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>30 years ago climate models predicted that precipitation extremes 
would intensify with global warming
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Abstract. In this study we present rainfall results from 
equilibrium 1 ×- and 2×CO2 experiments with the 
CSIRO 4-level general circulation model. The 1 × CO2 
results are discussed in relation to observed climate. Dis- 
cussion of the 2 x CO2 results focuses upon changes in 
convective and non-convective rainfall as simulated in 
the model, and the consequences these changes have for 
simulated daily rainfall intensity and the frequency of 
heavy rainfall events. In doing this analysis, we recog- 
nize the significant shortcomings of GCM simulations 
of precipitation processes. However, because of the po- 
tential significance of any changes in heavy rainfall 
events as a result of the enhanced greenhouse effect, we 
believe a first examination of relevant GCM rainfall re- 
sults is warranted. Generally, the model results show a 
marked increase in rainfall originating from penetrative 
convection and, in the mid-latitudes, a decline in large- 
scale (non-convective) rainfall. It is argued that these 
changes in rainfall type are a consequence of the in- 
creased moisture holding capacity of the warmer atmo- 
sphere simulated for 2xCO2 conditions. Related to 
changes in rainfall type, rainfall intensity (rain per rain 
day) increases in the model for most regions of the 
globe. Increases extend even to regions where total rain- 
fall decreases. Indeed, the greater intensity of daily rain- 
fall is a much clearer response of the model to increased 
greenhouse gases than the changes in total rainfall. We 
also find a decrease in the number of rainy days in the 
middle latitudes of both the Northern and Southern 
Hemispheres. To further elucidate these results daily 
rainfall frequency distributions are examined globally 
and for four selected regions of interest. In alI regions 
the frequency of high rainfall events increases, and the 
return period of such events decreases markedly. If real- 
istic, the findings have potentially serious practical im- 
plications in terms of an increased frequency and severi- 
ty of floods in most regions. However, we discuss var- 
ious important sources of uncertainty in the results pre- 
sented, and indicate the need for rainfall intensity re- 
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sults to be examined in enhanced greenhouse experi- 
ments with other GCMs. 

Introduction 

In most cases results reported from general circulation 
modelling experiments run to assess the impact of the 
enhanced greenhouse effect have focused on changes in 
annual or seasonal average surface temperatures, and 
total rainfall amounts or soil moisture (e.g. Wilson and 
Mitchell 1987a; Schlesinger and Mitchell 1987; Hough- 
ton et al. 1990). However, it is likely that many of the 
most important impacts will arise from changes in the 
magnitude and frequency of extreme events (Parry and 
Carter 1985; Wigley 1985; Mearns et al. 1984). In parti- 
cular, changes in rainfall extremes have received very 
limited attention to date as reflected in the very brief 
coverage this topic was given in the IPCC Scientific As- 
sessment of Climate Change (Houghton et al. 1990, p 
153). In this study we examine possible changes in the 
frequency and intensity of heavy rainfall events in re- 
sponse to the enhanced greenhouse effect. We begin by 
reviewing relevant physical arguments and the limited 
evidence from relevant GCM experiments published to 
date. In the body of the study we analyze the daily rain- 
fall results of the CSIRO 4-level GCM run in equili- 
brium 1 x CO2 and 2 x CO2 experiments. 

There are strong physical arguments as to why rain- 
fall intensity would be expected to increase with global 
warming. It is evident from satellite observations that 
the amount of precipitable water in a vertical column 
over the oceans increases in a nonlinear fashion with sea 
surface temperature (SST) (Stephens 1990). The ob- 
served increase (see Fig. 1) roughly follows that expected 
by theory; for example, an increase in SST from 20°C 
to 23 ° C corresponds to an increase in precipitable water 
of approximately 25°7o. This suggests that, for a given 
increase in SST, a parcel of air over the ocean, uplifted 
to a height above which it becomes saturated, will preci- 
pitate water at a rate which increases at least in propor- 
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How do we measure precipitation extremes?

• Annual-maximum daily precipitation (1/365 event) called Rx1day 

• Normalize fractional changes by global-mean surface warming to give      
% change per degree warming 



Sensitivity (%) of annual maximum daily precipitation per C warming of surface 
temperature at that latitude over 1901-2010 (records > 30 years in Hadex2)

∘

O’Gorman, Curr. Clim. Chang. Reports, 2015
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extremes (“Duration of Precipitation Extremes”). The primary
focus is on the physical factors that control the intensity of
precipitation extremes in different climates. Open questions
are discussed throughout and in the“Conclusions and Open
Questions” section.

