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Supplementary Note 1: SE modeling description 45 

 46 

Flood risk results from hazards (e.g., storm surge and pluvial/riverine inundation), exposure of 47 

people and properties, and their vulnerability to flooding events1. These components have non-linear 48 

effects on each other, and their long-term interactions have been studied with socio-environmental 49 

(SE) models2–6. The integration of empirical data in these models makes it possible to quantify flood 50 

risk characteristics of a community4. In this study, we applied an SE model2 derived from prior 51 

formulations3 by incorporating a time variant housing market and multiple forms of flood hazard (i.e., 52 

storm surge and precipitation). The applied SE model (Fig. S1a,b) was used to predict how peak 53 

annual hazards would result in census tract-level NFIP claims (L), NFIP policies (A), flood 54 

preparedness (P), population densities (D), and median housing values/prices (HV/HP). The SE 55 

models describe numerically how these state variables interact to inform future anticipated NFIP 56 

claims (L) (Fig. S1b).  57 

 58 

A general flow diagram of the SE model calibration and simulation is presented in Figs. S1a and b. 59 

The SE model posits that flooding events above the threshold for flooding result in an immediate 60 

positive claim total (L). This causes abrupt increases in both flood awareness (A) and preparedness 61 

(P) and decreases in population density (D) and lagged decreases in median housing prices (HP). 62 

In contrast, during years with no loss event (L), A and P decay and D recovers (Figure S1 b). 63 

 64 

 65 
 66 

Figure S1: a) SE modeling workflow for forecasting future flood loss, flood insurance uptake, 67 

population density, and housing value under climate change scenarios b) Schematics of socio-68 

environmental(SE) model illustrating two way dynamics between flooding events and societal 69 

responses (A,D,HP). Flooding exceeding a threshold causes loss (L), perturbing A, D, & HP, which 70 

https://www.zotero.org/google-docs/?SCnTtT
https://www.zotero.org/google-docs/?VQgLWx
https://www.zotero.org/google-docs/?igKFY8
https://www.zotero.org/google-docs/?oSwPR6
https://www.zotero.org/google-docs/?bCXycE
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in turn feedback into the future flood losses. The equations show how these variables (L,A,D,HP) 71 

change over time, with red arrows indicating parameters responsible for perturbation during flood 72 

and non-flood years.  73 

 74 

Supplementary Note 2: Historical datasets & SE model calibration approach 75 

 76 

A full list of hazard and social datasets used for the calibration of the model is presented in Table 77 

S1. The study area with tidal gauging stations with at least 50 years of historical records where the 78 

hazard dataset is collected is presented in Figure S2. These gauges were then allocated to the 79 

corresponding census tracts based on geographical proximity, and gauging stations from one coast 80 

were not assigned to the other coast. The dataset that is used to evaluate the global Normalized 81 

Root Mean Square Error (NRMSE) objective function is noted as NRMSELoss, NRMSEPolicy, 82 

NRMSEDensity, & NRMSEHousing price. 83 

    84 

 85 

Table S1: Summary of hazard and social dataset used for model calibration. 86 

 87 

Definition Period Data used Source 

Annual peak water 
surface elevation  
across tidal gauging 
stations of US (m)  

1970-2021 Hydrological input 
to model 

NOAA7  

Annual peak 24-
hour precipitation 
across US coastal 
census tracts 
(cm/day)  

1970-2021 Hydrological input 
to model 

NOAA8  

NFIP Flood 
insurance claims 
across the US 
coastal census 
tracts (USD)  

1979-2021 To calibrate 
simulated flood 
loss (NRMSELoss)  

FEMA9  

NFIP Flood 
insurance policy 
held across the US 
coastal census 
tracts (number)  

2009-2021 To calibrate 
simulated 
awareness/active 
policy 
(NRMSEPolicy)  

FEMA9  

Housing density 
across the US 
coastal census 
tracts (number) 

2010-2021 To calibrate 
simulated density 
(NRMSEDensity), 
and to normalize 
flood insurance 
policy 

