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21 Abstract

22 Climate change is intensifying flooding in the Great Lakes watershed, threatening critical 

23 infrastructure and limiting access to emergency health services. Existing U.S. flood risk tools, 

24 such as FEMA’s Hazus and the National Risk Index, and newer models from the First Street 

25 Foundation, provide valuable coverage but often emphasize economic impacts while overlooking 

26 community-level vulnerabilities. To address this gap, we developed the Community Resilience 

27 and Adaptation Spatial Infrastructure Database (CRASID). The CRASID integrated tool 

28 combines flood risk, land use, emergency service accessibility, critical infrastructure, and 

29 sociodemographic indicators into a composite risk index. This study applies CRASID across six 

30 case study areas in the western Great Lakes—four overlapping areas in two urban metro areas 

31 (Cleveland, Detroit) and two non-overlapping rural areas—to assess model applicability and 

32 identify key drivers of flood-related risk. Statistical methods included three predictive models: 

33 principal components regression, backward stepwise regression, and boosted regression trees. 

34 The boosted regression trees model provided the strongest performance in predicting risk. 

35 Findings reveal that rural, floodplain-based communities with high concentrations of vulnerable 

36 populations are disproportionately at risk due to limited access to emergency services. While 

37 urban areas generally exhibit greater resilience, they also contain localized pockets of elevated 

38 vulnerability. These results underscore the importance of a community-centric approach, shifting 

39 focus away from primarily economic measures toward accessibility of critical services and 

40 locally relevant infrastructure. By highlighting where and for whom risks are most significant, 

41 CRASID offers policymakers and communities a novel framework for planning, adaptation, and 

42 resilience-building in the face of climate-driven flooding. This people-focused approach provides 
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43 actionable insights to enhance preparedness and protect public health across diverse Great Lakes 

44 communities.

45

46 Introduction

47 Climate change is leading to an increase in the incidence of extreme weather globally, 

48 affecting both temperature and precipitation (1–7). These increases in temperature and 

49 precipitation are forecast to continue over the next century, according to global models (1). 

50 Global models show that half of the annual rainfall at any given location occurs over just 12 

51 days. When these same models factor in climate change, this timing falls to six days each year 

52 (4). In the United States, the climate threat sequelae are increasing in not just intensity and 

53 frequency, but also in the patterns of climate stressors (8–12), including in the Midwest 

54 (1,4,7,11–13).  Climate threats to communities are often multi-dimensional and stochastic, and 

55 are influenced by compound interactions (14). For example, flooding cannot be attributed solely 

56 to increased precipitation, but also to changes in infrastructure that impact rainwater runoff (1).

57  Within the Midwestern Great Lakes regions of the United States, changes in weather 

58 patterns have led to more severe storms, a higher likelihood of flooding, more frequent regional 

59 droughts, and an increase in days of extreme heat (15–18). Storms often bring increased 

60 precipitation, which leads to direct pluvial (ponding, standing water) flooding and to surface 

61 water networks exceeding their carrying capacity, so that fluvial (river, stream) waters flood onto 

62 adjacent land. (8,19,20). Around the Great Lakes, fluvial flooding may be exacerbated by 

63 seiches. Seiches form from a combination of strong winds and rapid changes in barometric 

64 pressure over partially or wholly enclosed bodies of water. Wind and pressure changes can move 

65 the water from one end (or side) of a lake to the other. When the wind stops, the water 'bounces 
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66 back' or rebounds, only to be pushed forward again, creating an oscillation of high waves. In the 

67 Great Lakes, seiches increase localized flooding by pushing lake water up into the connected 

68 rivers and streams. (21–25).

69 Flooding

70 Flood risk analysis is a complex task that requires accurate geologic, topographic, 

71 hydrologic, and environmental data fed into flood modeling software, such as HEC-RAS, 

72 HAZUS, or software developed by an organization, to predict where water will flow during a 

73 precipitation event (19,20,25–31) to create flood maps. Most flood risk analysis in the United 

74 States uses the historical flood maps generated or aggregated by the Federal Emergency 

75 Management Agency, which uses the Hazus Flood Loss Estimation Methodology (32). The 

76 Federal Emergency Management Agency flood maps are incomplete, and the Hazus 

77 methodology is poorly documented, with user guidance strongly encouraging the use of user-

78 supplied depth grids (31–33). Other drawbacks to the Federal Emergency Management Agency 

79 flood maps, as well as many large-scale models, are the age and quality of the surveyed streams, 

80 poor coverage of small drainage areas, low-quality surface elevation data, and even simplified 

81 physics in the flood models (28). To address the drawbacks and issues in the Federal Emergency 

82 Management Agency's methods, companies such as Fathom Global and the First Street 

83 Foundation have begun using flood models built using a combination of satellite imagery, Light 

84 Detection and Ranging (LIDAR) point clouds, and machine learning algorithms to address this 

85 coverage gap, creating more detailed and comprehensive national-scale flood risk maps (20,34). 

86 Light Detection and Ranging typically uses near-infrared laser pulses to measure the distance 

87 between an aircraft and the ground with precision. From these laser pulses, professionals can 

88 create high-accuracy and precision digital elevation models of the Earth's surface (35).
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89 People’s lives are seriously impacted by flooding events, which cause economic losses 

90 and damage to critical infrastructure, in addition to temporary or permanent displacement (1). 

91 Flood events also affect human health by causing both mortality and morbidity. Flooding 

92 impacts human health in various ways, including limited access to necessary health services, 

93 which can be independent of or exacerbated by the storm and flooding. A lack of access to 

94 essential health services can further complicate these impacts. (1,2,36). This paper focuses on 

95 access to emergency health services as the risk focus in an analysis of flood risk associated with 

96 storm-induced flooding impacts on critical infrastructure. 

97 Critical infrastructure

98 Critical infrastructure supports our society and societal functions. National Critical 

99 Infrastructure is defined in the Critical Infrastructure Information Act (37). This act states that 

100 specific infrastructure sectors, such as telecommunications and energy, are critical to the nation's 

101 defense and security. These systems are considered so vital to the United States that should one 

102 or more become incapacitated or destroyed, their destruction could have a debilitating effect on a 

103 national scale, including impacting the safety, public health, and economy of the nation (38). The 

104 protection of these national critical infrastructures, as so defined, is the conjoined responsibility 

105 of the government, corporations, and Non-Governmental Organizations in a public-private 

106 partnership (37,39).

107 In the United States, the federal government defines, regulates, and sometimes 

108 administers critical infrastructure. However, in an emergency (such as storm-related flooding or 

109 other climate-induced disasters), federal, state, and municipal management or aid may be 

110 unavailable to individual households for hours, days, or even weeks. The Federal Emergency 

111 Management Agency recommends having an emergency kit that can last for 72 hours (40). From 
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112 a climate emergency survival perspective, critical infrastructure, especially access to and from 

113 emergency services, needs to be redefined from a community-based perspective so that 

114 individual households can identify community-centric infrastructure vulnerabilities and plan 

115 adaptations to increase household-level climate emergency resilience.