Observed Changes in Precipitation Extremes

Records of precipitation that are sufficient to detect long-term
trends in extremes are primarily from rain gauges over land.
Over the available record, there are regions with both increasing
and decreasing trends in precipitation extremes [1, 28], as might
be expected given large internal variability [25], but the grid
boxes or stations with significant increasing trends outnumber
those with significant decreasing trends [23, 91• ].
Anthropogenic forcing has been shown to have contributed to
the intensification of precipitation extremes over northern hemi-
sphere land [53•• , 95]. Assessments have also been made of the
effect of anthropogenic forcing on the probability of specific
extreme precipitation or flooding events using ensembles of
climate-model simulations [32, 63, 64•].

One approach that reduces the influence of unforced vari-
ability while still distinguishing large-scale variations is to
analyze the sensitivity of precipitation extremes averaged over
all stations or grid boxes in a latitude band [6, 91•]. Figure 1a
shows an example of this type of analysis in which annual-
maximum daily precipitation rates over land from the
HadEX2-gridded dataset [23] have been regressed over the
period 1901 to 2010 against temperature anomalies from
NOAA ’s Merged Land-Ocean Surface Temperature Analysis
(MLOST) [ 80]. The precipitation rates are over land only, but
precipitation extremes do not necessarily scale with the local
land mean temperature because of advection of water vapor
fromover the ocean such as in atmospheric rivers [21, 46], and
the temperatures used here are over both land and ocean. For
each grid box with at least 30 years of data, the annual-
maximum daily precipitation rates are regressed against the
global-mean surface temperature anomalies using the Theil-
Sen estimator, and the regression coefficient is divided by the
mean of the annual-maximum daily precipitation rate at the
grid box to give a sensitivity that is expressed in units of
percent per kelvin. The median of the sensitivities is then
calculated for all grid boxes in 15° latitude bands.1 The
resulting sensitivity is positive for most latitude bands, the
90 % confidence interval is above zero for all latitude bands

in the northern hemisphere, and the global sensitivity (averag-
ing over latitude bands with area weighting) is 8 % K−1 with a
90 % confidence interval of 5 to 10 % K−1. These results,
similar to those obtained previously [6, 91•], provide evidence
for an intensification of annual-maximum daily precipitation
as the global-mean temperature has risen over the last century
and at a rate that is roughly consistent with what might be
expected from theory. However, the meridional structure of
the sensitivities within the tropics is sensitive to the details of
the analysis (cf. [6, 91•]).

Extratropical precipitation extremes at a given latitude oc-
cur when the atmosphere is warmer than average and aremore
closely tied to mean temperatures somewhat further equator-
ward [21, 61•, 62]. However, they are still expected to respond
primarily to changes in mean temperatures in the extratropics
rather than the tropics, and recent warming has been greater in
the northern extratropics than the tropics. The sensitivities
shown in Fig. 1a are based on global-mean surface tempera-
ture and do not account for the variation in warming with
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Fig 1 Sensitivities of observed annual-maximumdaily precipitation over
land (solid lines with circles; dotted linesshow the 90 % confidence
interval) in 15° latitude bands relative toa global-mean surface
temperature orb mean surface temperature over the 15° latitude band.
Precipitation is from HadEX2, sensitivities are calculated for grid boxes
with at least 30 annual values, and the median sensitivity is plotted for
each 15° latitude band. Temperatures are over land and ocean from
NOAA MLOST, and for b the temperature time series were smoothed
with a 9-year running-mean filter

1 The circles in Fig. 1 are plotted at the midpoints of the latitude bands.
There are relatively few grid boxes for some latitude bands, and higher-
latitude bands with little data are excluded. Uncertainty is estimated by
bootstrapping the years used at each grid box (1000 bootstrap samples are
generated) and then calculating a 90% confidence interval for themedian
sensitivity in each latitude band (or averaged over several latitude bands).

50 Curr Clim Change Rep (2015) 1:49–59

Latitude (degrees)

extremes (“Duration of Precipitation Extremes”). The primary
focus is on the physical factors that control the intensity of
precipitation extremes in different climates. Open questions
are discussed throughout and in the“Conclusions and Open
Questions” section.

Observed Changes in Precipitation Extremes

Records of precipitation that are sufficient to detect long-term
trends in extremes are primarily from rain gauges over land.
Over the available record, there are regions with both increasing
and decreasing trends in precipitation extremes [1, 28], as might
be expected given large internal variability [25], but the grid
boxes or stations with significant increasing trends outnumber
those with significant decreasing trends [23, 91• ].
Anthropogenic forcing has been shown to have contributed to
the intensification of precipitation extremes over northern hemi-
sphere land [53•• , 95]. Assessments have also been made of the
effect of anthropogenic forcing on the probability of specific
extreme precipitation or flooding events using ensembles of
climate-model simulations [32, 63, 64•].

