 17.2d–f).
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CMIP5 projections rel. to 1995-2014 
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Fig. 17.2 Projections, sources of uncertainty and relative contribution 
of sources of uncertainty for decadal mean temperature from 28 CMIP5 

models for (a–c) annual global mean and (d–f) winter (Dec–Feb) 
mean o ver a grid cell near Anchorage, AK. See text for details. Figure
modified from Lehner and Deser (2023) 

17.3 Drivers of Internal V ariability

17.3.1 Drivers of Temperature Variabilit y

Generally, temperature changes as shown in Fig. 17.1 can be 
thermodynamically- and/or dynamically induced (Wallace et
al., 2015). “Thermodynamically induced” refers to changes 
caused by time-varying radiative fluxes or changes in sensi-
ble and latent heat fluxes at the Earth’s surface. Formally, 
this excludes any concomitant changes in the atmospheric 
circulation. “Dynamically induced” refers to temperature
changes attributable to changes in the atmospheric circula-
tion, irrespective of their cause.

Together with the presence of external forcing, the 
cause for a given temperature trend can be partitioned into 
four categories: forced-thermodynamic, forced-dynamic, 
unforced-thermodynamic, and unforced-dynamic. “Forced” 

refers to the externally forced radiative imbalance of Earth 
(e.g., due to greenhouse gases), and “forced-thermodynamic” 
then indicates that the external forcing impacts temperature 
via a thermodynamic process (e.g., changes to radiative 
fluxes caused by increasing greenhouse gases). Conversely, 
“unforced-thermodynamic” also refers to a thermodynamic 
process influencing temperature, except this process is not 
caused by external forcing but just arises from unforced 
internal variability (e.g., changes in surface fluxes due to 
intermittent states of snow cover or soil moisture). Finally,
“forced-dynamic” and “unforced-dynamic” refer to changes
in temperature via forced or unforced changes in atmospheric
circulation variability (e.g., changes in sea-level pressure). It
is important to note that such a separation is empirical and
inevitably imperfect, as there are feedbacks between terms
and across time scales, such as circulation influencing snow
cover, which can then influence circulation again.
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17.3.2 Decomposition of Driv ers

The categories laid out above enable a decomposition of 
the relative contributions of internal variability and forced 
response to a given temperature trend—for example, the 
2021–2050 winter trend pattern over North America in one
of the simulations shown in Fig. 17.1—and also a means of 
diagnosing the processes through which internal v ariability
and forcing exert influence (Fig. 17.3). In practice, several 
steps are needed to conduct the partitioning quantitati vely.
As illustrated in Figs. 17.1 and 17.2, the forced contribution 
can be estimated either by using the ensemble mean of 
a SMILE or by making statistical assumptions about the
forced response, with the residual representing the internal
(or “unforced”) contribution.

To further partition the forced and unforced components 
into thermodynamic and dynamic contribu tions, the method
of dynamical adjustment is used (Deser et al., 2016; Sippel e t
al., 2019; Smoliak et a l., 2015). This method aims to estimate 
the contribution of the atmospheric circulation to a given 
temperature pattern. Briefly, using the example of monthly 
mean data, the atmospheric circulation (e.g., sea-level pres-
sure) from a given target month is reconstructed from other 
months’ circulation data, for example, using regression or 
analogs. Each circulation reconstruction is associated with a 
temperature reconstruction, which thus gives an estimate of 

the typical temperature pattern that occurs with this type of 
circulation pattern. Once repeated for all the months in the 
dataset, one obtains an estimate of the role of atmospheric 
circulation in bringing about the temperature changes seen
in the original data—the dynamic contribution. The residual
between the original data and the dynamic contribution is an
estimate of the thermodynamic contribution. Further decom-
position into forced-dynamic and forced-thermodynamic is
achieved by conducting the above analysis for each member
of a SMILE and then averaging the respective estimates.

The pattern seen in Fig. 17.3a can now be decomposed 
completely within the limits of the ensemble size. This par-
ticular ensemble member was chosen for its interesting pat-
tern of cooling over Western North America (which occurs 
despite the projected increase in greenhouse gases over the 
next 30 years), a long with pronounced warming over East-
ern North America. The decomposition reveals that inter-
nal variability contributes substantially to this cooling (Fig.
17.3b), in particular when compared to the total forced re-
sponse which shows ubiquitous warming (Fig. 17.3c). Most 
of the cooling occurs due to atmospheric circulation, i.e., 
the dynamic contribution, specifically a strong trend toward
atmospheric ridging off the west coast (Fig. 17.3d). This 
dynamically induced cooling is entirely internal (Fig. 17.3e) 
as there is essentially no forced trend in atmospheric cir-
culation (Fig. 17.3f). On the other hand, the w arming over

Total Internal Forced 

To
ta

l
D

yn
am

ic
Th

er
m

od
yn

am
ic

 

Decomposition of CESM1 ensemble member #15 

Fig. 17.3 Decomposition of the winter (Dec–Feb) mean tempera-
ture (color shading) and sea-level pressure (contours: increment of 
2 hPa/30 year, starting at ±1 hPa/30 year) trend over the period 2021– 
2050 in one particular CESM1 ensemble member (#15). (a) The total 
trend and its contributions from (b) internal variability and (c) the forced 

response. (d) The trend attributable to dynamics and its contributions 
from (e) internal variability and (f) the forced response. (g–i) Same as
(d–f) but for the trend attributable to thermodynamic processes. See
text and Deser et al. (2016) for details. Figure adapted from L ehner and
Deser (2023)
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Eastern North America is almost entirely due to thermody-
namic processes (Fig. 17.3g), of which the forced component
dominates (Fig. 17.3i); indeed, the internal-thermodynamic 
component drives a weak cooling trend (Fig. 17.3h). 

More generally, Fig. 17.3 shows that, for western 
North America, changes in atmospheric circulation are of 
almost negligible importance compared to thermodynamic 
processes for understanding regional temperature trends due 
to anthropogenic forcing. However, large i nternal variability
of the atmospheric circulation can at times overwhelm the
anthropogenic response in a given realization.

17.4 Summary and D iscussion

This chapter provides an overview of the role of internal vari-
ability in climate projections using the example of wintertime 
temperature trends for the next 30 years over North America. 
The significant influence of internal variability, especially 
at regional scales, i s illustrated by the range of possible
future temperature trends simulated by the members of a
single-model initial-condition large ensemble (Fig. 17.1). 
The influence of internal variability is also shown to be 
important when compared to other sources of uncertainty 
such as structural differences across models or the choice
of future emissions scenario, although its relative importance
decreases with lead time (Fig. 17.2). The chaotic nature of the 
atmospheric circulation is a key driver of internal variability 
of regional t emperature trends over western North America
(Fig. 17.3). Despite the focus on temperature, the lessons-
learned apply equally to other variables and research ques-
tions, for example, precipitation (Deser et al., 2012;  Guo  e  t
al., 2019; Lehner et al., 2018), response to volcanic eruptions 
(Lehner et al., 2016), ocean biogeochemical tracers ( Rodgers
et al., 2015), and even climate-related health impacts (Garcia-
Menendez et a l., 2017). 

There are topics not covered here that nonetheless deserve 
attention. For example, how well do we know the charac-
teristics of internal variability in the real world, and how 
faithful are models in their simulation of internal variability? 
The instrumental record is often too short to meaningfully 
constrain low-frequency (decadal and beyond) variability, 
and paleoclimate reconstructions, while of sufficient length, 
are s ubject to data quality and interpretation issues which
limit their ability to effectively quantify the power spectrum.
This data challenge has fueled continued disagreement on
whether climatemodels are able to correctly simulate internal
variability (Ault et al., 2013; Laepple & Huybers, 2014;  Zhu  
et al., 2019). The search for the true magnitude of internal 
variability will continue for a long time, but it is indeed on 
the topic of m odel validation where progress can be made
today. The advent of multiple SMILEs (Deser et al., 2020) 

and the development of observational large ensembles (McK-
innon & Deser, 2018) enable a probabilistic comparison of 
models and observations with the goal not of identifying 
which model is right or wrong, but which ones are more or 
less plausible. Such nuances are surprisingly important as 
we rethink model evaluation in light of internal variability. 
Model behavior that was previously viewed as inconsistent
with observations is suddenly compatible, as the latter is
revealed to under-sample variability (Deser et al., 2018). In 
turn, if needed, certain models can now be rejected or down-
weighted more confidently thanks to the larger sample sizes
(Van Oldenborgh et al., 2020). 

Further, internal variability itself can change with ex-
ternal forcing, due to mean state changes and feedbacks 
between climate system components. For example, precip-
itation variability is expected to increase with warming due
to air’s growing moisture-holding capacity (Pendergrass et
al., 2017); mid-latitude winter temperature variability is ex-
pected to decrease due to a reduction of albedo from a
shrinking cryosphere (Screen, 2014); and the future of the 
El Niño-Southern Oscillation remains uncertain (Maher et
al., 2023). With the increasing number of SMILEs and t heir
public availability (Deser et al., 2020), quantitative assess-
ments of changes in variability become possible, also for 
typically under-sampled phenomena such as extreme events. 
It does, howe ver, require confidence in the models’ ability to
represent internal variability itself.

Uncertainty from internal variability has here been por-
trayed as being i rreducible—and for good reason (Hawkins
et al., 2016). Still, efforts of decadal prediction via initialized 
climate model simulations exist but so far show limited 
skill for lead times beyond about two years (Yeager et al.,
2018). Gradual progress might be possible as climate models 
improve their representation of a tmosphere-ocean coupling
among other aspects (Simpson et al., 2019), but decadal 
prediction skill is likely to remain limited for many areas of 
the globe. Internal variability and the uncertainty it injects 
into projections for the coming decades will thus continue to 
accompan y any climate change impact assessment. This, in
turn, suggests that a perspective focused on risk and robust
decision-making (Reed et al., 2022; Sutton, 2019) might be 
more pertinent to users of climate model information than the 
focus o n a “best estimate.”
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18Downscaling Future Climate Projections: 
Compounding Uncertainty But Adding Va lue?

Hayley J. Fowler , Linda O. Mearns , and Robert L. W ilby

18.1 What Is Dow nscaling?

‘Downscaling’ describes methods that take climate informa-
tion at large scales from Global Climate Models (GCMs) to 
derive climate change effects at l ocal scales. GCMs are phys-
ically based numerical models that represent important earth
system processes (see Chap. 15, this volume). However, even 
state-of-the-art GCMs are too coarse to resolve important 
processes or provide relevant information at scales typically 
needed for climate impact and adaptation studies. Bridging 
this gap has focused community effort on the development
of various downscaling approaches, reviewed elsewhere (see:
Fowler et al., 2007; Maraun et al., 2010; Wilby & Wi gley,
1997). 

Downscaling techniques are conventionally divided into 
dynamical and statistical methods (Fig. 18.1). Dynamical 
downscaling uses large-scale boundary conditions from a 
GCM to drive a higher-resolution Regional Climate Model 
(RCM) for a limited area which enables better representation 
of surface topography and atmospheric processes. Statistical 
downscaling comprises a wide range of techniques that build 
empirical relationships between large-scale c limate patterns
better resolved by GCMs and observed local climate vari-
ables. Both RCM and statistical downscaling methods can
then be applied to GCM projections of the future climate to
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generate local climate change scenarios. Additionally, some 
studies now apply hybrid dynamical-statistical downscaling, 
whereby the GCM is first downscaled by an RCM to 10– 
50 km resolution (or even 2–4 km via convection-permitting
models [CPMs]), then statistically adjusted to correct for
remaining biases at the local scale (e.g. Casanueva et al.,
2020). 

This chapter examines the key uncertainties inherent to 
both dynamical and statistical downscaling. These include 
the choice of GCM (or RCM) and emissions scenarios driv-
ing the boundary conditions; the size and location of down-
scaling domains; downscaling method and parameterization 
of sub-grid processes; predictor variable selection; and rep-
resentation of climate variability. We show how intercompar-
ison and benchmarking studies help to evaluate the merits
and added value of various downscaling techniques. Finally,
we call for greater application of downscaling in decision-
making contexts and explain how this can be achieved despite
myriad uncertainties.

18.2 Dynamical DownscalingUncertain ties

As mentioned before, RCMs are dynamical models like 
GCMs but applied over a limited area at finer horizontal reso-
lution than standard GCMs (Ekström et al., 2015; McGregor ,
2015). They are widely used to produce sub-continental cli-
mate information. The traditional nested regional modelling 
technique consists of running the RCM over a domain driven 
by initial conditions and lateral boundary conditions from ob-
servational re-analyses or GCMs. Information a bout lateral
conditions—such as wind components, temperature, water
vapour, and pressure—is typically updated every 6 h (Fig.
18.2). Key sources of uncertainty in dynamical downscaling 
are discussed below.

© The Author(s) 2025 
L. O. Mearns et al. (eds.), Uncertainty in Climate Change Research,
https://doi.org/10.1007/978-3-031-85542-9_18

185

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-85542-9protect LY1	extunderscore 18&domain=pdf
https://orcid.org/0000-0001-8848-3606
https://orcid.org/0000-0002-2875-5830
https://orcid.org/0000-0002-4662-9344
http://doi.org/10.1007/978-3-031-85542-9_15

 570 60079 a 570 60079 a
 
mailto:hayley.fowler@newcastle.ac.uk
mailto:hayley.fowler@newcastle.ac.uk
mailto:hayley.fowler@newcastle.ac.uk
mailto:hayley.fowler@newcastle.ac.uk


186 H. J. Fowler et al.

Fig. 18.1 A downscaling framework showing dynamical and statisti-
cal/empirical methods and possibility of hybrid methods which use a
combination of both

18.2.1 Boundary C onditions

When RCMs are nested within GCMs, uncertainties from 
GCMs are propagated via the boundary conditions from the
GCMs. This includes uncertainties due to model structure
(Chap. 15, this volume), future scenarios of g reenhouse gas
emissions (Chap. 16, this volume), initial conditions and 
internal climate variability (Chap. 17, this volume). Impor-
tantly, the present generation of RCMs has one-way nest-
ing, such that the RCM does not feed back into the GCM. 
Therefore, local-scale atmospheric responses to land-surface
changes or higher-resolution topography are not able to in-
fluence large-scale circulation dynamics and atmospheric
moisture.

18.2.2 Model Structur e

RCMs typically represent atmospheric and land components 
of the climate system, but do not always include other pro-
cesses such as those in a full ocean model and the effects 
of aerosols. This inherently lea ves some uncertainties un-
explored, although more complete Earth System regional
models have been developed (Giorgi & Gao, 2018). Like 
GCMs, there are numerous RCMs that use different ways of 
modelling the climate system. For the most part, these differ-
ent models, when used with dri ving conditions of different
GCMs, expand the uncertainty present in the global models
(Doblas-Reyes et al., 2021). 

18.2.3 Spatial and Temporal R esolution

RCMs can now operate at convection-permitting scales (e.g.
Kendon et al., 2014, 2017; Prein et al., 2015). Although 
RCMs with resolutions of 10–50 km can be run for up to 

150 years, 2–4 km CPMs are generally only run for 10– 
20 years and over limited domains due to the high compu-
tational demand. Finer resolution RCMs have smaller biases 
for some variables, particularly precipitation (when com-
pared with observations), and can produce somewhat differ-
ent climate change projections, especially for extreme events
at sub-daily timescales (e.g. Kendon et al., 2014). Over the 
past decade, numerous experiments have been performed at 
very high resolutions, where the parameterization of deep 
convection is switched off. Even so, convective processes 
operating at 1 km resolution or less must still be parameter-
ized through shallow convection schemes. Although running 
RCMs at convection-permitting scales remains challenging 
for century-long simulations, some e xamples are now avail-
able. For example, UKCP Local is based on 2.2 km CPM
transient simulations run for the UK over 1980–2080 from
a 12-member perturbed physics ensemble (Kendon et al.,
2023). However, lower resolution models are still applied for 
long simulations, such as t hose used in CORDEX (Giorgi et
al., 2009). 

18.2.4 Means of Ingesting Boundary 
C onditions

How boundary conditions from the driving GCM are com-
municated to the RCM is an additional s ource of uncertainty.
This can be done in two main ways:

Pseudo Global Warming Experiments If one assumes that 
changes in regional climate are dominated by thermodynamic 
rather than by circulation changes, then pseudo global warm-
ing (PGW) experiments may be conducted t o mitigate the
effect of circulation biases in GCMs (Rasmussen et al., 2011; 
Sato et al., 2007; Schär et al., 1996). Typically, boundary 
conditions for the RCM are taken from re-analysis data and 
then modified by the thermodynamic (temperature, humidity, 
and atmospheric stability) signals of climate change for the 
future GCM simulation. In this case only uncertainty from
thermodynamic changes is accounted for in the future simu-
lation.

Spectral Nudging This technique allows forcing of part of 
the spectrum of a model solution with the equivalent part of 
the driving GCM. When large-scale dynamics are accurately 
captured by GCMs, then spectral nudging can help constrain
synoptic-scale processes in large-domain RCM simulations
(Miguez-Macho et al., 2004; von Storch et al., 2000). How-
ever, if there are large errors in the GCM dynamics, this can 
degrade the quality of the RCM simulation. Spectral nudging 
has been explored in systematic ways with different RCMs
(e.g. Spero et al., 2018).

http://doi.org/10.1007/978-3-031-85542-9_15
http://doi.org/10.1007/978-3-031-85542-9_16
http://doi.org/10.1007/978-3-031-85542-9_17
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Fig. 18.2 Representation of a basic regional modelling nesting configuration and typical impact domains using results from RCM simulations.
Source: Giorgi (2019) 

18.2.5 GCM-RCM Pa irs

Uncertainties in RCM ensembles can be explored by exam-
ining matrices of paired GCM-RCM simulations. These en-
sembles represent the combined uncertainty of drivingGCMs 
and downscaling RCMs. One of the first such experiments 
for Europe determined that uncertainty from the boundary
forcing (by GCMs) was, in general, greater than that from
the RCMs (for temperature and precipitation) (Déqué et al.,
2007). However, results from the North American Regional 
Climate Change Assessment Program established that GCMs 
contributed more to the uncertainty in projections of winter 
temperature, but RCMs contrib uted more to uncertainty in
the projections of summer precipitation changes (Mearns
et al., 2013). 

The CORDEX program is the most extensive exploration 
of uncertainty represented by ensembles of RCMs simula-
tions to date (Giorgi et al., 2009; Gutowski et al., 2016). Un-
der CORDEX,multiple RCMexperiments were performed at 
10–50 km for 1950–2100 under various emissions scenarios, 
for most world regions. So far, Euro-CORDEX has produced 
the largest ensemble of 55 members, from permutations of
8 GCMs and 11 RCMs (Coppola et al., 2020; Vautard et 
al., 2020). This allows better characterization of uncertainty 
across simulations as well as evaluation of t he robustness of
climate change signals (Coppola et al., 2020). Other regions 
have also been assessed such as CORDEX-SEA (Southeast 
Asia), where 11 GCMs were downscaled by 7 RCMs, mostly
at 25 km resolution (Tangang et al., 2020). This region 
is particularly apposite for RCMs, given the topographic 
complexity and archipelagic features. The higher r esolution
RCMs add value to future climate simulations (Fig. 18.3), 

but the partitioning of uncertainty is challenging given the 
comple xity of the overall region.

Experiments have now been performed using multiple 
GCMs to run multiple RCMs and then CPMs. For example, 
the CORDEX-Flagship Pilot Study produced the first multi-
model ensemble of 10-year current, mid-twenty-first century,
and end-of-century simulations with 12 CPMs (Pichelli et al.,
2021). This involved first downscaling CMIP5 GCMs to an 
intermediate resolution (12 km), then using results from those 
simulations to downscale to km-scale over an Alpine domain. 
The km-scale simulations improved the fine-scale details 
of precipitation, including the diurnal cycle of convection 
and representation of extreme ev ents, particularly sub-daily.
Also, the uncertainty across CPM simulations was reduced
for some seasons and parameters related to precipitation.

18.2.6 Initial-Condition and Climate 
Se nsitivity

Large initial-condition ensembles can be created by using 
different GCM ensemble members to dri ve a particular RCM
(e.g. Fyfe et al., 2017; Leduc et al., 2019; Mizuta et al.,
2017). The value of this type of experiment is to: (1) more 
robustly assess the effect of climate change on the intensity 
and occurrence of extremes and (2) better sample climate 
variability. These GCM ensemble experiments show how
natural variability can lead to very different near-term climate
projections (e.g. Deser et al., 2012). Hence, a large number 
of ensemble members are necessary to obtain statistically 
significant s ignals for short-term projections, especially for
precipitation (e.g. Fyfe et al., 2017). More realistic sim-
ulations of extreme rainfall intensities are also found in
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Fig. 18.3 Change in precipitation for three time periods in winter (DJF) for (a) RCMs and (b) GCMs from the CORDEX-SEA experiments for
RCP4.5 and RCP8.5. Source: Tangang et al. (2020) 

these studies. Furthermore, GCMs can be selected with low, 
medium and high climate sensitivity, thus representing an 
important component of uncertainty when driving RCMs
with GCM output (e.g. Teichmann et al., 2021). 

18.3 Statistical Downscaling Uncertain ties

Using different statistical downscaling methods expands un-
certainty in downscaled outputs. Many methods have been 
developed, ranging from simple techniques such as spatial 
and temporal analogues, through delta change methods, to 
highly sophisticated weather generators or machine learning 

approaches. Much statistical downscaling focuses on single-
site (i.e. point scale) variables but methods have also been 
de veloped for downscaling variables over large domains.
Likewise, although many methods downscale single vari-
ables, weather generators are capable of outputting multi-
ple consistent variables (e.g. Kilsby et al., 2007). However, 
most statistical downscaling methods relate a combination of 
large-scale climate fields (e.g. mean sea level pressure, mois-
ture at different atmospheric levels, etc.) from G CMs/RCMs
(the predictors) to local-scale variables, such as tempera-
ture and/or precipitation (the predictands) (Fig. 18.4). The 
following sections consider the main sources of uncertainty
affecting statistical downscaling methods.
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Fig. 18.4 Statistical downscaling framework for relating large-scale predictors through a transfer function to local scale p redictands (normally
temperature and precipitation observations). Source: Suryanarayana and Mistry (2016) 

18.3.1 Downscaling Te chnique

Different downscaling methods have various strengths and 
weaknesses, and associated uncertainties (Table 18.1). Some 
of the most common techniques a nd attendant uncertainties
are outlined below:

Delta Change and Bias-Correction The simplest statistical 
downscaling method is to apply GCM- or RCM-scale pro-
jections in the form of change factors (CFs)—also called 
the ‘delta-change’ approach. The method first establishes 
differences between the control and future climate model 
simulations. These are applied to baseline observations by 
simply adding (for temperature) or scaling (for precipitation) 
the mean CF to each day. The method can be rapidly ap-
plied to produce a range of climate scenarios from different 
GCMs/RCMs. However, there are several caveats. First, it 
asserts that G CMs more accurately simulate relative change
than absolute values by assuming constant biases through
time. Second, simple CFs only scale the mean, maxima, and
minima of climatic variables, ignoring changes in variability
whilst assuming that the spatial and temporal patterns of
weather remain constant. Nonetheless, due to its simplicity,
CF is still a method widely used by practitioners (Diaz-Nieto
& Wilby, 2005). 

To reduce biases, climate model output is commonly post-
processed by bias correction (often called bias adjustment) 
methods. These range from simple adjustments to the m ean
through to flexible, multivariate, and quantile mapping ap-
proaches (e.g. Maraun et al., 2010; Piani et al., 2010). Simple 
mean bias correction estimates the bias as the difference 

(or ratio for precipitation) between simulated and observed 
means over a reference historical period and then adjusts the 
model-simulated time series over a scenario period by the es-
timated bias (by subtracting, or rescaling). Quantile mapping 
adjusts each quantile individually. The transfer functions are 
then applied to climate change simulations under the assump-
tion t hat they are time-invariant. However, many problems
have been identified with bias-correction methods, including
the generation of implausible climate change signals when
applied without considering underlying processes (Maraun
et al., 2017). Hence, bias correction can be a major source of 
uncertainty, and naive application could result in ill-informed
adaptation decisions.

Transfer Functions In its simplest form, a ‘transfer function’ 
between the predictand and predictor variable(s) can be de-
scribed by a multiple regression model, or via more complex 
methods such as Principal C omponents Analysis (PCA) or
Artificial Neural Networks (ANNs) (Giorgi et al., 2001). A 
recognized limitation of all regression-based methods is the 
underprediction of observed variance (von Storch, 1999). 
The problem is particularly acute for daily precipitation 
downscaling because of the relatively low predictability of
local amounts from large-scale forcing alone (Bürger, 2002). 

Weather Typing Weather typing, or classification scheme, 
relates the occurrence of particular ‘weather patterns’— 
atmospheric data grouped into discrete weather types, 
circulation patterns, or ‘states’ according to synoptic
similarity—to a local climate variable. Weather patterns
are typically defined by applying objective classifications,
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Table 18.1 Strengths and weaknesses of the main statistical downscaling methods. Updated from Wilby and Fowler (2010) 
Method Strengths Weaknesses 
Change factors (e.g. bias correction, 
delta change, quantile mapping)

Most straightforward to apply 
Versatile as applicable to any variable output 
by a GCM with equivalent observ ations 
Feasible for super-ensembles of GCM, RCM,
or CPM output

Assumes climate model biases cancel over 
different periods 
Assumes accuracy of climate change signal in 
climate model output 
Adjusts the mean but seldom higher moments

Transfer functions (e.g. linear 
regression, neural netw orks, canonical 
correlation a nalysis, kriging)

Relatively straightforward to apply 
Employs full range of available predictor 
variables 
‘Of f-the-shelf’ solutions and software 
available

Poor representation of observed variance 
May assume linearity and/or normality of data 
Poor representation of e xtreme events

Weather typing (e.g. analogue method, 
hybrid approaches, fuzzy classification, 
self-or ganizing maps, Monte C arlo
methods)

Yields physically interpretable linkages to 
surface climate 
Versatile (e.g. applicable to surface climate, air 
quality, f looding, erosion, etc.) 
Compositing for analysis of e xtreme events

Requires additional task of weather 
classification 
Circulation-based schemes can be insensitive 
to future climate forcing 
May not capture intra-type va riations in
surface climate

Weather generators (e.g. Markov 
chains, stochastic models, spell length 
methods, s torm arrival times, m ixture
modelling)

Production of large ensembles for uncertainty 
analysis or long simulations for extremes 
Spatial interpolation o f model parameters 
using landscape 
Can generate sub-daily information

Arbitrary adjustment of parameters for future 
climate 
Unanticipated effects to s econdary variables of 
changing precipitation parameters

cluster or variance reduction techniques to atmospheric 
pressure fi elds (e.g. Jones et al., 1993). Local variable(s) 
of interest are then assigned to the weather pattern and 
replicated under changed climate conditions by re-sampling
or regression functions (e.g. Corte-Real et al., 1999). 
Uncertainties in this method arise from the grouping of 
patterns and the representativeness of such groupings for 
future climate because climate change is evaluated via
changes in the frequency of the weather patterns simulated
by GCMs.

Weather Generators Weather generators (WGs) are 
designed to replicate the statistical attributes of a local 
variable (such as the mean, variance, or autocorrelation) bu t
are not expected to reproduce exact sequences of observed
events (Wilks & Wilby, 1999). The simplest WGs simulate 
precipitation occurrence via a first-order Markov process 
for wet-day/dry-day transitions. However, m uch more
sophisticated WGs exist. For example, Kilsby et al. (2007) 
took change factors from RCMs and GCMs to condition 
observed data and then fit the WG. In this case, uncertainties 
result from the WG used as well as the RCM or GCM and 
the quality of the observed series that are adjusted. A key
advantage of WGs is that they can be used to generate large
ensembles of stochastic weather sequences as well as long
simulations for stress testing systems.

18.3.2 Predictor Va riables

Statistical downscaling predictor sets are typically derived 
from sea level pressure, geopotential height, wind fields, 

absolute or relative humidity, and temperature variables, 
amongst others. These data are archived at the grid resolu-
tion of operational and re-analysis climate models (such as 
ERA and NCEP), which is typically 50–100 km. Statistical 
downscaling essentially assumes that the regional climate 
is conditioned by the large-scale climate state in the form 
R = f(X), where R is the local climate variable being down-
scaled, X is a set of large-scale climate variables, and f is a 
transfer function. This is typically established by training and
validating models using point meteorological data or gridded
re-analysis. Performance of these methods in reproducing
observed or re-analysis statistics is normally measured using
correlation coefficients, distance measures such as root mean
squared error, or explained variance. However, the optimal
predictor set X is highly site, season, and period dependent
(e.g. González-Rojí et al., 2019). 

18.3.3 Predictor-Predictand Relat ionships

Several key assumptions are inherent to the relationships em-
bedded in statistical downscaling models. First, the methods 
assume that predictor variables X are physically meaningful, 
well-simulated by the climate model, and able to reflect the 
processes responsible for climatic variability over a range 
of timescales. Second, the predictor–predictand relationship 
f is presumed to be fi xed in time, even under changed
climate conditions (the stationarity assumption). Ideally, both
assumptions would be tested before using statistical down-
scaling methods, but this is seldom done in practice (Fowler
et al., 2007). The choice of predictor variable can be crucial: 
a predictor may not appear significant when developing a
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downscaling model under the present climate, but future 
changes in that predictor may be critical in determining cli-
mate change. The choice of predictor domain is also impor-
tant and provides additional uncertainty, as t he best predictor
field may not coincide with the region of the local-scale
predictand (Wigley & Wigley, 2000). 

18.3.4 Dynamical Versus Statistical 
Do wnscaling

An issue that remains partly unresolved is the relative 
credibility of different downscaling methods, particularly
statistical versus dynamical downscaling (Table 18.2). The 
EU STARDEX project1 was among the first to systematically 
compare statistical, dynamical, and statistical-dynamical 
downscaling methods, focusing on extremes. Across all 
methodologies (dynamical and statistical), downscaling of 
precipitation extremes was found to be more skilful for 
winter than for summer, and more credible for indices of
rainfall occurrence than amounts (Haylock et al., 2006). 
Statistical and dynamical methods often produce different 
results (such as changes to precipitation), and the VALUE 
project pro vided a framework for validation and comparison
(Maraun et al., 2015). There is considerable uncertainty 
across the methods, but explaining exactly why the results 
differ is not straightforward (Fowler et al., 2007;  Fowler  &  
Wilby, 2007). Thus, it is difficult to determine which results 
are more credible, so this uncertainty persists.

Statistical methods cannot adequately capture mesoscale 
signals of change. For example, Salathé et al. (2007) noted 
that their statistical downscaling approach applied to the 
Pacific northwest of the United States could not pick up 
important mesoscale signals of change, whereas simulations 
at 15 km with an RCM could capture the land surface and
topographic structures controlling mesoscale climate. Sim-
ilarly, Schmidli et al. (2007) compared the responses of six 
statistical downscalingmethods and results from three RCMs 
for the European Alps. They found that uncertainty in the 
regional climate scenarios due to downscaling m ethod was
substantial in summer because of the differing simulations of
important mesoscale processes.

Although there have been few comparisons of statistical 
and dynamical downscaling models on a deep, process-based 
lev el, some basic, statistical comparisons have been produced
(e.g. Gutmann et al., 2012; Hay &Clark, 2003; Mearns et al.,
1999; Salathé et al., 2007;  Schmidli  et al., 2007;  Spak  e  t al.,
2007; Tang et al., 2016;Wilby et al., 2000;Wood et al., 2004). 
Most show that results vary betweenmethods (dynamical and 
statistical) but do not provide deep analysis of the reasons.
This is not easy to do.

