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Simona Meiler1, Nikola Blagojević1, Meredith Lochhead1, Avantika Gori2, and Jack W. Baker1

1Department of Civil and Environmental Engineering, Stanford University, Stanford, CA, USA
2Department of Civil and Environmental Engineering, Rice University, Houston, TX, USA

Correspondence: Simona Meiler (simona@simonameiler.ch)

This manuscript is a non-peer-reviewed preprint submitted to EarthArXiv. It is intended for submission to Natural Hazards and

Earth System Sciences for peer review. The content has not yet undergone peer review and may be subject to revision.

Abstract. Tropical cyclones cause widespread damage to housing and infrastructure, and recovery is often slow and uneven.

Climate risk assessments quantify the likelihood and direct impacts of extreme events, but post-disaster recovery remains

largely absent from these models, limiting our ability to assess long-term resilience. We therefore integrate simplified re-5

covery modeling into probabilistic tropical cyclone risk assessment for all counties along the US Atlantic and Gulf coasts.

We quantify county-level repair demand for residential buildings using a large synthetic set of tropical cyclone events and

compare it with baseline local construction capacity, proxied by residential building permits. The resulting recovery burden

expresses the modeled repair workload in months of baseline construction activity. The relative importance of repair demand

and construction capacity depends on how recovery burden is summarized. Expected annual recovery burden is dominated10

by rare, high-impact events and closely tracks the expected annual repair demand. For the median damaging event in each

county, construction capacity becomes more important, and counties with comparable repair demands can face substantially

different recovery burdens. A joint screening identifies 60 high-risk, low-capacity counties that are particularly susceptible to

post-disaster construction bottlenecks. Incorporating baseline construction capacity into risk assessment can therefore inform

where reconstruction support would complement efforts to reduce tropical cyclone risk.15

1 Introduction

Restoring housing and infrastructure after a disaster can extend over years and differ substantially across affected communities.

After Hurricane Maria (2017), Puerto Rico experienced the longest blackout in US history, with more than 4 billion customer

hours of interruption and large disparities in electricity restoration across municipalities and neighborhoods (Román et al.,

2019). The 2018 Camp Fire destroyed 18,804 structures in Paradise, California, and displaced most residents; by 2021, active20

residential addresses had recovered to only about one quarter of their pre-fire level (Knapp et al., 2021; Din, 2022). Recovery
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speed after such events varies widely across communities that suffer comparable damage, because rebuilding depends not

only on the physical extent of damage but also on the capacity to organize, finance, and complete reconstruction (Johnson and

Olshansky, 2017; Markhvida et al., 2020). A more complete picture of climate risk and resilience therefore requires considering

recovery alongside the direct impacts of extreme events (Bruneau et al., 2003; Cutter et al., 2008).25

Climate risk assessments, however, typically quantify the immediate loss of functionality caused by an event. Depending on

the system of interest, this loss can be represented as damaged buildings and infrastructure (Ward et al., 2020; Aznar-Siguan

and Bresch, 2019), exposed population (Peduzzi et al., 2012), fatalities (Jonkman, 2005; Formetta and Feyen, 2019), or dis-

placement (IDMC, 2017; Meiler et al., 2025b). Recent studies have also advanced the quantification of indirect and cumulative

impacts, including business interruption (Botzen et al., 2019), supply-chain disruption (Verschuur et al., 2020), excess mortal-30

ity (Young and Hsiang, 2024), migration (Black et al., 2011; Hauer et al., 2020), and long-term economic losses (Hsiang and

Jina, 2014). Recovery itself remains less represented in quantitative risk models (Koliou et al., 2020), even though it shapes how

long communities remain below function and how initial damage translates into longer-term social and economic disruption.

Methods for recovery modeling are well established, particularly in earthquake engineering (Miles and Chang, 2006). They

represent post-disaster rebuilding as the allocation of limited repair resources across damaged buildings, infrastructure sys-35

tems, or network components (Burton et al., 2016; Blagojević et al., 2023). These models are usually applied at high spatial

resolution and for individual events. A recurring result is that the availability of construction resources constrains the pace of

recovery (Puri et al., 2024). Evidence from observed disasters and recovery simulations points in the same direction. Johnson

and Olshansky (2017) attribute the rapid rebuilding after the 2008 Wenchuan earthquake partly to China’s high pre-existing

capacity for large-scale urban construction, while an agent-based simulation of about 115,000 buildings in Vancouver found40

that doubling the available repair workforce substantially shortened housing recovery following an earthquake (Costa et al.,

2021).