US 
Census
10  

Aggregate housing 
value across the US 
coastal census 

2010-2021 To normalize flood 
insurance claims 

US 
Census
11  

https://www.zotero.org/google-docs/?GrAEB5
https://www.zotero.org/google-docs/?9miRnQ
https://www.zotero.org/google-docs/?a0w2ou
https://www.zotero.org/google-docs/?VxLXah
https://www.zotero.org/google-docs/?aBAx7o
https://www.zotero.org/google-docs/?l7WAdg
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tracts (USD) 

Median housing 
value across the US 
coastal census 
tracts (USD) 

2010-2021 To calibrate 
simulated housing 
price 
(NRMSEHousing Price) 

US 
Census
12  

 88 

 89 

 90 
Figure S2: Map of study area showing the distribution of tidal gauging stations with at least 50 91 

years of water surface elevation data used for this study. 92 

 93 

All hazard inputs and model outputs are aggregated to the annual scale3,4. Coastal hazards were 94 

input into the model as the peak annual water surface elevation (i.e., mean sea level taken relative 95 

to the land surface elevation + tides + surge). In the case of historical peak water surface 96 

elevations, all of these individual components are inherently captured in the observed water 97 

surface elevations. Hourly tidal elevation data was obtained from NOAA7 and then aggregated to 98 

peak annual water surface elevations. 99 

The SE model parameter values with feasible ranges are presented in Table S2.  100 

 101 

Table S2: SE model parameters and feasible ranges used for calibration of US coastal tracts. 102 

 103 

Parameter Description Feasible 
range 

Unit 

S Storm surge 
threshold 

0, Smax m 

R Rainfall threshold 0, Rmax m/day 

POT S max Maximum peak 
over threshold for 

storm surge 

0, Smax m 

https://www.zotero.org/google-docs/?DRcSEr
https://www.zotero.org/google-docs/?Yo8zRR
https://www.zotero.org/google-docs/?r4LPFl
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POT R max Maximum peak 
over threshold for 

rainfall 

0, Rmax m/day 

A1 Initial awareness 0.001, 
0.2 

nh/nh 

P1 Initial 
preparedness 

0.001, 
0.2 

nm/nm 

D1 Initial housing 
density 

0.5, 1 m2/m2 

HP1 Initial housing 
value 

0.1, 0.5 USD/USD 

αd Risk-taking attitude 0.001, 15 1/(nh/nh) 

αa Anxiousness 0.001, 
150 

1/(USD/USD) 

αp Activeness 0.001, 
100 

(nm/nm)/(nn/nn) 

αr Effectiveness of 
preparation 

0.001, 1 1/(nm/nm) 

βr Over threshold 
discharge to loss 

ratio 

1 (USD/m2)/(US
D/m2) 

μa Forgetfulness 0.001, 
0.3 

1/t 

μp Decay of 
precautionary 

measures 

0.001, 1 1/t 

U Ambient population 
growth rate 

0.001, 3 1/t 

b1 Housing value rise 
rate during no-

flood years 

0.001, 
0.3 

1/t 

b2 Immediate loss in 
housing value 

0.001, 
300 

1/(USD/USD) 

b3 Sustained decline 
rate of housing 
value after flood 

loss 

0.001, 5 1/t 

d Recovery duration 0.001, 15 t 

 104 
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Note: Smax and Rmax indicate the feasible upper limit of peak annual water surface elevation and 105 

peak daily precipitation, respectively. nh and nm are the number of properties within the study area 106 

and the number of properties with precautionary measures, respectively. The model time step is t. 107 

 108 

The SE model simulates all state variables (L, A, D, HP) on the interval 0 to 1. All data used in 109 

calibration therefore was normalized to match the model formulation. We normalized flood insurance 110 

claims (L) by estimated mean property values within the tract (i.e., reported as a fraction of total tract 111 

home values). Active insurance policies (A) were normalized by the mean number of individual 112 

properties within each tract (i.e., reported as the fraction of insured properties). The mean estimate 113 

of property value and the number of properties were calculated over the period for which 114 

corresponding data was available. 115 

 116 

Annual median home values (HP) and housing density (D) data were first normalized relative to the 117 

median housing price and housing density for the entire US to remove national trends not related to 118 

flooding events (Fig. S3). The housing datasets were then scaled for each census tract such that 119 

peak year is 1 so that the variable would exist on the interval 0 to 1 (Figure S3).  120 