1http://www.cru.uea.ac.uk/projects/stardex/. 

Nevertheless, more recent studies have made progress in 
this area. For example, Dixon et al. (2016) developed a ‘per-
fect model’ experimental design to test the stationarity as-
sumption of a given statistical downscaling technique. They 
found that the assumption was invalidated (for maximum 
temperature) in summer along coasts and under conditions
of greater warming. Likewise, Walton et al. (2020)  ana-
lyzed future climate projections produced using the LOCA 
statistical downscaling method and the WRF regional cli-
mate model over the Sierra Nevada, California. LOCA was 
used to downscale the GCM but was also applied to the 
WRF results. The PGW approach was used to dynamically 
downscale the GCM using WRF. They found that only v ia
dynamical downscaling could physically consistent regional
springtime warming patterns be obtained. However, they also
noted the benefits of hybrid approaches that blended the two
downscaling approaches. Kotamarthi et al. (2021) provide 
an overview of the appropriate use of different downscaling 
methods based on the variables of interest, their s tatistical
moments, and spatial scale. Their analysis, while useful,
provides only general guidance.

18.4 D iscussion

The significance of uncertainty sources in downscaling has 
long been recognized (Benestad et al., 2008; Pielke & W ilby,
2012; Wilby et al., 2004). The six most significant uncertain-
ties arise from:

1. GCM boundary forcing which affects all downscaling 
methods due to the influence of initial conditions and 
emissions scenarios used in GCM experiments, grid res-
olution, and parameterization of missing/sub-grid scale
processes.

2. Downscaling method whether RCMs (due to model struc-
ture, parameterizations) or statistical (due to the different 
types of transfer function, spatial and temporal resolution, 
and w hether outputs are univariate, multivariate, single
site, multi-site, or area averages).

3. Boundary information used for RCMs and statistical 
downscaling model calibration due to non-homogeneity 
or gaps in observational d ata, measurement errors and
biases, and source of re-analysis predictor variables.

4. Predictor variable set used to calibrate statistical down-
scaling models, which typically depends on the objective 
function(s) and time step(s) used for goodness of fit and
data availability.

5. Stationarity assumption as applied to predictor-predictand 
relationships linking the calibration period and (future) 
climate—a premise that applies to both statistical and
dynamical downscaling due to model parameterization in
both cases.

http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
http://www.cru.uea.ac.uk/projects/stardex/
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Table 18.2 Main strengths and weakness of statistical and dynamical downscaling. Updated from Wilby and Fowler (2010) 
Statistical downscaling Dynamical do wnscaling 

Strengths • Provides point-scale climate information from GCM-scale 
output 
• Cheap, computationally undemanding and readily 
transferable 
• Ensembles of climate scenarios permit risk/uncertainty 
analyses 
• Applicable to ‘exotic’ predictands such as air quality and
wave heights

• Provides 10–50 km (or even 2–4 km from CPMs) climate 
information from GCM-scale output 
• Respond in physically consistent ways to different e xternal 
forcings 
• Resolve atmospheric processes such as orographic precipitation
• Consistency with GCM

Weaknesses • Dependent on the realism of GCM (or RCM) boundary 
forcing 
• Choice of domain size and location affects results 
• Requires high-quality data for model calibration 
• Predictor-predict and relationships may be non-stationary 
• Choice of predictor variables affects results 
• Low-frequency climate variability problematic 
• Always applied off-line, therefore, results do not feedback
into the host GCM

• Dependent on the realism of GCM (or RCM) boundary forcing 
• Choice of domain size and location affects results 
• Requires significant computing resources 
• Initial boundary conditions affect results 
• Choice of cloud/convection scheme affects ( precipitation) results 
• Not readily transferred to new regions or domains 
• Typically applied of f-line, therefore, results do not always
feedback into the host GCM

6. Land-surface feedbacks such as from local soil moisture, 
sensible heating, or changes in land cover and/or snow and 
ice cover, and irrigation which are not ‘seen’ by the GCM 
downscaling predictor suite bu t nonetheless are drivers of
local meteorological behaviour—again applicable to both
RCMs and statistical methods.

Numerous downscaling inter-comparison studies have 
helped to characterize the above uncertainties and to show 
how they ultimately affect climate impact assessment
(Fowler et al., 2007). Progress is being made in reducing 
uncertainties in the downscaling boundary forcing from 
GCMs by constraining model ensembles to those that
best simulate observed processes (Chap. 15, this volume). 
Uncertainties linked to downscaling model calibration data, 
predictor selection, and non-stationarity can be reduced 
in various ways, including by homogeneity testing and 
detrending input data; optimizing the physical basis, number
andmix of predictors; and changing the predictand or domain
of boundary forcing (Benestad et al., 2008). However, the 
surge in downscaling studies over the last 20 years brings 
two major challenges. 

First, by the early 2020s, the research community was 
publishing more than 900 papers per y ear on climate down-
scaling, of which approximately 300/year were devoted to
method development and testing (Fig. 18.5). Some are begin-
ning to question the added value by all this effort, increased 
complexity and volume of output (e.g. Di Luca et al., 2015; 
Manzanas et al., 2018). Early statistical-dynamical intercom-
parison studies established that inter-model differences be-
tween downscaled changes in future heavy precipitation can 
be at least as large as the emission scenario uncertainty when
downscaling from a single method (Haylock et al., 2006). 
Hence, expanding the pool of available downscaling tech-

niques without considering—often incremental—benefits is, 
in effect, expanding ensemble uncertainty. 

Second, relatively few statistical downscaling studies are 
informing decisions—the widely stated rationale for produc-
ing high-resolution, climate change scenarios. A survey by
Wilby and Dawson (2023) showed that 30% of statistical 
downscaling papers were devoted to methodological devel-
opment and intercomparison; 50% to climate change sce-
nario generation and impact assessment; 15% to uncertainty
estimation; and just 5% to decision-making or climate adap-
tation (Fig. 18.6). Nonetheless, this latter group of decision-
centric studies shows how uncertainties inherent to down-
scaling can be usefully deployed to stress-test infrastructure
performance or adaptation options under plausible ranges of
conditions (e.g. Kristvik et al., 2018; Whitehead et al., 2006; 
Yates et al., 2015). In these bottom-up studies, uncertainty is 
embraced. 

This still leaves a bewildering number of downscaling 
methods and a lack of protocols to guide their consistent 
and robust application. Elsewhere, steps have been taken to
develop climate service standards (e.g. Climate Sense, 2022). 
These include quality benchmarks to reduce the prevalence 
or use of services that do not achieve a standard. This builds 
confidence that products and services offered will match the 
needs of the user. P revious efforts to benchmark downscaling
methods have focused on applying consistent sets of model
diagnostics and reference data (e.g. González-Rojí et al.,
2019; Haylock et al., 2006). However, the whole statistical 
downscaling workflow should be covered, spanning ideally: 
justification of reference downscaling method, input data 
checks, predictor selection, calibration procedures, and per-
formancemetrics. Moreover, the workflow should be entirely 
transparent. 

The choice of a reference downscaling method is likely
value-laden, often a matter of convenience, and hence con-

http://doi.org/10.1007/978-3-031-85542-9_15
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Fig. 18.5 Annual count of peer-reviewed publications on ‘climate downscaling method’. D ata source: Web of Science
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Fig. 18.6 Meta-analysis of SDSM abstracts in the Web of Science. 
Each abstract was assigned to one of four primary downscaling study 
types based; these are likely partially overlapping categories but treated 

as mutually exclusive here. Adaptation studies are under-represented 
because grey literature was not searched exhaustively. Hence, these
results are only indicative of research topic preferences. Source: Wilby
and Dawson (2023) 

tentious. By benchmarking against a low-complexity, limited 
data demanding, andwidely adoptedmodel, the challenge for 
new entrants is to demonstrate added value relative to such 
a denominator. One such benchmarking study evaluated the 
skill of eight machine learning (ML) downscaling methods
using eight diagnostics of daily precipitation at eight sites
in northern Serbia (Wilby et al., 2023). The benchmark was 
a manually (and recursively) calibrated Statistical Down-
scaling Model (SDSM). The contender ML models were 
Least Absolute Shrinkage and Selection Operator (LASSO) 
with least angle regression optimization (LassoLarsCV), or 
ridge regression (RidgeCV); a Bayesian regression model, 
Automatic Relevance Determination (ARD); ensemble mod-
els with homogeneous decision tree base learners, random 

forest (RF), bagging regressor, Xtreme Gradient Boosting
(XGBoost), and Adaptive Boosting (AdaBoost).

Despite its relative simplicity, the automatically calibrated
SDSM_A was the most skilful model in 21/64 tests (i.e. over
8 diagnostics × 8 sites) against independent data (Fig. 18.7). 
Next were XGBoost (18/64 tests), the manually calibrated 
SDSM_M (16/64 tests), and AdaBoost (7/64 tests). Overall, 
the ML models demonstrated added value in 42% of the tests 
relative to the SDSM_A and SDSM_M benchmarks. More 
importantly, the testing exposed fundamental limitations in 
the ML models’ ability to simulate wet-day occurrence, giv-
ing clear directions for future refinement of these algorithms.
With expected advances in AI approaches, hybrid methods
(Slater et al., 2023), and end-to-end downscaling, the case for 
benchmarking will become even stronger (Fouotsa Manfouo
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Fig. 18.7 Frequency of downscaling method selection based on low-
est Mean Absolute Error (%) for eight diagnostics at eight sites in 
the test periods. The diagnostics are mean daily wet-day amount 
(Rav); maximum 1-day rainfall amount (Rx1d); variance of daily wet-

day amount (Rvar); frequency of daily rainfall greater than 25 mm
(R > 25 mm); 99th percentile wet-day amount (R99); mean annual
rainfall total (Rsum); maximum 5-day rainfall amount (Rx5d); and wet-
day percentage (Rwet). Adapted from: Wilby et al. (2023) 

et al., 2023). Other benchmarks (beyond SDSM) could be 
applied, such as spatial interpolation between GCM/RCM 
grid points,Model Output Statistics, or simple bias correction 
methods. 

Whatever the workflow, benchmark model(s), or refer-
ence data, transparency is essential for reporting the amount 
of uncertainty and added value of future downscaling method 
developments. Ideally, this would be a requirement on au-
thors and perhaps one way of curtailing the proliferation of
studies.

18.5 C onclusions

This chapter has summarized key uncertainties driving and 
resulting from downscaling methods. Downscaling research 
has proliferated over the last 20 years, but still with lit-
tle applied focus. Uncertainties resulting from downscaling 
methods are large and the use of different methods, climate 
models, regional domains, model resolutions etc., has made 
it very difficult to compare methods and determine the most 
‘robust’ downscaling protocol, or indeed how much uncer-
tainties from different sources affect outcomes. Depending 
on the region analysed, the greatest source of uncertainty 
arises from the global or regional climate model, or even the 
statistical downscaling method. Therefore, the authors urge
caution and thought in using these downscaling methods and,
above all, the use of different methods and models to explore
as much of the uncertainty space as possible, especially when
evaluating real-life adaptation options. Benchmarking should
become standard practice to establish the added value by

more sophisticated downscaling methods compared with less
resource-intensive counterparts.

Acknowledgements The authors thank Stephen Blenkinsop for his 
constructive and timely r eview of this chapter.
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19Characterizing the Uncertainty Surrounding 
Sea-Level Projections to Inform Decisions

Tony E. Wong ,  Ryan  L.  Sriver , and Andra J . Garner

19.1 Overvie w

Sea-level changes are a hallmark of Earth’s climate. Global 
mean sea level (GMSL) can vary by more than 100 m 
on glacial-interglacial timescales (approx. 100,000 years). 
Around 50 million years ago, as more water became “locked 
up” in polar land ice, GMSL decreased overall by nearly
200 m. According to the Intergovernmental Panel on Climate
Change (IPCC) SixthAssessment Report (AR6; Fox-Kemper
et al., 2021), GMSL rose >80 mm from 1993 to 2018 at a rate 
of about 3.25 mm/year, and there is strong evidence that an-
thropogenic global warming is accelerating the rates at which 
GMSL rise occurs, to levels not experienced in thousands of 
years. GMSL change depends on multiple factors, including 
thermal expansion due to ocean warming, melting of land ice 
(glaciers and ice sheets), and changes in land water storage.
Simulating these processes and coupled interactions poses
major challenges for the current generation of climate models
used to analyze sea-level changes and variability.

GMSL rise poses considerable societal, economic, and 
ecological risks to Earth’s coasts. Many areas around the 
world are already experiencing the effects of higher sea 
levels, including increases in the number and severity of
coastal floods and extreme sea levels. These impacts are
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expected to worsen with continued w arming (Hermans et
al., 2023; Tebaldi et al., 2021; Vousdoukas et al., 2018). 
Reliable projections of GMSL and careful characterization 
of the uncertainties are critical for regional coastal flood risk 
assessments and adaptation planning. Major challenges now 
facing the scientific community are how to characterize and 
communicate the uncertainties effectiv ely, and how to work
with stakeholders and planners to develop robust strategies to
protect coastal investments and residents.

Future projections of GMSL face many intrinsic uncer-
tainties. Major sources of uncertainty in global estimates
arise due to:

1. Differences in numerical and physical representations of 
sea-level p rocesses in climate models;

2. Uncertainty in future greenhouse g as emissions; and
3. Incomplete representation o f

(a) Ice sheet dynamics (e.g., Greenland and West A ntarc-
tic regions) and

(b) Internal climate feedbacks (e.g., ocean heat).

Additional factors contribute to spatial variability within 
local and reg ional sea-level patterns, including:

1. Ocean circulation changes that affect dynamic s ea-level
shifts;

2. Vertical land motion, such as tectonic uplift or land sub-
sidence due to glacial isostatic adjustment or groundwater
withdrawal; and

3. Changes in frequency, severity, and duration of coastal 
storms, which vary across regions and contribute to flood-
ing associated with extreme sea levels.

Best estimates of GMSL change in the year 2100 suggest 
a GMSL rise of around 2/3 of a meter (Fox-Kemper et al.,
2021). The IPCC AR6 reported a “likely” range for GMSL 
rise between 0.55 and 0.90m by 2100 (relative to 1995–2014)
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for a high-end emissions projection scenario (e.g., continua-
tion of current trends in fossil fuel consumption). Here, the 
term “likely” is meant to represent at least a 2/3 probability 
that GMSL rise will be within this range. The “lik ely” range
does not fully capture the tails or the potentially extreme
GMSL rise scenarios up to and exceeding 2 m by 2100
(Bamber et al., 2019), although these more extreme scenarios 
also pose the greatest risk and the potential for more severe 
floods. For that reason, the IPCC AR6 also reported future 
GMSL projections for a set of high-end, “low-confidence” 
scenarios, which indicate a possible GMSL rise of 0.63– 
1.61 m by 2100 (2/3 probability). These “low-confidence” 
projections incorporate mechanisms of GMSL rise for which 
the report has assessed “low-confidence,” such as the possi-
bility for more rapid ice sheet melt than is currently captured 
in most global climate models. While confidence in such 
processes is lower than that of processes included in primary 
projections from the IPCC AR6, the possibility of these more 
extreme and highly damagingGMSL rise scenarios cannot be 
ruled out. Note that IPCC terminology (such as “likely” and 
“unlikely”) h as been carefully crafted and defined so as not to
be misinterpreted as probabilistic estimates—a driving factor
in why more comprehensive methods are frequently needed
for use by decision-makers.

Threshold responses in GMSL changes, such as abrupt
GMSL change due to ice sheet disintegration, have occurred
in the past during glacial-interglacial cycles, causing global
sea levels to vary by tens to hundreds of meters over hundreds
of thousands of years (Dutton & Lambeck, 2012). On these 
time scales, ice sheets tend to melt abruptly when triggered 
by warming and internal climate feedbacks (such as the ice-
albedo feedback), but can take thousands of years to reform. 
There is strong evidence that ice sheet mass loss is accelerat-
ing, and that current warming could trigger a catastrophic ice
sheet response (DeConto & Pollard, 2016). Recent analyses 
of GMSL change estimate that around 35% of GMSL rise 
since 2006 is due to ice sheet mass loss, whereas thermal 
e xpansion and glaciers dominated GMSL budgets during the
previous 100 years (Fox-Kemper et al., 2021). 

GMSL change represents an average over the entire 
planet. This change is positive under most contemporary 
future scenarios, hence the term “GMSL rise.” However, 
there is large spatial variability in sea-level patterns due to
underlying physical processes such as ocean dynamics and
solid-Earth processes (e.g., Horton et al., 2018). As compared 
to the globally aggregated changes in GMSL, the term sea-
level change is more general and can refer to changes in 
actual sea level at any given location. The variability in sea-
level patterns can cause actual sea-level change to differ 
significantly from the global average. Furthermore, local 
flood risk assessments consider additional factors be yond

mean sea level, such as frequency and severity of storms (e.g.,
hurricanes), ocean circulation, coastal geography, land use
and flood protection, surface hydrology, and river dynamics
(e.g., Hall et al., 2019; Kopp et al., 2019). Many of these 
regional effects co-vary with GMSL. For example, global 
warming will likely contribute to an increase in the severity 
of both coastal storms and ocean heat content, as well as 
causing GMSL to rise. Estimating the combined effects of 
such environmental hazards requires fine-scale and highly 
localized coupled analysis specific to each region. 

Several different approaches are commonly used to char-
acterize future sea-level change uncertainties in regional 
flood hazard assessments. One common method is to define 
deterministic sea-level change scenarios based on commu-
nity assessments of best-estimates, worst-case scenarios, and 
physically plausible upper-bounds. While simple in concept, 
this approach is limited by the subjectivity of the decision-
makers. For instance, how does one define a worst-case 
scenario, and what are the tradeoffs for different stakeholder
groups?

Probabilistic assessments are another useful set of tools
to characterize sea-level uncertainties for decision-making.
These assessments combine projections from multiple sea-
level change data and model products to produce probability
density functions of sea-level change for different forcing
scenarios. The probability estimates can, in turn, be used with
a risk-based decision framework such as cost-benefit analy-
sis (Sriver et al., 2018; Tiggeloven et al., 2020), analyzing 
tradeoffs between upfront investments and long-term flood 
costs (Lincke & Hinkel, 2018; Wong et al., 2022). Armed 
with probabilistic information and/or a menu of scenarios, 
decision-making strategies, such as robust decision-making, 
can yield additional insight about pros and cons of potential
investment decisions under deep uncertainty (e.g., Hinkel
et al., 2019; Sriver et al., 2018). This technique analyzes 
different proposed decisions across a wide range of potential 
scenarios, helping to expose vulnerabilities in the system and 
minimize overall risk across a set of possible choices and 
different stakeholders/objectives. 

The operational utility of these tools depends on having 
reliable estimates of the different contributions to sea-level 
change over time and space. What constitutes “reliable,” 
in turn, depends on both the time domain and the spatial 
scales over which these projections are needed. Beginning 
with semi-empirical sea-level projections from the 1970s 
and 1980s, both technology and scientific understandings
of the processes that contribute to sea-level change have
improved over time. More recent sea-level projections com-
bine multiple approaches, including process-based models,
expert judgments (where projections are based on responses
to broad surveys of active sea-level experts), and probabilistic
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Fig. 19.1 Evolution of the ranges of GMSL projections from 1983 
to 2021.Box and whisker plots depicting ranges of projected sea-level 
rise from (a) prior to the publication of the IPCC First Assessment 
Report (FAR) in 1990; (b) between the publication of FAR and the IPCC 
Second Assessment Report (SAR) in 1996; (c) between the publication 
of SAR and the IPCC Third Assessment Report (TAR) in 2001; (d) 
between the publication of TAR and the IPCC Fourth Assessment 
Report (AR4) in 2007; (e) between the publication of AR4 and the IPCC 
Fifth Assessment Report (AR5) in 2013; (f) between the publication of 
AR5 and the IPCC Special Report on the Oceans and Cryosphere in 
a Changing Climate (SROCC) in 2019; (g) between SROCC and the 
IPCC Sixth Assessment Report (AR6) in 2021; (h) after the publication 
of AR6. Separate box and whisker plots are provided for projections 
made using each methodological approach represented during each 
time period, including literature synthesis (LitSyn; red), model hybrid 
(ModHyb; orange), model synthesis (ModSyn; yellow), probabilistic 
(Prob; green), expert assessment (ExpAsmt; blue), and semi-empirical 

(SemiEmp; pink). Tan-shaded regions and dashed lines represent the 
ranges of SLR from the IPCC reports, as follows: the extreme range 
of projections for (b)  IPCC  FAR  and  (c) IPCC SAR, the range of all 
AOGCMs and SRES scenarios for (d) IPCC TAR, the 5–95% range 
across SRES scenarios for (e) IPCC AR4 (does not include dynamic ice
sheet response), the likely (17th to 83rd percentiles) range in 2100 from
process-basedmodels for (f) IPCCAR5, the likely range of SLR in 2100
from (g) SROCC, and the likely range across all SSP Scenarios (not
including low-confidence processes) for (h) IPCC AR6. Additionally,
in (h), dotted line and hatching represent the upper bound of the likely
range of the low-confidence SSP5–8.5 projections for AR6. Note that
the width of each box and whisker plot corresponds to the relative
number of projections that are represented within the plot. Box edges
extend from the 25th to 75th percentiles; the solid line in each box
shows the 50th percentile. Whiskers extend to data extremes, essentially
ranging from 0 to 100th percentiles, to show the full range of SLR
projections in each case

assessments. Despite nearly 40 years of GMSL projections 
and significant advances in methodological approaches to 
estimating future sea levels, t he upper bound of future GMSL
rise remains deeply uncertain (e.g., Garner et al., 2018). Both 
methodologies and ranges of future sea levels have evolved in 
recent decades (Fig. 19.1), and this highlights how sea-level 
projections from individual studies compare to the ranges of 
GMSL rise provided in IPCC reports. 

In this chapter, we outline key sources of GMSL un-
certainties, current approaches to sea-level projections, and 
ways forward to inform regional to local flood risk assess-
ments. In particular, we highlight key challenges i n quanti-
fying shallow (quantifiable) and deep (generally unquantifi-
able) uncertainties in contributions to GMSL change and how
they contribute to overall uncertainty in sea-level projections
and local risk analysis.

19.2 Major Sources of Uncertain ty

The main sources of uncertainty in sea-level change can be 
divided into tw o main categories: shallow and deep uncer-
tainties (Cox, 2012; Stein & Stein, 2013). Shallow uncer-
tainties involve situations and processes where the probabil-
ity distributions of the outcomes of interest are reasonably 
well-known or well-agreed upon. In instances of shallow 
uncertainty, past observations are typically a good indicator 
of future behavior. Some examples of shallow uncertainties
include the thermosteric contribution to sea-level change and
natural variability (Sriver et al., 2018). 

By contrast, deep uncertainty describes a situation in 
which experts disagree on the probability distributions or the 
set of outcomes itself. With deep uncertainties, the past is
not necessarily a good (sole) predictor of future behavior.
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For example, the accelerated melting of the major ice sheets, 
Greenland and Antarctica, has n o analog previously in the
instrumental period (DeConto & Pollard, 2016; Dutton et al.,
2015; Hofer et al., 2020). Future greenhouse gas emissions 
depend on human decision-making, leading to deep uncer-
tainty in future climate forcing. Deep uncertainty also lurks 
around uncertain climate thresholds and tipping points such 
as the timing of r apid ice loss from the Antarctic ice sheet
and the potential shut/slow-down of the Atlantic Meridional
Overturning Circulation (Lenton et al., 2008; Steffen et al.,
2018). 

Climate scientists can estimate these uncertainties with a 
variety of tools. On the modeling side, deep uncertainty in 
future climate forcing is frequently characterized by using 
a standard set of scenarios that provide boundary condi-
tions for climate model s imulations. As of this writing, the
latest generation of these scenarios includes combinations
of Representative Concentration Pathways (RCP, Moss et
al., 2010), which describe radiative forcing, and Shared So-
cioeconomic Pathways (SSP, Riahi et al., 2017), which de-
scribe global technological and socioeconomic development, 
including narratives s urrounding greenhouse gas emissions
reduction and mitigation.

Climate models are based on the sets of coupled differ-
ential equations that any given model uses to represent the 
physics of the Earth system. While the underlying physical 
principles (conservation equations) are relatively well under-
stood, the implementation of these equations using numerical 
algorithms requires careful treatment of the relevant time 
and space scales, which may vary between climate system 
components. There can be deep uncertainty surroundingwhat 
is the “right” model structure for these equations and solution 
methods deployed to solve them, including internal feed-
backs within the coupled climate system. Modelers can char-
acterize deep model structural uncertainty and/or standardize 
model experiments to account for inter-model differences 
by using multiple model experiments, subject to the same, 
controlled boundary condition scenarios (e.g., the RCP-SSP
scenarios). The internal spread in a multiple model ensemble
is also sometimes used to characterize natural variability
in the climate system, as the differences between models
arise from structural differences in their model physics. The
Coupled Model Intercomparison Project Phases 5 and 6
(CMIP5/CMIP6) are some of the most widely used multi-
ple model ensembles (Eyring et al., 2016), and they have 
paved the way for a variety of similar model intercompar-
ison projects focusing on sea-le vel rise contributions (e.g.,
Edwards et al., 2021; Payne et al., 2021). 

While multiple model ensembles can characterize vari-
ability across models, even when conditioning experiments 
on the use of a single model structure, there are additional 
uncertainties within a single model. This arises due to uncer-
tainty in the initial conditions used to start the model (“what 

was the land surface temperature on Day 1 of our model 
simulation?”), uncertainty in the exogenous forcing used to
run the model (“how much CO2 goes into the atmosphere
each year?”), and uncertainty in the parameters and equations
used to represent the physics of the Earth system.

The representation of physics and hydrology within a 
climate model can affect model output for sea-level changes. 
This includes direct effects and indirect effects. Direct effects 
include causes like ice melt from glaciers on land making 
its way into the ocean or melting from the Greenland and 
Antarctic ice sheets. Regarding the major ice sheets, it is 
important to note that due to Archimedes’ Principle, ice that 
is already in the ocean is already contributing to current 
sea levels. However, ice that is being buttressed by calving 
icebergs, and then subsequently enters into the ocean, does 
lead to changes in GMSL. This “disintegration” can lead 
to sizable GMSL contributions from the major ice sheets. 
Indirect effects on GMSL changes include the transfer of 
heat into the ocean at the ocean-air interface, which causes
thermal expansion of the ocean. Changes to local sea levels
are also driven by changes in atmospheric circulation—that
is, wind and sea-level pressure. Additionally, as the major ice
sheets melt, their reduced mass means their gravitational pull
is lower too. This leads to a decrease in local mean sea level
close to the ice sheets and increases further away.

Over the last 30 years, thermal expansion has contributed 
roughly 40% of the total GMSL rise while melting i ce sheets
have contributed around 25% (Fox-Kemper et al., 2021). 
Ice sheets are projected to contribute more substantially to 
GMSL rise over the next 100 years, contributing more t han
70% for high-GMSL scenarios (Vega-Westhoff et al., 2019). 
Whether due to distant changes in ice sheets and glaciers or 
more local variations, rising sea levels can drive substantial 
risks for coastal communities. Even small changes in regional 
sea levels can havemajor impacts on flooding in areas already 
below local mean sea level like New Orleans, Louisiana, 
or the Netherlands. Changes in wind patterns and sea-level 
pressure lead to changes in sea-level extremes, such as storm 
surges, which are a key factor in local flood risk. Changes 
in precipitation patterns and streamflow also contribute to 
changes in the total overall flood hazard from these multiple 
correlated drivers of risk, or the compound hazard. These 
changes are difficult to resolve in models, as individual 
storms are often at the limits of what global climate models 
can represent spatially. Further, changes in streamflow are 
often driven by erosion and sediment transport, which may
not be well-represented in models larger than basin scale.
Environmental extremes, including storm surges and heavy
precipitation, are also difficult to estimate because extremes,
by their very definition, are rare. This inherent limitation of
data poses a key challenge for modeling the risks posed by
environmental extremes.
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19.3 Current Appr oaches

The challenge of paucity of data is just one of many 
computational- and data-related scientific challenges of sea-
level science. Characterizing uncertainty in future GMSL is 
critical for managing risk in the world’s heavily populated 
coastal zones. This generally involves running models for 
future GMSL, and computing statistics based on either 
ensembles of model simulations (e.g., multiple model, 
initial condition, and perturbed parameter ensembles) or a 
few detailed simulations from regional or global climate 
models (GCMs). GCMs, however, are computationally 
expensive. On the other hand, semi-empirical models (SEMs) 
or emulators to represent specific processes pro vide a coarse
representation of the physical system but are relatively less
expensive. Given a fixed computational budget, there is a
trade-off between the level of detail in the physical model
and the level of detail in the statistical model that can be
employed (Fig. 19.2). 

Navigating this trade-off means scientists must select ap-
propriate models and statistical tools for their particular 
application. For managing on-the-ground flood risks and
informing local coastal adaptation decisions, high-resolution
coastal models (e.g., Fischbach et al., 2012) are an appro-
priate choice. These detailed models resolve features for 
a specific geographic region and specific drivers of risk 
well. However, given a fixed overall computational budget, 
it is often infeasible to represent these details in a wider
spatiotemporal-scale model, or with a computationally ex-
pensive statistical model (Fig. 19.2). On the other hand, for 
examining sensiti vities and relationships among geophysical

Fig. 19.2 Tradeoff between physical and statistical model complexity 
(conceptual framework). Given a fixed overall computational bud-
get, as the computational resources allocated to running a more de-
tailed physical model increases, the resources available for character-
izing/quantifying uncertainty decreases. This diagram conceptualizes 
these tradeoffs for three modeling approaches ranging from: relatively 
coarse representations of the physical system (SEMs); t o intermediate
representation (EMICs–earth system models of intermediate complex-
ity); to detailed representation (GCMs). Varying spatiotemporal scales
of interest constitute another trade-off in computational resources,
which could be envisioned as a third axis in this conceptual diagram

drivers of risk (e.g., greenhouse gas emissions) and local 
impacts (e.g., changes in local mean sea level), coarse semi-
empirical models and detailed statistical modeling may be 
an appropriate choice because large numbers of samples are 
made possible by the low computational expense o f these
approaches. New methods seek to combine multiple sources
of observational and modeling information to analyze local
flood risk with more robust characterizations of relevant
uncertainties.

The characterization of uncertainty that is made possible 
through statistical modeling is a useful avenue for studying 
drivers of local risks related to sea-level rise. These methods
can include both probabilistic projections of sea-level rise
(e.g., Kopp et al., 2014;  Mengel  et al., 2016; Nauels e t
al., 2017; Wong et al., 2017) and possibilistic projections 
(e.g., Le Cozannet et al., 2017). Probabilistic projections can 
be useful in that they assign probabilities to sea-level rise 
outcomes, and provide a direct representation of uncertainties 
across different models and data products. However, these 
models typically do not yet sample the full range of uncer-
tainties, which could lead to overconfidence in the projec-
tions (e.g., under-sampling of potentially extreme sea-level 
scenarios). Additionally, these methods are generally condi-
tioned on the data sets and models employed (both physical 
and statistical models). This model and data dependence 
leads to deep structural uncertainties that make it difficult to 
combine multiple probabilistic projections in a way that well 
represents those deep uncertainties. Possibilistic projections, 
on the other hand, can combine probabilistic information t o
construct upper and lower bounding cumulative distribution
functions. These distributions form a probability-box, or p-
box, around an unknown cumulative distribution function
that reconciles the differences among the constituent distri-
butions. Possibilistic methods do not provide as precise of a
description of sea-level hazards as probabilistic methods, but
in cases of deep uncertainty (e.g., multiple models, multiple
calibration data sets), this can sometimes be preferable.