Applications to climate-related hazards generally take one of two forms. Event-specific studies examine recovery after an

individual flood, wildfire, or storm in the affected communities (Birkmann et al., 2023; Friedrich et al., 2024). Broader multi-

hazard and compound-event studies represent recovery because the consequences of a subsequent event depend on the time45

between events and the degree of recovery achieved during that interval. Hurricanes Irma and Maria, which struck Puerto Rico

two weeks apart in 2017, are a prominent example (Zscheischler et al., 2018; de Ruiter et al., 2020; Buijs et al., 2026).

At regional scales, climate risk assessments commonly use large synthetic event sets and frequency-weighted metrics, such

as expected annual damage and return periods, to examine how changing hazards and exposure affect direct impacts (Aznar-

Siguan and Bresch, 2019; Meiler et al., 2022). These metrics identify where the probability and magnitude of damage are50

greatest, but do not show how the resulting repair demand compares with local capacity. Identifying where high expected

impacts coincide with limited construction capacity can inform adaptation planning by showing where efforts to reduce damage

may need to be complemented by advance planning for reconstruction support. However, construction capacity remains largely

absent from regional probabilistic climate risk assessments.

We address this gap by adding simplified recovery assessments to a building-level probabilistic tropical cyclone (TC) damage55

model for the US Atlantic and Gulf coasts. Using the open-source climate risk modeling platform CLIMADA (Aznar-Siguan
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and Bresch, 2019), we estimate housing damage for selected historical events and a large set of synthetic TCs across an

inventory of more than 48 million building footprints, representing almost 72 million housing units in 19 US states from

Texas to Maine. We then use the estimated housing damage to drive simplified recovery assessments, adapting the demand-

versus-capacity logic of the open-source post-disaster recovery model pyrecodes (Blagojević and Stojadinović, 2025). Repair60

demand represents the physical construction workload generated by damaged housing, while recovery burden compares this

workload with local rebuilding capacity. We proxy rebuilding capacity with average monthly residential construction permit

activity during a reference period, which we use as a measure of baseline local residential construction activity (Baker et al.,

2026). Because permit activity reflects construction-sector activity together with local administrative and market conditions, the

recovery burden captures a broader local constraint than physical construction capacity alone and supports relative comparisons65

across counties and events. This approach allows us to examine when recovery burden is primarily associated with repair

demand or limited baseline construction capacity, and where high TC risk coincides with low local capacity.

2 Methods

We estimate building-level TC damage using spatially explicit event-based TC wind footprints (Sect. 2.1.1), a building inven-

tory dataset (Sect. 2.1.2), and impact functions for different structural building types (Cardona et al., 2012) (Fig. 1A), and70

rescale the resulting structural damage estimates to account for TC rainfall and storm surge-induced damages (Sect. 2.1.3,

Fig. 1B). We assign each damaged building to a damage state class and define its repair demand according to that damage

severity (Sect. 2.1.4). Finally, we sum each TC’s total repair demand per county and report TC damage expressed as the num-

ber of weighted units affected (Fig. 1C). We compute the recovery burden resulting from the repair demand, using county-wide

construction capacity data (Sect. 2.2.1) to proxy for the county’s ability to support residential construction, in a simplified75

recovery model (Sect. 2.2.2, Fig. 1D).

2.1 Building-level TC damage and repair demand

2.1.1 Hazard data

We use the synthetic TC event set from Gori et al. (2025b), comprising 5,018 synthetic events that represent the 1980–2005

climatology based on NCEP reanalysis and span 1,500 simulation years. The event set provides intensity estimates for three80

TC hazards: wind, storm surge, and rainfall (Fig. S1). These hazards are modeled with the parametric wind model of Chavas

et al. (2015), the ADCIRC hydrodynamic model (Luettich et al., 1992), and the physics-based TC rainfall model TCR (Zhu

et al., 2013), respectively. For each event, we use spatially explicit wind fields (m s−1) at a horizontal resolution of 0.1◦,

reconstructed from the storm track, intensity, and radial size structure. For storm surge and rainfall, the event set provides the

maximum storm surge S (m above mean higher high water, MHHW) and total precipitation R (mm) for each county–event85

pair.