 121 

 122 
Figure S3: Preparation of housing value dataset for SE modeling. Solid lines are median values 123 

with error bars representing the 25th to 75th percentile distribution. Similar procedure is adopted 124 

for normalization and scaling of the housing density dataset as well. 125 

 126 

Supplementary Note 3: SE model calibration results 127 

 128 

The distribution of calibration metrics: NRMSELoss, NRMSEPolicy, NRMSEDensity, NRMSEHousing price, & 129 

NRMSETotal is presented in Figure S4. NRMSETotal  is the Euclidean distance of individual metrics 130 
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(Equation 1). To eliminate poorly calibrated tracts from further analysis, we first set an optimal cutoff 131 

threshold to NRMSETotal. We used histogram distribution of NRMSETotal  and systematically tested 132 

various cutoff values to choose the threshold that only retains census tracts that are capable of 133 

effectively reproducing observed data. This step identified an optimal cutoff threshold of 6 for 134 

NRMSETotal , which served as the global calibration criterion for accepting or rejecting census tracts. 135 

However, even after filtering by global threshold, few tracts remained that exhibited good global 136 

calibration (NRMSETotal  < 6) but showed poor calibration for individual metrics (i.e., NRMSELoss, 137 

NRMSEPolicy, NRMSEDensity, NRMSEHousing price ). To address this, as a second filtering step, we also 138 

established thresholds for individual calibration metrics using the same procedure as for global 139 

threshold. We also confirmed that the combination of selected individual thresholds gives the 140 

Euclidean distance consistent with the chosen global threshold. This two-step filtering approach 141 

removed census tracts from our modeling analysis where the available datasets did not support a 142 

robust analysis of human-flood dynamics. The result was that we eliminated approximately 30% of 143 

all tracts from further consideration and only used the retained 1124 tracts that showed satisfactory 144 

performance across all evaluated metrics. 145 

 146 

𝑁𝑅𝑀𝑆𝐸𝑇𝑜𝑡𝑎𝑙  =  √𝑁𝑅𝑀𝑆𝐸𝐿𝑜𝑠𝑠
2  +  𝑁𝑅𝑀𝑆𝐸𝑃𝑜𝑙𝑖𝑐𝑦

2  +  𝑁𝑅𝑀𝑆𝐸𝐷𝑒𝑛𝑠𝑖𝑡𝑦
2  +  𝑁𝑅𝑀𝑆𝐸𝐻𝑜𝑢𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒

2 147 

 148 

Equation (1) 149 

 150 

 151 
Figure S4: Distribution of Normalized Root Mean Square Error (NRMSE) values across study area. 152 

Dashed red line depicts the cutoff for each metric. The x-axis for the NRMSE Active policy has 153 

been limited to 1.5 for better visualization, but there are outliers going up to 6, as seen in Figure 154 

S5. 155 

 156 

We compared the NRMSE metrics with corresponding validation data, observing significant negative 157 

correlations, suggesting that census tracts with frequent/larger flood losses, larger policy uptakes, 158 

and larger population exhibited better calibration (Figure S5). We also observed significant trade-159 

offs between calibration metrics, demonstrating that the model does simultaneously optimize for all 160 

the validation data (Figure S6).  This result is likely attributable to a combination of imperfect SE 161 
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model structure, imperfect forcing data (i.e., supplied surge and rainfall extremes), and inaccuracies 162 

in the underlying databases used for calibration. 163 

 164 

 165 
Figure S5: Scatter plot showing the correlation between Normalized Root Mean Squared Errors 166 

(NRMSE) objective function and corresponding calibration dataset. We find significant negative 167 

correlation across all cases suggesting that census tracts with frequent/larger flood losses, larger 168 

policy uptakes, and larger population calibrates better. 169 

 170 
Figure S6: Scatter plot showing the correlation and tradeoff between Normalized Root Mean 171 

Squared Errors (NRMSE) objective functions. We observed significant negative correlation 172 

between NRMSE Claims and NRMSE Density suggesting a negative tradeoff between calibration 173 

of flood loss (claims) and housing density. Significant positive correlation of NRMSE policy with 174 