One approach that reduces the influence of unforced vari-
ability while still distinguishing large-scale variations is to
analyze the sensitivity of precipitation extremes averaged over
all stations or grid boxes in a latitude band [6, 91•]. Figure 1a
shows an example of this type of analysis in which annual-
maximum daily precipitation rates over land from the
HadEX2-gridded dataset [23] have been regressed over the
period 1901 to 2010 against temperature anomalies from
NOAA ’s Merged Land-Ocean Surface Temperature Analysis
(MLOST) [ 80]. The precipitation rates are over land only, but
precipitation extremes do not necessarily scale with the local
land mean temperature because of advection of water vapor
fromover the ocean such as in atmospheric rivers [21, 46], and
the temperatures used here are over both land and ocean. For
each grid box with at least 30 years of data, the annual-
maximum daily precipitation rates are regressed against the
global-mean surface temperature anomalies using the Theil-
Sen estimator, and the regression coefficient is divided by the
mean of the annual-maximum daily precipitation rate at the
grid box to give a sensitivity that is expressed in units of
percent per kelvin. The median of the sensitivities is then
calculated for all grid boxes in 15° latitude bands.1 The
resulting sensitivity is positive for most latitude bands, the
90 % confidence interval is above zero for all latitude bands

in the northern hemisphere, and the global sensitivity (averag-
ing over latitude bands with area weighting) is 8 % K−1 with a
90 % confidence interval of 5 to 10 % K−1. These results,
similar to those obtained previously [6, 91•], provide evidence
for an intensification of annual-maximum daily precipitation
as the global-mean temperature has risen over the last century
and at a rate that is roughly consistent with what might be
expected from theory. However, the meridional structure of
the sensitivities within the tropics is sensitive to the details of
the analysis (cf. [6, 91•]).

Extratropical precipitation extremes at a given latitude oc-
cur when the atmosphere is warmer than average and aremore
closely tied to mean temperatures somewhat further equator-
ward [21, 61•, 62]. However, they are still expected to respond
primarily to changes in mean temperatures in the extratropics
rather than the tropics, and recent warming has been greater in
the northern extratropics than the tropics. The sensitivities
shown in Fig. 1a are based on global-mean surface tempera-
ture and do not account for the variation in warming with

Se
ns

iti
vi

ty
 (%

 K
−1

) t
o

gl
ob

al
 te

m
pe

ra
tu

re

a

−5

0

5

10

15

20

25
Median
90% CI

Latitude (de grees)

Se
ns

iti
vi

ty
 (%

 K
−1

) t
o

lo
ca

l t
em

pe
ra

tu
re

 (fi
lte

re
d)

b

−40 −20 0 20 40 60

−5

0

5

10

15

20

25

Fig 1 Sensitivities of observed annual-maximumdaily precipitation over
land (solid lines with circles; dotted linesshow the 90 % confidence
interval) in 15° latitude bands relative toa global-mean surface
temperature orb mean surface temperature over the 15° latitude band.
Precipitation is from HadEX2, sensitivities are calculated for grid boxes
with at least 30 annual values, and the median sensitivity is plotted for
each 15° latitude band. Temperatures are over land and ocean from
NOAA MLOST, and for b the temperature time series were smoothed
with a 9-year running-mean filter

1 The circles in Fig. 1 are plotted at the midpoints of the latitude bands.
There are relatively few grid boxes for some latitude bands, and higher-
latitude bands with little data are excluded. Uncertainty is estimated by
bootstrapping the years used at each grid box (1000 bootstrap samples are
generated) and then calculating a 90% confidence interval for themedian
sensitivity in each latitude band (or averaged over several latitude bands).

50 Curr Clim Change Rep (2015) 1:49–59
Observations now confirm an overall increase in intensity of 

precipitation extremes with global warming when aggregate to 
large scales



But regional observed changes are heterogeneous: how much of this is 
shorter-term unforced variability unrelated to climate change?

Hoerling et al. J. Climate, 2021

RX1day trends when transecting from the eastern to the
western United States is broadly inconsistent with notions of
thermodynamic control that is implied by the PW change
pattern.

We turn to the climate model simulations in order to un-
derstand these observed changes and to more rigorously
quantify the overall effect of historical climate change forcing
on U.S. heavy daily precipitation. Figure 5 shows the ensemble
mean differences between factual and counterfactual simulations

of annual PW (left) and RX1day (right). All three models exhibit
atmospheric moisture increases across the contiguous United
States with modestly larger increases over the northern and
eastern sections, the patterns and magnitudes of which are in
general agreement with the reanalysis estimates of observed
change. For national averages, the simulations yield 7%, 6%, and
7% increases in precipitable water for CAM, ECHAM, andMRI
models, respectively. Again, these increases in water vapor
availability are consistent with expectations of global warming
and the rise in global surface temperature of 0.88–0.98C occurring
in the factual relative to counterfactual simulations.