3



Non-peer reviewed preprint submitted to EarthArXiv

Figure 1. Overview of the TC damage and recovery burden assessment. (a) Spatially explicit TC wind hazard (Hw), building exposure

(E), and structural vulnerability represented by impact functions (V) are combined to estimate building-level TC wind damage. (b) County-

wide TC rainfall and storm-surge maxima per event are used to rescale the wind-based structural losses, approximating the additional

contribution of these hazards to TC damage. (c) Scaled losses are classified into damage states DS1-DS4 and converted to repair demand

using relative weights of 1, 1, 3, and 6, respectively. Demand is aggregated for each county-event pair and reported in weighted units affected

(WUA). (d) Recovery burden is calculated by comparing repair demand with baseline monthly residential construction capacity, proxied by

average residential building permit activity. Recovery burden is reported in capacity-equivalent months of baseline residential construction

activity.

For the single-event analyses and comparisons with empirical benchmarks, we additionally use reconstructed wind fields for

historical TCs (Gori et al., 2025a). These wind fields combine parametric TC wind estimates with ERA5 surface winds on a

0.05◦ grid over the Gulf of Mexico, are provided at hourly resolution, and are expressed as 10-m 1-minute sustained winds,

consistent with the synthetic event set. We analyze the nine available landfalling TCs that affected our study region: Katrina90

(2005), Isaac (2012), Hermine (2016), Harvey (2017), Irma (2017), Michael (2018), Laura (2020), Ida (2021), and Ian (2022).

2.1.2 Building inventory

We construct a footprint-level building inventory following the synthesis framework of Lochhead et al. (2026). The inventory

combines attributes from several input sources: the National Structure Inventory (NSI); Homeland Infrastructure Foundation-

Level Data (HIFLD) for schools, emergency response buildings, and higher education facilities; census block housing-unit95

counts; and building footprint polygons, which provide the baseline geometry. We use Overture Footprints after comparing

footprint sources available across the study region, including USA Structures, OpenStreetMap, and Microsoft Footprints. Our

only modification to the national synthesis workflow is the omission of manually generated mobile home park polygons, which

were infeasible to create at the scale of the study region.

We use four attributes in downstream simulations: occupancy class, replacement cost, structural type, and number of housing100

units. Following the national synthesis workflow, occupancy class and replacement cost are derived primarily from the NSI and

HIFLD inputs. Structural type is sampled from Hazus-defined relationships between region, occupancy class, design era, and

height class. The number of housing units is assigned using the census-based unit-scaling method, which has been shown to
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approximate detailed local data more closely than NSI-provided unit estimates (Lochhead et al., 2026). The resulting inventory

contains 48.6 million building footprints and 71.7 million housing units across 1,193 counties in 19 states along the U.S. Gulf105

and Atlantic coasts, from Texas to Maine.

2.1.3 Building-level wind damage and multi-hazard scaling

For each event, we calculate building-level wind loss ratios, Lwind
e,b , representing fractional damage to the building structure.

We use the maximum sustained wind speed at every building footprint and TC wind impact functions from the CAPRA

platform (Cardona et al., 2012). The impact functions relate wind speed to the expected degree of structural damage for 72110

building classes distinguished by construction material and building height. Each building is assigned an impact function based

on its structural type. The calculations are performed using the open-source probabilistic climate risk modeling framework

CLIMADA (Aznar-Siguan and Bresch, 2019). We set wind loss ratios below 0.5% to zero to exclude negligible impacts.