NRMSE Density and NRMSE Housing Price suggests a positive tradeoff in calibration of policy 175 



 

9 

data with housing data. Additionally, significant positive correlation between NRMSE Density and 176 

NRMSE Housing price suggest a positive tradeoff between calibration of housing density and 177 

housing values datasets. 178 

 179 
Figure S7: Distribution of calibrated model parameters value across study area. 180 

 181 

Supplementary Note 4: Social vulnerability measures 182 

 183 

The CDC/ATSDR13 uses 16 variables to determine the social vulnerability of a community. These 184 

variables were sourced from the US Census’s American Community Survey (ACS). ACS only 185 

samples a subset of the US population thus the variables are provided with the margin of error (MOE) 186 

as an estimate of variation around the population value. To ensure a thorough analysis, we address 187 

these MOEs in the correlation test by using a Monte Carlo sampling approach. We resampled the 188 

census variables through 10,000 Monte Carlo simulations under the reported assumption of normally 189 

distributed residuals. We then performed Spearman’s ranked correlation test of each sampled value 190 

against the SE parameters. Finally, we evaluate the statistical significance of the correlation test 191 

based on the median value of p-value distribution. Figure S8-14 shows the density plots for p-values 192 

of Monte Carlo sampled census variables against SE model parameters. Figure S15 shows the 193 

state-level correlation of social vulnerability measures with SE parameters.  194 

 195 

CDC/ATSDR further uses these 16 variables to determine the overall social vulnerability of 196 

communities with values ranging from 0 to 1, higher values indicating greater vulnerability. Figure 197 

S16 shows the distribution of overall social vulnerability across the US coastal census tracts. 198 

 199 

https://www.zotero.org/google-docs/?YCY2wh
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 200 
Figure S8: Density plot of Spearman’s rank correlation p-values between census variables (10000 201 

Monte Carlo Sampled) and b1 parameter. Red dashed line indicates the median value. 202 

 203 

 204 
Figure S9: Density plot of Spearman’s rank correlation p-values between census variables (10000 205 

Monte Carlo Sampled) and b2 parameter. Red dashed line indicates the median value. 206 
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 207 
Figure S10: Density plot of Spearman’s rank correlation p-values between census variables 208 

(10000 Monte Carlo Sampled) and b3 parameter. Red dashed line indicates the median value. 209 

 210 

 211 
Figure S11: Density plot of Spearman’s rank correlation p-values between census variables 212 

(10000 Monte Carlo Sampled) and d parameter. Red dashed line indicates the median value. 213 
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 214 
Figure S12: Density plot of Spearman’s rank correlation p-values between census variables 215 

(10000 Monte Carlo Sampled) and αd parameter. Red dashed line indicates the median value. 216 

 217 

 218 
Figure S13: Density plot of Spearman’s rank correlation p-values between census variables 219 

(10000 Monte Carlo Sampled) and αa parameter. Red dashed line indicates the median value. 220 



 

13 

 221 
Figure S14: Density plot of Spearman’s rank correlation p-values between census variables 222 

(10000 Monte Carlo Sampled) and μa parameter. Red dashed line indicates the median value. 223 

 224 

 225 

 226 

 227 

 228 
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 229 

Figure S15: Correlation plot between SE model parameters and measures of social vulnerability 230 

across the coastal states. “n” indicates the number of census tracts that are calibrated well for 231 

each state. Significance level are measured at P<0.05(*), P<0.01(**), &P<0.001(***) 232 

 233 

 234 

 235 
Figure S16: Histogram plot of measure of overall social vulnerability across the US coastal census 236 

tracts. Red dashed lines indicate position of 25th and 75th percentile. For this study, census tracts 237 

below the 25th percentile line are categorized as Low SVI, between the 25th and 75th percentile 238 

as Medium SVI, and above 75th percentile as High SVI.239 
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Supplementary Note 5: SE model calibration results, climate projection datasets, and SE 240 

model forecasts 241 

 242 

We projected future losses, awareness, population density, and home values from time series of 243 

annual projected coastal hazards (i.e., peak water surface elevations and precipitation intensity). A 244 

full list of climate projection datasets used for the forecasting of flood loss, active policy, housing 245 

density, and housing price to 2100 is presented in Table S3.  246 

 247 

Peak annual daily precipitation estimates were obtained from an ensemble of CMIP6 LOCA 248 

downscaled models14. Peak water surface elevations were obtained by combining a dataset of 249 

annual sea level rise15 (i.e., MSL elevation adjusted for changes in both sea level rise and vertical 250 

land motion16,17 ) with probability distributions of future tidal and surge heights taken relative to 251 