116 Local community resilience

117 The term resilience has been used for centuries and has slightly different definitions 

118 depending on the audience. Resilience is broadly defined as a system’s ability to recover quickly 

119 from disruption. A more detailed definition, based on the National Academy of Sciences, 

120 includes the concepts of planning, absorbing, recovering, and adapting to disruptions, making 

121 risk an integral part of the definition of resilience (41–46). Resilience can be broken down into 

122 four phases in a linear analysis, or into three phases when the phenomenon is iterative. These 

123 phases include preparation and hardening, absorption of the stressor, accompanied by any 

124 immediate damage; recovery from the damage; and adaptation and transformation to ensure 

125 better preparation for the next similar stressor (21,47–49). These phases can be seen as a 

126 repeating or iterative cycle (47,50,51). This definition can be helpful in a broad range of 

127 applications, and is evident in the concepts of physical resilience, team resilience, biological and 

128 ecological resilience, economic resilience, social behaviors, and climate change resilience 

129 (41,43–45). Social or community resilience is the resilience concept applied to an individual or a 

130 community of individuals (46). As communities are composed of individual families and their 

131 members, shocks and stressors that directly affect families also affect the local community's 

132 structure and function. Therefore, protecting and enhancing the adaptability and resilience of 

133 individuals and families are essential to local community resilience. Since the associated support 

134 structures of communities are, effectively, the local community version of nationally embodied 
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135 critical infrastructure, local community resilience analysis should incorporate local community-

136 based critical infrastructure metrics (52). Local community resilience must enable the local 

137 community-based entities (individuals, families, groups) and their associated support structures 

138 to plan, absorb, recover, and adapt to disruptions that are already occurring and will continue to 

139 occur (53). The final adaptation step is crucial for enhancing future resilience, as catastrophic 

140 climate events, such as floods, have a lasting impact, whether visible or not (54). By adapting, 

141 we create a feedback loop that returns us to the beginning of the definition, making resilience an 

142 ongoing, iterative process. 

143 Community Resilience and Adaptation Spatial Infrastructure Database

144 Communities need a foundation to begin the four phases of resilience. Understanding 

145 how climate change-induced impacts affect individuals and families within communities is a 

146 complex problem (55). Planning for future resilience-related adaptations and minimizing 

147 vulnerability to disaster-related damage requires the ability to predict vulnerability and potential 

148 harm, especially when disasters develop quickly, as with flooding. CRASID was designed as a 

149 new tool for communities (currently, Western Great Lakes communities in the United States) and 

150 individuals to plan for and better understand the local community resilience factors that their 

151 specific spatial location’s critical infrastructure is vulnerable to in the face of climate-driven 

152 hazards, such as flooding (52). The Community Resilience and Adaptation Spatial Infrastructure 

153 Database (CRASID) is a tool that combines metrics for floodplains, access to emergency 

154 services, community-centric critical infrastructure, land use, and vulnerable populations to create 

155 a new spatially integrated flood-related risk index. Here, we provide a proof-of-concept using the 

156 current CRASID database and its associated risk index. A proof of concept for a model can be 
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157 evaluated by its applicability, or by how well it performs in cases similar to the original (56). The 

158 research questions asked are;

159 1) Is CRASID applicable to local communities and individuals for risk and 

160 emergency planning? 

161 This will be assessed by comparing six different study areas within the spatial 

162 database. Four will reflect highly urban areas and are intentionally redundant to test 

163 whether watershed boundaries or approximate size are a better analytical frame. Two 

164 will reflect highly rural areas to assess the model implications of population density.

165 2) What are the most critical factors driving the CRASID risk score in each 

166 of the six study areas? 

167 We will analyze the CRASID metrics to identify the most critical factors in predicting 

168 community-centric risk to emergency service access during flooding events.

169

170 Data and methods

171 Community Resilience and Adaptation Spatial Infrastructure Database 

172 (CRASID)

173 CRASID was initially developed to encompass portions of the western six states within 

174 the United States' Laurentian Great Lakes watershed (57).  The database utilizes a buffered 

175 watershed boundary file from the United States Geological Survey's Watershed Boundary 

176 Dataset website (58). The watershed boundaries were extended by 40 km to include all spatial 

177 features that might extend outside the watershed (such as municipalities). A grid of five-

178 kilometer vertex-to-vertex hexagons was generated and clipped to the watershed boundary 

179 feature, resulting in a tessellated grid of 22,178 hexagons, each uniquely identified by a two-
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180 character and two-digit identifier (59). Some feature layers were point locations, while others 

181 were based on census tracts or census block groups, or followed arbitrary boundaries (such as 

182 tribal lands). Others were created from satellite imagery (raster). ArcGIS Pro (60) was used to 

183 standardize the spatial feature layers within CRASID to develop indicators. Using the ArcGIS 

184 Pro Spatial Analysis Tools (60), the percentage of each polygon or raster, or the count of point 

185 locations, within each hexagon was calculated so that all indicators were standardized based on 

186 each hexagon's area. This approach resulted in a table with 22,178 rows — one for each hexagon 

187 — and a column for each of the 32 indicators. The metrics, submetric groupings, and individual 

188 indicators currently included in the CRASID risk score are listed in Table 1. The environmental 

189 metric represents the natural environment. In CRASID, this was further divided into two 

190 submetric groupings, flood risk and land use. Flood risk was defined as the percentage of each 

191 hexagon covered by each of the 100-year, 500-year, and 1000-year floodplains (derived from a 

192 combination of satellite imagery and machine learning) (61). Land cover was obtained from the 

193 Global Land Use/Land Cover with Sentinel 2 and Deep Learning project (62), hosted by Esri. 

194 The Global Land Use/Land Cover project identified eight distinct land cover types (derived from 

195 satellite imagery and machine learning) at 10-meter resolution across all landmasses on the 

196 planet. Therefore, the environmental metric can be thought of as the exposure (floodplains) and 

197 an effect modifier (land cover). The social metric represents the man-made features. CRASID 

198 divides the social metric into three submetric groupings: A Community-centric Critical 

199 Infrastructure, an Emergency Medical Services access, and a Vulnerable Populations grouping. 

200 The community-centric critical infrastructure indicators were pulled from the United States 

201 Homeland Infrastructure Foundation-Level Data website (62). The individual indicators included 

202 the number of child care centers, the amount of domestic well usage, the number of microwave 
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203 towers, the number of mobile home parks, the number of nursing homes, the number of power 

204 plants, the number of power substations, the number of public or private schools, and the number 

205 of worship centers residing within each hexagon. The indicators that made up the emergency 

206 medical services access were generated by creating 15-minute drive-time road network service 

207 areas for each ambulance service, emergency operations center, fire department, hospital, and 

208 national shelter location, all obtained from the Homeland Infrastructure Foundation-Level Data 

209 website. Finally, the vulnerable populations indicators included the Centers for Disease Control 

210 and Prevention's Social Vulnerability Index, the United States Census Bureau’s Resilience Index 

211 metrics for one and two risks, the United States Census Bureau’s Resilience Index metric for 

212 three or more risks, and the percent of tribal land coverage (63,64). The social metric’s indicators 

213 used in CRASID reflect a community-centric approach to defining a location’s critical 

214 infrastructure. CRASID uses indicators that are more meaningful to individuals or communities, 

215 such as the number of schools or nursing homes in a given area, to define critical infrastructure, 

216 rather than relying on the dollar value of property.