Probabilistic assessments are frequently used to produce 
probability distribution functions of local mean sea-level 
change and local extreme sea levels. Typically, resolving the 
tails of these probability distributions requires large sam-
ple sizes and computationally efficient models. To achieve 
this, emulators and semi-empirical models are commonly
applied with probabilistic methods. While these modeling
approaches are suitable for uncertainty characterization and
sensitivity analysis, those benefits trade off against resolving
more detailed Earth system processes.

Coupled Earth system models provide an avenue to rep-
resent more Earth system dynamics, and an opportunity to 
relate how uncertainties and sensitivities propagate across 
components of the coupled system. These models range
from relatively simple and/or stylized (e.g., Urban & Keller,
2010; Vega-Westhoff et al., 2019; Wong et al., 2022)  to
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computationally expensive and highly detailed in terms of 
the specific Earth system processes that a re resolved in
the models (e.g., Danabasoglu et al., 2020; E3SM P roject,
DOE, 2021). These more detailed models, especially GCMs, 
include explicit representations of more processes than the 
stylized SEMs and emulators. This makes coupled Earth 
system models important tools for more closely examining 
specific processes, such as ice sheet dynamics, and exploring 
how uncertainties propagate across components of the Earth
system. However, this also raises important considerations
about how uncertainties are characterized, especially in light
of computational constraints (Fig. 19.2). Owing to these 
constraints, Earth system models of intermediate complexity 
(EMICs) use simplified representations of processes and/or
relationships between Earth system components (Claussen et
al., 2002; Eby et al., 2013). These features enable EMICs 
to complement GCMs and SEMs in representing s pecific
components of the Earth system.

Research questions and decision-maker objectives can 
inform how to balance the computational expense of running 
more detailed physicalmodels against the benefits from using 
sophisticated statistical models to characterize and quan-
tify uncertainties. For example, decision-making paradigms, 
such as robust decision-making, can yield insight into the 
pros and cons of potential adaptation investment decisions 
under deeply uncertain future sea-level scenarios. This tech-
nique analyzes different proposed decisions across a range 
of scenarios, exposing potential vulnerabilities in the system. 
Overall decisions can be made to maximize utility, minimize 
regret, or other characterizations of uncertainty that represent 
decision-maker tolerances for risk. Decision-making frame-
works can also be useful to explore what scenarios (e.g., 
policy decisions or geophysical uncertainties) drive high-end 
GMSL rise outcomes. In those cases, larger sample sizes
may well be needed to adequately resolve the high-risk upper
tails of the probability distributions of outcomes. Sensitiv-
ity analyses and supervised machine learning methods lend
themselves well to identify scenario features and processes
that are associated with negative outcomes, and on what
time scales. However, these analyses generally require large
sample sizes to explore the space of plausible outcomes.

19.4 Ways Forwar d

Future sea levels are deeply uncertain, and there is a signif-
icant possibility of catastrophic outcomes for coastal areas 
around the world in the next several centuries (Strauss et
al., 2021). While new methods described above are be-
ing developed to characterize sea-level uncertainties and 
assess changing coastal flood risks with global warming, 
there is a strong need for n ew innovations to trace un-
certainties and sensitivities across coupled models of the

human-Earth system (Srikrishnan et al., 2022; Wong et al.,
2022). Representing these couplings is a challenge that the 
modeling community has largely met. However, resolving 
feedbacks between coupled model components still poses a 
challenge. For example, greenhouse gas emissions may serve 
as a boundary condition for a climate model. If greenhouse 
gas emissions increase, then there is generally an increase 
in coastal hazards, stemming from rising sea levels. Current
models do not well represent the human component, wherein,
as realized risks surpass our decision-maker tolerances for
risk, action to alter human emissions of greenhouse gases
may then decrease in response.

New methods are also emerging to analyze coastal flood 
risk within multi-sectoral complex adaptive systems. These 
methods consider not only the environmental hazards but 
also aspects of human systems and decision-making. One 
example is hierarchical modeling frameworks t hat combine
multiple different sources of sea-level data with statistical
estimation and calibration for highly localized flood risk
assessments (Vousdoukas et al., 2018). Sea-level information 
can come from different sources featuring different spatial 
and temporal scales, such as Earth system models, tide gauge 
records, high-resolution regional flood models, storm statis-
tics, and semi-empirical time series models. The result is fine-
scale flood risk assessment for urban planning, insurance
pricing, and coastal preservation.

Hybrid data-model methods are also useful for examin-
ing compound flood events. Compound events are extreme 
floods resulting from multiple contributing factors occurring 
at or around the same time. The relevant environmental fac-
tors can include storm surge, extreme precipitation (pluvial 
flood hazard), and extreme streamflow (fluvial flood hazard). 
One example is a land falling hurricane, in which case local 
flooding depends on the amount of storm surge on top of 
uncertain sea-level change, amount of precipitation, surf ace
hydrology and river flows, and potential failures in built
infrastructure (e.g., flood prevention measures). Combining
different sources of model and observational data can help
estimate the probability of these tail events and identify
potential vulnerabilities (e.g., Bates et al., 2021). Hybrid stat-
model-data approaches also enable new types of informa-
tion and perspectives beyond standard projections, such as 
estimating the timing of future sea-level exceedances (e.g., 
“when will sea-level rise reach or exceed 1 m?”), as opposed 
to estimating the precise magnitude of sea-level change at
a specific point in time (Vega-Westhoff et al., 2020). Such 
estimates for the timing of GMSL rise are presented in the 
most recent IPCC report (Fox-Kemper et al., 2021). This 
type of information can be more useful to decision-makers, 
for example when considering coastal infrastructure invest-
ments, but it is also more difficult to estimate this timing
using standard numerical climate models.
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Future changes in sea levels are inherently uncertain. 
This poses a particular challenge for policy development, 
which typically aims to provide certainty for coastal com-
munities and the citizens who live in them. Ultimately, sea-
level change affects multiple sectors of society, which means 
that adaptation planning will require multidisciplinary efforts 
between scientists, engineers, economists, city planners, and 
the community. Such multidisciplinary collaborations are 
needed to create robust adaptation strategies and flexible 
policies that can be adjusted ahead of damages occurring, 
as the state of our knowledge of future sea-level change
continues to evolve. Finally, in high-end emissions scenarios,
even the best adaptation policies may result in unacceptably
high losses, meaning that successful management of future
SLR also requires aggressive mitigation of greenhouse gas
emissions, in order to avoid worst-case future scenarios.
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20Uncertainty Quantification: A Statistical 
Perspectiv e

Stephan R. Sain and William K leiber

20.1 Introduct ion

Astronomy might provide one of the earliest examples of the 
development of statistical tools for uncertainty quantification 
(UQ) as early researchers struggled with how to handle 
measurement error. By the early 1600s, researchers were 
observing and making different kinds of measurements on 
the Moon, the planets of the Solar System, and other objects. 
These researchers wrestled with different approaches to ex-
perimental design (a single, well-constructed measurement 
versus multiple measurements), how to combine multiple 
measurements, and what a distribution for measurement error 
would look like. Statistical innovations followed such as
the use of the mean versus the median, least squares as an
objective way to provide an optimal estimate of central ten-
dency, the Gaussian distribution as a model for measurement
error, and even the Central Limit Theorem (Stahl, 2006). 
As we fast forward another few centuries, the UQ toolbox 
has expanded dramatically to include statistical inference, 
Bayesian statistics, modern experimental design, linear and
generalized linearmodels, machine learning, andmuchmore.

UQ has emerged as the field devoted to characterizing 
uncertainty. UQ sits at the intersection of computational 
science, applied mathematics, statistical science, and a wide 
variety of scientific domains where numerical models, fu-
eled by increasing computational capability and increasing 
amounts of data, have become virtual laboratories for scien-
tific discovery. While measurement error that was the focus
of early astronomers continues to be a crucial component
with the breadth of today’s observation systems, the scope of
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possible sources of uncertainties has greatly expanded; such
is the focus of the field of UQ.

As we narrow the focus to climate modeling, climate 
change, and ensuing impacts, there are many different 
sources of uncertainty. There is the inherent or natural 
variability in the climate system, complex physical processes 
that exist on vastly different spatial and temporal scales, 
issues that arise with observational systems, the size and 
scope of available datasets, climate model b ias, construction
of climate model ensembles, etc. The list is quite large
and cannot possibly be covered in one review paper.
The focus here is on statistical frameworks for working
with general computer models (Sect. 20.2), emulators 
(Sect. 20.3), and ensembles of climate models (Sect. 20.4). 
Some final comments and additional d irections are outlined
in (Sect. 20.5). 

20.2 Design and Analysis of Computer 
Experimen ts

Many of the statistical approaches to UQ stem from the early 
work in the design a nd analysis of computer experiments
(DACE; Sacks et al., 1989, Santner et al., 2003). TheNational 
Research Council report on verification, validation, and UQ 
for complex computer models (National Research Council,
2012) also contains many e xcellent references.

Computer models begin with a mathematical representa-
tion of a physical system that is then implemented in a com-
putational framework in order to simulate the physical system 
under different conditions. Experiments can then be run with 
thesemodels at a selected set of inputs to test the physical sys-
tem’s response. These experiments are particularly critical in 
Earth system models where direct experimentation i s limited
or even impossible. Moreover, for realistic models of Earth’s
climate, significant computing resources are needed, necessi-
tating high-performance computing systems. It is important
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to remember that these models are not reality, and various 
approximations are often used, inducing discrepancies from 
reality which are sometimes large. Nonetheless, these models 
have become integral tools in the study of many natural
phenomena.

The goals of computer experiments can be loosely classi-
fied into forward and inverse problems. The forward prob-
lem typically is thought of as exploring the output of the 
computer model as a function of the input(s). Examining 
how the output of different climate models varies in response 
to different greenhouse gas forcings can be considered a 
forward problem. The inverse problem looks in the other 
direction, seeking to estimate parameters or other model
inputs that yield model output consistent with observations.
Both forward and inverse problems require well-defined sets
of inputs and their corresponding outputs, beckoning the use
of modern statistical design of experiments.

20.2.1 Statistical Design of Experiment s

Many point to research on agricultural experiments in the 
early 1900s as the beginning of a formalized statistical ap-
proach to the design of experiments. This expanded to in-
dustrial experiments in the 1950s, computer experiments i n
the 1980s, and even online experiments in e-commerce in
the 2010s, along with many other application areas. Box
et al. (1978) is a classic text and a fantastic introduction to 
experimental design, and Sacks et al. (1989) and Santner et al. 
(2003) are excellent resources for a pplications to computer
experiments.

One goal of conducting experiments, even computer ex-
periments, is determining what inputs have the largest impact 
or effect on the results or output of an experiment. In the 
design of experiments literature, inputs in this context are 
referred to as factors. If multiple factors are involved, a 
particular factor can impact the output individually or in a 
way that depends on the settings of other factors; in the 
statistical literature, this is known as an interaction. Perhaps 
the key feature of the statistical approach to the design of
experiments is the focus on manipulating multiple factors at
the same time, often through factorial designs, which allows
for the assessment of interactions, as opposed to the less-
efficient one-factor-at-a-time approach.

Although historically the design of experiments has pro-
gressed in agriculture and industrial settings, the area has 
found new importance and challenges in helping to design 
climate model e xperiments. For example, the North Ameri-
can Regional Climate Change Assessment Program (NARC-
CAP; Mearns et al. 2012, Mearns et al. 2013) is an experi-
ment in which atmosphere-ocean general circulation models 
are used to drive a collection of regional climate models 

to explore uncertainties in dynamic downscaling over North 
America. This is a noteworthy example in that the design is 
based on a formal fractional factorial experiment. Fractional 
factorial experiments are useful when resource constraints 
may make it difficult to conduct the full factorial experiment, 
in which all possible combinations of the ( discrete) levels
of the factors are included in the setup of the design. In
such cases, only a portion of the full factorial experiment is
conducted, and the design is constructed to preserve main
effects and, in some cases, the typically larger lower-order
interactions.

Alternatively, it is often a goal to fit a surface to the 
model output as a function of the inputs, so designs that 
span the space of inputs are useful. Perhaps the most simple 
such design is randomly selecting points from a uniform 
distribution across the input space. However, such designs are
fairly inefficient as they lead to portions of the input space
that are oversampled and portions that are undersampled.
See, for example, the left frame of Fig. 20.1. 

As opposed to fully randomized designs, space-filling 
designs seek to spread out design points over the input 
space while maintaining approximately uniform sampling of
the design points on the individual inputs (Santner et al.,
2003). For example, Williamson et al. (2013) describe the 
creation of a large, perturbed physics ensemble with the third 
Hadley Centre Climate Model (HadCM3) by using a Latin 
hypercube sampling. A s imple Latin hypercube sampling is
shown for two factors in the middle frame of Fig. 20.1.  In  
this case, the range of each of the two inputs is divided into 
an equal number of segments, effectively laying a grid over 
the input space. The design points are laid out randomly 
into each segment marginally so that there is only one point
per row and column. Further, points are randomly chosen
within an individual segment. Kleiber et al. (2013b) utilize 
an alternative type of space-filling design in a calibration 
experiment for a model of the magnetosphere. A n example
of such a design is shown in right frame of Fig. 20.1,  where  
a distance criterion is used to ensure that points are not too 
close together nor too far apart in the design.

20.2.2 Gaussian Processes and Emulat ors

It has become commonplace to use stochastic models in the 
analysis of deterministic computer experiments. Typically, 
the output of the computer model is viewed as a partial 
realization of a stochastic process. While it may seem odd 
to statistically represent the output of a deterministic com-
puter model—for a fixed input, the model output is always
the same—the rationalization comes from the fact that we
only record a subset of possible outputs, and thus there is
uncertainty regarding the model output at unsampled inputs.
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Fig. 20.1 Examples of space-filling designs. The left frame shows a random design, the middle frame a Latin hypercube, and the right frame a
criterion-based design

To illustrate some common themes, suppose Z(s). is a 
stochastic process with index s ∈ �d

.. Examples might 
include time series or spatial processes. Simplifying assump-
tions about the process are often made; for example, weak
stationarity assumes the mean is constant over s.,  and  the  
covariance of the random variables at two indices is simply
a function of their displacement, that is, Cov[Z(s), Z(s +
h)] = C(h).. The covariance function C is a positive definite 
function and may also be isotropic (when the value of C

depends only on the distance between two points and not their
direction).

An important special case of stochastic processes 
is the Gaussian process or the Gaussian random field. 
A Gaussian process i s simply a stochastic process
where, for any finite collection of indices s1, . . . , sk .,  the  
vector [Z(s1), . . . , Z(sk)]′ . has a multivariate Gaussian 
distribution, where ′. denotes transpose. A Gaussian process 
is conveniently parameterized by its mean and cov ariance
function, leading to its widespread use in UQ applications.

A Gaussian process can be used as an approximation for 
how the output of a computer model varies with respect to the 
inputs, and some basic probability theory results can be uti-
lized to def ine a simple emulator. For example, assume some
values of inputs s1, . . . , sn .and the corresponding (univariate) 
outputs Z = [Z1, . . . , Zn]′ . where Zi = Z(si ). are available. 
Further assume that the mean and covariance functions are 
known (or have been estimated), so that the joint distribution
of the output of a computer model at a new input (i.e., Z0 =
Z(s0)). and Z. can be given by

. 

[
Z0

Z

]
∼ N

((
μ0

μ

)
,

(
�00 �01

�10 �11

))
,

where μi = μ(si )., μ = [μ1, . . . , μn]., �00 = Cov[Z0]., 
�11 = Cov[Z]., �01 = Cov[Z0,Z].,  and �10 = �′

01 ..  Then  a  
prediction of Z0 . can be found via the conditional e xpectation

given by

.E[Z0|Z] = μ0 + �01�
−1
11 (Z − μ) (1) 

with the variance of that p rediction given by

.Var[Z0|Z] = �00 − �01�
−1
11 �10. (2) 

Moreover, [Z0|Z]. is also normally distributed with the above 
conditional mean and variance.

Figure 20.2 shows a simple example of a Gaussian pro-
cess emulator. The b lack dots represent the results of an
experiment Z = [Z1, . . . , Z5]′ . where the computer model 
was run for a set of input values s1, . . . , s5 . that happen to 
be real valued and in [0, 1].. The solid black line represents 
the predictions at potential input values where the computer 
model was not e valuated and is based on the conditional
expectation given in (1). Uncertainty about the conditional 
expectation can be expressed by constructing pointwise pre-
diction intervals based on the conditional variance in (2), 
shown by the shaded regions in the figure. Note that these 
intervals are widest between the design points, and go to 
zero at the design points where the computer model was 
actually evaluated. Alternatively, uncertainty could be evalu-
ated through an ensemble created by conditional simulation,
denoted by the dashed lines in Fig. 20.2. The ensemble mem-
bers are simulated from the Gaussian process conditional 
on the values represented by the black dots and represent 
plausible traces of the computer model across the input space
based on the limited information from the results of the
experiment.

Kennedy and O’Hagan (2001) explore the use of Gaussian 
processes in a Bayesian framework for calibration, i.e., esti-
mating unknown model parameters. See also Higdon et al.
(2008) and Kleiber et al. (2013b) for extensions to mul-
tivariate settings. This framework for calibration has been
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Fig. 20.2 An example of an application of a Gaussian process as an 
emulator. T he solid black dots represent the outputs of the computer
model Z(s)., while the solid black line r epresents the conditional mean

E[Z|Z].. Prediction intervals are given by the shaded gray regions, and 
plausible realizations of the computer model are indicated by the dashed
lines

used with climate models. See, for example, F orest et al.
(2008), Sanso and Forest (2009), or Chang et al. (2014). 
In a different application, Castruccio and Stein (2013)  use  
Gaussian processes for climate model emulation.

20.3 Other Emulat ors

While many applications of emulators focus on the inverse 
problem or calibration/parameter estimation, one example of 
the use of emulators in the forward problem is producing pro-
jections of future climate. Climate models are often run for a 
collection of greenhouse gas emissions scenarios, but climate 
models are resource intensive and expensive to run, typically 
requiring significant time on h igh-performance computing
systems. It is not always possible to run a particular model for
all scenarios of interest, and cheaper and faster alternatives
are needed.

Pattern scaling, introduced by Santer et al. (1990), im-
plemented in the MAGICC/SCENGEN s oftware package
(magicc.org), and further assessed and developed byMitchell 
et al. (1999) and Mitchell (2003), has been used in a wide 
variety of applications. Essentially, pattern scaling relies on 
the idea that many measures of climate change produced by 
a climate m odel can be related linearly to that models time-
varying global temperature change. Following Tebaldi and
Arblaster (2014), this relation can be written for a s pecific
climate model as

. Y (t, x, y, s) = T (t)y(x, y, s),

where Y represents some climate change parameters such as 
temperature or precipitation measured at some time t and 
locations x and y. The index s can specify a particular time of 
year or perhaps a season. T is the global a verage temperature
change and y is a time-invariant spatial pattern of change
for the climate parameter of interest. Tebaldi and Arblaster
(2014) and others have shown that pattern scaling can per-
form reasonably well for annual and seasonal summaries of 
temperature and precipitation ( although to a lesser degree).
Tebaldi et al. (2020) also explore the performance of pattern 
scaling on climate extreme indices. Alexeeff et al. (2018) 
also include uncertainty estimates via resampling, an aspect 
important for many applications, including impact studies.

There are also other statistical approaches to produc-
ing emulators to examine the climate response to different
greenhouse gas forcings. Castruccio et al. (2014)  is  an  ex-
cellent example and discusses some of the issues to alter-
native approaches such as those using Gaussian processes
(Williamson et al., 2012) and empirical orthogonal functions 
(Holden and Edwards, 2010). 

20.4 Statistical Analysis of Ensembles

Climate model ensembles are excellent tools for exploring 
different kinds of uncertainty. From i nitial condition ensem-
bles (e.g., Kay et al., 2015) to perturbed physics ensembles 
(e.g., Stainforth et al., 2005) to multi-model ensembles (e.g., 
Eyring et al., 2016), each of these constructions can be used 
to gain insights into the uncertainties that surround climate
projections. Often, these ensembles, particularlymulti-model

www.magicc.org
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ensembles, are used to construct a probabilistic projection 
of climate change. Many of the approaches used to produce
these projections are Bayesian in nature.

Bayesian statistics differs from frequentist approaches 
primarily by allowing a subjective view of probability and 
allowing probability statements about statistical model pa-
rameters rather than considering them as fixed, unknown 
quantities. Bayesian inference starts with specifying a prior 
distribution on statistical model parameters that represents
a belief about a parameter before seeing any data. Stated
more formally, we begin by assuming the vector of sta-
tistical parameters θ . follows a so-called prior distrib ution,
typically denoted π(θ).. Next, a data model that describes 
how random data depend on θ . is specified as f (y|θ).,  a  
conditional probability distribution for the random variable 
Y conditional on the value of the parameter θ .. Finally, after 
observing observations Y1, . . . , Yn ., the posterior distribution 
is calculated as f (θ |Y1, . . . , Yn)., which is the conditional 
distribution of θ . given the data Y1, . . . , Yn ., and reflects the 
updated uncertainty about θ . in the face of data. This is 
summarized succinctly in Bayes’ Theorem which states

.f (θ |Y1, . . . , Yn) ∝ f (Y1, . . . , Yn|θ)π(θ), (3) 

where f (Y1, . . . , Yn|θ). is referred to as the likelihood. We 
see that the posterior distribution is p roportional to the data
likelihood times the prior.

20.4.1 CombiningModels Through Bayesian 
Hierar chy

Bayesian methods have become fairly common in climate 
research and more broadly across the geosciences, often 
through Bayesian hierarchical modeling. Expanding on the 
conditioning inherent in Bayes’ Theorem, hierarchical mod-
eling involves breaking complex problems into smaller, more 
manageable pieces which can allow for improved handling
of different sources of uncertainty and the incorporation of
physical knowledge (see, for example, Berliner, 1996, 2003, 
and the excellent introduction in Cressie and Wikle, 2011). 

A basic representation of a hierarchical model, breaking 
down the joint distribution into the common three-lev el hier-
archy, is often written generically as

. Data model: [Y|Z, θ ]
Process model: [Z|θ ]

Parameter model: [θ ],

where Y. represents the data, Z. represents the possibly hid-
den process which is often the target for such modeling, θ . 

represent model parameters, and the notation [·]. and [·|·]. 

denote a probability distribution and conditional probability 
distribution, respectively. For example, Y.might represent in 
situ temperature measurements from a set of thermometers 
which may be subject to measurement error, while Z. rep-
resents the true temperature values. Bayes’ Theorem y ields
the posterior distribution [Z, θ |Y] ∝ [Y|Z, θ ][Z|θ ][θ ]. from 
which inferences can then be drawn o n the hidden process
Z. and θ .. Two early examples applications of hierarchical 
modeling in the geosciences are Berliner et al. (2000)  and  
Wikle et al. (2001). 

Tebaldi  et  a  l. (2004, 2005) and Smith et al. (2009) intro-
duce a hierarchical modeling approach to produce a prob-
abilistic assessment of climate change on the basis of a 
multi-model ensemble. Focusing on seasonal and regional 
30-year averages of current and future temperature and pre-
cipitation from the different models in the ensemble, the 
hierarchical model assumes these averages follow a Gaussian 
distribution centered on the true, but unknown climate values. 
The authors also include observations of the current climate 
to help constrain the estimates. A posterior distribution on 
the d ifference of the future and the current values is easily
obtained via a computational approach to drawing samples
from the posterior known as Markov chain Monte Carlo
(MCMC), details of which are laid out in Tebaldi et al. (2005) 
and Smith et al. (2009). 

Furrer et a l. (2007b) and Furrer et al. (2007a) extended 
the use of hierarchical modeling for use with multi-model 
ensembles to include not just regional averages, but the 
entire spatial grid of the models. Incorporating ideas from
spatial statistics (Cressie, 1993, Schabenberger and Gotw ay,
2004, Cressie and Wikle, 2011), this work expands the two-
dimensional field of spatial differences as Di = μ + εi ., 
where Di = Yi − Xi ., Xi .,  and Yi . represent spatial fields 
summarizing a control run and a transient run from the ith 
model in the ensemble, respectively. The mean difference
fieldμ. is expanded as a linear combination of basis functions 
capturing large-scale spatial effects, and the error term εi . 

captures the smaller scale spatial structure via an isotropic 
and stationary process on the sphere. (It should be noted 
that these spatial models share connections with the Gaussian 
processes discussed previously; for example, Schabenberger
and Gotway, 2004.) MCMC is again used to sample the 
posterior distribution of the mean difference fields yielding 
insights to t he spatial distribution of climate change for
seasonal temperature and precipitation.

These early papers spawned much work on using 
Bayesian methods to combine the output from multi-model 
ensembles. Many of the methods discussed have relied 
on certain assumptions. Among these are fundamental 
assumptions about the nature of multi-model ensembles, 
including the basic fact that multi-model ensembles do not
represent the statistical idea of a simple random sample and
are not representative of some super-population of all climate
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models. There is also the issue of the climate model output 
being centered on some true climate or whether the true 
climate should simply be considered another model in the 
ensemble. And, of course, there is the issue of model bias.
Few approaches have tried to deal with all of these issues.
However, Chandler (2013) provides an excellent discussion 
and a potential solution, ag ain through a Bayesian approach.

20.4.2 Model Weight ing

An alternative to using Bayesian approaches to produce a 
posterior distribution for climate change based on an ensem-
ble of models is using a direct approach for weighting the dif-
ferent models in amulti-model ensemble. There are a number 
of strategies and algorithms for explicitly determining these 
weights models, a nd there is overlap with some of the meth-
ods outlined above (see, for example, Tebaldi et al., 2005). 
These algorithms seek to determine weights, one for each 
ensemble member, that are then used to compute different 
relev ant statistics. For example, a weighted ensemble mean
would be computed as

. X̄weighted =
n∑

i=1

wiXi,

where Xi, i = 1, . . . , n., denotes a quantity computed from 
the ith member of the n member ensemble (e.g., global or 
re gional temperature or temperature change, precipitation or
precipitation change, etc.) and wi . is the weight assigned 
to each ensemble member. Typically, t he weights are con-
strained so that

∑
i wi = 1.. Uncertainty can be captured 

through the weighted version of t he standard deviation given
by

. sweighted =
√√√√ n∑

i=1

wi(Xi − X̄weighted)2.

Similar ideas can be constructed for quantiles, which can 
be used to capture central tendency (e.g., the median) and
uncertainty (e.g., interquartile range).

Brunner et a l. (2020b) provide an excellent overview of 
a number of model weighting schemes in an attempt at an 
objective comparison framework. Two of thosewill be briefly 
discussed here. Both of these methods produce weights that
are a product of two competing scores. Letting wi = AiBi ., 
the first scoreAi . represents the skill of themodel asmeasured 
against observations and the second Bi . is a measure of the 
similarity between models. However, these scores are param-
eterized and trained quite differently in the two methods.

The first of these methods is the reliability ensemble av-
eraging (REA) method outlined in Giorgi and Mearns (2002, 

2003). The weights in REA are defined through a product of
reliability factors Ri .,  where wi = Ri/

∑
i Ri . and 

. Ri = (
Rm

B,i × Rn
D,i

)1/(m×n)
.

These reliability factors are scaled functions of skill or model
performance (RB,i .) and model convergence (RD,i .)  where  
model performance is assessed by comparing model output 
to observations and model convergence is assessed by exam-
ining how close a given model is to the other models in the 
ensemble. The parametersm and n are adjusted to emphasize
one or the other of the two factors and are typically chosen
as m = n = 1., and the factors are scaled such that a model 
with bias and convergence consistent with internal variability 
would have a maximum reliability factor of Ri = 1.. 

Giorgi and Mearns (2002) study a multi-model ensemble
with n = 9. models and focus on changes in seasonal 
temperature and precipitation over 22 land regions over the 
globe, computed as differences between a future period from 
2071 to 2100 and a current period from 1961 to 1990. The 
bias factor compares the current period of the models against 
observations over the same period. An iterative approach is 
used for the convergence factor, comparing each individual 
model difference against the weighted ensemble mean. The 
f inal results show some differences between the weighted
ensemble mean and the unweighted mean, and generally
lower uncertainty ranges attributed to minimizing the in-
fluence of poorly performing models and models that had
more extreme or outlying differences. This explanation is
reinforced by Nychka and Tebaldi (2003), who offer a more 
formal statistical interpretation of the convergence criterion 
and show that the convergence criterion is consistent with
a robust regression methodology (e.g., an L1 . regression for 
m = n = 1.) that minimizes the influence of heavy tails 
and the likely p resence of models that might be considered
outliers.

The second weighting algorithm is referred t o as
ClimWIP (github.com/lukasbrunner/ClimWIP) and attempts 
to balance model performance and dependence between 
models. The approach is used in Lorenz et al. (2018), 
Merrifield et a l. (2020), Brunner et a l. (2019), and Brunner 
et al. (2020a) and builds on the earlier work o f Knutti et al.
(2017) and Sanderson et al. (2015a,b). Weights in ClimWIP 
are defined as

. wi =
(

e
−

(
Di
σD

)2)
×

⎛
⎝1 +

n∑
j �=i

e
−

(
Sij

σS

)2

⎞
⎠

−1

,

where Di . is a measure of the distance to observations for
the ith model and Sij . is a measure of the distance between 
the ith and j th models. The tuning parameters σD . and σS . 

influence the relative contribution of model performance

https://github.com/lukasbrunner/ClimWIP
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versus dependence. Larger values of the tuning parameters 
will approximate equal weighting, while smaller values will 
lead to fewer m odels having the most influence. Weights are
normalized to sum to one.

Lorenz et al. (2018) examine summer (June, July, and 
August) temperatures over North and Central North America 
and examine the use of multiple diagnostic variables in the
construction of the weights. Lorenz et al. (2018) provide a 
recipe on how to choose diagnostics as well as their number. 
The authors note that a single diagnostic might lead to 
weights that are overconfident, yet toomanywill diminish the 
effectiveness of the weights. They also note that the spread of 
the multi-model ensemble is less about the uncertainty in the 
models and more about the ensemble design as often multi-
model ensembles are ensembles of convenience rather than 
on the basis of somewell-defined statistical design. However, 
they suggested that the weighted spread can be interpreted
in almost a Bayesian-like way, reflecting uncertainty given
everything that is known. Additional research in this thread
focuses on different ensembles and different regions as well
as methodological advances. For example, Brunner et al.
(2019) incorporate multiple observational datasets to account 
for uncertainty in the historical reconstructions, while Merri-
field et al. (2020) incorporate multiple ensembles, including 
the growing number of initial condition ensembles to address
internal variability. Min et al. (2007) discuss an alternative 
approach to weighting ensembles using Bayesian model av-
eraging which relies o n combining probability density func-
tions associated with each ensemble member.