The wettest day of the year becomes wetter under climate
change forcing over most regions of the United States in each
of the model ensembles (Fig. 5, right). For averages over the
contiguous United States, increases are 2%, 5%, and 3% for
CAM, ECHAM, and MRI, respectively. These are smaller
than the simulated increases in water vapor availability, con-
sistent with CMIP model results that have also found extreme
daily precipitation over the extratropics to increase less rapidly
than available atmospheric moisture content (O’Gorman and
Schneider 2009). There are several possible physical reasons.
One is that air masses in which extreme midlatitude precipi-
tation occurs are often warmer than climatological local con-
ditions due to advection, and these source regions respond to
global warming differently (O’Gorman and Schneider 2009). A
second factor, quantified in O’Gorman and Schneider (2009),
is that the rate of condensation depends on vertical gradients of
saturation specific humidity which can increase by as little as
half the rate of saturation specific humidity itself. Another is a
decline in near-surface relative humidity over the continental
United States occurring in our model experiments (not shown), a
feature also noted in observations (e.g., Willett et al. 2014) and
other global model simulations (Byrne and O’Gorman 2016). A
reduction in lower tropospheric relative humidity has been argued
to reduce precipitation efficiency (e.g., Ye et al. 2014; Cheng et al.
2018) in that greater airmass ascent is required to achieve con-
densation, which would thereby occur at cooler temperatures
thus offsetting some of the effects of increased column
precipitable water.

The model signals of heavy daily precipitation change reveal
considerable spatial heterogeneity, especially for ECHAMand
MRI. The largest increases occur east of the Missouri River
basin ranging from 5% to 10%. (Fig. 5, right). Smaller in-
creases are simulated across the West, with a signal of de-
creased intensity over the Southwest. ECHAM and MRI
exhibit similar RX1day sensitivities across the United States
as a whole, and their ensemble mean signals better agree with
the pattern of strong west–east contrast evident in the obser-
vations. It is worth noting that simulated declines in each
model occur over the Southwest, whereas the largest observed
decline (since 1948) occurs over the Pacific Northwest. While
biases in the models’ RX1day regional sensitivities may exist,
sampling uncertainty of the regional pattern is also to be noted,
for instance as is evident by a more pronounced Southwest
decline in observed trends calculated from 1901 (see Fig. S1)
and by a strong sampling uncertainty in centennial-scale
changes among individual model realizations that are dis-
cussed further below. The CAM RX1day sensitivity is by

FIG. 4. (top) The observed changes in wettest day of the year
(RX1day) and (bottom) column precipitable water (PW). RX1day
change calculated as the difference of (1999–2018) minus (1948–
67). PW change calculated as the difference of (1999–2018) minus
(1958–77). RX1day and PW change are calculated at grid scales,
aggregated to the basin scales, and then expressed as the percent-
age difference relative to the mid-twentieth-century climate. Map
outlines are of the 18 USGS major river basins.
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Model projections of precipitation extremes are also 
 not uniform across different regions of the world

Pfahl, O'Gorman, Fischer, N. Clim. Chang., 2017

LETTERS NATURE CLIMATE CHANGE DOI: 10.1038/NCLIMATE3287

a Annual maximum precipitation (Rx1day) Precipitation extremes scaling
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b

Figure 1 | Present-day precipitation extremes and scaling. a,b, Multi-model mean annual maximum precipitation Rx1day (in mm d�1) (a) and precipitation
extremes scaling (equation (1), in mm d�1) (b), both averaged over the period 1981–2000.

Change in annual maximum precipitation (Rx1day)a

Di�erence between scaling and Rx1day changes
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(% K−1)
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Figure 2 | Forced changes in precipitation extremes and scaling. a,b, Multi-model mean fractional changes in annual maximum precipitation Rx1day (a)
and precipitation extremes scaling (b) per K global warming (in % K�1) derived from a linear regression for the period 1950–2100. Stippling indicates that
at least 80% of the models agree on the sign of change. A robust increase in Rx1day is found for 82% of the global land areas, and models do not agree on
the sign of the change for the remaining 18%. c, Di�erence between fractional changes in the scaling and Rx1day.

precipitation e�ciency factor into account. The agreement between
spatial patterns of simulated Rx1day and scaling is also very good
for individual models (spatial correlation > 0.94 in all models), and
when considering seasonal instead of annual precipitation maxima
(Supplementary Fig. 2).