217

218

219

220

221

222

223

224

225
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226 Table 1. Data features used in the Community Resilience and Adaptation Spatial 

227 Infrastructure Database.

Metric Submetric grouping Indicator
Percent 100-year fluvial flood coverage
Percent 100-year pluvial flood coverage
Percent 500-year fluvial flood coverage
Percent 500-year pluvial flood coverage
Percent 1000-year fluvial flood coverage

Flood Risk

Percent 1000-year pluvial flood coverage
Percent Bare coverage
Percent Built coverage
Percent Crops coverage
Percent Grass coverage
Percent Scrub coverage
Percent Tree coverage

Percent Water coverage

Environmental

Land Use

Percent Wetlands coverage
Child Care Center

Domestic wells usage
Microwave Tower

Mobile Home Parks
Nursing Homes

Power Plant
Power Substations

Public/Private Schools

Critical Infrastructure

Worship Centers
Ambulance Service areas

EOC Service areas
Fire Department Service Areas

Hospital Service areas

Emergency Medical 
Services

National Shelter Service areas
CDC Social Vulnerability Index coverage

Percent Tribal Land coverage
U.S. Census Bureau Resilience Index (1 

and 2)

Social

Vulnerable Populations

U.S. Census Bureau Resilience Index (3 or 
more)

228 The indicators, submetric groupings, and metrics used in CRASID.

229
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230 Individual CRASID indicators were normalized using percentile ranking. Submetric 

231 groupings were then grouped and averaged together based on an adaptation of the 

232 CalEnviroScreen (65) model. The five submetric groupings (Critical Infrastructure, Emergency 

233 Medical Services, Environmental Land Use, Flood Risk, Vulnerable Populations) were then 

234 combined to create two metrics (Social and Environmental). These two metrics were percentile-

235 ranked and multiplied together to form a risk index score. The risk score was then percentile-

236 ranked before all of the data was mapped back to the original hexagons (57). The metrics and 

237 risk index score were then mapped in ArcGIS using a quartile symbology to facilitate easier 

238 visualization. A flowchart outlining the overall data processing approach is shown in Fig 1.

239

240 Fig 1. Data standardization and normalization. This flowchart was adapted from Ashby and 

241 Henshel (2025).

242

243 Study areas

244 The 22,178 hexagons in CRASID cover an area of 360,226 square kilometers in the 

245 western Great Lakes, as shown in Fig 2 (grey shaded area). This extensive database makes a 

246 diverse sociodemographic backdrop for study, ranging from densely populated urban areas to 

247 sparsely populated tribal areas. We analyze six study areas within CRASID to determine their 

248 applicability, predictive strength, and driving factors. Three study areas (two urban and one 

249 rural) were selected to match the watersheds. Three study areas (two urban and one rural) were 

250 chosen to approximately match the number of hexagons in the study area, while still aligning 

251 with governance boundaries. The two urban regions (Cleveland, Detroit) were incorporated into 

252 both the watershed and the municipal-size-based study areas to assess which approach 
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253 (watershed versus approximate size-based mapping) would be more effective in the future. The 

254 rural areas were not well aligned with governance boundaries and were then selected to be 

255 comparable based on population density and the inclusion of tribal areas. 

256

257 Fig 2. Study areas. The western Great Lakes watershed (in grey), highlighting the six study 

258 areas. Municipal areas are shaded in orange (greater Cleveland area), purple (greater Detroit 

259 area), and green (rural area). Watershed areas are shaded in blue (Greater Cleveland), pink 

260 (Greater Detroit), and red (rural areas).

261

262 Statistical analysis

263 Applicability

264 The applicability of CRASID to local communities and individuals for risk and 

265 emergency planning was explored using violin plots, distribution skew, and Tukey Honest 

266 Significant Differences groupings for each composite metric across the six study areas. Violin 

267 plots combine a box-and-whisker plot within a distribution plot. Violin plots help visualize the 

268 full distribution and where the quartile breaks fall within the data. This makes violin plots helpful 

269 in comparing the different study areas and identifying similarities and differences. The skew 

270 values for each distribution were added to numerically reinforce what the violin plots showed 

271 numerically, allowing easier comparison across the composite metrics. A distribution with a 

272 skew value greater than one is considered highly skewed. Finally, Analysis of Variance was 

273 performed to obtain the Tukey Honest Significant Differences groupings. The Tukey Honest 

274 Significant Differences test compares the distribution of each study area to those of the others in 

275 a pairwise fashion. Study areas that are not significantly different from each other are assigned 
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276 the same letter. Using the Tukey Honest Significant Differences test quantifies and more 

277 effectively separates distributions that are more closely related than visual inspection alone. All 

278 applicability testing was done using the R statistical package (66).

279 Analytical models

280 We tested three analytical models for determining the critical factors driving the CRASID 

281 risk score within each study area: principal components analysis with regression, backward 

282 stepwise linear regression, and boosted regression trees machine learning algorithm. The outputs 

283 of the three models were compared using both Pearson's correlation and Root Mean Squared 

284 Error. The Pearson correlation is a linear measure of the relationship between the actual and 

285 predicted values. Pearson's correlation uses covariance and standard deviation to produce a 

286 normalized metric. This standardization ensures that the Pearson correlation coefficient will 

287 always lie between -1 and 1, with values closer to the extremes indicating stronger correlation 

288 (67). The Root Mean Square Error is commonly used as a goodness-of-fit measure, indicating 

289 how far off predictions are from the actual values. Rather than a line through the data cloud 

290 representing the least error, such as used in R-squared analysis, the Root Mean Square Error uses 

291 a line of perfect prediction. This makes Root Mean Square Error helpful in comparing different 

292 models, as the results are expressed in the same units as the dependent variable (68). The smaller 

293 the Root Mean Square Error score for a model, the better its performance. Both Pearson's 

294 correlation and Root Mean Square Error were used to evaluate the outputs of the three analytical 

295 models: principal components analysis with regression, backward stepwise linear regression, and 

296 a boosted regression trees machine learning algorithm. 

297 Principal Components Analysis is a standard unsupervised method for reducing a large 

298 number of variables in a dataset while still explaining a high level of variability within the data. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


15

299 When dealing with a large number of interrelated variables, principal components can be used to 

300 condense them into a few key elements that still account for most of the original variation. Each 

301 Principal Components Analysis dimension is a linear combination of all of the features in the 

302 data, many of which are correlated, or even highly correlated. Using Principal Components 

303 Analysis, we can thus reduce the number of variables needed to explain the data (69) 

304 satisfactorily. Since CRASID contains both standardized and normalized variables, the 

305 percentile-ranked values in CRASID were used for Principal Components Analysis and Principal 

306 Components Regression. The ‘prcomp’ function in R was used (69,70). For the regression 

307 portion of the model, the dependent variable was the risk score percentile, and the same CRASID 

308 standardized variables used in the Principal Components Analysis portion served as explanatory 

309 variables. Since the variables were already scaled, the scale component was set to FALSE. 

310 Validation was set to use a standard 10-fold cross-validation (71). The ‘sample’ function split the 

311 data into training (80%) and validation sets (20%). Finally, the model was run using the ‘pcr’ and 

312 ‘predict’ functions. The predictions were then compared with the training set using Root Mean 

313 Square Error and Spearman's correlation (72).

314 Stepwise linear regression is another standard method for reducing the number of least 

315 useful predictors in a dataset. Backward stepwise linear regression begins with all variables in 

316 the least squares model and, one by one, removes those that are least useful. This form of 

317 regression can be more desirable when there are many variables to consider (71). Stepwise linear 

318 regression was performed in R using the same standardized variables as in the Principal 

319 Components Analysis model, with the risk score percentile as the dependent variable for each of 

320 the six study areas. Validation was set to use a standard 10-fold cross-validation. The ‘sample’ 

321 function split the data into training (80%) and validation (20%) sets, and the model was trained 
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322 and evaluated using the ‘train’ and ‘predict’ functions. The method component was set to use the 

323 Akaike Information Criterion. The Akaike Information Criterion is commonly used as a metric 

324 within models like this to balance fit and simplicity in the model's predictions (70,71,73,74).