20.5 Final Remarks

Uncertainty quantification continues to grow as an important 
part of research in climate and the geosciences. Both the So-
ciety for Industrial and AppliedMathematics (SIAM) and the 
American Statistical Association (ASA) have groups focused 
on uncertainty quantification as well as a jointly sponsored 
journal (SIAM/ASA Journal on Uncertainty Quantification). 
SIAM also sponsors a popular conference devoted to un-
certainty quantification, and both the American Geophysical
Union Fall Meeting and the American Meteorological Soci-
ety Annual Meeting have many sessions and presentations
with a focus on uncertainty quantification.

The statistical frameworks underlying uncertainty quan-
tification also continue to grow, and there are many re-
searchers across the world that are engaged in this research. 
However, many of these ideas and their application in the 
geosciences were pioneered through the now-defunct Geo-
physical Statistics Project (GSP) which was housed at the
National Center for Atmospheric Research in Boulder, CO,
USA (Hering & Cooley, 2019). The research that was con-
ducted through GSP led to a number of contributions in 

both statistical methodology and different application areas. 
Many of these focused on improvements in spatial modeling,
including methods for nonstationarity (Nychka et al., 2002, 
Kleiber andNychka, 2012), methods for large spatial datasets 
(Furrer et a l., 2006, Nychka et al., 2015), and even alternative 
models for multivariate spatial data (Sain et al., 2011a). 
Additional methods for the analysis of climate model ensem-
bles, in particular ensembles of regional climate models, in-
clude functional analysis o f variance (ANOVA) quantifying
different sources of uncertainty (Kaufman and Sain, 2010, 
Sain et al., 2011b), alternatives to ANOVA including latent 
variable modeling (Christensen and Sain, 2012), merging in-
formation from regional models, global models, and multiple
datasets (Heaton et al., 2013), and the value-added associated 
from downscaling (Parker et al., 2015). In addition to some of 
the application areas already mentioned here include, climate 
reconstructions (Oh et al., 2003), paleoclimate reconstruc-
tions  (Li  et al., 2007), spatial extremes (Cooley and Sain,
2010), and weather generators (Kleiber et al., 2012, Kleiber 
et al., 2013a). 
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21Uncertainty and Extremes

Mark D. Risser and Claudia Tebaldi

21.1 Introduction

An extreme event is an episode of unusual weather whose
timescale can be as short as several hours or as long as multi-
ple years, often related to temperature (e.g., heat or cold ex-
tremes), precipitation (e.g., heavy downpours or droughts), or
storms (e.g., tropical cyclones, atmospheric rivers, mesoscale
convective systems). The important aspects of a particular
event include its duration (or length) and intensity (magni-
tude or severity), as well as its expected frequency of occur-
rence. Although extreme events are infrequent by definition,
they can have large impacts on human and natural systems
causing damages to infrastructure, loss of property, habitat,
and life. Multivariate extreme events (e.g., a period that is
unusually hot and dry) or concurrent extreme events, either
in space or time (e.g., heat waves affecting at the same time
multiple regions, or multiple heavy rainfall events happening
in close temporal succession) can have even larger impacts.

The European heat wave of July and August, 2003 was
the hottest summer on record in Europe since at least 1540,
and had a death toll of over 70,000 (Stott et al., 2004). A
severe storm system brought 17 inches of rain in the course
of 4 days, over September 9–12, 2013, to Boulder County in
northern Colorado, where the average annual rainfall is only
20.7 inches. The resulting flooding led to over $2 billion in
damages, including homes, roads, and other infrastructure,
and agricultural losses (Pall et al., 2017). A heat wave in
Pakistan in 2015 was characterized by unusually high tem-
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peratures (in excess of 120◦
.F) and high relative humidity,

leading to over 2000 deaths (Wehner et al., 2016). In August
2017, a total of at least 735mm of precipitation fell on
the Houston, Texas, region over 7 days during Hurricane
Harvey, which more than doubled the previous record seven-
day storm total over the same region (dating back to 1950;
Risser & Wehner, 2017). The rainfall contributed to almost
60 deaths (Jonkman et al., 2018) and up to $90 billion
USD in losses (Frame et al., 2020); we return to consider
Hurricane Harvey precipitation further in Sect. 21.2. Each
of these events was characterized by an episode of unusual
weather and had significant detrimental effects on social and
natural systems. For an up-to-date summary of other ex-
treme events, also placed in a historical context, the National
Oceanic and Atmospheric Administration’s National Center
for Environmental Information now publishes a State of
the Climate report that summarizes extreme events globally,
including heat waves, major storm systems, droughts, heavy
precipitation, sea ice extent, and wildfires (see https://www.
ncdc.noaa.gov/sotc/).

Given the importance of extreme events in driving climate
and weather-related impacts, any quantitative analysis of the
risk of those impacts (currently and in the future) hinges on a
characterization of the statistics of extreme events, including,
importantly, their uncertainty. And while uncertainty quan-
tification is critical and often challenging for any statistical
analysis of data, it is particularly important when dealingwith
extremes, since extremes are by definition rare, resulting in
a reduced number of measurements and therefore less robust
estimates. ExtremeValueAnalysis (EVA) aims specifically at
addressing the characterization of the behavior of rare events
from the tail of a distribution.

The chapter proceeds as follows: First, in Sect. 21.2,
we present a motivating example for the value of EVA; in
Sect. 21.3 we describe a variety of metrics for characterizing
extremes. Then, in Sect. 21.4 we discuss several widely used
methods for univariate EVA and introduce corresponding
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methods for characterizing uncertainty in Sect. 21.5. Finally,
we conclude with a discussion of extreme event attribution
in Sect. 21.6, an area of climate research which seeks to
quantify the role of anthropogenic forcings (e.g., greenhouse
gas emissions) in increasing (or decreasing) the chances of a
particular extreme weather event occurring.

21.2 Motivating Example

Before describing specific tools and methods, we first il-
lustrate the importance and value of using extreme value
analysis for the statistical characterization of a rare event
by considering a specific example. Hurricane Harvey made
landfall on the Texas coast in late August 2017, as a category
4 storm. Instead of moving inland, the storm stalled with a
portion of the system remaining over the warm Gulf of Mex-
ico waters for four more days, leading to an unprecedented
amount of rainfall across the greater Houston area (Kunkel &
Champion, 2019). Beaumont, Texas, was one of the many ur-
ban areas in the path of the storm; a Global Historical Climate
Network (GHCN) weather station positioned in the city (sta-
tion USC00410611, located at 30.0969◦

.N and 94.0997◦
.W)

recorded a daily total of 368.3mm on August 30, 2017,
and this amount fell on top of precipitation from the three
previous days totalling 125.7mm, 258.6mm, and 116.8mm,
respectively. To put the storm in historical context, the GHCN
also provides daily data from the Beaumont, Texas, station
over the past century, from 1902 to 2016 (Menne et al.,
2012). Daily totals from hurricane season (July to November
only) over this time period are shown in Fig. 21.1; note that
we have specifically excluded 2017, the year of Hurricane
Harvey. Over the past 115 years, approximately 71.8% of
days experience no rain; on days with nonzero rainfall, the
average (median) daily total is 14.5mm (6.9mm), and the
largest daily total on record prior to 2017 is 297.2mm.

In the aftermath of the storm, there was great public
interest in quantifying exactly how unusual it was to receive
368.3mm of precipitation on a single day in Beaumont,
Texas. Using the historical data from the GHCN record,
we can estimate the probability of experiencing more than
368.3mm on a single day; formally, we need to answer the
question “what is the probability that the maximum daily
precipitation total during hurricane season is larger than
368.3mm?” Given that the previous record for this weather
station was 297.2mm, answering the question means having
to extrapolate into the tail of the distribution of hurricane
season daily precipitation. We have two choices in using
the time series from Beaumont to answer this question:
Either (1) use all of the (nonzero) data to characterize the
entire distribution of daily precipitation or (2) utilize only
the “extreme” data, focusing our analysis on the tail of that
distribution.

Modeling All Precipitation Data First, we can use all of
the daily precipitation data from July to November. However,
we first need to account for the fact that many days have
zero precipitation; as such, we focus on the approximately
28.2% of days with nonzero precipitation. For these data, a
common statistical model is to assume that the nonzero daily
precipitation measurements follow a Gamma distribution,
which is a probability distribution for nonnegative quantities
(i.e., greater than zero) and right-skewedwith a long right tail.
The Gamma distribution is characterized by two parameters
that define its mean and standard deviation. Using maximum
likelihood, i.e., computing the probability of the data as a
function of the Gamma parameters, and finding the values
of those parameters that maximize that probability, we can
estimate these parameters for the nonzero precipitation mea-
surements, resulting in a mean of 14.50mm and a standard
deviation of 17.65mm. A histogram of the nonzero values
with the fitted Gamma distribution is shown in Fig. 21.2a.

Returning to our question of interest, recall that wewant to
estimate the probability that the maximum daily precipitation
total during hurricane season is larger than 368.3mm. Using
the notation P(A). to represent the probability of a particular
event A occurring, using the fitted Gamma distribution, and
defining Xt . to be the daily precipitation during hurricane
season on an arbitrary day t , we can first calculate the
probability of a particular day exceeding 368.3mm:

.P(Xt > 368.3mm) = P(Xt > 368.3mm|
non-zero precipitation) × P( non-zero precipitation)

(here, “|.” means “conditional on”)

. = (
1 − F(368.3)

) × 0.282 = (
1.048 × 10−8

) × 0.282

= 2.961 × 10−9

(here, F is the cumulative distribution function of the fitted
Gamma distribution, and recall that 28.2% of days have
nonzero precipitation). Clearly, it is very unlikely to experi-
ence this daily rainfall total on any particular day. However,
to answer our question about the largest daily rainfall total
over an entire 153-day hurricane season (there are 153 days
from July to November), we are not quite finished:

.P(seasonal maximum > 368.3mm)

= 1 − P(all 153 days are < 368.3)

= 1 − (
1 − P(Xt > 368.3mm)

)153

= 1 − (
1 − 2.961 × 10−9)153 = 4.531 × 10−7

(note that this calculation assumes independence of daily
observations). To put things into perspective, this means
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Fig. 21.1 Daily precipitation totals (mm) in hurricane season (July–
November) for 1902 to 2016 at a Global Historical Climate Network
(GHCN) station located in Beaumont, Texas (station USC00410611,

located at 30.0969◦ .N and 94.0997◦ .W). Circled points represent the
largest value in each season-year; points with a “+.” represent all values
larger than a cutoff of 50mm

that we would expect a hurricane season daily maximum of
≥.368.3mm to occur once in every 1/(4.531 × 10−7) =

2, 207, 260.years. Even after accounting for the entire season
of measurements, this event is still extremely unusual!

A quantile-quantile (or Q-Q) plot is a useful tool for
assessing the goodness of the Gamma distribution fit to these
data: See Fig. 21.2c. If the statistical model is appropriate,
the points will fall along the 45◦

. line; the model appears
to do a pretty good job for daily measurements up to about
60mm (note that almost 97%of the data are less than 60mm).
However, for measurements larger than 60mm, the points
quickly diverge from the 45◦

. line, meaning that the Gamma
distribution provides a very poor fit for the upper tail of
the distribution, and hence our estimate of the probability of
exceeding 368.3mm is likely wrong.

Modeling Hurricane Season Maxima Alternatively, we
can fit a statistical model to the largest daily precipitation
total from each hurricane season. These seasonal maxima
are highlighted with red circles in Fig. 21.1, and a histogram
of these values is shown in Fig. 21.2b. We can then fit
the Generalized Extreme Value (GEV) distribution to these
data (we will discuss in Sect. 21.4 why this is the correct
distribution), which is also shown in Fig. 21.2b. Using the
fitted GEV distribution, we now estimate that the probability
of the seasonal maximum exceeding 368.3mm is 0.0147,
meaning that we would expect this to occur once in every
1/0.0147 ≈ 68. years. The Q-Q plot for the seasonal maxima
versus the fitted GEV distribution is shown in Fig. 21.2d;
clearly, the GEV distribution provides a good fit for the
seasonal maxima, which gives us confidence that this much
larger estimate of the probability is more likely to be correct.

In conclusion, using only the “extreme” measurements
of daily precipitation leads to a much more reasonable es-
timate of experiencing the rainfall that actually occurred in
Beaumont, TX, during Hurricane Harvey in 2017. Why is
this the right strategy? Intuitively, one explanation is that
the phenomena that generate extreme rainfall totals (e.g.,
major hurricanes) are fundamentally different than those that
generate typical daily measurements. As such, we should
focus on measurements of the phenomena of interest to
quantify probabilities of extreme events occurring.

21.3 Metrics for Characterizing Extremes

In Sect. 21.2 we encountered a general principle of analyzing
the extreme values of a physical process: “let the tails speak
for themselves.” In other words, it is important to use only
the extreme (very large or very small) measurements when
calculating probabilities related to extreme events, because
the processes that drive extreme events are often quite differ-
ent from the processes that drive more typical weather and
climate events. We now describe several ways of selecting
and summarizing the extreme values from a time series of
interest.

21.3.1 Derived Numerical Summaries

The availability of daily or even subdaily data (observations
or model output) allows for a complete freedom of choice,
in terms of extreme characterization. Extreme temperature
events can be defined in terms of high (or low) quantiles of
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Fig. 21.2 Histograms, fitted statistical models, and quantile-quantile
plots for daily precipitation totals during hurricane season (July to
November) in Beaumont, TX, fitting a Gamma distribution to all
measurements greater than zero (panels (a) and (c)) versus fitting a

generalized extreme value (GEV) distribution to the seasonal maxima
(panels (b) and (d)). (a) Nonzero daily values (July-November) with
fitted Gamma distribution (red). (b) July-November daily maxima with
fitted GEV distribution (red). (c) Gamma Q-Q plot. (d) GEV Q-Q plot

the distribution of daily temperatures, or of that of multiday
temperature spells. EVA analysis can be applied, and any
statistics of the tail of the distribution can be computed. But
at times data availability is an issue, especially when the
granularity required is as fine as daily. For some national
weather services, daily data is considered proprietary. In
those circumstances, it has been found useful to define met-
rics of extreme that are summary of daily behavior and can
efficiently be recorded, stored, and shared. This was themoti-
vation of the Expert Team on Climate Change Detection and
Indices (ETCCDI) effort (Alexander, 2016) through which
a set of metrics of extremes was defined, and incentives to
record, archive, and share them across the world fostered.
At the same time, ETCCDI indices have become popular
object of analysis for climate model projections (Tebaldi

et al., 2006; Sillmann et al., 2013; Kharin et al., 2007;
Aerenson et al., 2018), in not small part due to the possibility
of confronting model output with observational analogues
with good coverage over the world. ETCCDI indices were
defined with attention to impacts (on human health, agricul-
ture, water resources). A complete list of the metrics can
be found at http://etccdi.pacificclimate.org/list_27_indices.
shtml, and indices computed for a number of experiments are
available at https://www.climdex.org/. Incidentally, some of
these indices are defined as block maxima, or minima, over
a season or a year, and are therefore amenable to a treatment
similar to our example in Sect. 21.2, where we fitted a GEV to
the seasonal maxima of precipitation (see later Sects. 21.3.3
and 21.4.1).

http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
https://www.climdex.org/
https://www.climdex.org/
https://www.climdex.org/
https://www.climdex.org/
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21.3.2 CountingMethods

The most straightforward way to estimate probabilities re-
lated to extreme events is to use a counting or Binomial
approach. This method requires essentially no assumptions
on the underlying data, other than the fact that there must
be a set of replicated data that are independent and arise
from a single distribution. For example, this requirement is
satisfied when considering a large ensemble of climate model
runs, where each ensemble member has perturbed initial
conditions such that (after a suitable amount of spin-up time)
the members represent different plausible (and independent)
realizations of the climate system. This condition might also
be satisfied when considering temporally averaged quanti-
ties, e.g., monthly or annual precipitation or temperature,
although in this case there might be other considerations such
as seasonality or long-term trends toworry about. For now, let
us suppose that we have n realizations of a particular variable
of interest that can plausibly be considered independent and
arising from a single distribution. We can then estimate
the probability of an extreme event by simply counting the
number of realizations for which a particular event occurs
and dividing by the sample size. For example, suppose that
we have an ensemble of n = 100. climate model runs from
a particular year, and we are interested in the probability of
the global mean temperature exceeding 22◦

.C. Then, we can
simply count the number of ensembles that have a global
average temperature in excess of 22◦

.C, say 9, such that our
estimate of the global mean temperature exceeding 22◦

.C is
9/100 = 0.09.. This approach is facilitated, of late, by the
availability of a number of the so-called large initial condition
ensembles that several modeling centers have produced under
standardized, and therefore comparable, scenarios (Deser
et al., 2020).

21.3.3 BlockMaxima

A more traditional way of summarizing extremes that is
related to the generalized extreme value distribution (see
Sect. 21.4.1) is the block maximum, i.e., the largest measure-
ment over a prespecified “block” or fixed window of time.
Usually, the measurements correspond to some relatively
high-frequency time period (e.g., a day), and the block is
defined as amuch lower-frequency time period (e.g., a season
or year). Indeed, the annual daily maxima is the same as
Rx1Day defined in Sect. 21.3.1; however, this could also be
the largest hourly measurement from a week, or alternatively
the largest monthly average from a decade. In general, a block
maximum is often used when the “block” consists of a very
large number of the higher-frequency measurements (e.g.,
365 days in a year).

21.3.4 Exceedances of a Threshold

Another method for extracting the extreme values of a time
series is to select the exceedances of a high threshold. This
approach is also related to traditional extreme value analysis
methods (see Sect. 21.4.2). Often, the threshold is set to be
some large percentile of the measurements of interest, for
example, the 90th, 95th, or 98th percentile. The threshold
could also be chosen to represent a value that is relevant for
design standards or climate impacts, for example, a daily
precipitation total that is known to cause flooding when
exceeded, or a value of temperature that has been linked to
crop failure or human health impacts.

21.4 Extreme Value Analysis

Extreme value analysis, or the study of rare events, is a branch
of mathematical statistics that seeks to provide a formal
framework for characterizing extremes and their uncertainty.
The goal of an extreme value analysis (EVA) is to quantify the
magnitude or severity of a worst-case scenario, which often
requires extrapolation to events that have not actually oc-
curred. EVA is applied in a wide range of disciplines, includ-
ing hydrology (stream and river flows, flooding), weather
and climate (as described in Sect. 21.1), finance, insurance,
and engineering (structural design, failure).While “ordinary”
statistics most often seek to characterize themean or center of
a distribution, EVA instead sets out to characterize the “tails”
of a distribution, i.e., the very small and very large values.
EVA does this by deriving theoretical results and formulas
for how to properly carry out the extrapolation needed for a
particular study. However, it is important to note that each
of the following techniques arise as mathematical results
in an “asymptotic” or artificial case where an unlimited
amount of data are available; on the other hand, for any
specific analysis, we of course have only a finite, limited
amount of data. As such, it is extremely important to ensure
that the underlying mathematical assumptions are reasonably
satisfied when applying these methods to real data.

We now describe two traditional methods for analyzing
the extreme values of a general physical process. For a full
treatment, we refer the interested reader to Coles (2001).
Note that both of the following methods apply to extremely
large values of a given process; however, both can also be ap-
plied to extremely small values. Furthermore, we emphasize
that the methods described in this section are for univariate
extremes (i.e., the extremes of a single variable of interest) for
which the underlying data exhibit minimal autocorrelation.
Analyzing multivariable extremes (e.g., simultaneously high
temperature and relative humidity), co-occurring extremes
(e.g., when two nearbyweather stations both experience large
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daily precipitation totals), or the extremes of a variable with
strong temporal autocorrelation is a much more difficult task
and is beyond the scope of this chapter.

21.4.1 Generalized Extreme Value Distribution

The generalized extreme value (GEV) distribution is the
cornerstone of extreme value theory and provides a statistical
model for maximum of a sequence of independent values that
arise from a common underlying distribution. Referring back
to Sect. 21.3.3, we use the GEV distribution for characteriz-
ing block maxima (as was done in the example in Sect. 21.2).

Before describing why the GEV distribution is the correct
distribution for maxima, first recall that much of statistical
theory is based on the Central Limit Theorem, which states
that the Normal distribution is the right distribution to use
as a statistical model for averages. The critical point is that
regardless of the underlying distribution that generates a set
of measurements, the sampling distribution for the average
of the measurements is well approximated by a Normal dis-
tribution (assuming certain conditions are met). The Normal
distribution is then characterized by two statistical parame-
ters: the mean (which corresponds to an average value) and
the standard deviation (which describes the variability about
the mean).

The corresponding result for the maximum of a set of
measurements is the Extremal Types Theorem (see, e.g.,
Section 3.1.2 of Coles, 2001), which states that the GEV
distribution is the correct theoretical distribution for maxima.
While the Normal distribution is characterized by two statis-
tical parameters (the mean and standard deviation), the GEV
family of distributions is characterized by three parameters.
The first parameter is called the location parameter (often de-
noted with μ.), which describes the center of the distribution;
the value of the location parameter is a “typical” maxima.
The second parameter is called the scale parameter (often
denoted with σ .), which describes the spread or width of the
distribution. Finally, the third parameter is called the shape
parameter (often denotedwith ξ .), which is a unitless quantity
that describes the upper tail behavior of the GEV distribution.
If ξ < 0., the distribution has a finite upper bound; if ξ > 0.,
the distribution has no upper limit and a very heavy upper
tail; if ξ = 0., the distribution is again unbounded but has
a “lighter” tail. Referring back to the example in Sect. 21.2,
for the Beaumont, TX, time series, we estimated that the
location parameter is 68.53mm (meaning that, on average, a
typical annual maximum precipitation total is approximately
70mm), the scale parameter is 28.71mm (meaning that the
year-to-year variability is approximately 30mm), and the
shape parameter is 0.38 (meaning that the distribution of
hurricane season maxima is unbounded with a heavy upper
tail).

While the statistical parameters of the GEV distribution
are sometimes of direct interest, we are often more interested
in summaries of the distribution. The form of the GEV
distribution allows us to write down formulas for each of the
following based on the statistical parameters {μ, σ, ξ}. (see
Chapter 3 of Coles, 2001):

1. Return value (sometimes referred to as a return level):
a particular quantile or percentile of the extreme value
distribution; in other words, a daily precipitation total x

such that the probability of exceeding x is 0.1, 0.05, or
0.01.

2. Return probability: the chance of a exceeding a particu-
lar value; for example, what is the probability of exceeding
100mm day−1

.?
3. Return period: one divided by the return probability, i.e.,

how often (on average) a particular value will be exceeded;
for example, if the probability of exceeding 100mm day−1

.

is 0.05 = 1/20., then 100mm day−1
. is the 20-year return

period.

As with all statistical methods (but particularly for ex-
treme value analysis), it is extremely important to ensure that
the underlying assumptions are sufficiently met before pro-
ceeding with a data analysis. When applying the GEV distri-
bution, there are three conditions that must be satisfied: First,
much like the Central Limit Theorem, the GEV distribution
applies when the sample size is large—here, the sample size
refers to the number of measurements in each “block.” What
is considered “large enough” is example-specific and de-
pends on the similarity of the distribution of the data (e.g., the
daily measurements) with the GEV distribution. Second, the
GEV can be applied when the measurements that comprise
each block are independent, meaning there is no (or minimal)
autocorrelation. Third, the measurements in the block must
be “identically distributed,” meaning that they all arise from
a common distribution. This final requirement is likely to be
violated for measurements of daily precipitation in locations
where there is strong seasonality or large variation in the
phenomena that cause extreme events (e.g., hurricanes versus
mesoscale convective systems). Of course, for any real data
application, it is unlikely that these assumptions will be per-
fectly met, but it is nonetheless important to be aware of the
required assumptions, ensure that they are sufficiently met,
and clearly communicate the assumptions when reporting
any results.

21.4.2 Generalized Pareto Distribution

While the GEV distribution is an extremely useful tool for
extreme value analysis, the fact that it is based on block
maxima means that a significant amount of data regarding
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the extreme behavior of interest is thrown away. For example,
when extracting the largest daily precipitation total in a year
(Rx1Day), the second, third, fourth, and fifth largest daily
precipitation totals are ignored. An alternative approach is the
one described in Sect. 21.3.4, where we regard all events that
exceed a particular threshold as “extreme.” In this case, the
appropriate distribution for statistically modeling threshold
exceedances is the generalized Pareto distribution (GPD),
which is defined by two statistical parameters in addition to
the specification of the threshold (see Chapter 4 of Coles,
2001, for further information). These two parameters are the
scale and shape which, similarly to the GEV distribution,
control the spread of the distribution and the upper tail be-
havior of the GPD, which can be bounded or unbounded with
either a light or heavy tail. Also like the GEV distribution, the
GPD distribution can be used to estimate return values, return
probabilities, and return periods.

An important distinction is that the GPD distribution uses
all “extreme” values to estimate the extreme statistics of the
process of interest, while the GEV distribution uses a single
maxima from each block. As such, the GPD approach is
preferred since it uses more of the data and hence should
provide a reduction in the uncertainty. However, for this
approach to be appropriately applied, it is very important
that the threshold is chosen carefully: If the threshold is too
small, values that are not actually extreme will be included in
the analysis which will bias the resulting extreme statistics.
On the other hand, if the threshold is too large, there will
be very few exceedances resulting in large uncertainty. The
literature around the GPD provides several ways to choose
the threshold, all of which specify as low a threshold as
possible subject to the quality of the resulting statistical
fit. Two traditional approaches are the mean residual life
plot and the threshold stability plot, described in detail in
Coles (2001), both of which involve choosing a threshold and
assessing qualitative aspects of the fitted distribution. Other
approaches seek to estimate this threshold directly from the
data in conjunction with fitting the GPD distribution pa-
rameters (see, e.g., Scarrott & MacDonald, 2012). However,
many of these approaches involve a subjective choice, and
ultimately the best strategy is to conduct a sensitivity analysis
wherein one fits a GPD for a range of thresholds to make sure
the final conclusions do not depend on a specific threshold
choice.

One final consideration when using the GPD to analyze
threshold exceedances has to do with dealing with clusters of
extreme events, e.g., when a time series of daily precipitation
has large values on successive days, most often from a single
storm that persists for more than one day. The theory under-
lying the GPD approach requires that the exceedances used
to estimate the extreme statistics are independent (meaning
that they do not contain autocorrelation). The case in which
a single weather station experiences an extreme storm for

more than one day is a case where the successive large daily
measurements are not independent since they arose from
the same event. As such, a preprocessing step that should
be done in advance of any GPD analysis is to “de-cluster”
the threshold exceedances in order to identify independent
exceedances. Among the variety of approaches for declus-
tering, the simplest solution involves selecting the largest
daily value from any consecutive run of exceedances: For
example, if the daily time series of precipitation over 10 days
is {0, 0, 4.3, 5.1, 2.1, 0, 0, 6.4, 0, 1.2}.and the threshold is set
to 2, the “independent” exceedances would be {5.1, 6.4}..

21.4.3 Extensions

An exhaustive survey of the many extensions to these basic
treatment for applications in environmental studies is beyond
the scope of our chapter. Here we note that frequently these
parametric fits have been carried out by incorporating a time-
varying location parameter or threshold (e.g., Behrens et al.
2004; Huerta and Sansó 2007), or by modeling the parame-
ters of distributions fitted at nearby locations through spatial
statistical models (e.g., Tye and Cooley 2015; Hewitt et al.
2019). These are natural modifications of the application
of EVA—which was developed under the assumption of
stationarity and for individual records—to problems where
the temporal and spatial dimensions are often central to
the analysis. For example, one would want to characterize
changing extremes in a warming climate by modeling the
location of a GEV, or the threshold of a GPD as function
of time. If the interest is in characterizing the behavior of
extremes over a complex geographic domain, incorporating
spatial covariates and fitting a Gaussian process to the pa-
rameters of extreme value distribution can be carried out, but
in these cases a robust estimation of the often challenging to
characterize (Hüsler & Reiss, 1989) tail dependence in co-
occurring extremes becomes critical and methods to do that
are an active subject of research Huang et al. (2019).

21.5 Quantifying Uncertainty

While quantification of uncertainty is an important com-
ponent of any statistical analysis, it takes on a particular
urgency when considering extremes since (by definition) the
events of interest are rare and hence the available data is
diminished. Fortunately, there are a diverse set of tools and
formal methods for uncertainty quantification for each of
the extreme metrics described in Sect. 21.3 as well as the
extreme value analyses described in Sect. 21.4, including
bootstrap-based approaches, asymptotic approaches based on
mathematical theory, as well as Bayesian methods.
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The simplest and often most intuitive way to quantify
uncertainty is via the bootstrap, which is based on resampling
the data with replacement. As a concrete example, suppose
that we have a set of data x = {x1, . . . , xn}. which could
represent a set of block maxima (Sect. 21.3.3) or one of
the ETCCDI indices (Sect. 21.3.1), and that we wish to
quantify the uncertainty in some function, say f (x)., of these
values. For example, we might simply wish to estimate the
uncertainty of the mean of these data, f (x) = 1

n

∑n
i=1 xi ..

The bootstrap constructs a sampling distribution for f (x). by
resampling the vector {x1, . . . , xn}. a large number of times,
say B (where B = 250., 500, or 1000) with replacement and
calculating the function of interest for each bootstrap sample.
In other words, for b = 1, . . . , B .:

1. Sample n values from {x1, . . . , xn}. with replacement,
meaning that certain values might be included more than
once and other values might be excluded. Call this set of
values xb ..

2. Calculate the function of interest via f (xb)..

Then, one can estimate the uncertainty of f (x). by taking
the standard deviation of the {f (xb)}. or alternatively use the
bootstrap values to calculate a confidence interval. Note that
this procedure works just as well if f (·). is a known function
(like the mean) or if f (·). involves estimating a quantity like a
return value using the GEV distribution. While the bootstrap
values can be used to calculate a confidence interval, it
should be emphasized that the bootstrap values should not
be treated as Bayesian posterior samples: In other words,
the bootstrap values summarize the sampling distribution of
the estimate as opposed to a probability distribution of the
quantity summarized by f (·).. So, for example, bootstrap
values should always be summarized with error bars and not
boxplots or histograms, since the latter imply a probability
distribution.

Alternatively, when one is using one of the EVA ap-
proaches described in Sect. 21.4, the software packages used
to fit, e.g., a GEV distribution, usually provide an accom-
panying standard error for each of the statistical parame-
ters that define a GEV distribution (the location, scale, and
shape). This standard error is based on widely used statistical
theory that derives an approximation to the uncertainty of
each statistical parameter. When the GEV parameters are
themselves of interest, these standard errors can be used to
further calculate confidence intervals using the usual Normal
assumptions (e.g., a 95% confidence interval is the esti-
mate ± 1.96×.standard error). However, if the uncertainty
is needed for a function of the GEV parameters, e.g., the
return value, one can instead use the Delta method (see,
e.g., Section 3.3.3 of Coles, 2001), which is a mathematical

formula for calculating the standard error of a function of
statistical parameters. The standard error for return values
or return periods is also commonly provided as an output
of statistical software. This standard error can similarly be
used to calculate a confidence interval using assumptions of
Normality (e.g., the estimate ± 1.96×.standard error).