MSL18. We then obtained annual peak water surface elevation estimates by resampling the 252 

extreme value distributions to obtain tide + surge heights and then adding them to annual MSL 253 

projection. Resampling was performed 1000 times for each census tract. 254 

 255 

In coastal regions, combinations of multiple climate drivers and hazards may lead to compound 256 

flooding events (i.e., high water surface elevations and intense rainfall)19,20. To analyze whether the 257 

occurrence of high water elevations and intense rainfall events are independent, we tested for 258 

significant ranked correlation between peak water surface elevations and peak annual rainfall 259 

using Spearman’s ⍴ . We demonstrate that only 5% of coastal locations exhibited a significant 260 

ranked correlation between peak annual water surface elevation and precipitation intensity (Fig. 261 

S17). Further, the most highly correlated site only exhibited ⍴  = 0.45. Assessing the role of 262 

individual flood drivers (e.g., surge, waves, tides, SLR) and their spatiotemporal variability 263 

potentially leading to compound flooding events19,21 is beyond the scope of this study and we 264 

therefore adopted the simplifying assumption based on Spearman’s test that these two forms of 265 

hazard could be modeled independently. 266 

 267 

 268 
Figure S17: Cumulative distribution function (CDF) of a) Spearman’s ⍴ , b) Spearman’s ⍴  test p-269 

values, and c) the spatial distribution of Spearman’s ⍴  270 

 271 

https://www.zotero.org/google-docs/?AJCX9z
https://www.zotero.org/google-docs/?ixGBGw
https://www.zotero.org/google-docs/?RiQRMh
https://www.zotero.org/google-docs/?wLNZAv
https://www.zotero.org/google-docs/?m7yWL0
https://www.zotero.org/google-docs/?YoXGqF


 

16 

 272 

Table S3: Summary of climate projection datasets used for model forecasting. 273 

 274 

Definition Time points Source 

CMIP6 Loca downscaled precipitation 
dataset across the US coast for 
shared socio-economic pathways; 
SSP245 & SSP585 

2021-2100 CNRM-CM6-1, 
GFDL_ESM4, 

NorESM2-LM, & 
MIROC614  

Gumbel extreme value distributions 
of future tidal fluctuations and storm 
surge heights  

2021-2100 Coastal Dataset for 
the Evaluation of 
Climate Impact 

(CoDEC)18  

Sea Level rise for shared socio-
economic pathways; SSP245 & 
SSP585 

2021-2100 2022 Sea Level 
Rise Technical 

Report15  

 275 

Time series of state-aggregated simulated, observed, and forecast NFIP claims, NFIP policies, 276 

population densities, and median home values is presented in Figs S18-21. We note that for all 277 

states, the model calibration resulted in strong reproductions of historical recorded NFIP claims, 278 

NFIP policies, and population densities. States that were substantially impacted by Hurricane 279 

Sandy show a strong reproduction of historical median home values. However, several states 280 

show a declining trend in median home values from 2012 through 2020 without experiencing 281 

significant surge or rain from Sandy. In these cases, the SE model does not provide a strong fit to 282 

historical median home values, as there was no associated forcing data (i.e., high water 283 

elevations, intense rainfall) to drive this change. Decreasing home values of neighboring Atlantic 284 

coast states where Hurricane Sandy resulted in proportionally fewer NFIP claims (e.g., ME, MA; 285 

Fig. S18) may be due to regional perceptions of coastal risk affecting the housing market beyond 286 

the immediate path of the storm. Similar trends for Pacific coast states may be related to the 2011 287 