325 Boosted Regression Trees is a supervised ensemble of two machine learning methods. 

326 One method uses recursive splitting of the explanatory variables in relation to the dependent 

327 variable (called regression trees), and the second method adaptively combines many simple 

328 ‘learners’ into a strong predictive learner with high performance (called boosting) (75–77). The 

329 Boosted Regression Trees analysis was conducted in R using a set of Boosted Regression Trees-

330 specific functions developed by Elith et al. (2008) (76). The CRASID standardized variables and 

331 the risk score percentile were used as the explanatory and dependent variables, respectively. 

332 Validation was set to use a standard 10-fold cross-validation. The ‘sample’ function split the data 

333 into training (80%) and validation (20%) sets, and a model was trained and evaluated using the 

334 ‘train’ and ‘predict’ functions. Within the Boosted Regression Trees models, the family 

335 component was set to ‘Bernoulli’, tree complexity was set to 5, learning rate was set to 0.004, 

336 and bagging fraction was set to 0.75. The predictions were then compared with the training set 

337 using Root Mean Square Error and Spearman's correlation (75,76). This was repeated for the 

338 entire western US Great Lakes watershed and each of the six study areas.

339

340 Results

341 Applicability

342 The violin plots for each composite metric and the risk percentile score for each of the six 

343 study areas are shown in Fig 3. The n-value underneath each study area name on the x-axis refers 
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344 to the number of hexagons for that area. The skew value is listed below the number of hexagons. 

345 Above each distribution is the Tukey Honest Significant Differences grouping letter.

346

347 Fig 3. Violin plots for each composite metric and the risk percentile score. The n-value 

348 underneath each study area name refers to the number of hexagons comprising that area, 

349 followed by the skew value. The Tukey Honest Significant Differences grouping letter is listed 

350 above each distribution.

351

352 Analytical model comparison

353 The most important factors driving the risk score in CRASID were analyzed using each 

354 of the three models (principal components analysis with regression, backward stepwise linear 

355 regression, and boosted regression trees machine learning algorithm). The Root Mean Squared 

356 Error (RMSE) and Pearson correlation results for each model by study area are shown in Table 

357 2, with the best-fitting model highlighted in bold. The same results from Table 2 are presented as 

358 radar graphs in Fig 4. For the Root Mean Squared Error results, the closer to the center of the 

359 graph, the smaller and therefore better the Root Mean Squared Error score for that model. The 

360 Pearson correlation radar graph is the opposite: the rings farther from the center indicate higher 

361 correlation values. 

362 Table 2. RMSE and Pearson correlation scores.

 RMSE Correlation

Area PCR SLR BRT PCR SLR BRT

Great Lakes watershed 0.141 0.12 0.05 0.89 0.93 0.98

Cleveland municipal 0.175 0.09 0.06 0.83 0.93 0.98

Cleveland watershed 0.176 0.14 0.08 0.83 0.91 0.94
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Detroit municipal 0.134 0.07 0.06 0.9 0.95 0.96

Detroit watershed 0.173 0.08 0.07 0.83 0.9 0.92

Rural municipal 0.14 0.08 0.05 0.89 0.97 0.98

Rural watershed 0.155 0.07 0.08 0.87 0.98 0.97
363 RMSE and Pearson correlation results. The best model fit is highlighted in bold.

364

365 Fig 4. Radar plots of Table 2 results. For the Root Mean Squared Error plot (above left), the 

366 closer to the center of the graph, the better the model. In the Pearson correlation plot (above 

367 right), the farther from the center, the higher the correlation value. 

368

369 Critical factors

370 The results of the Root Mean Squared Error and correlation analyses indicate that the 

371 boosted regression trees model was the best overall fitting model. While backward stepwise 

372 linear regression performed better in the rural watershed, the improvement was only marginal 

373 compared to the boosted regression trees model. Therefore, the boosted regression trees model 

374 was selected as the preferred model. The most influential factors for the boosted regression trees 

375 model are shown in Fig 5.

376  

377 Fig 5. Most influential factors for the boosted regression trees model. The larger the area, the 

378 greater the relative influence of that variable.

379
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380 Discussion

381   Climate change has intensified the frequency, severity, and patterns of extreme 

382 weather events worldwide (1), with notable regional effects in the Midwestern Great Lakes 

383 region of the United States (78). These changes, especially increases in precipitation and 

384 temperature, amplify the risk of compound and stochastic hazards, such as flooding, which in 

385 turn threaten critical infrastructure and public health. To our knowledge, this project is the first 

386 human health-oriented risk assessment of climate change as a stressor in the Great Lakes 

387 watershed, focusing on risks associated with access to emergency services. The CRASID 

388 database and risk assessment use social vulnerability and a unique community-centric critical 

389 infrastructure metric as influencing factors. We found that vulnerable populations living in 

390 highly rural, floodplain areas are at greater risk than similarly situated urban populations in most 

391 urban floodplain areas when they need to seek out or be sought out by emergency services. 

392 While the impact on rural, vulnerable populations is a theme across the findings, some 

393 subpopulations within larger municipalities also have high-risk rankings. Thus, greater 

394 urbanization does not guarantee greater access to emergency services that could be vital to 

395 community members during weather emergencies and floods.

396 The need for communities to better understand their risk and resilience in these weather-

397 related emergencies has spurred the development of risk models. One of the first and most 

398 referenced national flood risk models is the U.S. FEMA National Risk Index. The National Risk 

399 Index uses highly accurate terrain measurements, surveyed river channels, stream gauge data, 

400 and flood protection measures to calculate its riverine flood component. The National Risk Index 

401 is considered a gold standard in inundation modeling. While considered a gold standard, the 

402 National Risk Index does have some drawbacks; not all areas have been assessed for flood risk 
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403 (missing data), it is based only on the 100-year (and sometimes on the 500-year) floodplains, 

404 does not take pluvial flooding into account (which is one of the flood stressors that is changing 

405 most in recent years), can take time to update after recent flooding and keep updated, and is not a 

406 balanced assessment. In saying it is not a balanced assessment, the combination of missing data 

407 and an urban bias due to economic weighting leads to money, policy, and resources being 

408 unevenly distributed. The uneven distribution disproportionately affects rural and tribal areas, 

409 perpetuating inequity (19,28,79,80). Therefore, as climate variability and precipitation extremes 

410 continue to worsen, the NRI becomes less and less applicable yet remains the common standard 

411 for policy and decision-making.

412 The National Risk Index calculates risk using a function that divides a social 

413 vulnerability metric by a community resilience metric, and then multiplies the result by the 

414 expected annual loss metric (80). Both the social vulnerability and the community resilience 

415 metrics are strongly influenced by (incorporate indicators related to) population density. The use 

416 of an expected annual loss metric also makes the National Risk Index more focused on the 

417 economic impact of natural hazards rather than on the direct effect of flooding on people. The 

418 NRI comprises 18 individual hazard types, but utilizes an “Inclusion Threshold” based on state 

419 disaster plans to determine whether a particular hazard should be included in the analysis (80). If 

420 at least 25 of the 50 state disaster plans included one of the 18 hazards, or if it was deemed by the 

421 FEMA committee to be a regionally significant hazard, then it was included in the National Risk 

422 Index (80). Given these drawbacks and its methodology, the National Risk Index significantly 

423 underestimates the risk to rural areas and warrants re-evaluation.