Finally, an entirely different paradigm for quantifying
uncertainty is to use a Bayesian framework. There are
two primary differences between the Bayesian approach
and more traditional approaches, commonly referred
to as “Frequentist” (which encompasses the previous
two uncertainty quantification methods). First, while a
Frequentist approach assumes that an unknown statistical
parameter (e.g., the GEV location parameter) has a fixed
but unknown value, the Bayesian approach assumes that
parameters are themselves random and have a probability
distribution. This results in the Bayesian interpretation
being somewhat more intuitive since one can safely
make statements like “there is a 0.95 probability that
the location parameter lies between 67mm and 84mm,”
which is technically the incorrect interpretation of the usual
Frequentist confidence interval. Furthermore, in Bayesian
hypothesis testing, one can make probability statements
about the null hypothesis being true/false, which again
cannot technically be done in a Frequentist setting. The
second major difference in a Bayesian analysis is that
all unknown quantities or parameters must be assigned
a “prior” distribution, which summarizes all preexisting
knowledge and expectations regarding the unknown
quantities. These prior distributions can include either very
specific information (e.g., specifying an extremely narrow
range for what the parameter might be) or can instead be
“noninformative” and impose little to no restrictions on the
unknown quantity. A Bayesian analysis consists of a prior
distribution and a statistical model for the data (often referred
to as the “likelihood”), which are combined via Bayes’
Theorem to arrive at the so-called posterior distribution,
which summarizes all knowledge about the unknown
quantities or parameters after updating the prior distribution
based on observed data. In some simple examples, it is
possible to derive the posterior distribution in closed form;
otherwise, most Bayesian analyses require simulation- or
Monte Carlo-based approaches to draw samples from the
posterior distribution. Measures of uncertainty (including
the posterior standard deviation or a “credible interval,” the
Bayesian equivalent of a confidence interval) can be derived
either from the closed-form posterior distribution or from
the Monte Carlo posterior samples. For a more thorough
introduction to Bayesian analysis, the interested reader is
referred to Gelman et al. (2013) and the references therein.
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In the context of extreme value analysis, a Bayesian
analysis can be helpful to provide meaningful restrictions on
certain statistical parameters for which the data may have
limited information. An important example is the shape pa-
rameter in either the GEV or GPD distribution: The estimate
of the shape parameter has very important implications on
extrapolation to very low-probability events. For the GEV
distribution, recall that if the shape parameter is negative,
the resulting fitted distribution has a finite upper bound; on
the other hand, when the shape parameter is estimated to be
positive, the fitted distribution is unbounded. Unfortunately,
in most cases, the limited measurements or observations of
extremes mean the (Frequentist) uncertainty is usually quite
large for the shape parameter. For a specific application,
a prior distribution can be used to appropriately constrain
the range of values the shape parameter might take on. For
example, when analyzing extreme precipitation, the shape
parameter should almost certainly be positive since precip-
itation extremes tend to have a long upper tail. It is very
difficult for a Frequentist analysis to include bounds; on the
other hand, it would be very straightforward in a Bayesian
analysis to require the shape parameter to be positive via the
prior distribution.

21.6 Extreme Event Attribution

One important area of application for the tools of extreme
value analysis is extreme event attribution (EA). The goal of
EA is to understand and describe the influence of the various
drivers behind a specific observed extreme weather event,
with a focus on disentangling the role of greenhouse gas
emissions and other human activities from that of internal
variability (National Academies of Sciences, Engineering,
and Medicine, 2016). Usually, EA is exercised on events that
cause significant impacts and are therefore objects of the
public and policy makers’ interest. Until about 10 years ago
the question about the role of anthropogenic climate change
on individual events was met with the statement that no
attribution was possible. Studies of EA, often conducted in a
timely fashion, have started to address the question more sat-
isfactorily, by quantifying the role of anthropogenic forcings
in making the type of event at the center of attention more
(or less) likely. This often puts EA in the media spotlight
but also opens up application of its finding in legal actions
against polluters, and in disaster adaptation efforts and policy
discussions (Arent et al., 2014; Smith et al., 2014).

A traditional EA study takes a risk-based approach,
wherein one quantifies the effect of anthropogenic factors on
weather by comparing two scenarios: the “factual” or real-
world climate scenario (sometimes referred to as “the world

as it is”) with a “counterfactual,” non-anthropogenically
forced climate scenario (sometimes referred to as “the world
as it might have been”) where all natural external forcings are
at play, but no increase in greenhouse gases has happened.
These risk-based studies use a probabilistic framework
(Allen, 2003; Stone and Allen, 2005; Hansen et al., 2014) to
compare the probabilities of a predefined unusual weather
event (chosen to be descriptive of the actual event of interest,
but not so closely matched to it to make the event unrepeated)
in the two climate scenarios and estimate how much more
or less likely that extreme event is in the anthropogenically
influenced world than it would have been otherwise. For
notation, let pF =. be the probability for the factual world
and pC =. be the probability for the counterfactual world:
The anthropogenic influence is then quantified using either
the ratio of these probabilities, i.e., the “risk ratio”

.RR = pF /pC

or the fraction of attributable risk

.FAR = 1 − pC/pF .

Typically, the probabilities for each of these scenarios (and
hence the RR or FAR) are estimated from simulations of
climate models. The interpretation of the risk ratio is as
follows: If RR = 1., then there is no difference in the
probability of an extreme event; if RR < 1., then extreme
events are more common in the counterfactual world; finally,
if RR > 1., then extreme events are more common in the
factual world. The fraction of attributable risk is interpreted
as the fraction of the chance of experiencing an event that can
be attributed to the anthropogenically induced changes in the
factual scenario.

Risk-based EA studies can be either targeted or system-
atic. Targeted studies explore in detail the meteorological
mechanisms involved in a specific, single event and how
the anthropogenic influence is transmitted through them,
and they are generally reactive in the sense that they are
conducted for an event that has actually occurred (e.g. Stott
et al., 2004; Pall et al., 2011). Systematic studies, on the
other hand, cover a much larger number of events using an
identical method for all events. This approach may be less
suitable for any given event (Angélil et al., 2017), but, since
it does not necessarily depend on the specific characteristics
surrounding the occurrence of a specific event, it makes it
possible to perform analyses on a predefined list of events.

There are a number of challenges for conducting climate
model-based EA. First of all, as we have already seen,
extreme weather is (by definition) localized and rare, and
therefore appropriately resolving such weather requires



226 M. D. Risser and C. Tebaldi

large ensembles of high-resolution simulations needed. Of
course, this is both difficult and computationally expensive
particularly for fully coupled models, which regardless
have important biases in means, variability, and the ocean-
atmosphere interface. Alternatively, scientists often use
uncoupled, atmosphere- and land-only climate simulations
with prescribed ocean conditions, for which it is possible
to obtain large ensembles (on the order of hundreds). More
recently, in order to avoid these challenges, or sometimes
simply to buttress the estimates derived by climate model
analysis through the use of an independent methodology
and data source, EA studies have been conducted instead
using observational data only (Risser & Wehner, 2017).
In this case, the counterfactual is constructed statistically
using a regression-based predictive approach: Usually a
regression model is fitted to the historical record of the metric
chosen to represent the event (e.g., maximum seasonal daily
precipitation amount) that contains a term representative of
time, or greenhouse gas concentrations, or global average
temperature during the observational period. If the term is
statistically significant, the prediction from the regression
corresponding to that regressor’s preindustrial value is
compared to the prediction corresponding to its current
value and the RR and FAR are computed accordingly.
Some analyses go a step further and project ahead the
changes under future conditions (e.g., future years, higher
concentrations of atmospheric greenhouse gases, or higher
global warming levels), thus connecting EA to future risk
characterization (Otto et al., 2018).

For any EA study, both the definition of the event and
its framing are extremely important, and the results of the
study should be interpreted carefully in light of these choices.
For example, critics of EA often point to two analyses of
the infamous Russian heat wave in 2003, which came to
conflicting conclusions about the role of anthropogenic in-
fluence on the occurrence of the heat wave. Otto et al. (2012)
resolve this apparent conflict by pointing out that the two
studies considered different scientific questions: The first set
out to assess the anthropogenic influence on the frequency
of a heat wave like the one experienced in Russia, while
the second examined the anthropogenic influence on the
magnitude or severity of the heat wave. In this particular
case, Otto et al. (2012) showed that there was, in fact, no
contradiction between these two analyses: A single event like
the Russian heat wave can be “mostly internally-generated in

terms of magnitude and mostly externally-driven in terms of
occurrence-probability”; i.e., human climate change can have
no influence on the severity while increasing the probability.

As an example, we utilize simulations of five-day temper-
ature averages over the wet season (November to April) from
two 50-member ensembles of simulations of the CAM5.1
global atmosphere/land climate model. The model is run in
its conventional ∼1◦

. longitude/latitude configuration (Neale
et al., 2012) under the experiment protocols of the C20C+
Detection and Attribution Project (Stone & Pall, 2021). The
first set of simulations (representing the factual scenario) is
driven by observed boundary conditions, while the second
set of simulations (the counterfactual) is driven by what ob-
served boundary conditions might have been in the absence
of historical anthropogenic emissions; simulations within
a scenario differ only in the starting conditions. Here we
examine data averaged over a region comprised of California
and Nevada, two states in the western United States, during
the 2009–2018 period; the data and further details on the sim-
ulations are available at http://portal.nersc.gov/c20c. Density
plots that show the distribution of the five-day TAS averages
for each climate scenario are shown in Fig. 21.3.

Figure 21.3 also nicely demonstrates how the point of an
EA study is to quantify changes in the tails of the distribution
and specifically not the center of the distribution. As an exam-
ple, the event of interest for these data might be experiencing
a five-day TAS average that exceeds 12.85◦

.C: This threshold
is shown in Fig. 21.3 with the black vertical line. Note that
we specifically are not interested in how the center of the
distribution changes (the dashed vertical lines in Fig. 21.3);
instead, we are concerned with how the upper tail of each
distribution changes, denoted by the shaded in areas under
each density (the tail probabilities are pF . and pC . for the
factual and counterfactual, respectively).

Quantifying uncertainty in either the risk ratio or fraction
of attributable risk involves an extra degree of complication,
in that we must account for uncertainty in two probabilities
(pF . and pC .) as well as quantify how these uncertainties
are propagated through functional quantities (i.e., pF /pC . or
1−pC/pF .). Furthermore, calculation of confidence intervals
should make use of the fact that both the risk ratio and FAR
have bounds: The risk ratio must be greater than zero and
the FAR cannot exceed one. Both the bootstrap and the Delta
method (see Sect. 21.5) are useful strategies for this task; for
more information, see Paciorek et al. (2018).

http://portal.nersc.gov/c20c
http://portal.nersc.gov/c20c
http://portal.nersc.gov/c20c
http://portal.nersc.gov/c20c
http://portal.nersc.gov/c20c
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Fig. 21.3 Density plots for five-day temperature at the surface (TAS)
averages (◦ .C), averaged over California and Nevada, for November to
April, 2009–2018, from a 50-member ensemble of CAM5.1-1degree

global climate model simulations. The distributions are shown for both
the factual and counterfactual scenarios; the extreme event of interest is
defined to be exceeding 12.85◦ .C, and the probabilities of interest (pF .

and pC .) are the shaded tails of each distribution
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22HowUncertainty Interacts with Ethical Values 
in Climate Change Resear ch

Casey Helgeson , Wendy Parker , and Nancy Tuana

22.1 Introduct ion

Much climate change research aims to inform decision-
making in one way or another. A common vision of how 
science and ethics work together in this decision-making has 
science spelling out the (probable) consequences of different 
policy options, while ethical judgments determine which 
option’s consequences are most desirable. For example, cli-
mate projections and impact studies may s uggest the likely
consequences of different mitigation pathways, but ethical
judgments are required to evaluate how good or bad those
consequences are and how preferable one possible future is
over another.

While correct as far as it goes, this standard picture 
can encourage an overly sharp distinction between scientific 
activities and ethical deliberation. Far from entering only 
at the policy-making stage, ethical judgments often shape 
scientific research itself. This is most obvious in the choice 
of research questions. The choice of what to study ultimately
affects what knowledge can be brought to bear in real-world
decisions, including consequences for which (and whose)
decisions can be made with the benefit of scientific insight.
Such considerations are routinely referenced when motivat-
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ing funding proposals and research articles. Of course, more 
purely scientific motivations such as fundamental discovery 
and filling gaps in knowledge are also critical in choosing 
research questions. In this way, a researcher’s choice of what
to investigate illustrates a central concept of this chapter:
coupled ethical–epistemic choices (Tuana 2018). 

A little terminology is needed to unpack this jargon. We 
use the word values as a general term for the reasons or 
perspectives from which one evaluates something as good or 
bad. Applying this notion of values very broadly, any goal 
judged worthy of pursuit will be done so on the basis of val-
ues. Sometimes these will be ethical values such as concern 
for justice, human welfare, or environmental protection. (The 
overlapping concept of social values includes things valued 
by communities or individuals—like greenspaces or social 
services—even if these may not be recognizably ethical in 
nature. Here we use “ethical values” broadly to also include 
these social values.) In contrast, scientific findings can be
valued for how they advance understanding, and scientific
methods or models can be valued for their accuracy, reli-
ability, or generality. These aspects of research are valued
because they are thought to promote (or constitute) a central
aim of science: gaining knowledge. Such values are often
called epistemic values.

Many decisions made in the course of scientific research 
are coupled ethical–epistemic choices in the sense that their 
consequences can be judged from the perspective of both 
epistemic values (i.e., what are the contributions to scientific 
knowledge) and ethical values (i.e., what are the upshots 
for policy, society, and the environment). Coupled ethical– 
epistemic choices can be found at any spot along the contin-
uum of research-design choices, from the broad end of choos-
ing and refining research questions to narrower decisions
regarding approaches to answering those questions, specific
methods, and interpretation of results.

Scientific training tends to focus on epistemic values— 
especially when it comes t o the narrower, finer-grained re-
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search choices. In this chapter, we draw attention to the 
ethical values that are often linked to the same choices. Our 
aim is to encourage more deliberate and more reflective 
engagement with the ethical components of these choices. 
The topic of this volume is uncertainty in climate change 
research, and decisions about how to address sources of 
uncertainty in research pro vide a particularly rich arena for
interaction between epistemic and ethical values. We present
a series of examples of such interaction, followed by a short
list of recommendations on how to approach coupled ethical–
epistemic choices in research.

22.2 AttributionMethods and Public 
Co mmunication

Our first example concerns extreme event attribution (Na-
tional Academies o f Sciences, Engineering, and Medicine,
2016). Increasingly, climate scientists are investigating the 
extent to which particular extreme weather events, such as 
floods, droughts, and heat waves, can be linked to anthro-
pogenic climate change. Depending on the choice of method, 
different pictures can emerge regarding what can and cannot
be attributed to climate change, with implications for public
communication and litigation for damages.

The standard “risk-based” approach has been adapted
from epidemiology (Allen, 2003; Haustein et al., 2016; Stott 
et al., 2016). Researchers attempt to quantify the change in 
likelihood of a weather event like the one observed, given 
rising greenhouse gas concentrations. This is done via cli-
mate modeling studies that compare the frequency of such 
event types across simulations driven by different green-
house gas concentrations. In one set of simulations, historical
(i.e., increasing) greenhouse gas concentrations are used; in
the other, concentrations are held (counterfactually) at pre-
industrial levels.

For a variety of reasons, studies following the risk-based 
approach can be inconclusive. These reasons include the 
difficulties and uncertainties i n simulating the atmospheric
circulation driving some types of extreme events (Shepherd,
2014), use of null-hypothesis significance testing to interpret 
simulation results, and use of “ no change in likelihood”
as a null hypothesis (Shepherd, 2014; Lloyd & O reskes,
2018). Failure to reject such a null hypothesis means that 
the possibility of no change in likelihood cannot be excluded 
at the chosen significance level, given available evidence. 
But careful and cautious statements such as this are some-
times misinterpreted in public discourse as saying something
stronger andmore conclusive, namely that there is no connec-
tion between anthropogenic climate change and the weather
event in question.

Uncertainties about circulation, notwithstanding broad 
thermodynamic changes in the climate system such as 

rising sea surface temperature and increased moisture 
content are well understood as anthropogenic. Moreover, 
it is very plausible that these thermodynamic changes can 
make weather events, when they do occur, more intense 
than they would otherwise be. Critics thus worry that the 
(often inconclusive) risk-based a pproach to attribution will
miss some valuable opportunities to communicate to the
public, via salient events such as extreme floods, that climate
change is already having negative impacts (Trenberth, 2011; 
Trenberth et al., 2015). This line of thought has led to a 
second approach to attribution, sometimes referred to as the 
“storyline” approach. (Though note that the storyline concept 
is also used more broadly for communication, uncertainty
characterization, and risk management beyond the context
of attribution science (Shepherd et al., 2018; Sillmann et al.,
2021). 

In general terms, the storyline approach to event attri-
bution offers descriptive narratives of specific past events, 
with emphasis on understanding the driving factors that were 
in volved in those events and that may shape future events
as well (Shepherd et al., 2018). Such an approach would 
typically ask: How did “known” thermodynamic changes in 
climate make a difference to the intensity of this particular 
weather event? To address this question, the first step is 
to simulate the extreme event as it occurred. The second 
step is to re-simulate the event, removing the human-caused 
thermodynamic changes, e.g., making the nearby sea surface 
temperature cooler by a specified amount in the simulations. 
These studies very often do find a link between anthro-
pogenic climate change and an extreme event of interest—
specifically, an increase in intensity. For example, the con-
clusion might be that rising greenhouse gas concentrations,
via their effects on sea surface temperature, increased a
flood-causing storm’s precipitation by at least 30% (see, e.g.,
Meredith et al., 2015; Hoerling et al., 2013). 

The risk-based and storyline approaches ask different 
questions (Lloyd & Oreskes, 2018). One asks whether in-
creasing greenhouse gas concentrations have, all things con-
sidered, changed the probability of a given event type. The 
other brackets anthropogenic circulation changes and asks 
whether the thermodynamic consequences of increasing con-
centrations affected the intensity of a specific event, holding 
fixed the actual circulation that led up to the event. When
applied to the same case, the two methods can give different
answers (e.g., “no” and “yes,” respectively) with no logical
contradiction.

Given limited time and resources, which approach should 
attribution researchers prioritize? The considerations that 
have been aired in discussions contrasting the two approaches 
include not only aspects subject to epistemic values (different 
kinds of insights; different degrees of uncertainty in results) 
but also consequences judged by ethical values. The latter
include purported differences in: messaging to the public
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regarding “links” from climate change to extreme weather; 
potential for misinterpretation of results; relevance of results 
for climate risk management; long-term effects on public
trust in science; and potential for reputational damage to
individual scientists (Otto et al., 2016; Lloyd & O reskes,
2018). 

Each approach to attribution thus comes with a bundle 
of features and consequences, some of which are important 
for epistemic reasons and some of which are important for 
ethical reasons. The ethical and epistemic merits of an ap-
proach can be judged s eparately, yet they are bound together
in the same scientific choice. In this way, attribution methods
illustrate the concept of coupled ethical–epistemic choices in
research.

22.3 Parameter Choices 
and the Consequences of Err or

A second example concerns the way inwhichmethod choices 
can affect the balance of inductive risk: the risk of erring in
one’s scientific conclusions (Douglas, 2000a). The errors at 
issue could be Type I (“false positives”) versus Type II (“false 
negatives”) or could concern overestimating versus underes-
timating a quantity of interest. A classic example is the choice 
of significance level used in null-hypothesis significance 
testing. This significance level (often fixed conventionally at. 
05) affects the balance between the relative risks of Type I 
and Type II errors. More broadly, choices between alternative 
datasets, modeling assumptions, o r statistical algorithms can
have analogous consequences for the risk of different types
of error in the findings of a study (see, e.g., Fujiwara et al.,
2017; Flato et al., 2013). 

As an example, consider the assignment of numerical 
values to uncertain parameters in a climate or impacts model 
(i.e., model calibration). When model output is compared 
to observations across a suite of performance metrics, some
parameter assignments result in better model performance
on some important metrics, while other assignments result
in better performance on others (Mauritsen et al., 2012). A 
number of different model versions might fit the observations 
reasonably well and yet differ substantially in their projec-
tions. With different projections come different inductive 
risk profiles: for a given quantity of interest (e.g., precipita-
tion extremes, heat stress, or crop loss), higher projections
come with a greater risk of overestimating that quantity,
while lower projections risk underestimation to a greater
degree.

One approach to managing inductive risk is to make 
one’s method choices while giving some consideration to 
the potential consequences of erring in one way versus an-
other. Would overestimating future precipitation extremes 
or crop losses be worse than underestimating them? If so, 

this could be factored in as the researcher chooses among 
the scientifically reasonable approaches to addressing the
research question. Indeed, it has been argued that doing
so helps the researcher fulfill her obligations as a moral
agent, which include taking due care to avoid errors with
particularly bad consequences (Douglas 2000a, 2009). Of 
course, the question of which consequences are particularly 
bad is informed by ethical values, not epistemic ones. In this 
way, consideration of the risks of error can generate cou-
pled ethical–epistemic choices. (Approaches to transparently
incorporating ethical values in the model-calibration exam-
ple include risk-based calibration (e.g., Pappenberger et al.,
2007) and careful definition of loss functions (Jaynes, 2003) 
when comparing model performance with observations.)

When facing research design choices, instead of choosing 
a single approach, sometimes several options can be tried, 
producing a range of results. Ensemble modeling studies, for 
instance, involve multiple simulations that incorporate differ-
ent options for modeling equations, parameter assignments, 
or initial conditions. But ensemble studies can still involve 
uncertain method choices, such as specifying the boundaries 
of the “plausible” ranges for the parameters (or model struc-
tures) to be sampled. For these choices too, there m ay be
a range of scientifically reasonable options with different
associated risks of error. Indeed, it seems likely that almost
every modeling study in the climate-change context will
involve uncertain method choices with potentially different
risks of error.

This does not mean, however, that ethical values ought 
to influence method choices in every modeling study, even 
if one is persuaded by the reasoning abo ve. The inductive
risk implications of some choices will be unforeseeable in
practice (Undorf et al., 2022; Betz, 2017). And there might be 
overriding reasons for making choices on other grounds. For 
example, researchers might stick with “default” parameter 
assignments for the sake of more meaningful model inter-
comparisons, tractability, or to avoid upsetting an existing 
“balance of approximations” among model components. The 
case for ethical values influencing method choices seems 
most compelling when modeling is done in support of partic-
ular decision-making tasks, and where some method options
have clear inductive risk implications that align better with
the aims and values of stakeholders or clients. Such situations
may arise, for instance, in the context of climate services
(Adams et al., 2015;  Parker  &  Lusk, 2019). In any case, 
whenever such precautionary thinking does lead to ethical 
values shapingmethod choices, this s hould be communicated
clearly and transparently (Adams et al., 2015; Baldissera 
Pacchetti et al., 2022). 

Ultimately, even if one remains unpersuaded that ethical 
judgments about potential errors ought to influence method 
choices, there is a crucial insight here that should not be
overlooked: method choices that are not directly influenced
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by ethical values can nevertheless affect the balance of induc-
tive risk in ways that serve the needs and interests of some 
stakeholders better than others. That is, even method choices 
that are not v alue-influenced can, in an important sense, fail
to be value-neutral.

22.4 Model Complexity and High-Impact 
Even ts

High-impact, low-probability events provide another exam-
ple of interaction between ethical values and the treatment of 
uncertainties in research. By definition, high-impact events 
are those that are particularly dangerous or concerning— 
a judgment based on ethical values. Because they are of 
such concern, learning about the likelihood of high-impact 
events can be particularly important for understanding cli-
mate change impacts and assessing risk-management strate-
gies. (In terms of specific decision-support frameworks, the
probability of extreme, high-impact outcomes can, for exam-
ple, have an outsized impact on expected damage calculations
(Weitzman 2009) and can shape the range of possibilities 
across which satisfying strategies are sought in robustness-
based frameworks (Quinn et al., 2020).) 

The highest-impact events also tend to be low-probability 
occurrences, which can complicate uncertainty assessment
(Keller et al., 2021). For example, where uncertainty in 
projections is characterized through an ensemble of simu-
lations, use of computationally expensive models can limit 
ensemble size and impede estimation of the small proba-
bilities associated with high-impact outcomes (Lee et al.,
2020; Sriver et al., 2012; Wong & Keller, 2017). A state-
of-the-art Earth System Model may be the richest and most 
complete encapsulation of knowledge relevant to, e.g., sea-
level rise by century’s end. Yet the large number of model 
runs needed for ensemble-based uncertainty quantification
of extreme sea-level rise may be feasible only using faster,
more idealized models (Bakker et al., 2016;  Helgeson  e  t al.,
2021;Wong et al., 2017). In this way, some of the scientific or 
epistemic merits of models can, in practice, trade off against 
the relevance of the questions that can be addressed using 
those models, where relevance is a question of ethical values.

22.5 Disaggregation and Distributive 
Justic e

So far, we have discussed examples that specifically con-
cern the treatment of uncertainties. Here we relax this focus 
somewhat in order to provide an indication of the broader 
character of coupled ethical–epistemic research choices in
climate change research (which need not always link directly
to the treatment of uncertainties).

There is a particularly rich and explicit role for ethical 
values when it comes to designing and assessing climate risk 
management strategies. To be relevant for decision-makers 
and stakeholders, such analyses should characterize potential 
futures in terms that allow those actors to apply their own val-
ues to the decision problem (Helgeson et al., 2024). What are 
these values? Climate change impacts people in many ways, 
and people care about those i mpacts from many different
perspectives (Tschakert et al., 2017; O’Brien &Wolf, 2010). 
To give just one example, an interview-based study with 
community members in the city of New Orleans found that 
stakeholder views on coastal flood risk encompassed values 
such as concern for personal safety, property damage, broader 
economic impacts, sense of place, perception of s afety, non-
human welfare, distributive justice, intergenerational justice,
and having a say in risk management decisions (Bessette
et al., 2017). Each of these concerns provides a perspective 
fromwhich projected outcomes and impacts can be evaluated 
(except for the l ast one, which is about process rather than
outcomes).

Consider one specific concern mentioned above: distribu-
tive justice. In the context of local flood risk management, 
distributive justice addresses the fairness of how flood risk, 
or related costs and benefits, are distributed across com-
munities and populations. Analysis of adaptation strategies 
(such as levees, evacuation planning, or funding programs 
for home elevation) that estimates costs and benefits only 
in the aggregate—e.g., for a whole city or region—will be 
blind to differences in the way that alternative strategies 
distribute risk across smaller units such as neighborhoods
or households. For stakeholders who care about distribu-
tive justice, a distribution-blind analysis will fail to provide
relevant decision support because those stakeholders will
be unable to apply their values to the evaluation of the
adaptation strategies (Jafino et al., 2021; Vezér et al., 2018). 
(For related illustrations, see Khosrowi (2019); Parker and 
Winsberg (2018).) 

Estimating the effectiveness of adaptation measures with 
attention to distributive justice may require a more complex 
or disaggregated modeling frame work that resolves neigh-
borhoods or even households (Jafino et al., 2021). For exam-
ple, Vezér et al. (2018) contrast two specific models used for 
coastal flood risk analysis in the state of Louisiana, including 
the city of New Orleans. Both models take flood hazards 
and adaptation measures as inputs and project the success
of those measures as outputs. But one model (Groves et al.,
2014) includes detailed and disaggregated spatial informa-
tion, while the other (Jonkman et al., 2009) works with a 
simplified and highly aggregated representation of the study 
system. The models also differ in their usability, adaptability,
and transparency (Vezér et al., 2018). At the same time, 
model choice is, as always, subject to a range of epistemic
considerations concerning the accuracy and trustworthiness
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of a model’s representations and projections. Like previous 
examples, here a single choice in the design of a study can 
have consequences both for the epistemic or purely scientific 
side of a s tudy (including but not limited to the treatment of
uncertainties) and also for the treatment of ethical values in
the analysis.

22.6 C onclusion

We have presented a series of examples illustrating 
how choices made during the conduct of research can 
carry implicit value judgments or create side effects and 
consequences with ethical import. These consequences 
include what (and whose) questions receive scientific 
attention, how mitigation and adaptation strategies are 
evaluated, which impacts are prioritized, how science is 
communicated, and what kinds of errors are avoided. We 
have focused on examples in which the research choices 
in question also shape how uncertainties a re addressed:
alternative attribution methods can subtly recast the research
question and shift the burden of proof; model complexity
can enable or constrain the characterization of ethically
important uncertainties, and model calibration plays a key
role in determining which uncertainties and which types of
futures are characterized and how.

Many research choices are like these examples. On the one 
hand, they have consequences that might be judged from the 
perspective of ethical values, and on the other hand, they have 
consequences—regarding, e.g., the depth of insight or relia-
bility of findings—that can be judged by scientific standards 
that express epistemic va lues. In other words, many research
choices (perhaps even most) are coupled ethical–epistemic
choices (see (Beck & Krueger, 2016) and (Deitrick e t al.,
2021) for further illustrations). Scientific training naturally 
focuses on the epistemic side. Here we have highlighted the
ethical side and the coupling of the two sides.

Once this coupling is recognized, many further questions 
arise, such as: whose or which values should be considered? 
How should we balance epistemic and ethical considerations 
when they are in tension? What are the best approaches 
for representing the tradeoffs between value c onsiderations?
How should the connections between epistemic and ethi-
cal considerations be discussed in scientific publications?
For views on some of these questions, readers can consult
(Adams et al., 2015; Elliott, 2017;  Hick  s, 2014; Baldissera 
Pacchetti et al., 2022). Here, we close with some brief rec-
ommendations on first steps toward eng aging with coupled
ethical–epistemic choices (see (Pulkkinen et al., 2022)  for  
related, complementary recommendations).

• Develop an eye for the ethical side of research choices. 
Make a habit of thinking through how your findings 
might be used and by whom. Ask questions like: Whose 
information needs does my research design serve? What 
value system does my policy-evaluation framework as-
sume? Whose vulnerabilities does my approach to haz-
ard mapping prioritize? Who might be disadvantaged by
my research findings? What kinds of errors have I been
most/least careful to avoid?

• Discuss ethical values explicitly in research outputs. 
Answers to questions like those listed under suggestion 
the previous bullet point can help readers contextualize 
your findings and assess whether they are useful for a 
given purpose. Be transparent about your explicit and 
implicit working assumptions. Briefly explain how your 
research design balances relevant ethical and epistemic
values. Note any tradeoffs between value considerations.
Declare any motivating ethical priorities and, especially
if the rationale for these priorities is not obvious, defend
them.

• Engagewith end users and/or boundary organizations. 
While there are many reasons to engage with decision-
makers, stakeholders, and boundary organizations, one 
important reason is to facilitate the alignment of research
with stakeholder values and priorities (Adams et al., 2015; 
Helgeson et al., 2024). 
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23Expert Judgment and Communication 
of Uncertaint y

Stephen B. Broomell , Emily H o , Daniel M. Benjamin , 
and David V . Budescu

23.1 Introduct ion

Uncertainty is ever present in research, and climate research 
is no exception. With vast time scales, atmospheric complex-
ities, and multiple policies that can be implemented, expert 
judgment is often required to make i nformed decisions based
on climate predictions and their uncertainties. As outlined
elsewhere, uncertainty in climate science applies not only to
projections of climate (Chap. 15, this volume) and sea le vel
rise (Chap. 19, this volume), but also to impacts on human
health (Chap. 13, this volume) and infrastructure (Chap. 11, 
this volume). Uncertainty is a complex topic, and there exist 
differences between experts in their views and approaches to 
uncertainty. Moreover, experts, the public, and policymakers 
vary in their understanding and interpretation of why climate 
predictions are uncertain and ho w they should affect policy
and decision-making. Turning science into action requires
communication of the aspects important to those unfamiliar
with the science (Fischhoff & Scheufele, 2013). 