Explicitly resolving rainfall- and surge-induced flood damage at the building level would require spatially explicit flood

depths and corresponding vulnerability functions, which remain computationally demanding for a large event set and study115

region (Jia and Taflanidis, 2013). We therefore approximate the additional contribution of rainfall and storm surge to total TC

damage using the county-level regression model developed by Gori et al. (2025b). For each event–county pair, we select the re-

gression coefficients corresponding to the county’s region and coastal or inland classification. We then calculate a multi-hazard

scaling factor, αe,c, as the ratio of the combined wind, rainfall, and surge regression contributions to the wind contribution

alone:120

αe,c =max

(︃
1,

βwind log(1+We,c)+βrain log(1+Re,c)+βsurgeSe,c

βwind log(1+We,c)

)︃
. (1)

Here, We,c, Re,c, and Se,c are the county-maximum wind speed, total precipitation, and storm-surge height for event e and

county c. The surge contribution is included only for coastal counties. For example, a scaling factor of 1 leaves wind loss

unchanged, whereas a value of 1.5 indicates that the combined wind, rainfall, and surge contribution estimated by the regression

is 50% larger than the wind contribution alone. The lower bound of 1 prevents rainfall or storm surge from reducing wind-only125

loss. We set αe,c = 1 when the wind contribution is zero or the required regional coefficients are unavailable. For the historical

reconstructions, rainfall and storm-surge estimates are available through 2020 only; Hurricane Ida (2021) and Hurricane Ian

(2022) are therefore modeled using wind alone.

For every building b in county c, we apply the county-event scaling factor to its building-specific wind loss:

Le,b = 1−
(︁
1−Lwind

e,b

)︁αe,c
. (2)130

where Le,b is the resulting scaled fractional loss. This transformation preserves the spatial variation in building-level wind loss

while increasing loss monotonically with αe,c and bounding the result between 0 and 1.

The primary purpose of the rescaling is to represent the potential effect of rainfall and storm surge on damage severity and the

resulting repair demand and recovery burden. Available observations do not provide the building-level, hazard-resolved damage
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data needed to determine whether the scaled losses are more accurate than the wind-only estimates. The relevance of the scaling135

for the recovery analysis arises from the discrete conversion of fractional losses into damage states: an increase in loss can move

housing units into a more severe state and thereby produce a disproportionate increase in repair demand measured in WUA.

Compared with the wind-only specification, the scaling increases expected annual repair demand by 10.5%, predominantly

through shifts into DS3 and DS4, while leaving county-level rankings and priority classifications largely unchanged (Sect. S7

in the Supplement). Because the same scaling factor is applied throughout a county and only modifies existing wind losses, the140

approach does not resolve within-county flood patterns or generate damage outside the modeled wind-loss footprint.

2.1.4 Damage state assignment and repair demand

Estimating recovery burden requires information on both the number of damaged housing units and the severity of their damage.

We therefore assign each building to a discrete damage state based on its scaled fractional loss, Le,b, following the FEMA Hazus

TC model (Federal Emergency Management Agency, 2025a): DS0 (none, Le,b < 0.02), DS1 (slight, 0.02≤ Le,b < 0.05), DS2145

(moderate, 0.05≤ Le,b < 0.10), DS3 (extensive, 0.10≤ Le,b < 0.50), and DS4 (complete, Le,b ≥ 0.50). Every housing unit

within a building inherits the building’s damage state. For each event, we count the housing units in each damage state in every

county, denoted by Ne,c,d.

We define repair demand as the physical construction workload generated by damaged housing. It includes repairs to partially

damaged units and reconstruction of completely damaged units. To represent differences in workload among damage states,150

we assign simplified repair times adapted from FEMA Hazus clean-up and repair times for single-family dwellings (Federal

Emergency Management Agency, 2024, Table 11-7): 1 month for units in DS1 and DS2, 3 months for units in DS3, and

6 months for units in DS4. We denote these times by τd and use their numerical values as relative repair-demand weights,

(w1,w2,w3,w4) = (1,1,3,6).

The repair demand for county c in event e is155

De,c =

4∑︂
d=1

Ne,c,dwd, (3)

and is measured in weighted units affected (WUA). A housing unit in DS1 or DS2 contributes 1 WUA, a unit in DS3 contributes

3 WUA, and a unit in DS4 contributes 6 WUA. Units in DS0 do not contribute to repair demand, although their continuous

fractional losses remain included in monetary repair cost estimates. Repair demand is the TC damage metric used in the

subsequent event-level and probabilistic analyses.160

2.2 Recovery burden

2.2.1 Construction capacity data

We proxy local construction capacity, Cc, using residential construction permit activity from the U.S. Census Bureau Building

Permits Survey (BPS) (U.S. Census Bureau, 2025). The BPS provides nationally standardized monthly counts of privately
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owned new residential construction permits by structure type and geography, including counties and Core-Based Statistical165