424 First Street Technology, Inc. has developed a suite of modernized models that, for the 

425 first time, incorporates climate change considerations into hazard analysis at both national and 
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426 global scales. In contrast to the National Risk Index, which integrates flood, drought, extreme 

427 heat, and other factors directly into the risk model, First Street has developed separate models for 

428 each hazard (8). The First Street Flood Model addresses some of the limitations and drawbacks 

429 of the National Risk Index by including pluvial flooding, or the ponding of water due to rainfall, 

430 as well as fluvial (river and waterbody) and coastal flooding (19,81). The First Street Flood 

431 Model takes advantage of LIDAR-derived topography from the United States Geological 

432 Survey’s 3DEP program. First, the First Street Flood Model combines 3DEP topography with 

433 multiple data sources. The First Street Flood Model, therefore, achieves an accuracy of 3 meters, 

434 even in areas with complex topography or dense infrastructure (81). Using this method has 

435 allowed First Street to build high-resolution, national-scale flood inundation maps for use in their 

436 models. The hazard maps are accurate to the parcel level, allowing individual homes and 

437 buildings to be assigned scores. By evaluating risk at the building level, they have overcome the 

438 drawback of using U.S. Census tracts as the aggregation unit. U.S. Census tracts change every 10 

439 years and are based on street centerlines, making it more challenging to conduct longitudinal 

440 studies. Similar to the National Risk Index, the First Street Flood Model has incorporated the 

441 National Levee Database. The National Levee Database is necessary to accurately determine 

442 flood inundation in the context of human interventions. Adding the National Levee Database 

443 data makes the First Street Flood Model superior to the National Risk Index, as it has the same 

444 quality topographic feature set as the National Risk Index, but covers the entire United States. 

445 One of the most significant drawbacks to both the National Risk Index and the First Street Flood 

446 Model is their focus on economics. Both models heavily weigh the economic cost of floods on 

447 buildings and infrastructure. While useful for high-level recovery cost planning, economic 
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448 impact is much less helpful to small communities and individuals who need emergency and 

449 escape route planning before or during an extreme flood event.

450 To address some of the limitations of the National Risk Index and First Street methods, 

451 the Community Resilience and Adaptation Spatial Infrastructure Database (CRASID) was 

452 developed (52). CRASID utilizes the same raw flood inundation data as the First Street Flood 

453 Model and includes sociodemographic data similar to that of the National Risk Index, as well as 

454 similar environmental factors and some critical infrastructure. The notable differences between 

455 CRASID and other tools include how data is aggregated, the choice of infrastructure, and access 

456 to emergency services. CRASID uses a tessellated mesh of 5 km hexagons spanning the entire 

457 watershed, with vertices spaced 5 km apart. By aggregating all variables to these hexagons, we 

458 reduce the variability of census tracts or cadastral parcels. The size of the hexagons was also 

459 chosen to help visualize travel on foot in an emergency, when an individual or family may need 

460 to escape or seek medical attention. Using hexagons also conveys a sense of directionality 

461 through their sides. Visualizing the general direction of escape is easier with a standardized 

462 mesh, such as a hexagonal one. CRASID also differs from the National Risk Index and First 

463 Street in the choice of critical infrastructure features. The CRASID database employs a unique 

464 approach, utilizing local community resilience factors rather than the more typical federal-level 

465 factors. These local community resilience factors examine what a person or family would 

466 consider necessary in an emergency. Taking a community-centric approach makes the CRASID 

467 database more people-centric and less economic-centric. In an emergency, when people may be 

468 injured or need shelter, knowing where emergency services are concentrated and how far they 

469 can reach quickly can make a significant difference. From a policy perspective, knowing where 

470 services are lacking, such as in highly rural areas, can inform planners where resilience measures 
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471 may be needed. By focusing on the individual and community aspects of flood hazards, and by 

472 centering the analysis on emergency health service accessibility and community-centric critical 

473 infrastructure, the CRASID framework offers a novel, spatially resolved approach to evaluating 

474 and enhancing local community resilience to climate-driven flooding. 

475 The purpose of CRASID is to be used as a tool for communities and individuals to plan 

476 for and better understand their vulnerability (57). From escape planning before or during an 

477 emergency to repurposing floodplain areas to increase resilience, the use of CRASID enables us 

478 to understand a community's vulnerability drivers better. One of the outcomes of this study is to 

479 hopefully stimulate discussions among communities and policymakers on how they can 

480 collaborate to mitigate the impact of climate change-induced flooding. As seen frequently with 

481 hurricane events and dam breaches, flooding can affect anyone, regardless of social status. Those 

482 most vulnerable and sensitive, however, are at greater risk due to lower resilience and limited 

483 capacity to adapt to the physical, economic, and health and safety effects of such events. Such 

484 local community-centric critical infrastructure-focused risk assessments, available within a 

485 visualization tool, will better enable information-centric adaptation decision-making by 

486 communities and governments, helping individuals, families, and communities increase 

487 resilience in the face of floods and other anthropogenic climate change stressors. CRASID shifts 

488 the focus away from purely economic metrics toward more human-centered ones. These metrics 

489 highlight who and where people are most affected in an extreme flood event. Vulnerable 

490 populations, such as people living on tribal reservations, are at greater risk due to their increased 

491 reliance on the land. Events such as flooding can contaminate areas where wild edibles are 

492 gathered (82–84). At the same time, these maps show that overlapping service areas contribute to 

493 increased resilience in highly urban areas, in stark contrast to the low resilience of the rural 
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494 regions. However, we found ‘pockets’ of metropolitan areas with very low resiliency and greater 

495 risk, even within larger municipal regions.

496 Like all risk indexes, the CRASID model has several limitations. Unlike the FEMA 

497 National Risk Index and the First Street Flood Model, CRASID only covers the western part of 

498 the Great Lakes watershed. The original funding source and available computing resources 

499 determined the extent of the watershed. Future developments of the CRASID database include a 

500 state-by-state analysis. This would make the risk scores even more relevant to state-level 

501 policymakers, while also reducing computing resource needs. 

502 The CRASID database uses a tessellated hexagonal mesh to standardize the different 

503 feature layers. Using hexagons means that every point in the study area can be compared to 

504 every other point. The limitation lies in how the hexagons are created. It is tough to recreate the 

505 same hexagon overlay when expanding the original area. Getting around this limitation could be 

506 achieved by using a more standardized, global hexagonal mesh, such as the Uber ride-sharing 

507 service’s H3 project (59,85). Using a standardized hexagon layer would make the CRASID 

508 database more reproducible at different scales. 

509 Another limitation was the use of power plant and power substation locations as a proxy 

510 for power infrastructure (86). Using the density of power line networks, while computationally 

511 intensive, would reduce this limitation. Power line networks are similar to road networks: higher 

512 density means greater resilience. 

513 The use of 15-minute access times to calculate emergency service areas could be 

514 improved by using multiple buffers with different time steps. Generating the 15-minute access 

515 times was the most significant computational limitation of the CRASID database. This would 

516 require a high-performance computing platform. Once the computational limitations are 
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517 overcome, it could be helpful for emergency planners to have multiple buffers at different time 

518 steps to plan emergency routes and shelters more effectively.