Fukushima tsunami and perceptions of exposure risk. More advanced SE model formulations than 288 

that employed in this research (Fig. S1) would be required to capture these processes. 289 

https://www.zotero.org/google-docs/?CdQJ3H
https://www.zotero.org/google-docs/?h3TrDr
https://www.zotero.org/google-docs/?1TtSnO
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 290 
Figure S18: Historical(1970-2021) and projected(2021-2100) multi-model mean flood loss across 291 

US coastal states under climate projection scenario: SSP245 & SSP585. The uncertainty bound 292 

represents 5th to 95th percentile distribution across all models. Grey dot and line represent 293 

observed and simulated historical records. Red and blue lines represent projected results for 294 

high(SSP585) & low (SSP245)  climate change emission scenarios. 295 

 296 
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 297 
Figure S19: Historical(1970-2021) and projected(2021-2100) multi-model median active flood 298 

insurance policy purchased across US coastal states under climate projection scenario: SSP245 & 299 

SSP585. The uncertainty bound represents 25th to 75th percentile distribution across all 300 

models.Grey dot and line represent observed and simulated historical records. Red and blue lines 301 

represent projected results for high(SSP585) & low (SSP245)  climate change emission scenarios. 302 

 303 
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 304 
Figure S20: Historical(1970-2021) and projected(2021-2100) multi-model median housing density 305 

across US coastal states under climate projection scenario: SSP245 & SSP585. The uncertainty 306 

bound represents 25th to 75th percentile distribution across all models. Grey dot and line represent 307 

observed and simulated historical records. Red and blue lines represent projected results for 308 

high(SSP585) & low (SSP245)  climate change emission scenarios. 309 

 310 
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 311 
Figure S21: Historical(1970-2021) and projected(2021-2100) multi-model median housing values 312 

across US coastal states under climate projection scenario: SSP245 & SSP585. The uncertainty 313 

bound represents 25th to 75th percentile distribution across all models.Grey dot and line represent 314 

observed and simulated historical records. Red and blue lines represent projected results for 315 

high(SSP585) & low (SSP245)  climate change emission scenarios. 316 
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 317 
 318 

Figure S22: a) Map showing the projected cumulative flood loss for 2021-2100 across the coastal 319 

US under climate scenario SSP245. b) Average annual flood loss claims expressed as a 320 

percentage of housing value across the US coast for the observed period, projected under 321 

SSP245 until mid-century(2021-2050), and until the end of the century(2051- 2100). c) same as (b) 322 

for annual average flood insurance policy purchases expressed as a percentage of housing units 323 

d) ratio of (b) and (c). The error bar represents standard error. 324 

 325 

 326 

 327 

 328 
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 329 
Figure S23: a) Cumulative average flood loss for three different social vulnerability groups (Low 330 

SVI, Med SVI, & High SVI) across coastal US under shared socio-economic pathway 245. 331 

Linetype;dashed, dotted, & solid depicts median values across Low SVI, Med SVI, & High SVI 332 

respectively. Line color;gray & blue represents historical and projected estimates 333 

respectively.Shading represents 5 to 95 percentile distribution for each social vulnerability group 334 

across all models. b) Same as (a) for median active policies with shading depicting 25 to 75 335 

percentile distribution. c) same as (b) for housing density. d) same as (b) for housing price. The 336 

difference between the projected estimates for each vulnerability group is tested with Mann-337 

Whitney U test. Significance level are measured at P<0.001(***), P>0.01 (ns).338 
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 339 
 340 

Figure S24: Projected cumulative flood loss for modeled (original) surge threshold and for surge threshold increased by 1m, 2m, & ∞m 341 

respectively across the US coastal states. 342 
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 343 
 344 

Figure S25: Projected active policies for modeled (original) surge threshold and for surge threshold increased by 1m, 2m, & ∞m respectively 345 

across the US coastal states. 346 
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 347 
 348 

Figure S26: Projected housing density for modeled (original) surge threshold and for surge threshold increased by 1m, 2m, & ∞m respectively 349 

across the US coastal states. 350 
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 351 
 352 

Figure S27: Projected housing values for modeled (original) surge threshold and for surge threshold increased by 1m, 2m, & ∞m respectively 353 

across the US coastal states. 354 

 355 

 356 

 357 
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