To investigate simulated changes in heavy precipitation using the
scaling diagnostic, we first quantify the multi-model mean forced
change of Rx1day over the period 1950–2100 through a linear
regression of Rx1day against global mean temperature (Fig. 2a).
Consistent with previous studies12,17, precipitation extremes are

2
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Northern summer (June-July-August) shows particularly large 
differences across land regions

 8 

 
Figure S8. Scaling analysis for June-August (JJA). Multi-model mean fractional 

changes in (a) seasonal maximum precipitation, (b) full precipitation extremes scaling 

and (c) thermodynamic scaling in which the vertical velocity ωe is kept constant. (d) 

Difference between changes in full scaling and changes in thermodynamic scaling (full 

minus thermodynamic). Stippling indicates that at least 80% of the models agree on the 

sign of change. A robust increase in JJA Rx1day is found for 47% of the global land 

areas, and a robust decrease for 6%. 
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Given major impacts on society and ecosystems, important to understand 
how climate change affects precipitation extremes across regions/seasons

Severe rain and flooding in Pakistan in August 2022 and Western Europe in July 2021

Image credit: Shahid Saeed Mirza/Agence France-Presse Image credit: Rhein-Erft Municipality



Changes in precipitation extremes come from multiple factors

1.Thermodynamic: increase in amount of 
water vapor at saturation 

2.Dynamic: changes in upward speed of air 

3.Efficiency: changes in how much 
precipitation reaches the surface rather 
than evaporating 

Geophysical Research Letters 10.1002/2014GL061222
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Figure 4. Schematic showing mechanisms affecting the value of the precipitation efficiency, 𝜖P . (a) Evaporation and
sublimation of precipitation, (b) spatial smearing of precipitation via removal of liquid and solid water from the column
by turbulence (both resolved and subgrid) and the cloud-scale circulation, and (c) smearing of the precipitation event in
time as the hydrometeor fall speed decreases (maroon to green to blue). Dashed black line in Figure 4c represents the
column net-condensation rate.

Changes in hydrometeor fall speed have a large effect on precipitation extremes (Figure 3b). For example,
an increase in fall speed from 1 to 8 m s−1 results in an increase in instantaneous precipitation extremes by
more than a factor of 5 at a surface temperature of Ts = 298 K. That fall speeds influence precipitation statis-
tics is consistent with the results of Parodi et al. [2011]. Parodi and Emanuel [2009] argue that hydrometeor
fall speed also influences updraft velocities because a lower fall speed results in the lofting of a greater quan-
tity of condensed water that then reduces updraft buoyancy through water loading. But in our simulations,
net-condensation extremes (Figure 3a), as well as the vertical velocity conditioned on net-condensation
extremes (not shown), only weakly depend on fall speed. A stronger dependence of the updraft strength
on hydrometeor fall speed is found if only warm-rain microphysical processes are allowed as in Parodi and
Emanuel [2009], but in general, the effect of fall speed on 𝜖P is a much larger factor in determining the
intensity of precipitation extremes.

To quantify the variations in fall speed more generally, we define the effective hydrometeor fall speed, vf , as
the hydrometeor-mass-weighted mean of the fall speeds of all hydrometeors in the column conditioned on
the precipitation rate exceeding its 99.99th percentile. In the fixed-fall speed simulations, this is simply equal
to the imposed hydrometeor fall speed. In the simulations with the Lin-hail microphysics scheme, vf ranges
from less than 1 m s−1 in the coldest simulation to more than 8 m s−1 in the warmest simulation (Figure 1b).
This is primarily a result of the increasing fraction of rain compared to snow in the column as the atmosphere
warms, but the increase in rain mixing ratios with warming also increases the effective fall speed of rain itself
(Figures S5a and S5d). Hail has a greater fall speed than both snow and rain, but in the Lin-hail simulations,
it contributes only a small fraction of the total hydrometeor loading of the atmosphere.

Based on vf , and by comparison with the fixed-fall speed simulations, the increase in precipitation extremes
with warming in the Lin-hail simulations may be seen to consist of a component related to the increase
in surface temperature at fixed fall speed and a component due to the effect of increasing fall speed. The
precipitation extremes in a given Lin-hail simulation are roughly consistent with those in a fixed-fall speed
simulation at the same surface temperature and with the same effective fall speed (compare marker colors
and line colors in Figure 3b), confirming the utility of considering the effects of increasing hydrometeor fall
speed separately to other effects of warming.

At fixed fall speed, the increase of precipitation extremes with warming is somewhat below the CC rate and
somewhat smaller than the increase in condensation extremes, implying a decrease in 𝜖P with warming
(Figure 3b). Part of this reduction in 𝜖P may relate to an increase in hydrometeor lifetime caused by
an increase in the mean height over which precipitation falls, since the typical formation height of
hydrometeors rises with warming. In the Lin-hail simulations, the increase in effective fall speed vf amplifies
the increase in precipitation extremes with warming. This results in super-CC scaling of instantaneous
precipitation extremes at low temperatures (for which the fractional rate of increase in vf with warming
is largest), and it results in roughly CC scaling at temperatures greater than ∼ 295 K (for which the
hydrometeor distribution is dominated by rain, and the fractional increase in vf with temperature is smaller).
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Updraft and 
condensation

Evaporation

e.g. Trenberth 1999; Allen and Ingram 2002;
O’Gorman and Schneider 2009; Abbot, Cronin and Beucler 2020 

Is there a simpler way to understand the patterns of change over land? 