519 Future directions for research include adding the impact of different climate change 

520 models on flooding in the Great Lakes watershed. Running ‘what-if’ scenarios would enable 

521 communities to plan for future events under varying levels of uncertainty. Additionally, 

522 incorporating feedback from focus groups, further risk factors (e.g., leaking underground storage 

523 containers) could be identified to gain a more comprehensive understanding of the factors 

524 driving risk. This would allow communities to include risks specific to their location. Another 

525 direction of research includes adapting the CRASID database to a Bayesian Network. Using a 

526 Bayesian Network approach, compared to the current method of calculating risk metrics for 

527 CRASID and the National Risk Index, would enable both forward and backward prediction, 

528 making it useful for what-if scenarios. The CRASID database also utilized risk indicators from 

529 both the Centers for Disease Control and Prevention’s Social Vulnerability Index and the U.S. 

530 Census Bureau’s Resilience Index. By associating the CRASID hexagon identifiers with the 

531 Centers for Disease Control and Prevention and U.S. Census databases, deeper analyses can be 

532 conducted, including household earnings, the number of children, and more. Finally, adding a 

533 population density per hexagon indicator might allow rates to be calculated and specific 

534 adjustments to be made, making the implications between highly rural and highly urban areas 

535 more understandable.

536

537 References

538 1. Bell JE, Brown CL, Conlon K, Herring S, Kunkel KE, Lawrimore J, et al. Changes in 
539 extreme events and the potential impacts on human health. J Air Waste Manag Assoc. 
540 2018;68(4):265–87. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


26

541 2. Filippelli GM, Freeman JL, Gibson J, Jay S, Moreno-Madriñán MJ, Ogashawara I, et al. 
542 Climate change impacts on human health at an actionable scale: a state-level assessment of 
543 Indiana, USA. Clim Change. 2020;163(4):1985–2004. 

544 3. Lee H, Calvin K, Dasgupta D, Krinner G, Mukherji A, Thorne P, et al. Synthesis Report of 
545 the IPCC Sixth Assessment Report - Longer Report. Geneva, Switzerland: Panmao Zhai; 
546 2023 p. 1–85. 

547 4. Pendergrass AG, Knutti R. The Uneven Nature of Daily Precipitation and Its Change. 
548 Geophys Res Lett. 2018;45(21):11,980-11,988. 

549 5. Seneviratne SI, Zhang X, Adnan M, Badi W, Dereczynski C, Di Luca A, et al. Weather and 
550 Climate Extreme Events in a Changing Climate. In: Masson-Delmotte V, Zhai P, Pirani A, 
551 Connors SL, Péan C, Berger S, et al., editors. Climate Change 2021: The Physical Science 
552 Basis Contribution of Working Group I to the Sixth Assessment Report of the 
553 Intergovernmental Panel on Climate Change. Cambridge, United Kingdom and New York, 
554 NY, USA: Cambridge University Press; 2021. p. 1513–766. 

555 6. Weilnhammer V, Schmid J, Mittermeier I, Schreiber F, Jiang L, Pastuhovic V, et al. Extreme 
556 weather events in europe and their health consequences – A systematic review. Int J Hyg 
557 Environ Health. 2021;233:113688. 

558 7. Witze A. Why Extreme Rains are Getting Worse. Nature. 2018 Nov 22;563:458–60. 

559 8. First Street Foundation. Risk Factor - First Street Foundation [Internet]. 2023 [cited 2023 Jan 
560 18]. Available from: https://firststreet.org/risk-factor/

561 9. Kumar P, Chandra R, Bansal C, Kalyanaraman S, Ganu T, Grant M. Micro-climate 
562 Prediction - Multi Scale Encoder-decoder based Deep Learning Framework. In: Proceedings 
563 of the ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. 
564 Association for Computing Machinery; 2021. p. 3128–38. 

565 10. Meredith D. The bioregion as a communitarian micro-region (and its limitations). Ethics 
566 Place Environ. 2005;8(1):83–94. 

567 11. Reidmiller DR, Avery CW, Easterling DR, Kunkel KE, Lewis KLM, Maycock TK, et al. 
568 Impacts, Risks, and Adaptation in the United States: The Fourth National Climate 
569 Assessment, Volume II [Internet]. U.S. Global Change Research Program; 2018 [cited 2024 
570 Mar 11]. Available from: https://nca2018.globalchange.gov/

571 12. Wuebbles DJ, Fahey DW, Hibbard KA, Dokken DJ, Stewart BC, Maycock TK (eds), et al. 
572 Climate Science Special Report [Internet]. Washington, DC: U.S. Global Change Research 
573 Program; 2017. Report No.: Fourth National Climate Assessment, Volume I. Available from: 
574 https://science2017.globalchange.gov/

575 13. Mallakpour I, Villarini G. The changing nature of flooding across the central United States. 
576 Nat Clim Change. 2015;5(3):250–4. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


27

577 14. Zscheischler J, Westra S, Van Den Hurk BJJM, Seneviratne SI, Ward PJ, Pitman A, et al. 
578 Future climate risk from compound events. Nat Clim Change. 2018;8(6):469–77. 

579 15. Bartolai AM, He L, Hurst AE, Mortsch L, Paehlke R, Scavia D. Climate change as a driver 
580 of change in the Great Lakes St. Lawrence River Basin. J Gt Lakes Res. 2015;41(S1):45–58. 

581 16. Lopez H, West R, Dong S, Goni G, Kirtman B, Lee SK, et al. Early emergence of 
582 anthropogenically forced heat waves in the western United States and Great Lakes. Nat Clim 
583 Change. 2018;8(5):414–20. 

584 17. Rahimimovaghar M. Analysis of Lagged Compound Droughts and Floods in the Great Lakes 
585 Basin: Historical Patterns and Future Projections under Climate Change. Electron Thesis 
586 Diss Repos. 2024;10183. 

587 18. Gallagher GE, Duncombe RK, Steeves TM. Establishing Climate Change Resilience in the 
588 Great Lakes in Response to Flooding. J Sci Policy Gov [Internet]. 2020 [cited 2025 Nov 
589 6];17(01). Available from: 
590 https://www.sciencepolicyjournal.org/article_1038126_jspg170105.html

591 19. Bates PD, Quinn N, Sampson C, Smith A, Wing O, Sosa J, et al. Combined Modeling of US 
592 Fluvial, Pluvial, and Coastal Flood Hazard Under Current and Future Climates. Water 
593 Resour Res [Internet]. 2021;57(2). Available from: 
594 https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2020WR028673

595 20. Porter JR, Shu E, Amodeo M, Hsieh H, Chu Z, Freeman N. Community Flood Impacts and 
596 Infrastructure: Examining National Flood Impacts Using a High Precision Assessment Tool 
597 in the United States. Water. 2021;13(21):3125. 

598 21. Cutter SL, Ahearn JA, Amadei B, Crawford P, Galloway Jr Gerald E, Goodchild MF, et al. 
599 Disaster Resilience [Internet]. Washington, D.C.: National Academies Press; 2012. 1–261 p. 
600 Available from: https://www.nap.edu/catalog/13457

601 22. Keough JR, Thompson TA, Guntenspergen GR, Wilcox DA. Hydrogeomorphic factors and 
602 ecosystem responses in coastal wetlands of the Great Lakes. Wetlands. 1999;19(4):821–34. 