Psychological research focusing on human judgment and 
decision-making under uncertainty provides a theoretical 
framework that can help climate researchers understand how
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their message is understood and interpreted (and, some-
times, misunderstood and misinterpreted) and develop effec-
tive ways to communicate the uncertainty in their research to 
the public. Applications of this approach to the study of un-
certainty and scientific communication have revealed some 
prominent features that drive public perceptions and choices
and have identified cases where these features differ from
current guidelines (and normative frameworks) employed by
researchers to define and communicate uncertainty.

We first provide a brief review and introduction to the 
psychological study of decision-making under uncertainty. 
Second, we discuss expert conceptions of uncertainty along 
with research that tests whether the public differs in its 
interpretation of uncertainty. We review differences between 
approaches for handling uncertainty, finding both effective 
and ineffective communication methods. Third, we review 
recent psychological advances that can benefit the develop-
ment and testing of effective communications moving for-
ward. We conclude with a discussion of how the generation
of communication guidance and empirical testing of their
efficacy can proceed as an iterative process.

23.2 Judgment and Decision-Making 
Under Uncertain ty

The study of judgment and decision-making can be applied 
to analyze decisions (e.g., prescribing choices), summarize 
decisions (e.g., model natural choice processes), and aid 
decisions (e.g., design interventions to help decisionmakers).
For a more detailed review, see Fischhoff and Broomell
(2020). Each of these branches of study can help in building 
ef fective communications of uncertain expert judgment.

We analyze decisions by applying normative models to the 
study of choice. These models typically start from a set of 
mathematical and logical axioms and establish rationality as
a benchmark for optimal decision-making. Rational choices
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are perfectly consistent with the axioms and can, typically, 
be represented by models that translate the DM’s subjective 
and personal preferences into actions and choices. Specific
examples include (subjective) expected utility theory and
Bayes’ theorem.

We summarize such decisions by applying descriptive 
models to the study of choice. Typically, these models start 
from a set of psychological principles and empirical regular-
ities and seek to develop theories for how a person’s choices 
are affected by different f eatures that are often not part of
normative models. These features may include the presen-
tation and description of the choice options, their framing,
uncertainty, and more.

While there are many definitions of uncertainty unique 
to scientific disciplines (henceforth, scientific uncertainty;
see Chaps. 11, 13, 15,  a  nd 19, this volume), we discuss 
uncertainty as it pertains to behavioral science focusing o n
judgment and decision-making (henceforth, decision uncer-
tainty). Knight (1921) categorized decisions as being made 
in contexts labeled as certainty, risk, and uncertainty. Knight 
defined decisions under certainty to have known outcomes 
that will be realized; decisions under risk to have known 
outcomes that are realized with known probabilities; and 
decisions under uncertainty to have known outcomes that 
are realized with completely unknown probabilities. One can 
think of these three cases as salient, and easy to analyze,
points on a continuum. Other points on this continuum in-
volve decisions under vagueness (or imprecision) where the
outcomes and probabilities are only partially or imprecisely
known (e.g., Budescu & Wallsten, 1995). 

Decision-making under Knight’s (1921) categories of risk 
and uncertainty has a long history of research from the 
normative perspective, resulting in different models of choice 
depending on how we interpret probability. The classical 
“Frequentist” definition of probability assumes that the rel-
evant random processes are repeatable, and risky choices 
are defined by a shared understanding of the “objective” 
probabilities governing these processes (e.g., an expected 
utility model). Subjective (or Bayesian) probabilities reject 
this view and allo w more flexibility. Decision makers can
have their own personal beliefs about the probabilities of
target outcomes, and these can be mapped into probabilities
provided that the DMs are consistent and coherent (e.g., a
subjective expected utility model).

Recent research in psychology has focused on decision-
making under vagueness, expanding Knight’s categories to 
allow for a richer psychological study of decision-making 
under uncertainty, where decision uncertainty varies in its 
degree and source. Choice options can range from complete 
uncertainty (where any outcome or probability is possible) 
to more certain (where the range of possible outcomes and 
probabilities can be narrowed down). A DM’s understanding 
of decision uncertainty cannot be fully captured by stan-

dard normative frameworks because it may also depend on
(a) context, (b) its source, (c) if it arises from inherent
randomness/chance (aleatory) or from a lack of complete
or reliable knowledge (epistemic) (Ülkümen et al., 2016). 
Therefore, perceptions of decision uncertainty require deeper 
investigations of judgments of uncertainty (summarized in 
the l ast section of this chapter).

We apply this approach to judgment and decision-making 
under vagueness and uncertainty to investigate the efficacy 
of methods for communicating uncertain expert judgment. 
In the next section, we discuss some existing guidelines for 
communicating the various forms of scientific uncertainty 
related to climate as decision uncertainty. We also discuss
several empirical tests of the efficacy of these approaches.

23.3 Scientific Conceptions of Uncertain ty

Scientific conceptions of uncertainty are rooted in the 
methodology and statistical procedures that underlie 
scientific research. This includes concepts such as probability 
distributions, confidence intervals, and fuzzy sets. Expert 
guidance for communicating scientific uncertainty is often 
generated from the perspective of research methodology. 
However, these concepts are abstract, require training to 
understand and use, and may not be fully, or well, understood 
by the public. If the public needs to use this information to
form judgments and make decisions, it is critical to analyze
the effectiveness of scientific uncertainty communications
based on how it looks through the lens of decision uncertainty
introduced above.

The Intergovernmental Panel on Climate Change (IPCC) 
provides an excellent case study for understanding expert 
conceptions of uncertainty. Climate science is an inherently 
multidisciplinary field, ranging from the natural and physical 
sciences studying the physical scientific bases of climate sys-
tems to the social sciences studying medical, environmental, 
and social impacts of systemic changes. This convergence of 
disciplines results in dif ferent discipline-specific treatments
of (and even different languages for describing) uncertainty
such as estimated probabilities in the natural sciences, which
are qualitatively different from that in the social sciences
(Grübler & Nakicenovic, 2001). For example, uncertainty in 
climate models tends to arise from limited knowledge about 
model assumptions and p arameter values (e.g., standard er-
rors of complex systems; Curry, 2011), whereas uncertainty 
in social sciences tends to arise from small samples, inaccu-
rate and less t han fully reliable measurements, and limited
generalizability across contexts.

Recent work seeks to model and account for contributions 
of scientific uncertainty in climate metamodels (van Vuuren
et al., 2020), which combine the contributions of multiple 
models such as Integrated Assessment Models and other
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relevant information from both natural and social sciences 
to determine the likelihood of reaching certain temperature 
targets by the year 2100. Among the findings in this exercise 
is identifying and, where possible, quantifying the relative
magnitude of uncertainty across the different components of
the model. Van Vuuren et al. (2020) find that compared with 
natural science inputs, socioeconomic sources of uncertainty 
are more prominent, suggesting t he importance of policy
decision-making in setting appropriate climate targets.

The IPCC therefore faces a difficult task in creating guid-
ance for the communication of scientific uncertainty that 
can be equally useful and informative for all the different 
scientific disciplines represented in this organization. The 
goal of the IPCC is to, clearly and accurately, communicate 
the most current science on climate change so that policy-
makers and other stakeholders can act decisively on such 
information. The IPCC consists of three Working Groups
(WGs), which assess, respectively: the quality of scientific
information on climate change (WG I); the environmental
and socioeconomic impacts of climate change (WG II); and
the response strategies tomitigation and adaptation of climate
change impacts (WG III).

The three WGs produce and release periodical Assess-
ment Reports (ARs). The first two ARs did not include any 
definition of uncertainty which may have led to miscommu-
nications, particularly in the media portrayal of the available
scientific evidence (Pidgeon, 2012; Segnit & Ereaut, 2007). 
This led to a summit to develop clearer recommendations for
communicating uncertainty (Moss& Schneider, 1999). How-
ever, these recommendations were not fully followed, and 
the guidelines were applied unsystematically across the three
WGs (Patt & Schrag, 2003; Swart et al., 2009; Bjurström 
& Polk, 2011). Over the years, IPCC guidelines have ex-
plored several ways of communicating uncertainty, includ-
ing (a) uncertainty of exact outcomes defined by probabil-
ities (e.g., 36%), (b) uncertainty in probabilities defined by 
ranges of probabilities (e.g., 24–41%) or verbal probability 
phrases (e.g., very unlikely), (c) separate disclosures of un-
certainty defined by high/medium/low confidence, quality of
evidence, and expert disagreement, and (d) qualitative uncer-
tainty terms such as “speculative” (Moss & Schneider, 1999). 
For a historical account of IPCC treatment of uncertainty 
across ARs, refer to Ho et al. (2017). 

Most recently, AR5 follows the (Mastrandrea et al., 2010) 
guidance for uncertainty communication, and AR6 follows 
the same a pproach with updates described in (Mach et al.,
2017). This guidance has evolved over time and settled on 
communicating two key metrics for the degree of certainty: 
confidence and likelihood. Confidence communications are 
determined by the quality of the evidence and degree of 
expert agreement. Likelihood communications are generated 
when the author team has sufficient confidence and evidence
to do so using specific likelihood statements defined by pre-

specified probability ranges (see Box 1.1 in AR6 Ch. 1, Chen
et al. (2021)). 

As with any type of policy guideline, they should be 
continually tested for effectiveness and updated accordingly. 
Research from judgment and decision-making has exam-
ined several communication approaches for their effect on 
judgments and choices and documented several empirical 
regularities. First, there are several important limitations to 
communicating risks to the public using probabilities. Basic 
statements of statistical information such as percentages or
probabilities are difficult to understand and can have less
influence on decisions than anecdotal information and evi-
dence presented as a narrative (Fagerlin et al., 2005). Addi-
tionally, DMs have trouble combining probabilities, leading 
to systematic biases in subjecti ve judgments of compound
events (Bar-Hillel, 1973). Probabilities can be interpreted 
only based on comparisons to understood entities because
“all probabilities are conditional” (Genest & Zidek, 1986,  p.  
117), and cannot be properly interpreted without understand-
ing the reference class used to compute the probability (e.g., 
the probability of pregnancy for women, married women, or
teenage women) (Gigerenzer et al., 1991). 

Much work has focused on the use of verbal probability 
phrases to communicate scientific uncertainty currently used 
in the IPCC AR6. Researchers found that verbal probabilities 
are perceived differently (a) depending on perceived outcome
severity (Harris & Corner, 2011), (b) for positive and neg-
ative phrases (Smithson et al., 2012), and (c) by different 
people creating a large heterogeneity of interpretations of
risk (Budescu et al., 2009, 2012, 2014). Verbal probabil-
ities can therefore create an “illusion of communication”
(Budescu et al., 2009; Wallsten & Budescu, 1995)  where  
consumers of communications perceive a different message 
than that intended by the communicator, but neither party 
is fully aware of this communication failure. Dhami and
Mandel (2021) propose replacing verbal probabilities with 
numerical probabilities, particularly for domains where fail-
ure to communicate can have heavily negative downstream 
consequences, such as in climate science. However, this 
recommendation seems to ignore the reluctance of experts to
commit to precise numerical probabilities based on less than
perfect information and observations. Budescu and Wallsten
(1995) suggested uncertainty should be communicated using 
statements that reflect faithfully the degree of their under-
lying uncertainty. For example, people may expect precise 
estimates of weather forecasts for short time horizons (e.g.,
tomorrow’s temperature) but will expect more uncertainty
for longer time horizons (e.g., the temperature a month from
now).

There is some evidence that climate science communi-
cations using verbal probabilities can be improved by (a) 
using a verbal-numerical format that combines ranges of
probabilities with verbal probability phrases (Budescu et al.,
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2009;Wintle et al., 2019), (b) including explicit statements of 
the lower or upper bound implied by the expression (Harris et 
al., 2017), and (c) empirically generating guidelines for trans-
lating words to probabilities that match the target audience’s 
general interpretations (Ho et al., 2015). In general, the em-
pirical evidence is overwhelming that the verbal probability 
phrases used in the AR5 and A R6 should be avoided if clear
actionable communication is the goal.

There can be stark differences in how different groups 
of people perceive uncertainty (experts vs. laypeople, ex-
perts from different disciplines, and communicators vs. audi-
ences). Communicators should not be satisfied by just setting 
clear guidelines for describing uncertainty but should revisit, 
test, and revise those guidelines as evidence evolves. Com-
municators can never be cognizant enough about how their 
audience will interpret the uncertainties in technical commu-
nications, no matter how clear originators think they are be-
ing. Both over- and under-precision can damage impressions
of the content and alter decision-making. Communicators
should be transparent, avoiding vagueness when possible,
and make sure to understand how communication design
choices might systematically affect judgment and decision-
making.

23.4 Public Perceptions of Scientific 
Uncertain ty

As described above, communication guidelines are often 
developed by (and from) the experts’ view of uncertainty and, 
often, without investigating how the public understands the 
uncertainty conveyed. For example, the boundaries defining 
“likely” and “very likely” in the IPCC guidance are based 
on prominent values in the Normal (Gaussian) distribution 
instead of empirical research that elicits prominent values 
among the public. However, effective communication re-
quires, by definition, a common understanding by all parties 
involved in the communication. Therefore, communication 
of e xpert judgment to the general public requires an un-
derstanding of how people perceive uncertain evidence, re-
search, and scientific findings. Such an approach would
require the IPCC to generate boundaries based on public
perceptions instead of standard distributions. Ho et al. (2015) 
illustrate the impact of this approach. Additionally, uncer-
tain evidence ultimately leads to disagreement and conflict, 
which also affects public perceptions of expert judgment. 
Here we describe more general psychological research on 
public perceptions of scientific evidence and disagreement
that can inform the development of effective communication
of scientific uncertainty in climate science.

23.4.1 Public Perception of Scientific Evidenc e

Broomell and Kane (2017) present three studies looking at 
how scientific definitions of uncertainty relate to public per-
ceptions of scientific uncertainty. They find that the public’s 
perceptions of scientific uncertainty are based mostly on 
their perceptions of precision in any given scientific field. 
When judging the uncertainty of individual research findings, 
participant responses did not significantly differ across con-
ditions that framed the result as coming from scientific fields 
with high versus low perceived uncertainty. This suggests 
that participants may not judge individual results in light 
of the scientific field that created them, but instead judge 
the scientific field in light of the individual results that they
associate with that field. Therefore, this evidence suggests
that laypersons’ perceptions of the uncertainty of a scientific
field are based on experiences with the science’s results and
predictions, and not on the uncertainty and precision inherent
in the methods and topic of study.

For example, seismic data cannot be used to predict earth-
quakes, but atmospheric data can be used to predict weather
and climate. Yet Broomell and Kane (2017) find that the 
public perceives seismology as more precise than climate 
science. While seismology make s few predictions that can be
refuted empirically (although see Cartlidge, 2012), climate 
science may be perceived as being highly uncertain (and 
imprecise) by the public because of the perceptions of the 
accuracy of climate change predictions. This can be ampli-
fied by systematic efforts to use uncertainty strategically to
discredit work on the effects of climate change (Oreskes &
Conway, 2011) and by message framing designed to m anu-
facture uncertainty (McCright et al., 2016). 

Broomell and Kane (2017) created a perceptual map of 
scientific uncertainty by collecting ratings of 16 research 
fields on 14 dimensions of uncertainty. As shown in Fig. 23.1, 
Broomell and Kane (2017) used principal component analy-
sis to plot the 16 fields of research based on two prominent 
dimensions of perceived uncertainty: precision (explaining 
73% of judgment variance) and mathematical abstraction 
(explaining 10% of judgment variance). Climate science is 
perceived to have low precision (alongwith psychology). The
public expects to see this low precision in communications
of climate projections. For example, Howe et al. (2019)  and  
Joslyn and LeClerc (2016) found that providing uncertainty 
in the form of bounds around an estimate tended to increase 
public trust in the estimate. Indeed, Du et al. (2011) found 
that in finance, managers actually prefer imprecise advice (up 
to a point) because uncertainty is expected and is perceived 
as inherent to financial p redictions. However, Howe et al.
(2019) also found that fully acknowledging the irreducible
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Fig. 23.1 Reproduction of Fig. 1 fromBroomell and Kane (2017) displaying a perceptual map of scientific uncertainty as a function of perceptions 
of precision and mathematical abstraction r elated to each field

uncertainty around a scientific estimate undermined public 
trust and acceptance of the information. This may be due to 
a general expectation that science resolves uncertainties and 
provides clear answers, limiting the public’s receptiveness 
to information describing events that have never happened 
within recent history where the extent of uncertainty is in-
herently unknowable (e.g., the number of feet the sea level
may rise in the year 2100; Ho & Budescu, 2019). 

How does the general public evaluate the accuracy of 
scientific predictions? People may use their perceptions of
their local environment (Fiedler, 2000; Galesic et al., 2016), 
expecting features of their local environment to generalize
to global predictions (Broomell, 2020; Broomell & Kane,
2021). However, such judgment processes are theorized to 
lead to systematic misperceptions of precision in scientific
predictions of global problems due to global-local incom-
patibility (Broomell, 2020). This problem arises when local 
environments appear stable and reliable but fail to reflect the
true trend of a more global phenomenon being considered.

Climate change is a perfect example because individual 
experiences of localized weather rarely reveal information 
about climate trends. Global trends require data on larger 
geographical and temporal scales to be fully revealed. In 
fact, due to natural variance between locations, experiences
with localized weather patterns can lead to increased error
in judgments of populations of people all affected by the
same global risk (Broomell, 2020; Broomell & Kane, 2021; 
Kane & Broomell, 2020). This happens when the risk is 
the average of all possible experiences, but few experiences 
reflect the average. Despite the low information content 
of local e xperiences in the climate setting, psychological
research has documented that people accurately attend to
local weather (Broomell et al., 2017) and update their beliefs 
about climate based on their localized experiences (Li et al.,

2011; Sugerman et al., 2021). Indeed, Konisky et a;/ (2016) 
find that extreme weather experiences were associated with 
increased public concern about climate change, but the effect 
decayed over time such that only the most recent experiences 
had any link to public concern. The overall effect is that 
many severe and extreme manifestations of climate change 
may fail to generate sustained collective action because they 
affect only a fragment of the population and at different
times. Additionally, as variance in weather increases, many
impacts on the climate seem counterintuitive to a warming
narrative (e.g., colder than normal temperatures; Rawlins,
2022), making sustained collective action to combat climate 
change from geographically dispersed populations difficult.

Because of the natural variance in weather experiences 
and the uncertainty surrounding climate science, even indi-
viduals with the same experiences can draw different con-
clusions about the degree to which these experiences support
(or oppose) climate predictions (Broomell et al., 2017). For 
example, Budescu et al. (2012) found that in a US nationally 
representative sample, Democrats reported higher levels of 
personal experience with climate change than Republicans. 
Different interpretations of the same weather events can be 
explained using Signal Detection Theory, a model that incor-
porates a decision process into the detection of noisy stimuli
(Swets et al., 1961).  Broomell  et  a  l. (2017) provide evidence 
of a positive association between individuals interpreting 
weather extremes as evidence of climate change and prior 
beliefs about whether they have already observed the effects 
of climate change. Those who believ ed climate change could
not be experienced had stricter decision thresholds, requiring
larger extremes before linking temperatures to global warm-
ing.

Overall, these studies suggest several general results 
regarding public perceptions of uncertainty in scientific
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evidence. First, perceptions of scientific uncertainty are 
highly influenced by personal experiences and may not be 
directly linked to weaknesses in scientific methodology, data, 
or measurements. Second, science is expected to be precise, 
and admissions of uncertainty (especially large levels) 
can be perceived as scientific failures, rather than natural 
limitations of knowledge of a topic. Third, local experiences
with scientific claims about climate are heterogeneous,
unreliable, and ambiguous. Different individuals have
different experiences, and depending on their prior beliefs,
may also interpret their experiences differently.

These results have several implications for communicat-
ing expert judgment. As outlined in the previous section, 
verbal communications of probability are intended to ex-
press decision uncertainty but require context to interpret. 
If everyone’s context is different due to natural variability 
in experiences and beliefs and there is a general expectation 
for precision in scientific predictions, then verbal commu-
nications may not increase uncertainty, but instead increase 
heterogeneity in interpretations of expert judgments. Re-
searchers may also consider analyzing the natural variability
of their predictions and focus communications on important
predictions that are more likely to create shared experiences
among the public, so that predictions are experienced simi-
larly by most of the target audience.

23.4.2 Public Perception of Conflict 
and Disagr eement

Scientific uncertainty also leads to conflict and disagreement 
among experts. Evidence can conflict and experts can dis-
agree, and these disagreements need to be resolved to form 
consensus judgments. Psychological research suggests that 
conflict and disagreement affect how uncertainty is perceived 
by the public. How the public understands and reckons with
scientific disagreement is also a topic of prescriptive concern,
as it impacts the call to collective action and policy decisions.

Conflict is a specific source of uncertainty that arises from, 
“disagreement over states of reality that cannot hold true
simultaneously” (Smithson, 1999, p. 180) and its presence 
can alter decision-making. For example, a survey of insur-
ance adjusters found they would charg e higher prices when
experts’ risk estimates disagreed, especially for catastrophic
risk (Cabantous et al., 2011). Additionally, conflict can lead 
to over-sensitivity to imprecision and ambiguity (Baillon et
al., 2012). This can impede objectivity. For instance, partici-
pants provided estimates that weremore similar to the experts 
after viewing sets of agreeing imprecise expert projections
compared to conflicting precise projections (Benjamin &
Budescu, 2018). 

Public reactions to conflict are a function of cognitive abil-
ity and topic knowledge. Individuals with lower ability and 

knowledge attribute disagreement to incompetence, while 
higher ability and knowledge attribute disagreement to bias. 
Higher ability individuals find complexity and randomness to
play a vital role (Dieckmann et al., 2017). A more complete 
analysis of reasons behind expert disagreement found that 
explanations load onto three factors: interests and values,
process and competence, and topic complexity (Johnson
& Dieckmann, 2018). This study employed a latent class 
analysis—amethod to classify respondents into groups based 
on observed heterogeneity—of a survey of US adults. The 
study identified four classes–one high on all three factors 
(45%), one moderate on all three (29%), one high on topic 
complexity (20%), a nd one low on topic complexity (5%).
Positive and credible views of science were two of the better
predictors of class membership.

Conflict is psychologically distinct from imprecision and 
uniquely contributes to perceptions of uncertainty (Smith-
son, 1999). Judges view conflict as less desirable than a 
similar degree of imprecision. Stakeholders must determine 
whether partially agreeing estimates, such as overlapping 
interval forecasts, are considered agreeing or conflicting. 
The intersecting portion can simultaneously hold true while
the disjoint portions cannot. Participants found disagreeing,
precise estimates to be less credible than imprecise intervals
(Smithson, 1999). When both sources of disagreement are 
present, the impacts of conflict and imprecision are task-
dependent; they are additiv e for estimation tasks and av-
eraged for preferential judgments (Benjamin & Budescu,
2018). 

Reactions to disagreement are also affected by source 
credibility, which is determined by a decision maker’s per-
ceptions of two factors: expertise and bias (Birnbaum &
Stegner, 1979). Perceptions of expertise are theorized to 
be derived from the perceived accuracy of the source and 
increases credibility. Perceptions of bias are theorized to be 
derived from knowledge of the source’s point of view, and
non-neutral points of view serve to undermine credibility.
Birnbaum and Stegner (1979) asked research participants to 
integrate information from multiple sources. They found that 
participants placed more weight on sources with higher ex-
pertise, but less weight on expert sources that were perceived 
to be biased (i.e., not having a neutral point of view). Indeed,
situations with disagreeing sources that are each perceived to
be highly credible are the most difficult to resolve (Einhorn
& Hogarth, 1985). 

Decisionmakers resolve disagreement by combiningmul-
tiple conflicting judgments through aggregation. When de-
cision makers combine forecasts, the resulting judgment is 
sensitive to the structure of the information a nd the nature of
their cognitive processes (Wallsten et al., 1997). The process 
of aggregating information can generally be expressed as a 
function of confidence in the individual projections plus ran-
domness (Erev et al., 1994;Wallsten et al., 1997). Confidence
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can help determine how toweigh different inputs. Confidence 
when combining inputs is a function of the number and 
(in)accuracy of the judges, the number of total and c ommon
cues and correlation between them, and the (un)predictability
of the event (Budescu, 2006; Budescu & Rantilla, 2000; 
Budescu et al., 2003). 

Typically, some form of averaging most accurately 
describes the aggregation process and outperforms a 
randomly selected individual forecaster (e.g., Budescu &
Rantilla, 2000; Budescu et al., 2003; Clemen & W inkler,
1987; Clemen, 1989; Lorge et al., 1958;Wallsten et al., 1997; 
Winkler , 1971). Therefore, the presence of conflicting expert 
judgments can have the paradoxical effect of improving 
aggregate judgment accurac y while also reducing the
public’s confidence in the aggregated judgment.

The results of these studies have several implications 
for communicating expert judgment. As outlined in the 
previous section, IPCC guidance has considered the 
possibility of communicating scientific uncertainty in 
terms of high/medium/low quality of evidence and expert 
disagreement. Although expert disagreement is present in 
all scientific enterprises, the expert disagreement regarding
climate science is much lower than is often portrayed in
the media (Boykoff & Boykoff, 2004). Experts agree on 
the general causes and consequences of climate change 
but may disagree on their quantitative estimates of the 
impacts and their timing. Perceptions of uncertainty derived 
from disagreement tend to be less desirable and lead to 
more violations of rational choice. While the accuracy 
of aggreg ating conflicting predictions may benefit from
independent and disagreeing points of view, expressions of
disagreement and conflict may do more to undermine public
confidence than to increase transparency of the science.

23.5 C onclusion

Expert judgment plays an important role in communicating 
the current state of scientific knowledge to the public. We 
provided a review from the perspective of human judgment 
and decision-making of several proposed methods for com-
municating uncertain expert judgment along with empirical
evaluations of the efficacy of these approaches. We focus our
conclusion on future guideline development by building from
current psychological theory.

Finding a shared definition of uncertainty is not a trivial 
task. Our understanding of uncertainty differs with both dis-
cipline (i.e., different understanding of the data, methods, and 
their limitations) and occupation (e.g., scientists differ from 
policymakers). Even if communicators are aware of the vast 
number of ways uncertainty can be conceived, consumers 
of scientific information may not be aware. If definitions 
of uncertainty are too complicated to be conveyed clearly, 

communicators could find alternative cognitively compatible 
ways of adding uncertainty to projections, and empirically 
test them for effectiveness within each application and con-
text. We propose that empirical tests can focus on decision
uncertainty as a shared representation of how scientific un-
certainty constrains the imprecision of the outcomes and their
likelihood for each choice option. For example, Fagerlin et
al. (2005) found that pictograms of probabilities reduced the 
biasing e ffect of anecdotes in medical decisions.

Expressions of scientific uncertainty can sometimes be at 
odds with the perceived usefulness of communications. A 
full disclosure of uncertainty surrounding a simple projection 
can make it look far more complicated. The future states 
of the world that can be ruled out are at times minimal, 
with error bars being so wide that they appear to be wholly 
uninformative. Yet, the appeal of verbal expressions of prob-
ability is that theymay appear less complex to consumers.We 
reviewed work on verbal descriptions of probability, finding 
that their usefulness is limited outside of conveying uncer-
tainty through their inherent ambiguity. However, ambiguity 
is not the same as uncertainty, and readers are left guessing 
which probability applies based on their understanding of the
context instead of understanding that a range of probabilities
might apply. Therefore, we propose that future psychological
work is needed to expand the toolbox for communicating
uncertainty in cognitively compatible ways beyond the use
of verbal probabilities. Novel effective methods will become
apparent with the development of theories that can explain
the role and representation of uncertainty in cognition.

Expressions of scientific uncertainty are sometimes given 
to increase trust, as withholding this information and pro-
viding only the best estimates can be misleading. If not 
disclosed, detractors can use this omission to further re-
duce trust. However, we find that the sources of uncertainty 
themselves can sometimes have the unintended consequence 
of undermining trust, such as expressions of conflict and 
disagreement. Furthermore, it is natural for people to seek
individual experts to find answers and to discredit certain ex-
perts when disagreements arise. In deeply uncertain settings,
like climate science, we argue that it is imperative to convey
the pool of expert opinion as credible and state of the art.

Finally, personal experiences play an important role in 
how the public interprets vague and ambiguous information. 
Single instances (or anecdotes) can quickly undermine the 
perceived accuracy of probabilistic projections. For example, 
weather forecasters provide probabilities of precipitation that 
may be the most calibrated and accurate probabilities con-
veyed to the public. Yet the public may still perceive these 
probabilities as inaccurate by observing recent “failures”
(e.g., no rain on a day with a 60% chance of rain). Because of
the heterogeneity in the probabilities of precipitation across a
single viewing area, there is heterogeneity in the perceptions
of forecast accuracy. One solution adopted by broadcast
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meteorologists is to provide projections that will appear the 
most accurate to the largest number of people in their viewing 
area (e.g., by weighting probabilities by population density). 
Thus, one potential strategy for climate communications is 
to analyze how the public will interpret different climate 
predictions within their own context in both scientifically 
accurate and inaccurate ways. For example, a prediction of 
increased atmospheric warmth might lead people to expect 
less snow. This may be true in some regions, but other 
regions might experience increased snowfall due to increases 
in evaporation. We recommend analyzing differences in in-
terpretations and the various experiences the public might
associate with different predictions and guiding communi-
cation strategies toward communications that minimize such
differences. When possible, globally distributed communica-
tions could emphasize predictions that are expected to appear
more uniform to everyone. Targeted communications could
inform specific locations with essential information to pre-
pare them for their experiences, such as extreme precipitation
or drought.

Given the vast heterogeneity of the audience and the 
choices they are facing, generating effective communications 
of expert judgment will require its own dedicated empirical 
study. Developing communication strategies based on scien-
tific representations of uncertainty is not likely to resonate 
with large swaths of the public. Finding approaches that 
will resonate requires collaborative r esearch efforts between
climate and behavioral scientists, broadening our theoret-
ical understanding of risk communication and improving
our ability to apply these theories to help the public make
informed decisions in deeply uncertain contexts.
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24Uncertainty in the Economic Appraisal 
of Adaptat ion

Paul Watk iss

24.1 Introduct ion

Economic appraisal—as used by Governments, Multi-lateral 
Donor Banks (MDBs) and public sector organisations— 
is based on the principles of welfare economics and aims 
to assess the ability of a policy, programme or project to
improve social welfare or well-being (HMT, 2020). It is 
therefore carried out from the perspective of society and 
includes the economic valuation of non-market effects, such 
as environmental benefits and c osts. This enables assessment
of the socio-economic costs, benefits and other dimensions
of alternative choices.

With the scaling-up of climate finance, there is an increas-
ing need to apply economic appraisal to potential a daptation
investments. Information from the Climate Policy Initiative
(CPI, 2019) reports that global finance flows for adaptation 
in developing countries were US$30 billion/year in 2017– 
2018. Almost all of this was from the public sector, and a 
large proportion ($7.4 billion) was funding from the MDBs
and International Financial Institutions (IFIs) (MDBs, 2017). 

