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Select multiple metrics and adjust their relative importance to view the combined impact. To see additional and supporting data, select the other categories.
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- Risks to people, the environment, and resources are and combined as a B

interdependent, compounding, and co-evolving. ‘S’Vhec')gvh:‘ﬁgtsgce)@gsfto e : mst.mit.edu
» Deep investigation and projection requires resource-intensive K relative risk.

research including computationally expensive, complex models. User-selected . i i
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and .identify “.hot_spot” regions where combined risks are P ey they are most needed. |-
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Methodological Questions:
What assumptions went into constructing ‘relative risk’ this way? What are the implications for using STRESS to inform decisions?
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Case Study: Key questions: Results:
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Can | identify ‘hotspots’ in I\I!assachusetts with high : : Top 3 counties in MA & combinatory risk scores from different normalizations
heat, a large elderly population, and many people Normalization of ERA5 Temperature Data, Population over 65, & Population in Poverty. + Franklin has the highest risk
[ | | | 9 ) " u
living In poverty._ | There are many ways to normalize Statewide comparison Countrywide comparison according to country-wide
| have the following data (std error in brackets): metrics so that they are all in the same Min-Max Percentile Min-Max Percentile percentile rankings (STRESS’s
County |Daysover | MERRA2 TR units. Does it matter which we use? _ _ _ _ d_efault) but is not in the top 3 using
100°F Heat| Temp*°C |Temp* °C | Temp* °C| Over 65 in Poverty e« Percentile v. min-max v. z-score Count Risk Count Risk Count Risk Count Risk either statewide ranklng.
Index S Y score unty Score Unty  score Unty  score i~ At -
—— —T " — T T » Compare a county to all counties in | | | * Normalizations using the same
arnstable - - - 1O e i0s) the country or just within the state? Bristol 60.2 Bristol 62.8 Barnstable 30.5 Franklin  43.3 methods but different comparison
Berkshire 0 23.0 23.8 24.6 25.0(0.1) 11.4(0.7) What do different normalizations Suffolk 58.2 Berkshire 61.5 Franklin  29.7 Berkshire 441 sets each only have agreement
Bristol 1 244 24.7 250  17.8(man) 11.3(03)  assume about the nature of relative risk? Hampden 567 Hampden 60.3 Hampden 297 Barnstable 397 about one of three 'top 3 counties
Dukes 0 24 .4 24 .4 24.7 26.5 (04) 4.4 (1 1) _ By bootstrapplng We Can quantlfy 1000 Samples & % of Population iln—Poverty &:oim:-es — ) coj; eeeeeeee e _ [ msmepercenta.e -
Essex 0 240 242 247  185(01) 9.4(0.2) Unce rtalnty uncertainty in normalized values.  Normalized Values I -
Franklin 1 232 23.2 245  246(01) 12108  Normalizations do not include the Method: for Poverty from -~ - J
e —— 4 232 239 247  183(01) 16305  Mmargins of error from input datasets. 1. For every location k, randomly gggfg’:raa::gng b e i % , Ll
Hampshire 4 23.2 23.2 24.7 19.4 (0.1)  11.3(0.5) * One county’s urgcertamty Cdh change draAW Ox Bz times from Franklin County: £ _ - o e T
another county’s normalization N(6y,S-E-£) | _ 1 . ol |
Middlesex 4 240 24.4 250  16.3(0.1) 7.7(0.2) . (Confidence intervals, mean, Hr
How do we translate the quantified 2. Use any method to calculate and standard deviations for %] N{W ﬂl
el 2 |2 28 200 VrEE) ey o uncertainty in input data into quantified normalized values for each different normalizations can ;| _m B FIEFIERTIRERL. | J h
. : : . 10 11 12 13 14 15 | :
Plymouth 1 4.4 24.5 249  19.8(0.1) 7.1(0.3) uncertainty in normalized values? location k for all B draws. also be calculated.) value L T LI
Suffolk 4 240 24.2 249  133(0.1) 16.2(0.3 . .
o1 03 M t L '“d:" Days vs Monthly Temperature - Different sources give different temperatures for the same county.
25.00 perature Source O O
I N N I I I casurements e | o mm < > |« Many counties have the same number of days over 100°F, but
“The hottsst average monthiy temperaturs from 2000-2019. Thisis the heat meric There are many ways to define & £ @ . . different temperatures from the same temperature source.
currently in . . : (a ; 0 s : : :
measure something like ‘high heat 2" 3 i . | * There is not a clear relationship between days over 100°F and
 Temperature vs heat index P o ; hottest average monthly temperature.
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