•Assumes precipitation scales with water vapor amount (e.g. P~q or P~q2) 

•Same as Clausius-Clapeyron scaling with dewpoint temperature 

•Sometimes used in assessment of impacts

Standard simple approach: Scaling with specific humidity  



Scaling with specific humidity (water vapor amount) captures 
only some of the observed current-climate pattern 

van der Drift and O’Gorman, submitted

Observed precipitation extremes (Rx1day) in June-July-August��� ����������
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Scaling with mean surface specific humidity (P~q1.3)

REGEN rain-gauge dataset 1970-2016 (Contractor et al 2020)



Scaling with specific humidity (water vapor amount) does not match 
CMIP6 climate projections 

van der Drift and O’Gorman, submitted

Projected change in precipitation extremes (Rx1day) in June-July-August

Scaling with mean surface specific humidity (P~q0.9)
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Multivariate Scaling (R2: 0.45)

Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Can we do better with a simple approach? 



Precipitation extremes are also sensitive to near-surface relative 
humidity (i.e., how close air is to saturation) 

Wetter surfaces
(high RH)

Drier surfaces
(low RH)

Higher LCL

Similar 
updrafts

Weaker 
updrafts

More re-
evaporation

F��. 10. A schematic showing three responses of the intensity of precipitation extremes to lower RH found

over a less evaporative surface. First, there is a direct thermodynamic response to the higher LCL assuming

condensation only occurs above the LCL. Second, updrafts (red arrows) are weaker in the lower troposphere,

also associated with the higher LCL, because rising parcels gain positive buoyancy above cloud base. Third,

re-evaporation of precipitation is greater due to a decrease in RH in the deeper sub-cloud layer. Each of these

changes weakens precipitation intensity over the drier surface.

655

656

657

658

659

660

associated with a Clausius-Clapeyron scaling because it is only the additional near-surface warming678

that is associated with a warmer free troposphere.679

b. Comparison to global and regional modeling studies680

Overall, despite many differences including the use of instantaneous or 3-hourly precipitation681

rather than daily precipitation, our study provides support, based on convection-resolving simu-682

lations, for the conclusion of Williams and O’Gorman (2022) that decreases in relative humidity683

are important for changes in summertime midlatitude precipitation extremes over land. Williams684

and O’Gorman (2022) considered whether such a correlation may be related to the dependence of685

convective inhibition (CIN)– negative buoyancy in the lower troposphere– on RH, since Chen et al.686

(2020) found that CIN increased as RH decreased and the LCL and LFC rose. While Williams687

31

van der Drift and O’Gorman,  
J. Climate, 2025 

Decreases in near-surface relative 
humidity: 

1.weaken updrafts because of higher 
cloud base 

2.decrease precipitation efficiency 
because of a deeper and drier sub-
cloud layer



van der Drift and O’Gorman, submitted

Scaling with specific humidity and relative humidity captures observed 
precipitation extremes in current climate 

Observed precipitation extremes (Rx1day) in June-July-August��� ����������
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Scaling with mean specific humidity and relative humidity (P~q1.1 rh1.3)

REGEN rain-gauge dataset 1970-2016 (Contractor et al 2020)



van der Drift and O’Gorman, submitted

%/K

Scaling with specific humidity and relative humidity captures projected 
changes in warm-season precipitation extremes  

Projected change in precipitation extremes (Rx1day) in June-July-August
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Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Fig. 3. Scalings applied to CMIP6 projected changes of daily precipitation extremes in the NH in JJA. a, Multi-model median of projected changes in rx1day, ” ln P .
b,c, The multi-model median of the multivariate (b) and specific humidity (c) scaling estimates of ” ln P . d,e, Scatterplots of multi-model median ” ln P vs. its multivariate (d)
and specific humidity (e) scaling estimates across gridboxes. Panel titles in b,c give the multi-model median scaling coefficients. Panel titles in d,e give R2 across gridboxes
calculated for the multi-model median values.

patterns in REGEN (Fig. 1a). The multi-model median
of the multivariate scaling estimate closely reproduces the
multi-model median rx1day patterns (SI Appendix Fig.
S??a-b) and is a much better match than scaling with
specific humidity alone (SI Appendix Fig. S??c). The
multi-model median scaling rates of Sq = 0.7% per %
and SRH = 1.1% per % are similar but smaller than their
observational equivalents, though in individual models Sq

and SRH span a range of roughly 1% per % around these
multi-model median values (Fig. 2a). This variability
may reflect di�erent physics in di�erent models or some
other source of uncertainty besides the statistical noise
captured by the errorbars in Fig. 2.