There is an abundance of existing guidance for economic 
appraisal, produced by national f inance ministries to har-
monise appraisal within countries (e.g., HMT, 2020)  or  to  
harmonise economic appraisal within or ganisations such as
within MDBs (e.g., EIB, 2013). However, there are chal-
lenges in applying conventional economic appraisal to adap-
tation. These include the greater difficulty in the quantifica-
tion and valuation of benef its, as well as the high uncertainty
associated with future climate change and thus adaptation
benefits (OECD, 2015). This has led to a greater emphasis on 
decision-making under uncertainty, including for economic 
appraisal of adaptation (Watkiss et al., 2014: Dittrich et al.,
2016). 

P. Watkiss ( �)
Paul Watkiss Associates, O xford, UK

This chapter investigates these issues and discusses, in 
particular, how to address uncertainty in the economic ap-
praisal of adaptation. It starts with a number of framing is-
sues, to set the context, and includes a discussion of the chal-
lenges involved with the economic appraisal of adaptation. It 
then provides a discussion of methodological approaches for
different types of adaptation problems, including examples
of applications in economic analysis. To finish, it provides a
summary and identifies a number of key future priorities.

24.2 Framing andM ethods

An economic appraisal is usually undertaken through some 
form of cost-benefit analysis. This assesses a policy, pro-
gramme or project by estimating the economic benefits it 
produces over time a nd compares these to the costs (from
capital, operating and maintenance costs over time) from a
societal perspective.

In economic appraisal, costs and benefits are assessed in 
terms of present v alues through the use of discount rates
(HMT, 2020) to allow analysis on a consistent basis.1 Aswell 
as considering environmental and social costs and benefits, 
economic appraisal often takes a long-term perspective as 
it uses a social discount rate. The results of an economic
appraisal are expressed as the Net Present Value (NPV),2 

1Costs and benefits in appraisal are estimated in ‘real’ base year prices, 
which means the effects of inflation are removed. Subsequently, costs 
and benefits that arise in different future periods are adjusted to provide 
equivalent values using some form of discount scheme. Many govern-
ments and organisations use a ‘social time preference rate’ (STPR),
reflecting the fact generally people (and society) prefer to receive
goods and services now rather than later, though some schemes use
alternatives, such as the social opportunity cost of capital.
2The Net Present Value (NPV) is the sum of future values (in real prices) 
that have been discounted to bring them to today’s value (HMT, 2020) 
and is estimated as the total present value (discounted) benefits di vided
by the total present value of costs.
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the benefit-to-cost ratio,3 or the Economic Internal Rate of
Return (EIRR).4 

It is highlighted that an economic appraisal differs from a 
financial appraisal (or analysis). A financial appraisal con-
siders the incremental revenues and costs generated by an 
investment or project, and the ability of the project to generate 
cash flows, recover the financial costs and generate p rofits. It
is therefore carried out from the perspective of an investor,
not the perspective of society.5 

While most attention has been on the economic appraisal 
of interventions or options, economic analysis has a much 
wider role in public decision-making. In the government
public policy context (e.g., HMT, 2020), economic principles 
are used early in the policy process to articulate the rationale 
for intervention, i.e. why should the public sector act? For 
example, economic analysis helps to identify the presence 
of market failures that may require public policy action or 
investment, as well as to explore the type of intervention that 
might be appropriate, notably whether to directly intervene 
or create the enabling environment for others to act (such as
the private sector, households). A more formalised economic
appraisal—and the analysis of costs and benefits—is then
used later in the process, to assess alternative choices, relative
to a counterfactual.

MDBs use economic analysis and appraisal in a simi-
lar way. To illustrate, t he Asian Development Bank (ADB)
(2017) uses economic analysis to inform investment deci-
sions. First, this is to ensure that there is a strong rationale for 
the public sector to intervene and thus theMDB to finance the 
project. Second, that the selected project represents the most 
efficient option among the feasible alternati ves for achieving
the intended project benefits and outcomes. Third, that it
generates a positive economic net present value (assessed
through economic appraisal).

This chapter focuses on the application of economic ap-
praisal within a climate adaptation (or climate resilience6 ) 

3Total present value of benefits divided by total p resent value of costs.
4The rate at which the NPV is zero, which can be compared with 
the discount rate to assess if a project generates a sufficient return on
investment to be viable.
5A financial analysis only uses market prices—it excludes environmen-
tal or social benefits. The financial attractiveness of a project is usually 
expressed in terms of an internal rate of return (IRR), the annual return 
that makes the net present value equal to zero, or a payback period. This 
generally takes a short-term perspective and uses (higher) discount rates
that reflect a required rate of return or the opportunity cost of capital,
noting that commercial or private investors typically expect much higher
returns than public investments.
6In recent years, there has been an increase use of the term climate 
resilience as an alternative to adaptation. However, there are many 
definitions of resilience, framed from different disciplines, and sowe use 
the term adaptation in this p aper, centred on the IPCC fifth Assessment
Report (AR5)Working Group 2 core conceptions and definitions (IPCC,
2014). 

context. In order to develop this, a number of framing and
methodological issues are first discussed.

Types of Adaptation It is important to note that there are 
different types of adaptation. An important differentiation 
is around the objective of adaptation. For investments, this
includes (ADB, 2020): 

• Adaptation of projects (climate proofing7 ). These aim to 
improve the climate resilience of existing/new projects 
or investments, such as including climate adaptation in 
the design of a new major road, in order to help address 
future climate risks. This focuses on the additional adap-
tation response–and the marginal costs and benefits–to
tackle climate risks or take advantage of opportunities.
This is sometimes known as ‘adaptation [or resilience] in
projects’.

• Projects for adaptation. These are primarily intended to 
address climate change risks that will affect people, invest-
ments, and economic activity. They involve targeted adap-
tation investments, such as a new coastal defence project 
to reduce the impacts of sea-level rise. This is sometimes
termed ‘adaptation [or resilience] through projects’.

For the first of these, adaptation is a secondary objective, 
since the primary goal will be associated with the investment 
itself, such as the building of a new road to enhance access, 
reduce congestion etc. This is important because it means that 
there will usually be an existing economic appraisal cycle, 
and the task is to undertake an economic appraisal of adapta-
tion alongside or within this. The extra steps are, therefore, to 
examine the additional options for adaptation and assess the
costs and benefits of such action. This may include decisions
over the timing of the adaptation investment, whether now
or later. There are some examples of economic guidance
for these types of projects (e.g., ADB, 2015). Moreover, the 
same concepts are relevant for economic appraisal of policies 
(e.g., regulatory impact assessment), when the objective is to 
mainstream climate adaptation into new policies or plans. 

For the second of these, the primary objective is adaptation 
per se. This is likely to necessitate a greater focus on quan-
tifying the economic benefits of adaptation and considering 
uncertainty, since these could have a greater effect on benefit
estimates. Again, the same concepts apply to new policies or
plans (e.g., for new adaptation policies).

Methodological Challenges Economic appraisal of adapta-
tion may be difficult for seve ral reasons (Chambwera et al.,
2014). First, the future impacts of climate change, and thus

7While typically referred to as climate ‘proofing’, this term is not 
recommended, as it is neither practical nor economically efficient to s eek
to eliminate all climate risk (to climate-proof).
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the benefits of adaptation, are uncertain. Indeed, it is often 
characterised as a case of deep uncertainty because key forces 
that shape the future are not known, or p robabilities cannot be
assigned (Hallegatte et al., 2012). This is due to uncertainty 
around future emission pathways (such as whether the world 
is on a 2 ◦C  or  4  ◦C trajectory) as well as uncertainty 
associated with different climate model outputs for a given
emissions trajectory. Second, there are challenges around the
timing of adaptation costs and benefits (OECD, 2015). A 
standard approach to dealing with an immediate risk in an 
investment project would be to change the design, noting this 
would likely incur a cost, though this would also provide an 
immediate benefit. In contrast, the risks of climate change 
are likely to increase over time, especially in future decades. 
The full benefits of adapting t o these future impacts are,
therefore, expected to arise in the longer term as well. In
economic appraisal, the timing of costs and benefits matters,
and this is captured through the use of social discount rates
(see above).8 These implicitly assign lower weight to benefits 
in the future (in present value terms), reflecting the principle 
that people (and society) generally prefer to receive goods 
and services now rather than later. Implementing an approach 
that over-designs for adaptation may not, therefore, pass 
a c ost-benefit test. This is because implementing a costly
investment now for benefits in say 20 years may generate low
present values.

This has led to a focus on frameworks for helping to 
prioritise adaptation decisions, and alongside this, the devel-
opment of methods (decision-support tools) to address the 
particular challenge of uncertainty—decision-making under 
uncertainty (DMUU). These frameworks are worth consider -
ing separately because they have relevance at different points
in the policy or investment cycle (Watkiss et al., 2019):

• There are various frameworks for early adaptation priori-
tisation and sequencing over time (Watkiss et al., 2019). 
These are broad typologies that help with developing 
adaptation policy and programmes, as well as initial scop-
ing of options at the project level, such as part of an initial
economic review to short-list options.

• Decision-support methods or tools for adaptation (Watkiss 
& Hunt, 2013). These are more formalised methods that 
can be used in appraisal. For some adaptation options, 
conventional decision-support tools can be used; but for
others, there is a need for DMUU. While these can be

8The use of discount rates when calculating the social cost of carbon, or 
the costs and benefits of mitigation policy, has been very contentious. 
This is because of issues around inter-generational wealth transfers. 
However, most adaptation is associated with shorter-term interventions 
and thus uses existing discounting approaches. It is noted that the use of
such rates might need to be re-considered when looking at larger scale
risks and transformational adaptation.

applied as part of policy or programme applications, they 
are most relevant and applicable for project appraisal.
These frameworks can also be used as part of economic
appraisal.

These are discussed in turn below.

Frameworks for Early Adaptation One of the challenges 
for adaptation, and adaptation economics, is that much of 
the analysis to date has been undertaken using stylised mod-
els. These typically use a science-led, impact assessment 
framework, to quantify future impacts, and then assess the
quantified benefits and costs of adaptation (ECONADAPT,
2017). These are extremely valuable in raising awareness 
around the economic potential of adaptation. However, their 
future orientation towards specific periods, such as the 2040s, 
and the application of if-then (predict-then-act) frameworks 
do not inform immediate adaptation decisions or appraisal. 

As a consequence, there has been the development of 
framing concepts for the economics of adaptation that focus 
on short-term and immediate decisions. This builds on the 
f act that there are types of early adaptation decisions that
make sense in the next decade or so from an economic
perspective. Over time, the literature has built up a reasonable
idea of what these are (e.g., Fankhauser et al., 1999; Ranger 
et al., 2010) and they can be grouped into t hree areas (Warren
et al., 2018)9 :

• Address current climate impacts—and the current adapta-
tion gap10 —by implementing ‘no-regret’ or ‘ low-regret’
actions11 to reduce risks associated with current climate 
variability as well as building future climate resilience.
These generate immediate economic benefits.

• Ensure that adaptation is considered in near-term deci-
sions (now) that have long lifetimes and involve potential 
future climate risks, such as major infrastructure devel-

9These look similar, but they have different decision characteristics 
related to the timing of the investment decision and the timing of the 
climate risk. They are, in turn, now-now (e.g., upgrading an existing 
road to address current risks), now-future (building a new h ydropower
plant today and making it climate resilient to future climate change) and
future-future (developing a plan to potentially build a river barrage in
the 2050s).
10The adaptation gap is defined by UNEP (2020) as the difference 
between implemented adaptation a nd a societally set goal.
11No-regret adaptation is defined as options that generate net social 
and/or economic benefits irrespective of whether or not climate change 
occurs. This can include win-win options, which have positive co-
benefits. These are differentiated from low-regret options, which may 
have low costs or high benefits, or low levels of regret, or may be
no-regret options that have some opportunity or transaction costs in
practice.
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opments or land-use change, to avoid ‘lock-in’.12 This 
may involve use of DMUU concepts including economic
analysis.

• Fast-track early adaptive management activities when 
there are long lead times or possible major future changes 
involving tipping points. This involves monitoring and 
learning to generate evidence for forthcoming future
decisions (but note the actual interventions will be in
future years, not in the short term).

It is stressed that at the national level, all three of these 
adaptation interventions/strategies are needed, and this is 
likely to require portfolios. Indeed, the three approaches 
above can be part of an overall adaptive management process 
or roadmap.What is also important is that the exact economic 
appraisal method needs to be different for each of them, 
i.e. there is not a single approach that can be applied to all
adaptation types.

The sections below expand on how economic appraisal is
being applied to these areas to take account of uncertainty.

24.3 The Economic Appraisal of Early No-
and Low-Regret Measure s

Much of the focus of early practical adaptation, especially in 
developing countries, has been directed towards no- and low-
regret measures (ECONADAPT, 2017). These are interven-
tions that tend to have net economic benefits, even without 
future climate change, because they reduce the impacts of 
current climate variability or extreme events and, at the same 
time, could help reduce the increasing risks of future climate
change. These may be implemented on their own, and/or as
part of a package of adaptation options, or an early stage of
an adaptation pathway.

Economic appraisal of these measures can be undertaken 
using conventional approaches, because the decision life-
time is short, and the focus is on the current climate and 
emerging trends, so uncertainty does not dominate. The most 
commonly used methods in economic appraisal are cost-
benefit analysis (CBA), cost-effectiveness analysis (CEA),
and multicriteria analysis (MCA).

Social CBA was described earlier: it values all relevant 
costs and benefits to society (including non-market effects), 
in present value terms, and then estimates a net present v alue
and/or a benefit-to-cost ratio. There is existing guidance on
economic appraisal and cost-benefit analysis (e.g., ADB,
2017;  HM  T, 2020), and this can be used to prioritise options

12Early actions or decisions that involve long lifetimes or path depen-
dency, which will potentially increase future risk or vulnerability, and 
that are difficult or costly to reverse later (quasi-irreversibility). This can 
be from an action or decision that is ‘business-as-usual’, from a lack of
an action or decision, or from a mal-adaptative action or decision.

and provide an overall economic case for the preferred op-
tion. There is a growing literature on the economic appraisal 
of no- and l ow-regret options for adaptation (e.g., Shreve &
Kelman, 2014; Mechler 2016;  ECONADAP  T, 2017;  GC  A,
2019). This shows that such adaptation has high benefit-to-
cost ratios. However, there are some additional aspects that 
can be considered to address uncertainty. For instance, it is 
good practice to check that options remain low- or no-regret 
under a changing climate, by sensitivity testing with future 
climate scenarios to check if these alter the benefit-to-cost 
ratio. An example of such an approach was undertaken for
an adaptation project focused on climate smart agriculture,
where sensitivity runs were used to assess whether future
climate change would alter the economic return of proposed
measures (GCF, 2019). 

However, CBA requires the quantification of all costs 
and benefits, and the latter is often difficult for adaptation, 
notably when there are non-market benefits. It is also diffi-
cult to undertake CBA for non-technical adaptation options 
such as capacity building, as benefits are hard to identify in 
quantitativ e terms. As a result, there are other methods that
can be used: two of these are routinely included for decision
support in government and MDB economic appraisal guid-
ance already.

Cost-effectiveness analysis (CEA) compares options by 
assessing the cost per unit of benefit in order to identify the 
options that are the most cost-effective (highest benefit for 
lowest cost). It thus avoidsmonetary valuation of benefits and 
quantifies benefits in physical terms. The cost-effectiveness 
score is then used to rank alternative options. While CEA
has become the default appraisal method for mitigation, it
is sparingly used for adaptation, although there is guidance
(Watkiss & Hunt, 2012), and there are some applications, 
especially in the water sector (e.g., ASC, 2011). Part of 
the reason for the low uptake of CEA is that it optimises 
on one metric only and thus does not prioritise more inte-
grated, multi-sectoral, solutions. It also does not lend itself 
to uncertainty analysis. Nonetheless, as with CB A, a simple
solution is to apply sensitivity analysis which repeats the
cost-effectiveness assessment for a set of different climate
scenarios.

When valuation is particularly challenging, it is also pos-
sible to use multi-criteria analysis (MCA), which considers 
quantitative and qualitative data together for ranking options. 
This method assesses and scores options against a range of 
decision criteria, some of which are physical or monetary, 
whereas others are qualitative. Various criteria can then be
weighted and scores aggregated to provide an overall ranking
of different options. The method has been applied quite
widely to adaptation, and there is guidance (Van Ierland et al.,
2013) and examples (e.g., De Bruin et al., 2009). A particular 
advantage is that MCA provides a structured framework for
combining expert judgement and stakeholder preferences.
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It can also introduce criteria to score options in terms of 
their ability to address uncertainty , though this is usually
subjective and qualitative.

24.4 The Economics of Decision-Making 
Under Uncertain ty

Moving beyond the low- and no-regret options above, a 
more detailed set of appraisal methods are applicable, w hich
extend the principles of CBA (Watkiss et al., 2014: Dittrich 
et al., 2016). These approaches have been applied mostly at 
the project investment level. They are particularly applied for 
near-term decisions that have a long lifetime. This might be 
new infrastructure projects where there are risks from future 
climate change, and where it could be costly or difficult 
to make change later (quasi-irreversibility). In such cases, 
there is a one-off opportunity to incorporate adaptation in
the design from the outset. However, some approaches can
also be used to look at longer-term decisions, as part of
iterative adaptation pathways, enabling learning and changes
over time.

The description of the most common approaches for use 
in economic appraisal is presented in Fig. 24.1. Interestingly, 

while they all seek to address uncertainty, they apply different 
principles to do this (see right-hand column). Some centre 
on DMUU (covered elsewhere in this book) and can be ex-
tended to economic appraisal. For example, robust decision-
making (Groves & Lempert, 2007) involves testing options 
or strategies across a large number of plausible ‘futures’ 
to identify which perform well over the range, rather than 
making choices that are optimal to one central (or average)
scenario. It is possible to include an analysis of potential
costs and benefits in such analysis (e.g., Nassopoulos et al.,
2012; Mereu et al., 2018). The same also applies to decision-
scaling  (Ray  and Brown, 2015), not least because this can 
select economic or financial criteria as a key performance in-
dicator to stress test (e.g., Bonzanigo et al., 2015). Similarly, 
dynamic adaptation pathways (Haasnoot et al., 2013) provide 
an approach for iterative risk management, and these have 
been extended t o dynamic cost-benefit analysis (Eijgenraam
et al., 2014). 

Other methods such as real options analysis (ROA) are 
more grounded in the economic literature and are exten-
sions of cost-benefit methods. R OA is sometimes included
in standard economic appraisal guidance anyway (e.g., EIB,
2013). It is particularly useful when considering the value of 
flexibility in investments. This includes the ability to adjust

Portfolio Analysis 
(PA) 

Robust Decision Making 
(RDM) 

Real Options Analysis  
(ROA) 

Adaptive Management / 
Adaptation Pathways 

Allows economic analysis of future 
option value and economic benefit of 
waiting / future information / flexibility. 

Identifies robust (rather than optimal) 
decisions under deep uncertainty, by 
testing large numbers of scenarios. 

Economic analysis of optimal portfolio of 
options by trade-off between return 
(NPV) and uncertainty (variance). 

Uses iterative framework of monitoring, 
evaluation and learning to improve 
future strategies. 

Minimax: minimise the maximum regret; 
Maximax: opt for highest outcome: 
Maximin maximise minimum outcome 

Decision Scaling 
Identifies key performance indicators 
and stress tests many future scenario, to 
identify options that robust 

Learning/ 
flexibility 

Robustness 

Hedging / 
diversification 

Minimising/ 
maximising 
regrets / choices 

Rule based decision 
support 

Fig. 24.1 Decision-making under uncertainty in appraisal. Adapted from Watkiss et al. (2014)
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the timing of the capital investment or to include flexibility 
for later changes in the investment, i.e. allowing a project to 
adapt, expand or scale-back in response to unfolding events. 
ROA has been quite e xtensively applied to adaptation, but
mainly for sea-level rise and coastal impacts (e.g., Linquiti &
Vonortas, 2012;Woodward et al., 2014; Dawson et al., 2018). 
There is also portfolio analysis (P A) (Hunt and Watkiss
2013). This appears to be a highly promising method for 
economic appraisal of adaptation, given the focus on design-
ing portfolios, which (together) are effective over a range 
of possible future climates, rather t han a single option best
suited to one possible future. However, while there have been
applications (Aerts et al., 2008), uptake is much lower than 
for the other methods discussed above. This may be because 
it is resource-intensive, requires a high de gree of expert
knowledge, and relies on the availability of quantitative data.

ROA and PA applications are more likely to provide de-
tailed analyses of the economic costs and benefits of address-
ing uncertainty, whilst aligning well with economic appraisal 
guidance. However, they are quite complex to implement 
and tend to require probabilistic inputs (with accompanying 
assumptions when dealing with deep uncertainty). One way 
of utilising these analytical frameworks whilst recognising 
that objective probabilities of future climate change scenarios 
do not exist, is to allow the decision analyst to impose 
probabilities that reflect their attitudes to risk. For example, 
a risk-averse decision-maker (and analyst) would put greater
weight (i.e., higher probability) on a worst-case scenario. If
the CBA then produces a net economic benefit, the analyst
can be assured that the adaptation investment is robust to their
attitude to risk. This was demonstrated by an ROA under-
taken by Dawson et al. (2018). They used three risk attitude 
archetypes—the Pessimist, the Optimist and the Neutralist— 
to test alternative probability distributions that characterise 
these archetypes in the context of building defences to protect 
a railway line in Devon, UK, that is threatened by sea-level
rise.

A key point is that there is often an additional cost of 
addressing uncertainty in project design. Some literature 
reports that this is often low, i.e. only a few % (see Hal-
legatte et al., 2019), but this will not always be the case. 
Adaptation interventions should, therefore, still be subject 
to an economic appraisal, even for options that are robust or 
flexible. Indeed, sometimes the most economically efficient 
adaptation option will be to fix things later rather than now. 
This might be the case if there is little irreversibility and the 
costs of retrofit are low. Alternatively, the best option might 
be to use other approaches tomanage risks, such as insurance, 
rather than increased resilience of infrastructure. A further
principle of economic appraisal is to undertake the analysis

compared with a do-nothing (counterfactual), noting that in
cases where adaptation does not generate net present values,
the preferred option may be to just live with the risk (unless
there are particular downside risks of failure).

Finally, there is now supplementary economic appraisal 
guidance for adaptation emerging, which complements the 
standard approaches and includes many of t hese aspects
outlined above. This includes advice for national economic
appraisal (Defra, 2024) as well as w ithin MDBs (ADB,
2015). This points towards the greater uptake of these ap-
proaches and t heir integrationwithin core economic appraisal
methods.

24.5 Discussion and C onclusions

This chapter focuses on the economic appraisal of adaptation 
and the consideration of uncertainty. It identifies a number of 
key issues relating to the types of adaptation, the challenges
for analysis and the potential for frameworks for prioritisa-
tion of early adaptation using economic principles.

It then went on to discuss the economic appraisal of adap-
tation. This highlights that for some adaptation decisions— 
including no- and low-regret options—it may be possible to 
use traditional economic appraisal methods. This precludes 
the need to consider uncertainty in depth, and when simple 
sensitivity analysis may suffice. Alongside this, there is a 
more complicated set of decisions that do require consid-
eration of uncertainty as part of economic appraisal. There 
are a set of techniques that can be used in such cases, either
extending DMUU methods to economic appraisal or using
specific economic DMMU methods. There is a growing
literature of case studies of such applications and emerging
guidance that extends current economic appraisal to consider
these approaches.

A final question that follows from this is which method 
to use? The short answer is that this depends on the type of 
adaptation decision, as well as other practical considerations 
around data availability, time and resources, and technical
capacities. There has been some analysis to try and match the
type of adaptation problem to the relevant decision approach
(e.g., Watkiss et al., 2014; Dittrich et al., 2016), and to 
identify project characteristics that might necessitate more
detailed analysis (ADB, 2020). However, further work in this 
area, along with the need to build and s hare portfolios of case
studies, are key priorities.
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25UncertaintyManagement in a Decision Context: 
WhatWe Learned from the Decision Center for 
a Desert C ity

Patricia Gober and Howard Wheater

25.1 Water Scarcity Is an Existential Threa t

Water is central to the desert city of Phoenix’s past, present, 
and future development. The city enjoys a favorable geo-
graphic location at the base of two large watersheds of the
Salt and Verde Rivers in Central Arizona (Fig. 25.1). The 
modern site of Phoenix once hosted a large and complex 
prehistoric population based on irrigated agriculture, from 0 
to 1400 AD. At its peak, the Hohokam civilization numbered 
40,000 residents and irrigated some 110,000 acres. The Ho-
hokam story is, however, a cautionary tale about how not to 
respond to climatic uncertainty, as the civilization collapsed 
after 1250. Archeological evidence indicates that the Ho-
hokam experienced changes in climate regime and responded
with unsustainable strategies such as overplanting their good
fields and expanding into more marginal lands. As drought
conditions persisted, the Hohokam all but disappeared by
1400 AD (Redman, 1999; Abbott, 2000). The present city 
of Phoenix is named after the mythic Phoenix bird that rose
from the ashes of its predecessor.

Modern Phoenix developed a diverse and extensive water 
portfolio including surface water from the Salt and Verde 
Rivers, groundwater from deep alluvial aquifers, and allo-
cations from the Colorado River via a 336-mile aqueduct
from the Colorado River to Central Arizona cities (Fig.
25.1). Until recently, water resource management was a
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matter of juggling these three sources to meet the needs 
of the environment, municipal users, industry, and farmers. 
The dominant management paradigm was to “predict and 
plan,” in other words to anticipate future demand and then
plan for it by securing water rights and building infras-
tructure (Quay et al., 2010). This management paradigm 
uses the past as a guide to the future, to provide reliable 
water services to the urban population. This model assumes 
stationarity—that past empirical observations are a valid ba-
sis upon which to estimate future supply and demand (Milly
et al., 2008). 

The onset of climate-change impacts, poor governance, 
and uncertainties associated with urban water demand 
threaten Phoenix’s traditional predict-and-plan model of 
urban water management. Climate scientists have long 
warned that the Colorado River Basin is likely to be 
warmer and drier in the future than in the past with negative
consequences for water resources, hydropower production,
and environmental flows (Christensen et al., 2004;  Sheikh  
& Stern, 2019). In August 2021, observed data from the 
US Bureau of Reclamation showed that Lake Mead, the 
largest reservoir in the United States, was at its lo west level
since the Hoover Dam was constructed in the 1930s (Fig.
25.2). The lake level was at 1067 feet above sea level, 
and the lake v olume was only 35% full (US Bureau of
Reclamation, 2024). At this level, pre-agreed upon shortages 
to Arizona, Nevada, and Mexico came into effect reducing 
their allocations. California was not subject to immediate 
water cutbacks but had to consider the possibility that
hydroelectric power generation at Hoover Dam could cease
if Lake Mead falls below 1025 feet (Sheikh & Stern, 2019). 
Uncertainties about Colorado River flows and Lake Mead 
water levels present significant challenges for Phoenix as 
some urban communities are completely dependent upon the 
Colorado River for their water supplies whereas Colorado
River water is used to replenish groundwater recharge for
others. As can be seen from Fig. 25.2, these low lev els persist
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Fig. 25.1 Phoenix water supplies. (Source: Decision Center for a
Desert City)

to the present (2024) and continue to challenge allocations. 
Temporary reductions were agreed by Arizona, California, 
and N evada in 2023, but only until 2026—state and federal
discussions continue.

Possible lower flows in the Colorado River are just one 
of the many uncertainties that challenge water planning in 
Phoenix. Water is allocated and managed at the municipal 
level leaving each of 120 local water companies to make
individual decisions about water supplies, rates, and con-
servation programs (Gober, 2018). Older cities in the urban 
core have more secure water supplies than rapidly growing 
suburbs. Thus, it is possible to envision a future in which 
residents of older communities continue high use levels with 
lower price structures while urban fringe communities face
water shortages and higher prices. The idea of sharing risk to
manage uncertainty generally is not part of Phoenix’s cultural
heritage.

Arizona passed the Groundwater Management Act of 
1980 to sustainably manage its groundwater resource. The 
law accounts for the gradual retirement of agricultural wa-
ter use and shift in water allocation to meet urban needs. 
This transition requires developers to demonstrate a 100-
year water supply for new home construction in areas that 
rely on groundwater. Unfortunately, political forces have 
gotten in the way of this common-sense l egislation, and the
Arizona Legislature now allows developers to use Central
Arizona Project (Colorado River) water to meet the 100-
year requirement, even though the Bureau of Reclamation
anticipates near-term shortages on the river (Hirt et al., 2008; 
Sheikh & Stern, 2019). There are also profound uncertainties 
associated with the groundwater resource where it is possible 
for one community to undermine the water sustainability of 
neighboring communities because they share seven intercon-
nected aquifers that underlie the metropolitan region.

25.2 National Science Foundation 
Decision-Making Under Uncertainty 
Pro gram

In 2004, the National Science Foundation (NSF) put out a 
request for proposals to address climate change and adap-
tation from a social science perspective. The call asserted 
that society had allocated hundreds of millions of dollars 
to address the uncertainties associated with future climate 
impacts, but little had been spent in the US on the social 
sciences to address decision-making for climate adaptation 
as a research problem. NSF called for decision-making under 
uncertainty (DMUU) projects structured around the social 
science of climate adaptation. Researchers were expected
to develop new strategies to facilitate DMUU for climate
change. The Arizona State University (ASU) proposal was to
deploy DMUU strategies for water management in Phoenix
and then disseminate what was learned to other cities facing
similar water challenges.1 

The water story in Phoenix dovetailed nicely with NSF’s 
vision of a complex system problem amenable to DMUU. 
The prevailing paradigm of predict-and-plan would need to 
evolve in the face of deep uncertainties about the climate. 
Research questions would have to shift from asking what 
the optimal solution is, to identifying robust decisions and/or 
strategies that work well across a range of climate futures. A
new scientific and social infrastructure would be required to
support DMUU for water management in Phoenix. Decision
scientists had established protocols for DMUU research, but

1DMUU is used here to represent problems of deep uncertainty. Deep 
uncertainty characterizes situations in which analysts do not know or 
cannot agree upon the key drivers that will shape t he future, probability
functions that represent uncertainty, and how to value gains and losses
from key outcomes (Lempert 2003). 



25 Uncertainty Management in a Decision Context: What We Learned from the Decision Center for a Desert City 257

1000 

1050 

1100 

1150 

1200 

1250 

1940 1950 1960 1970 1980 1990 2000 2010 2020 2030 

W
at

er
 le

ve
l (

fe
et

 a
bo

ve
 s

ea
 le

ve
l) 

Fig. 25.2 Lake Mead water levels, 1940–2023. The solid line is the 
annual median monthly level; dashed lines denote the range between

annual monthly maximum and minimum levels. (Data source: Bureau
of Reclamation)

not how to build a boundary organization to link scientists 
with local decision makers for climate adaptation research 
and action. The Decision Center for a Desert City (DCDC) 
proposal (1) reframed water management in Phoenix into a 
DMUU problem, (2) assembled a team of interdisciplinary 
environmental scientists led b y social scientists, and (3)
secured critical support and promises of collaboration from
community partners. The goal was to nudge water plan-
ning toward scenarios, stakeholder engagement, and robust
decision-making.

There was always an aim to share results and experiences 
with other cities. DCDC initiated the Urban Water Demand 
Roundtable to foster collaboration among North American 
cities. The aim was to share lessons learned in Phoenix with 
other cities, exchange data, and tease out national trends in 
urban water demand. Topics included urban green spaces, 
pools, outdoor water use, forecasting and management, and 
falling revenues as fixtures and appliances became more effi-
cient with the Ener gy Policy Act of 2005. The DCDC hosted
three Urban Water Demand Roundtables between 2009 and
2012. And worked to build a community of North American
cities experiencing similar water management challenges and
invite them to share their experiences and data across the
wider network.