603 23. Ohio Emergency Management Agency. State of Ohio Enhanced Hazard Mitigation Plan 
604 [Internet]. Columbus, OH: Ohio Emergency Management Agency; 2019 Feb [cited 2023 Jan 
605 18]. Available from: https://ema.ohio.gov/mitigation-plan

606 24. Reynolds D. CBS News. 2020 [cited 2023 Jan 18]. Great Lakes erosion destroying 
607 beachfront homes - CBS News. Available from: https://www.cbsnews.com/news/rising-
608 great-lakes-water-levels-threatening-homes-2020-02-06/

609 25. Saharia AM, Zhu Z, Atkinson JF. Compound flooding from lake seiche and river flow in a 
610 freshwater coastal river. J Hydrol. 2021;603:126969. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


28

611 26. Tariq A, Shu H, Kuriqi A, Siddiqui S, Gagnon AS, Lu L, et al. Characterization of the 2014 
612 Indus River Flood Using Hydraulic Simulations and Satellite Images. Remote Sens. 
613 2021;13(11):2053. 

614 27. Hemmati M, Mahmoud HN, Ellingwood BR, Crooks AT. Unraveling the complexity of 
615 human behavior and urbanization on community vulnerability to floods. Sci Rep. 
616 2021;11(1):20085. 

617 28. Wing OEJ, Bates PD, Smith AM, Sampson CC, Johnson KA, Fargione J, et al. Estimates of 
618 present and future flood risk in the conterminous United States supplementary information. 
619 Environ Res Lett. 2018;13(3):1–27. 

620 29. Arosio M, Arrighi C, Cesarini L, Martina MLV. Service Accessibility Risk (SAR) 
621 Assessment for Pluvial and Fluvial Floods in an Urban Context. Hydrology. 2021;8(3):142. 

622 30. Gourevitch JD, Diehl RM, Wemple BC, Ricketts TH. Inequities in the distribution of flood 
623 risk under floodplain restoration and climate change scenarios. People Nat. 2022;4(2):415–
624 27. 

625 31. Federal Emergency Management Agency. U.S. Federal Emergency Management Agency. 
626 2021 [cited 2023 Jan 16]. National Flood Hazard Layer. Available from: 
627 https://www.fema.gov/flood-maps/national-flood-hazard-layer

628 32. Federal Emergency Management Agency. Hazus Flood Model User Guidance: Hazus 5.1. 
629 U.S. Federal Emergency Management Agency; 2022 Apr p. 1–236. 

630 33. Rabb W. Insurance Journal. 2022 [cited 2023 Jan 30]. Update: FEMA Flood Maps are 
631 Misleading, Blocking Insurance Uptake, Report Shows. Available from: 
632 https://www.insurancejournal.com/news/southeast/2022/11/03/693006.htm

633 34. Sampson CC, Smith AM, Bates PD, Neal JC, Alfieri L, Freer JE. A high-resolution global 
634 flood hazard model. Water Resour Res. 2015;51(9):7358–81. 

635 35. Mehendale N, Neoge S. Review on Lidar Technology [Internet]. Rochester, NY: Social 
636 Science Research Network; 2020 [cited 2025 Nov 26]. Available from: 
637 https://papers.ssrn.com/abstract=3604309

638 36. Fewtrell L, Kay D, Ashley R. Flooding and health – an evaluation of the health impacts of 
639 urban pluvial flooding in the UK. Fewtrell L, Kay D, editors. London, UK: IWA Publishing; 
640 2008. 121–153 p. 

641 37. Stevens GM. Homeland Security Act of 2002: Critical Infrastructure Information Act 
642 [Internet]. Congressional Research Service; 2003. Report No.: RL31762. Available from: 
643 http://www.crs.gov/

644 38. 107th Congress. Uniting and strengthening America by providing appropriate tools required 
645 to intercept and obstruct terrorism (USA Patriot Act) of 2001 [Internet]. 2001 p. 56. 
646 Available from: https://www.congress.gov/107/plaws/publ56/PLAW-107publ56.htm

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


29

647 39. United Nations. United Nations. [cited 2025 Jan 18]. About us. Available from: 
648 https://www.un.org/en/civil-society/page/about-us

649 40. Federal Emergency Management Agency. How to Build a Kit for Emergencies [Internet]. 
650 2020 [cited 2025 Feb 10]. Available from: https://www.fema.gov/press-
651 release/20250121/how-build-kit-emergencies

652 41. Alexander Alexeev, Henshel DS, Levitt K, McDaniel P, Rivera B, Templeton S, et al. 
653 Constructing a Science of Cyber-Resilience for Military Systems. In: NATO IST-153 
654 Workshop on Cyber Resilience. 2017. p. 1–13. 

655 42. Cutter SL. The landscape of disaster resilience indicators in the USA. Nat Hazards. 
656 2016;80(2):741–58. 

657 43. Holling CS. Resilience and Stability of Ecological Systems. In: Burnside WR, Pulver S, 
658 Fiorella KJ, Avolio ML, Alexander SM, editors. Foundations of Socio-Environmental 
659 Research [Internet]. 1st ed. Cambridge University Press; 1973 [cited 2025 Feb 23]. p. 460–
660 82. Available from: 
661 https://www.cambridge.org/core/product/identifier/9781009177856%23c32/type/book_part

662 44. Linkov I, Trump BD. The Science and Practice of Resilience [Internet]. Cham, Switzerland: 
663 Springer International Publishing; 2019 [cited 2024 Apr 6]. (Risk, Systems and Decisions). 
664 Available from: http://link.springer.com/10.1007/978-3-030-04565-4

665 45. MacKinnon D, Derickson KD. From resilience to resourcefulness. Prog Hum Geogr. 
666 2013;37(2):253–70. 

667 46. Trump BD, Poinsatte-Jones K, Elran M, Allen C, Srdjevic B, Merad M, et al. Social 
668 Resilience and Critical Infrastructure Systems. In: Linkov I, Palma-Oliveira JM, editors. 
669 Resilience and Risk [Internet]. Dordrecht: Springer Netherlands; 2017 [cited 2025 Feb 23]. 
670 p. 289–99. (NATO Science for Peace and Security Series C: Environmental Security). 
671 Available from: http://link.springer.com/10.1007/978-94-024-1123-2_9

672 47. Cains MG, Henshel DS. Community as an equal partner for region-based climate change 
673 vulnerability, risk, and resilience assessments. Curr Opin Environ Sustain. 2019;39:24–30. 

674 48. Klasa K, Galaitsi S, Trump BD, Linkov I. Science and practice of resilience: disaster systems 
675 applications to aging resilience. In: Resilience and Aging. Springer; 2020. p. 53–80. 

676 49. Kott A, Blakely B, Henshel DS, Wehner G, Rowell J, Evans N, et al. Approaches to 
677 enhancing cyber resilience: report of the North Atlantic Treaty Organization (NATO) 
678 workshop IST-153. ArXiv Prepr ArXiv180407651. 2018; 

679 50. Adobor H. Supply chain resilience: an adaptive cycle approach. Int J Logist Manag. 2020; 

680 51. Xu Z, Chopra SS. Network-based Assessment of Metro Infrastructure with a Spatial–
681 temporal Resilience Cycle Framework. Reliab Eng Syst Saf. 2022;223:108434. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


30

682 52. Henshel DS, Ashby JL. Rethinking critical infrastructure in the United States from a 
683 community-based perspective. Males J, editor. PLOS Clim [Internet]. 2023;2(4). Available 
684 from: https://dx.plos.org/10.1371/journal.pclm.0000178

685 53. Kruse S, Abeling T, Deeming H, Fordham M, Forrester J, Jülich S, et al. The emBRACE 
686 resilience framework: developing an integrated framework for evaluating community 
687 resilience to natural hazards. Fram Community Disaster Resil Resour Capacit Learn Action. 
688 2018;79–96. 

689 54. Matthews RA, Landis WG, Matthews GB. The community conditioning hypothesis and its 
690 application to environmental toxicology. Environ Toxicol Chem. 1996;15(4):597–603. 