Projected changes to precipitation extremes

Given the ability of the CMIP6 models to approximately
capture the observed dependence of precipitation extremes
on specific and relative humidity, we next use these
models to consider multivariate scaling in the response of
precipitation extremes to climate change. Taking relative
humidity into account is important because of substantial
decreases in relative humidity over land caused by the land-
ocean warming contrast and changes in land-atmosphere
interactions such as stomatal closure (21–23). Figure
3 shows the two scalings applied to projected changes
between 1950 and 2100 in NH JJA rx1day from the
same CMIP6 ensemble. ” ln P , ” ln q, and ” ln RH are
calculated as local trends with respect to changes in global-
mean surface air temperature of rx1day, seasonal-mean
specific humidity, and seasonal-mean relative humidity,
respectively (Materials and Methods). As a result of this
di�erent definition of the ”(·) operator, these variables
have units of % per K.

Multivariate scaling (Fig. 3b) accurately captures
spatial patterns seen in the CMIP6 multi-model median
of projected rx1day changes. This includes the weakening
of precipitation extremes over parts of North America and
Europe, which coincide with decreases in relative humidity
in excess of 5% per K in some locations. On the other
hand, the specific humidity scaling (Fig. 3c) does very
poorly: it is incapable of predicting near-zero or negative
values of ” ln P because ” ln q increases everywhere with
global warming (Fig. 3e). Multivariate scaling does not
fully capture the projected changes over the Middle East
and North Africa where ” ln P can be large in magnitude
but ” ln q and ” ln RH are generally small in magnitude.
This discrepancy may be caused by large-scale dynamical
factors unrelated to surface dryness or by a breakdown
in our assumption of constant SRH when the LCL is very
high (16). It may also relate to di�culty in calculating
fractional rx1day changes where precipitation extremes
are historically near-zero (5, 8, 31, 32).

Multi-model median scaling rates are Sq = 0.7% per
% and SRH = 1.0% per %, very close to the multi-model
median scaling rates for the current climate. Interestingly,
all models have a best-fit Sq below 1% per % for climate
change (Fig. 2b). This result of Sq < 1% per % is also
found across RCE simulations (next section) and suggests
that when relative humidity is held constant, NH JJA
precipitation extremes might intensify at a sub-CC rate
with global warming.

Comparison to radiative-convective equilibrium

Next, we compare multivariate scaling rates obtained
from observations and GCMs to simulations of RCE
with a range of relative and specific humidities. We
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Becomes important to understand and better constrain decreases in 
relative humidity near surface over land

Byrne & O’Gorman, J. Climate,  2016

increases in heat stress (e.g., Sherwood and Huber 2010).
Despite this importance, a clear understanding of what
controls land relative humidity is lacking. Here, we
introduce a conceptual model based on boundary layer
moisture balance to analyze changes in land relative hu-
midity, and we apply this model to idealized and full-
complexity general circulationmodel (GCM) simulations.
We first review the energy balance argument for the

small increase in relative humidity over ocean (Held and
Soden 2000; Schneider et al. 2010) and why it does not
apply over land. Ocean evaporation is strongly influ-
enced by the degree of subsaturation of near-surface air,
and changes in ocean relative humidity with warming
may be estimated from the changes in evaporation using
the bulk formula for evaporation, provided that the air–
surface temperature disequilibrium (the difference be-
tween the surface-air and surface-skin temperatures)
and changes in the exchange coefficient and surface
winds are negligible. Schneider et al. (2010) used this
approach, together with an energetic estimate for

changes in evaporation, to yield an increase in ocean
relative humidity with warming of order 1%K21 (here
and throughout this paper, relative humidity changes are
expressed as absolute rather than fractional changes).
The simulated increases in relative humidity over ocean
are generally smaller (Fig. 1), indicating that effects such
as changes in surface winds must also play a role (e.g.,
Richter and Xie 2008).
This approach to understanding the increases in ocean

relative humidity under warming relies on there being a
simple energetic estimate for changes in evaporation
and these evaporation changes being easily related to
changes in temperature and surface-air relative humid-
ity. These two conditions are generally not valid over
land, where the moisture supply for evapotranspiration
is limited and varies greatly across continents (De Jeu
et al. 2008). The spatially inhomogeneous response of
soil moisture to global warming, in addition to changes
in land use and changes in stomatal conductance under
elevated CO2 concentrations (e.g., Sellers et al. 1996;
Piao et al. 2007; Cao et al. 2010; Andrews et al. 2011;
Cronin 2013), leads to land evapotranspiration changes
with substantial spatial structure (Lâıné et al. 2014), and
the near-surface relative humidity is merely one of many
factors influencing evapotranspiration changes.
To understand the simulated decreases in land rela-