The DCDC aspired to be a boundary organization sit-
ting between water science and local and regional deci-
sion makers. Monthly colloquia brought together local water 
managers with university scientists and students. An intern-
ship program placed students in local water agencies and 
engaged water managers in the scientific process and in 
student mentoring. While the circumstances of Phoenix’s 
water issues were not necessarily transferable to other cities,
the process of building a boundary organization for climate

adaptation was of significant interest to NSF, The Water
Demand Roundtable, and the many visitors who observed
DCDC’s work over the years.

Also significant from an institutional perspective was that 
the university hosted the Central Arizona Phoenix Long-
Term Ecological Research (CAP LTER) project, launched in 
1997 as one of two urban LTERs in NSF’s network of place-
based ecological monitoring and scientific research network. 
When the DMUU initiative appeared in 2004, there already 
existed working teams of interdisciplinary scientists and so-
cial scientists with ongoing collaborative research projects 
on urban heat, landscape design, water use, and urban fringe 
development. The LTER collected data, established relation-
ships with community partners, and built a solid research
portfolio about environmental change in Phoenix. In addi-
tion, the university had already developed the intellectual and
administrative infrastructure needed to muster a large and
complex environmental science and social science research
program.

It took a fair amount of effort early on to deploy DCDC’s 
assets directly for DMUU research and outreach. Initially 
many internal investigators sought research funding for their 
ongoing disciplinary projects. It helped enormously that the 
University President was a policy scientist and advocate for 
DMUU. He attended site visits and shared his vision of the 
role of higher education in building m ore sustainable cities
and the importance of interdisciplinary research. He contem-
poraneously sought funding from a local donor to build what
he called a Decision Theater in which scientific products,
including DCDC’s WaterSim model would be visualized
for policy discussion and decision-making (Fig. 25.3). The 
co-location of the Decision Theater and DCDC on neutral 
ground in a suburban downtown location adjacent to the
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Fig. 25.3 The Decision Theater at Arizona State University

ASU campus conveyed the institution’s deep commitment to 
linking scientists and practitioners in boundary science at the
intersection of science and decision-making.

DMUU acknowledges that many aspects of the future are 
unknowable and that predictions and forecasts only partially
capture the many possible futures. Herman Kahn (1985) 
first articulated forecasting problems of deep uncertainty 
several decades ago. There are some problems like nuclear 
war, climate change adaptation, and sustainable development 
that are so complex, intractable, and controversial that it 
is unproductive to try to predict future outcomes. Standard 
methods of risk analysis work only when system behavior is 
predictable, and relevant probability distributions are widely 
used and accepted. Some decision scientists refer to DMUU
problems as “wicked problems” because solutions are not
true or false but good or bad in the eyes of stakeholders.
Problem definitions are ambiguous, and solutions are open-
ended. Wicked problems are managed, not solved (Head,
2010). 

The idea of DMUU forwater planning initially ran counter 
to the training and worldviews of Phoenix area water stake-
holders who were trained in hydrology and water engineer-
ing, where the emphasis was on narrow analytical problems 
and s olutions. They were taught to reduce risk and empha-
size the reliability of water resources (Lach et al., 2004; 
Gober , 2018). At the same time, they came to the DMUU 
table with a sophisticated understanding of deep uncertainty 
based on their professional experiences. In an early study of
stakeholders’ views of uncertainty (White et al., 2008), local 
managers explained that they dealt with political, scientific, 
and climatic uncertainty almost every day. They described 
uncertainty as a defining characteristic of water management. 
Sources of uncertainty included the lack of a definitiv e his-
torical record of river flows, precipitation levels and drought,
and problems with long-term records.

When asked about uncertainties in the water resources 
management context, decision makers in Phoenix described
their concerns about science-based predictions (White et al.
2015). Scientists are primarily concerned with the accuracy 
of input data, the models used, and the assumptions made. 
They often speak in probabilistic terms. Policy makers are 
more likely to follow a political model to characterize uncer-
tainty based on the specific decision context. They evaluate 
uncertainty not only in statistical terms but also around the 
perceived political costs of being wrong. Hence, it is easier
to take risks when the political environment is settled and the
cost of making mistakes is low. Political uncertainties make
it more difficult for water managers to follow the science and
ignore public opinion.

Political uncertainty jeopardizes Phoenix’s groundwater 
resource. Unsustainable groundwater practices in the 1950s, 
1960s, and 1970s led to the GroundwaterManagement Act of 
1980. The Act mandates that new development is required to 
have a 100-year assured supply for new development to pro-
ceed. The state agency responsible for groundwater manage-
ment has failed to adequately ensure a sustainable supply, and 
some outlying communities run the risk of water shortages 
in the mid-term future. In Buckeye, for example, on the far 
west side of the metropolitan Phoenix, the state agency has 
allowed the city to use groundwater and to replenish it with 
unsustainable Central Arizona Project Colorado River water. 
This sleight of hand robs Peter to pay Paul to sustain rapid 
growth on the urban fringe 25 miles from central Phoenix. 
These “borrowed” CAP water supplies are highly vulnerable
given what we already know about declining flows on the
Colorado River. They are not a reliable source to support
long-term urban development. Many new home buyers in
Buckeye are not aware that their water supplies are highly
vulnerable to CAP supplies although rapidly increasingwater
tariffs communicate to them the fragility of the city’s water
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supplies. Water rates in Buckeye are among the h ighest in the
metropolitan region.

25.3 Boundary Organizat ion

DCDC was framed from the onset as boundary science, 
straddling the fence between science and policy. Boundary 
science includes scientists and decision makers in research
projects and other activities. Cash et al. (2003) described the 
need for new organizational structures to face the challenges 
of sustainability and manage the boundary of knowledge and 
action. They stressed the importance of salience (the rele-
vance of assessments to the needs of decision makers), cred-
ibility (the scientific adequacy of the technical evidence and 
arguments), and legitimacy (the perception that knowledge 
production has been respectful of stakeholders’ divergent
values and unbiased in orientation). DCDC took these prin-
ciples to heart and queried stakeholders about DCDC’s per-
formance relative to them. White et al. (2010) evaluated the 
knowledge embedded in the production of one of DCDC’s 
early simulation modeling products, WaterSim. In structured 
interviews with 62 water resource decision makers from 
diverse backgrounds, the study found that stakeholders were 
critical of themodel’s validity, relevance, and bias. Theywere 
skeptical about the reliability and validity of the data that 
were used to calibrate the model, and they believed they were 
not given sufficient detail about the equations underlying the 
model’s operations. They wanted to know more about what 
was “under the hood” in terms of detail. They were skeptical 
that the model would meet their needs as a water resource 
decision tool and recommended that the model be down-
scaled to the city level to deal with the geographic scale at
which water decision-making in Phoenix occurs. Stakeholder
views were more mixed about the model’s legitimacy, with
policy makers seeing it as potentially useful but criticizing
the overemphasis on supply at the expense of demand and
the failure to integrate environmental flows into the model
design.

We learned a lot from this initial boundary work about 
the need to engage early and often with stakeholders, not 
to fine-tune results but to determine what questions they are 
interested in from outset.We learned also that boundary work 
is iterative and thus not conducive to the 1- or 2-year timelines
of traditional research projects. We came to acknowledge
Dilling and Lemos’ (2011) observation that scientists and 
stakeholders have differing perceptions of what is and is not 
useful, g iven their cultural settings and reward structures.

One of ourmost successful initiativeswas amonthly series 
of Water-Climate Briefings—a 15-year endeavor in building 
common knowledge and trust across scientists and regional 
water managers. The briefings typically involved knowledge 
sharing from a four-member panel of scientists and water 

managers followed by a question-and-answer period and au-
dience discussion. These briefings involved a catered lunch, 
free parking, and an opportunity to stay abreast of a large 
range of local and global water issues. These spanned Native 
American water rights settlements; status of Colorado River 
agreements; the energy-water nexus; innovative stormwater 
management; extreme fires and post-fire flooding; through 
to Latin American water policy; and Mexico’s perspective 
on the Colorado River management. There wa s something
for everyone on the agenda, and the opportunity to get away
from the work desk for an hour and a half, see old friends in
the regional water community and meet new ones, plus learn
about competing perspectives on a range of water issues. The
Water-Climate Briefings socialized students into DCDC’s
boundary work and facilitated side talk about collaboration.

25.4 Wat erSim

DCDC’s premier “boundary object” was WaterSim—a sim-
ulation model for water planning in Greater Phoenix (Gober
et al., 2011). It was not mentioned in the original DCDC 
proposal to the NSF but came from the need to have a 
signature product that reflected our aims and work. Wa-
terSim first appeared in 2008 to enable investigations into 
how alternative climate conditions and policies might inter-
act to affect future water supply and demand conditions in 
Phoenix. It was a quintessential boundary-science product 
in the sense that it drew on the scientific expertise of ASU 
faculty members and students and on insights and data from 
the local policy community partners. WaterSim represented 
supply from surface and groundwater sources and demand for 
residential, commercial, and agricultural users. It included
the deep uncertainties about future climate and its impacts
on the watersheds that support growth and commerce in
Phoenix-area cities. Initially, WaterSim was developed as
a region-wide representation of water resources but was
quickly downscaled to the municipal level, where most water
decisions are made (Sampson et al., 2016). 

WaterSim facilitated scenario planning and robust 
decision-making. It simulated the supply and demand for 
water under different hydro-climatic conditions, including 
the historical record, the recent past, or mega drought 
conditions of the prehistoric Hohokam. It included policy 
options designed for users to ask: what are the consequences 
ofmaking particular choices in a complex system under given 
climate conditions? Output metrics focused on groundwater 
levels because of their critical role as a bank from which 
Phoenix draws water when surface water is in short supply.
Social-science-based discourse analysis identified five
potential options that users can manipulate to explore the
consequences of policy decisions on their water security.
They included (1) population growth management, (2)



260 P. Gober and H. Wheater

municipal and industrial water conservation, (3) groundwater 
banking and recharge, (4) direct potable use of reverse 
osmosis reclaimed water, and (5) supply augmentation
(Gober et al., 2016). Users explored the consequences of 
specific policy decisions and combinations of those decisions 
on long-term water security. Results showed that it will 
be challenging but possible for Phoenix to continue to 
grow, even under mega-drought conditions, with sustainable 
groundwater use. A suite of policies implemented now 
would go a long way in helping the region manage a severe, 
prolonged drought. Modest reductions in growth, coupled 
with continued conservation and reuse, would maintain
years of available supply at sustainable levels; banking and
augmentation would reduce the negative impacts of high
inter-annual variability on years of available supply.

The ability to demonstrate WaterSim in the Decision The-
ater was initially a powerful draw for community partners and 
visitors to the university.WaterSim brought positive attention 
to boundary science and was a useful vehicle to talk about 
climate change and adaptation. Emphasis was on strategies 
for adaptation and policy analysis and topics that the water 
managers expressed interest in and over which they felt they 
had some control. Ultimately, however, the novelty of the 
Decision Theater wore out, and decision makers were less 
interested in traveling to a bustling suburban downtown with 
scarce car parking. WaterSim gradually transitioned from the
Decision Theater to amobile kiosk, which favors bringing the
science to decision makers over bringing the decision makers
to the science, and a web browser version that provides an
educational tool, available to teachers for classroom use.

25.5 Lessons L earned

Decades of work at DCDC have confirmed that climate 
adaptation research is an interdisciplinary exercise in uncer-
tainty research as both a social science and science problem. 
Stakeholders told us early and often that they wanted to 
talk about policy because that was something over which 
they had control. Early efforts to explain the climate models 
and their associated uncertainties fell on deaf ears. As the 
original creators of the DMUU program imagined, t here was
a dearth of material about how to make decisions in the face
of inevitable uncertainty about the climate. Our journey into
boundary science left us skeptical of easy answers and one-
size-fits-all solutions to uncertainty problems but enthusiastic
about the importance of boundary science.

Resolving the challenge of replicability remained elusive. 
Initially, the goal was to figure out climate adaptation in the 
water sector in Phoenix and then transfer what we learned 
to other problems and other cities. We discovered what 
adaptation scientists had learned before us—that adaptation 
is a place-specific process, and each place is different. To be 

sure, the challenges of building a boundary organization and 
a boundary product like WaterSim have broader application, 
but l ess so for some of the individual science projects that
focused on Phoenix. DCDC enjoyed national success as
convener of events like an annual water demand roundtable
for cities in North America to share insights about trends in
urban water demand and policy experiments.

We learned firsthand the value of scenario development 
and robust decision-making and the need for social learning 
across science and decision-making. The 15-year+ time hori-
zon gave us an opportunity to develop long-term relationships 
and to move past some early mistakes. We hired one of our 
stakeholders to be an associate director of DCDC, and he was 
not shy i n giving advice about how to produce usable science
and interact successfully with the local water community.

In moving the conversation from climate change to cli-
mate adaptation, we linked the social sciences with climate 
science and nudged the water management paradigm from 
predict-and-plan to DMUU. There is still more work to be 
done in Phoenix and elsewhere, but there is reservoir of good 
will, awareness t hat water issues transcend climate science to
include social science, and a growing acknowledgment that
adaptation is an ongoing process that needs to be managed,
not a one-off problem to be solved.
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26Acting with Uncertainty: Reflecting on a Decade 
of Rapid Progress in Climate Policy, Research 
and Pract ice

Linda O. Mearns and Robert L. W ilby

26.1 Introduct ion

A lot has changed since the 2014 Advanced Study Program 
Colloquium on Uncertainty in Climate Change Research: 
An Integrated Approach. B etween 2014 and 2023, annual
global CO2 emissions rose by 6% from 35.47 to 37.55 billion
tonnes;1 the atmospheric concentration of CO2 increased 
from 399 to 421 ppm;2 and in 2023 (the hottest year on record 
at that time), the global mean temperature increase reached 
1.48 ◦C above the 1850–1900 pre-industrial level.3 Real-
time attribution analyses show that anthropogenic green-
house gases are increasing the likelihood of extreme events 
such as floods, droughts, heatwaves and storms globally.4 

When writing, Hurricane Milton was about to make landfall 
in Florida. This cyclonewas noteworthy for a pressure drop to 
897mb in just 10 h, coinciding with abnormally warmwa ters
in the Gulf of Mexico.5 Similarly, higher sea temperatures 
in the North Atlantic are favouring the formation of severe 
atmospheric rivers which then impact Europe. For example,

Linda O. Mearns has died before the publication of this book.

1https://www.statista.com/statistics/276629/global-co2-emissions/#:~: 
text=Global%20carbon%20dioxide%20emissions%20from,by 
%20more%20than%2060%20percent 
2https://gml.noaa.gov/ccgg/trends/data.html 
3https://climate.copernicus.eu/copernicus-2023-hottest-year-record 
4https://www.worldweatherattribution.org/ 
5https://wmo.int/media/news/hurricane-milton-threatens-destruction-
florida 
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‘Super’ StormDesmond in December 2015 brought powerful 
winds and record 24 and 48 h rainfall across northwest 
England (Matthews et al., 2018). The associated total runoff 
from Great Britain smashed the previous maximum b y more
than 30% (Barker et al., 2016). 

Notable temperature-related events include 16 August 
2020, when the weather station at Furnace Creek, Death 
Valley, recorded a peak of 54.4 ◦C (Matthews 2020); in 
summer 2021, the Pacific Northwest experienced a 2-week-
long heatwave unprecedented in the last millennium (Heeter
et al., 2023); and in February–April 2022, millions of people 
in South Asia were severely affected by the most intense 
(me ga) heat wave in the observed period (Aadhar & Mishra,
2023). Meanwhile, longer term reductions in snow and ice 
stores of the ‘Third Pole’ in Asia pose existential threats 
to the water, food and energy security of nearly two billion
people (Kumar et al., 2021; Huggel et al., 2022). There is also 
growing evidence of the profound vulnerability of small is-
land states and coastal megacities to sea level rise, combined 
with subsidence, storm surges and waves (De Dominicis et
al., 2020; Strauss et al., 2021; Yin et al., 2020). 

The following sections reflect on cross-cutting responses 
to the above threats made by climate policy, research and 
practice over the last decade. Each section begins with a list 
of key advances, followed by brief examples of where uncer-
tainty still persists, then others where uncertainty has been 
reduced. We have scoped the most significant developments
using Artificial Intelligence (AI)—an assistive technology
that was not widely available in 2014 but now plays important
roles in education and research (Wilby & Esson, 2024). We 
briefly reflect on some ethical and moral challenges ahead 
for controversial and deeply uncertain technologies such as 
geo-engineering. Finally , we flag topics that fell outside the
span of this text yet, nonetheless, merit attention.
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26.2 Advances in Climate Polic y

According to ChatGPT, the six most significant advances in 
climate policy during the last 10 years were chronologically 
the: (1) Paris Agreement (2015); (2) European Green Deal 
(2019); (3) China’s Carbon Neutrality Pledge (2020); (4) re-
entry of the United States into the Paris Agreement and the 
Inflation Reduction Act (2021–2022); (5) general rise of net 
zero pledges globally; and (6) the COP26 promise by 40 
countries to phase out coal. Further contenders overlooked 
by the AI might include the Glasgow Leaders Declaration on
Forests and Land Use (2021) by which 141 countries pledged
to end deforestation by 2030; the establishment of a new
‘Loss and Damage’ fund for vulnerable countries at COP27
(2022); the rise in climate change litigation suits against
governments, corporations and individuals;6 and a doubling 
of global climate finance,7 which reached US$ 1.3 trillion in 
2021/2022. Because of the Paris Agreement, 195 countries 
hav e now tendered national emission targets (UNFCCC,
2024); and 48 countries have submitted at least one National
Adaptation Plan (UNCC, 2024). In the last decade, therewere 
also two synthesis reports for policymakers published by the 
Intergovernmental Panel on Climate Change (IPCC, 2014, 
2023). 

The 2015 Paris Agreement set the overarching goal to 
hold “the increase in the global average temperature to well 
below 2 ◦C above pre-industrial levels” and pursue efforts “to 
limit the temperature increase to 1.5 ◦C above pre-industrial 
levels.” The likelihood of achieving the 1.5 ◦C  target  is  n  ow
vanishingly slim—some assert that existing net zero pledges
may stabilize global warming at just below 2 ◦C (Mein-
shausen et al., 2022). Others claim that 1.5 ◦C is still feasible 
provided that 2030 net-zero pledges are better aligned, broad-
ened and strengthened (Dafnomilis et al., 2024). However, 
the required mix of technologies and emissions pathways 
required to achieve this, and other targets still hinge critically 
on the prescribed climate sensitivity and climate modules
within Integrated Assessment Models (IAMs) (Chap. 5,  this  
text). Although the best (high confidence) estimate of climate 
sensitivity narrowed from 1.5 to 4.5 ◦C  in  AR5  to  2.5  to  4  ◦C 
in AR6, the global temperature responses to a given climate
sensitivity vary between IAMs, especially for high sensi-
tivities (Wang et al., 2022). There is also ambiguity about 
the amount of future emissions that convert to atmospheric 
greenhouse gas concentrations because of uncertainty around
the functioning of global land and ocean carbon sinks (Chap.
14, this text). This is aside from attendant uncertainties in 
socio-economic development pathways that might deliver the 
technologies and policies needed for specified global warm-

6https://climatecasechart.com/non-us-climate-change-litigation/ 
7https://www.climatepolicyinitiative.org/publication/global-landscape-
of-climate-finance-2023/ 

ing targets (Morris et al., 2022). Ultimately, policy making 
under uncertainty is about generating and selecting from such 
alternative options (Chap. 2, this text). It is also important 
to establish who owns the responsibility for managing the
uncertainty (Chap. 10,  this  te  xt).

China’s Five-Year Plan for Low Carbon Development 
(2021–2025) is an example where climate policy uncer-
tainty has reduced. This is because the plan lays out clearer 
goals for transitioning to a low-carbon economy, including 
setting peak carbon emissions by 2030 and then achiev-
ing carbon neutrality by 2060. This will require a more
sustainable approach to growth (Stern & Xie, 2023). Such 
commitments, along with sector-specific roadmaps, have re-
duced uncertainty for industry and investors in China, creat-
ing a more predictable policy landscape for climate-related 
projects. Similarly, the UK Climate Change Act (2008)— 
which legally binds the government to reduce greenhouse 
gas emissions by 80% (later updated to 100%) by 2050— 
provides a clear legal and policy framework for long-term 
decarbonization, reducing policy uncertainty and providing 
a clear timeline for businesses and energy providers. For
instance, the UK government has set a minimum electric car
sales target for manufacturers of 80% by 2030 and increased
public funds available to incentivize heat pump uptake (Cli-
mate Change Committee, 2024). Unfortunately, there were 
backward steps such as scrapping Energy Performance Cer-
tificates for the private-rental sector in 2023 (but now back 
under r eview), and failure to incentivize additional offshore
wind energy capacity.

26.3 Advances in Research and T echnology

When asked about the six most significant advances in 
climate research in the last 10 years, ChatGPT suggests: 
(1) higher resolution Earth system and regional climate 
models; (2) attribution of extreme events to climate change; 
(3) improved understanding of the carbon cycle and sinks; 
(4) tipping points and climate feedback mechanisms; (5) 
new satellite and remote sensing technologies, supported 
by cloud computing; and (6) new renewable ener gy and
decarbonization technologies, such as direct air capture,
carbon capture and storage, and green hydrogen. Again, this
list may be extended to cover other innovations in multi-
century reconstructions and analysis of mega droughts
(Williams et al., 2022); evaluation and prediction of 
unprecedented climate extremes (Thompson et al., 2017); 
improved measurement and understanding of methane 
sources and sinks (Lan et al., 2021a, b); advances in high 
performance- and cloud-computing resources enabling 
generation of quicker, longer, higher -resolution, probabilistic
projections (Chen et al., 2017); multi-model convection-
permitting ensembles (Coppola et al., 2020); plus use
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of AI to emulate climate models (Eyring et al., 2024), 
parameterization of small-scale processes (Schneider et al.,
2024), or for hybrid dynamical-statistical forecasting (Slater
et al. 2023). There have also been advances in understanding 
of land-surface and land-use change feedbacks on climate
extremes (Seneviratne et al., 2018). 

Areas where scientific uncertainty has increased or re-
mained largely unchanged i nclude aerosol climate forcing
(Kahn et al., 2023), net greenhouse gas budgets and cli-
mate feedbacks from permafrost degradation (Ramage et
al., 2024). There is also uncertainty around the likelihood, 
timing and impacts of tipping points, such as a c ollapse of
the AtlanticMeridional Overturning Circulation (Gong et al.,
2022). This is partly due to the coarse resolution of climate 
models and incomplete representation of ocean-atmosphere 
coupling. Another area o f persistent scientific uncertainty
surrounds ice sheet dynamics and stability (Bassis et al.,
2024). Recent observations of rapid changes in the Antarc-
tic and Greenland ice sheets—including previously poorly 
understood processes like marine ice sheet instability—have
added uncertainty to projections of sea-level rise (see Chap.
19, this text). Moreover, statistical modelling and satellite 
observations have revealed that the El Niño Southern Oscil-
lation and the Southern Annular Mode contribute substan-
tially to variations in the height of the Antarctic Ice Sheet,
especially in coastal areas (King&Christofferson, 2024). Al-
though satellite altimetry and ice sheet models are improving, 
these new discoveries indicate that the melting of ice sheets 
could be more nonlinear and unpredictable than previously 
understood, raising questions about the pace and scale of 
future contributions to sea-leve l rise. If marine ice sheets
become unstable, the range of possible sea level rise scenarios
widens (Robel et al., 2019), with concomitant implications 
for coastal management and infrastructure (Chap. 12,  this  
text).

The past decade has witnessed further degradation of 
ground-based hydrometeorology networks, offset by a 
marked proliferation of gridded data sets blended from 
point meteorological observations, satellite images, and 
reanalysis products. T he strengths, limitations and key
uncertainties associated with the underpinning data are now
better understood—especially for daily precipitation (Sun et
al., 2018), monthly temperature (Osborn et al., 2021), and 
river flows (Wilby et al., 2017). However, efforts to compile 
global observation-based sub-daily indices for precipitation 
have only just begun (Pritchard et al., 2023). It is further 
recognized that no single source of gridded climate data is 
universally the best—unsurprisingly, regions with greater 
station density tend to have higher quality gridded estimates. 
For example, one global assessment of 60 gridded data sets 
show ed that reanalysis-based information can be superior to
ground-based data in places with low station density (<1 per
1000 km2), such as mountainous and humid regions (Mankin

et al., 2024). Preserving covariance between gridded climate 
variables continues to be challenging at local scales and 
in areas with complex topography. Nonetheless, growing 
availability of high-resolution, high-quality gridded climate 
data is supporting advances in other research areas such as
process-based evaluations of convection-permitting climate
models (Kendon et al., 2021), or detection and attribution 
of non-stationary climate extremes (Slater et al., 2021). 
These, in turn, contribute to more certain projections of 
extreme events (e.g., Fosser et al., 2024). Even so, more high-
resolution information about soil moisture and the vertical 
properties of the atmosphere would still be welcome.

26.4 Advances in Science-Informed 
Pract ice

ChatGPT lists the following as the six most significant ad-
vances in climate practice over the last 10 years: (1) rapid 
growth and widespread deployment of renewable energy 
technologies—especially solar and wind power; (2) electrifi-
cation of public and private transport; (3) corporate commit-
ments to improve sustainability based on Environmental, So-
cial andGovernance (ESG) criteria; (4) sector mainstreaming 
of climate adaptation and resilience planning; (5) use of 
nature-based methods to enhance carbon sinks and f or cli-
mate adaptation; and (6) rise of the circular economy concept.
The last decade has also witnessed a rapid growth in climate
services seeking to translate climate science and information
into climate action and to support uptake by decision-makers
(Hewitt et al., 2017). Allied with this, there have beenmarked 
improvements in accessibility to hydrometeorological data 
archives and climate model outputs via platforms such as the
KNMI Climate Explorer,8 the WMO Climate Information9 

platform, and the World Bank Climate C hange Knowledge
Portal.10 Sectors such as water and health have made steady 
progress in applying such resources to impro ve the climate
resilience of critical public services (see Chaps. 6 and 9, 
this text). Although uptake of nature-based methods has 
been strongly advocated by many (Cohen-Shacham et al.,
2019), others call for greater candor when communicating 
their limited effectiveness in reducing the impacts of extreme
events (Dadson et al., 2017). 

As mentioned previously, surface hydromet networks 
and monitoring systems are degrading, even in places that 
are already data sparse a nd highly vulnerable—such as
the Hindu Kush-Karakoram-Himalayan (HKKH) system
(Lehner & Formayer, 2023). This ‘Third Pole’ holds the 
largest global store of frozen water outside the poles and is

8https://climexp.knmi.nl/start.cgi 
9https://climateinformation.org/ 
10https://climateknowledgeportal.worldbank.org/ 
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essential to the water supply of nearly two b illion people
(Yao et al., 2022). However, the future of this ‘water 
tower’ is highly uncertain due to wide-ranging climate 
model projections of precipitation, different hydrological 
model structures and parameterizations, land-use changes
and thereby estimates of glacier melt and runoff across the
HKKH (Su et al., 2022). Resulting uncertainty in the timing 
of peak water—which could occur in a few decades— 
has major ramifications for hydropower generation and 
downstream water users. Thereafter, river regimes are 
expected to become more rain-dominated as the influence
of glacier melt diminishes, and the risk of glacial-lake
outburst floods increases (Nie et al., 2021). Arguably, the 
uncertain fate of the HKKH system remains one of the 
most significant unresolved socio-hydrological challenges
ahead.

The above example underlines the need for management 
strategies that can deliver sustainable human development 
despite uncertainty around climate variability and change. 
These practical actions are low regret, reversible, use safety
margins, are time-limited, and/or apply integrated measures
(Hallegatte 2009). ‘Low regret’ adaptations are often 
favoured because they are designed to bring intended benefits 
now and, in the future, regardless of climate uncertainty. For 
example, a low-regret adaptation for natural systems would
be the removal of human-related pressures (see Reid et al.,
2019). Others include forecasting and early warning systems, 
which contribute to better preparedness for emergencies 
with lead times of a few hours to several seasons ahead. 
For instance, AI and Machine Learning (ML) algorithms 
are improving heatwave forecasts across a ll timescales by
extracting useful patterns hidden in historical weather data,
satellite imagery, and climate model output (Materia et al.,
2024). Emulators can also be trained on weather prediction 
models with 50 members to then generate ensembles with 
thousands of members. This allows probabilistic forecasting
of the likelihood of previously unseen extreme events (Li
et al., 2024). By training ML-based methods on historic 
reanalysis data, systems like Graph Castcan now outperform
dynamical forecast systems up to 10 days ahead (Lam
et al., 2023). The benefits of more accurate, timely and 
actionable forecasts are truly realized when embedded in 
(heat) action plans and combined with investments in more
climate-resilient healthcare, water and energy services.

26.5 Challenges and Opportunities A head

Previous sections have cited examples of where there is now 
more or less policy, research and practitioner uncertainty 
than a decade ago. However, it is important to recognize
that the way researchers approach epistemic uncertainty can

have important ethical implications (Chap. 22,  this  text).  
Here, maybe inductive risk is most pertinent where there 
is a danger of either overestimating or underestimating a 
quantity of interest, depending on the choice of method(s) 
or parameter set(s). For example, a climate policy advisor 
who runs IAMs and downplays the possibility of uncertain
catastrophic ice sheet instability or ecosystem collapse—
evident in some simulations—is likely failing to adhere to
expected ethical standards (Frank, 2019). Surely, the ethical 
advisor would adopt a precautionary approach and explain 
the c onsequences of being wrong in various ways?

Such considerations are possibly most extreme in the 
context of geo-engineering—a raft of technologies that is 
unpalatable to many climate scientists and only mentioned 
in passing within this text. The profound uncertainties and 
safety concerns around deployment are simply too great to
contemplate, even alongside conventional mitigation options
(e.g., Sovacool et al., 2023). Some are now even calling for an 
International Non-Use Agreement on Solar Geoengineering 
(Biermann et al., 2022). This is aside from moral hazard ar-
guments which a re themselves ambiguous (Tsipiras &Grant,
2022). Will citizens be less inclined to accept economically 
painful cuts in emissions if a partial technological fix to some 
aspects of climate change is available? Are policy bandwidth 
and research funds being misdirected to geo-engineering 
away from mitigation? With a growing climate crisis, the
case will likely be built for more radical mitigation policies,
despite deep scientific and governance uncertainties.

This is a bleak topic to close a collection devoted to 
uncertainty in climate change research, but it is hard to imag-
ine a better case where economic, social, ethical, scientific, 
technical and policy uncertainties con verge. Perhaps similar
discussions about uncertain outcomes from proliferating AI
technologies have something to offer us (Ulnicane et al.,
2021). Other topics warranting more research include the 
climate mitigation, impacts and adaptation of sectors such as 
education, energy, housing, sport and leisure. Although out-
side the p resent contributions, there are ample opportunities
to investigate uncertainty, risk, and decision-making in each
case.

If there is one overarching message from this sketch 
of advances—in climate policy, research and practice—it 
is that uncertainty should never be an excuse for inaction. 
Rather, by recognizing and acknowledging socio-scientific
uncertainties, we actually deepen understanding of system
vulnerabilities and hence can focus resources on what really
matters. This is acting with uncertainty.
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