691 55. Simpson NP, Mach KJ, Constable A, Hess J, Hogarth R, Howden M, et al. A framework for 
692 complex climate change risk assessment. One Earth. 2021;4(4):489–501. 

693 56. Kendig CE. What is Proof of Concept Research and how does it Generate Epistemic and 
694 Ethical Categories for Future Scientific Practice? Sci Eng Ethics. 2016;22(3):735–53. 

695 57. Ashby JL, Henshel DS. Visualizing climate change flood risks to community-centric critical 
696 infrastructure and local emergency services in the Great Lakes region: Metrics and insights. 
697 Int J Disaster Risk Reduct. 2025;118:105223. 

698 58. United States Geological Survey. USGS Watershed Boundary Dataset [Internet]. 2023 [cited 
699 2023 Jan 16]. Available from: Watershed Boundary Dataset

700 59. Esri [Internet]. 2025 [cited 2025 Nov 12]. Welcome to the Hexagonal Earth. Available from: 
701 https://www.esri.com/about/newsroom/arcuser/welcome-to-the-hexagonal-earth

702 60. Esri. ArcGIS Pro [Internet]. Redlands, California: Environmental Systems Research 
703 Institute, Inc.; 2022. Available from: https://www.esri.com/en-us/arcgis/products/arcgis-
704 pro/overview

705 61. Fathom Global. Fathom Global. 2022 [cited 2022 Dec 21]. Fathom Global Flood Data. 
706 Available from: https://www.fathom.global

707 62. U.S. Department of Homeland Security. Homeland Infrastructure Foundation-Level Data 
708 (HIFLD) [Internet]. 2023 [cited 2024 Mar 3]. Available from: https://hifld-
709 geoplatform.hub.arcgis.com/pages/hifld-open

710 63. Centers for Disease Control and Prevention. CDC SVI 2018 Documentation [Internet]. U.S. 
711 Centers for Disease Control and Prevention; 2020. Available from: 
712 https://www.atsdr.cdc.gov/placeandhealth/svi/documentation/pdf/SVI2018Documentation_0
713 1192022_1.pdf

714 64. U.S. Census Bureau. 2019 Community Resilience Estimates File Layout. 2021 p. 1–2. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


31

715 65. August L, Komal Bangia ·, Plummer L, Prasad S, Ranjbar K, Slocombe A, et al. 
716 CalEnviroScreen 4.0. Sacramento, CA: Office of Environmental Health Hazard Assessment; 
717 2021 p. 1–207. 

718 66. R Core Team. R: A Language and Environment for Statistical Computing [Internet]. Vienna, 
719 Austria: R Foundation for Statistical Computing; 2013. Available from: http://www.R-
720 project.org/

721 67. Boslaugh S. Statistics in a nutshell: a desktop quick reference. Second edtion. Sebastopol: 
722 O’Reilly Media, Incorporated; 2013. 1 p. 

723 68. Zumel N, Mount J, Howard J, Thomas RL. Practical data science with R. Second edition. 
724 Shelter Island, NY: Manning; 2020. 536 p. 

725 69. Sigg CD, Buhmann JM. Expectation-maximization for sparse and non-negative PCA. In: 
726 Proceedings of the 25th international conference on Machine learning - ICML ’08 [Internet]. 
727 Helsinki, Finland: ACM Press; 2008 [cited 2025 Sept 16]. p. 960–7. Available from: 
728 http://portal.acm.org/citation.cfm?doid=1390156.1390277

729 70. Hastie T, Tibshirani R, Friedman JH. The elements of statistical learning: data mining, 
730 inference, and prediction. 2nd ed. New York, NY: Springer; 2009. 745 p. (Springer series in 
731 statistics). 

732 71. James G, Witten D, Hastie T, Tibshirani R. An Introduction to Statistical Learning [Internet]. 
733 New York, NY: Springer New York; 2013 [cited 2024 July 2]. (Springer Texts in Statistics; 
734 vol. 103). Available from: http://link.springer.com/10.1007/978-1-4614-7138-7

735 72. Baumer BS, Kaplan DT, Horton NJ. Modern data science with R. 2nd edition. Boca Raton 
736 London New York: CRC Press, Taylor & Francis Group; 2021. 631 p. (Texts in statistical 
737 science). 

738 73. Bruce PC, Bruce A, Gedeck P. Practical statistics for data scientists: 50+ essential concepts 
739 using R and Python. Second edition. Beijing Boston Farnham Sebastopol Tokyo: O’Reilly; 
740 2020. 342 p. 

741 74. Schabenberger O, Gotway CA. Statistical methods for spatial data analysis. Boca Raton, 
742 Fla.: Chapman & Hall/CRC; 2005. 488 p. (Texts in statistical science series). 

743 75. Elith J, H. Graham* C, P. Anderson R, Dudík M, Ferrier S, Guisan A, et al. Novel methods 
744 improve prediction of species’ distributions from occurrence data. Ecography. 
745 2006;29(2):129–51. 

746 76. Elith J, Leathwick JR, Hastie T. A working guide to boosted regression trees. J Anim Ecol. 
747 2008;77(4):802–13. 

748 77. Leathwick J, Elith J, Francis MP, Hastie T, Taylor P. Variation in demersal fish species 
749 richness in the oceans surrounding New Zealand: an analysis using boosted regression trees. 
750 Mar Ecol Prog Ser. 2006;321:267–81. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


32

751 78. Crimmins AR, Avery CW, Easterling DR, Kunkel KE, Stewart BC, Maycock TK. Fifth 
752 National Climate Assessment. Washington, D.C., USA: USGCRP; 2023. 

753 79. Wing OEJ, Lehman W, Bates PD, Sampson CC, Quinn N, Smith AM, et al. Inequitable 
754 patterns of US flood risk in the Anthropocene. Nat Clim Change. 2022;12(2):156–62. 

755 80. Zuzak C, Mowrer M, Goodenough E, Burns J, Ranalli N, Rozelle J. The national risk index: 
756 establishing a nationwide baseline for natural hazard risk in the US. Washington, DC.: 
757 Federal Emergency Management Agency; 2023. 

758 81. firststreet.org [Internet]. 2025 [cited 2025 July 18]. Flood Model Methodology. Available 
759 from: https://firststreet.org/

760 82. Garvin EM, Bridge CF, Garvin MS. Edible wild plants growing in contaminated floodplains: 
761 implications for the issuance of tribal consumption advisories within the Grand Lake 
762 watershed of northeastern Oklahoma, USA. Environ Geochem Health. 2018;40(3):999–
763 1025. 

764 83. Shouse S. Check Private Wells for Contamination after Flooding | News [Internet]. 2023 
765 [cited 2023 Jan 12]. Available from: https://www.extension.iastate.edu/news/check-private-
766 wells-contamination-after-flooding

767 84. Sittler M. UNL Institute of Agriculture and Natural Resources. 2017 [cited 2023 Jan 12]. 
768 Floodwater and stormwater can contaminate your water well. Available from: 
769 https://water.unl.edu/article/drinking-water-wells/floodwater-and-stormwaters-can-
770 contaminate-your-water-well

771 85. Home | H3 [Internet]. 2025 [cited 2025 Sept 16]. Available from: https://h3geo.org/

772 86. Pant R, Thacker S, Hall JW, Alderson D, Barr S. Critical infrastructure impact assessment 
773 due to flood exposure. J Flood Risk Manag. 2018;11(1):22–33. 

774

775

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