tive humidity under global warming, we take a different
approach following previous authors (e.g., Rowell and
Jones 2006) who have discussed how the land boundary
layer humidity is influenced by the moisture transport
from the ocean. Under global warming, as continents
warm more rapidly than oceans, the rate of increase of
the moisture transport from ocean to land cannot keep
pace with the faster increase in saturation specific hu-
midity over land, implying a drop in land relative hu-
midity (Simmons et al. 2010; O’Gorman and Muller
2010; Sherwood and Fu 2014). This explanation is at-
tractive because it relies on robust features of the global
warming response—namely, the small changes in rela-
tive humidity over ocean and the stronger surface
warming over land. Indeed, the most recent Intergov-
ernmental Panel on Climate Change (IPCC) report cites
this argument to explain both observed and projected
land relative humidity decreases with warming (Collins
et al. 2013, section 12.4.5.1). However, this explanation
has not been investigated quantitatively using either
observations or climate models. Thus, it not clear to
what extent changes in land relative humidity can be
understood as a simple consequence of the land–ocean
warming contrast and changes in moisture transport
from ocean to land. Indeed, changes in evapotranspi-
ration resulting from soil moisture decreases (Berg et al.
2016) and stomatal closure (Cao et al. 2010) have been

FIG. 1. (a),(b) Multimodel-mean changes in surface-air rela-
tive humidity between the historical (1976–2005) and RCP8.5
(2070–99) simulations of CMIP5, normalized by the global- and
multimodel-mean surface-air temperature changes. For (b), the
zonal averages over all ocean (blue) and land (red) grid points are
shown at each latitude. Note that the changes in relative humidity
at high latitudes are different from those shown in Fig. 1b of Byrne
and O’Gorman (2013b) because Byrne and O’Gorman (2013b)
adjusted the relative humidities to be always with respect to
liquid water.
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Conclusions: precipitation extremes under climate change

‣ Progress in understanding: of regional changes in 
precipitation extremes when take relative humidity into 
account 

‣ New tools are coming online: 

1.Global convection resolving models and use of machine 
learning to improve accuracy of precipitation processes in 
model projections 

2.Rare event sampling algorithms to better simulate the rarest 
extreme events (e.g., 500 year event) 

Geophysical Research Letters

exception of radiative heating. Above 13.9 km the subgrid fluxes and microphysical tendency are set to zero 
and the radiative heating tendencies calculated at coarse resolution from SAM are used.

The inputs for NN1 are the resolved vertical profiles of qT and temperature (T; the temperature is diagnosed 
from the coarse-grained prognostic variables ) at the lowest 30 full levels, as well as the distance to the equator 
(|y|, which is a proxy for insolation and surface albedo as both are only a function of |y| in our simulations), 
giving 30 × 2 + 1 = 61 inputs. We verified that using top of atmosphere insolation as input instead of the 
distance to equator does not change the results presented in this study (Figure S1). We found that using all 
48 levels of T and qT as inputs in NN1 leads to an instability, possibly related to instabilities found in previ-
ous studies when qp is not used a prognostic variable (Brenowitz & Bretherton, 2019; Brenowitz et al., 2020, 
YOG20). However, while Brenowitz and Bretherton (2019) and Brenowitz et al. (2020) removed some inputs 
above the mid-troposphere to achieve stability, we find it is sufficient to not use inputs in the stratosphere.

The second NN, referred to as NN2, predicts subgrid surface turbulent fluxes of HL and qT (  and 
, respectively) and the coarse-grained vertical turbulent diffusivity ( ) that is used for HL and 

qT. We only predict  in the lower troposphere (the 15 model levels below 5.7 km) because it decreases in 
magnitude with height (YOG20), and the diffusivity calculated at coarse resolution from SAM is used above 
5.7 km. Hence the outputs of NN2 are

 (3)

giving 15 + 1 + 1 = 17 outputs. The inputs of NN2 are chosen to be the lower tropospheric vertical pro-
files of T, qT, u, v, surface wind speed (windsurf) and SST, so that XNN2 = (T, qT, u, v, windsurf, SST), giving 
4 × 15 + 1 + 1 = 62 features, where v in the southern hemisphere is multiplied by −1 when used as an input 
(see further discussion in YOG20).

The tendencies due to subgrid vertical advection, sedimentation and surface turbulence are calculated on-
line (i.e., when running SAM with the parameterization) from the predicted subgrid fluxes. For physical 
consistency, the subgrid energy flux due to ice sedimentation is also calculated online as

 (4)

where Ls is the latent heat of sublimation. Similarly, the tendency of energy due to cloud microphysics is 
calculated online as

YUVAL ET AL.

10.1029/2020GL091363
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Figure 1. Illustration of the parameterization structure. There are two different NNs included in the parameterization, 
each having its own inputs and outputs (full description in Section 3.1). Arrows indicate subgrid fluxes due to vertical 
advection and sedimentation, ellipses indicate tendencies associated with sources/sinks due to cloud microphysics, 
radiation and phase changes of precipitating water, and the wavy pattern indicates the coarse-grained diffusivity ( ) 
which is predicted only at the lower 15 levels of the model. Blue (red) color indicates a variable, tendency or flux 
associated with moisture (energy). NN, neural network.
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