Areas (CBSAs) (Baker et al., 2026). We use the average monthly number of housing units authorized across structure types in

each county from January through December 2024 as a standardized measure of recent baseline residential construction activity

and as the monthly construction capacity in Equation (4). For Connecticut, the BPS reports permits for the nine planning

regions that replaced counties as Census county equivalents. To maintain a consistent county geography, we apportion each

region’s permits among the legacy counties it overlaps according to their shares of housing units. Of the 1,193 counties in the170

exposure inventory, 753 have non-zero modeled TC repair demand. We calculate recovery burden for the 695 counties that also

have positive construction-capacity values; the remaining 58 damage-affected counties are excluded because their 2024 permit

activity is either zero or unavailable.

2.2.2 Recovery burden calculation

We calculate recovery burden by comparing the repair demand generated by a TC with the affected county’s baseline residential175

construction capacity. This follows the demand-versus-capacity logic used in pyrecodes, an open-source framework for regional

recovery simulation (Blagojević and Stojadinović, 2025). In pyrecodes, recovery is constrained by both the resources available

to meet repair demand and the time required to repair damaged components. We represent these two constraints in a simplified

county-level calculation without simulating resource allocation over time.

For each damaging event e and county c with positive construction capacity, recovery burden is180

Be,c =max

⎛⎜⎝ max
d∈{1,2,3,4}
Ne,c,d>0

τd,
De,c

Cc

⎞⎟⎠ , (4)

where De,c is repair demand, Cc is the county’s average monthly residential construction capacity, and τd is the repair time

assigned to damage state d. The first term preserves the minimum repair time implied by the damage states present: even where

construction capacity is abundant, the calculation cannot indicate a burden shorter than the longest applicable repair time. The

second term represents the repair workload relative to baseline monthly construction capacity.185

Relative to wind-only damage, multi-hazard rescaling increases the frequency-weighted sum of county-level recovery burden

by 11.8%, compared with a 10.5% increase in total repair demand (Sect. S7).

Recovery burden is expressed in capacity-equivalent months of baseline residential construction activity. For example, a

recovery burden of 12 means that the modeled repair workload is equivalent to the amount of new housing the county would

normally authorize over 12 months. Higher values indicate greater repair demand relative to baseline local capacity.190

Permit activity does not directly measure the construction resources available after a disaster. We use it as an integrated

proxy for the local system’s ability to support residential construction because it reflects construction-sector activity as well as

administrative approval and market and financing conditions. Recovery burden therefore captures a broader potential constraint

than physical construction capacity alone, but it still represents only one part of recovery.
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The calculation holds construction capacity fixed at its baseline value. In practice, post-disaster capacity may change as195

local contractors adapt and contractors from outside the affected area enter the affected region (Olsen and Porter, 2011). These

dynamics are not represented, and recovery burden should therefore not be interpreted as elapsed recovery duration or as

recovery as a whole.

2.3 Probabilistic and event-level summary metrics

We summarize probabilistic TC risk using frequency-weighted annual metrics. Because the synthetic event set spans 1,500200

years, each event has an annual occurrence frequency of 1/1500 yr−1. Expected annual repair demand (EARD) is the frequency-

weighted sum of repair demand across all events and is expressed in WUA yr−1. We use EARD as our principal measure of

TC risk. Expected annual recovery burden (EARB) is calculated analogously and is expressed in capacity-equivalent months

per year. Because EARB is an annualized metric, values above 12 indicate a modeled annual burden exceeding one year of

baseline construction activity. EARB should be interpreted as an index of recovery burden rather than a measure of recovery205

time. For the monetary comparison with the FEMA National Risk Index, we also calculate expected annual repair cost (EARC)

by multiplying each building’s fractional loss by its replacement cost, aggregating the resulting costs by county and event, and

applying the same frequency weighting.

To complement the annualized view, we use the same probabilistic event set to examine the consequences of individual

damaging TCs. For each county, we consider events that produce non-zero repair demand and calculate the median repair210

demand and median recovery burden across them. Unlike EARD and EARB, these medians are not annualized; they describe

the typical modeled impact when a damaging TC affects the county. The two medians are calculated separately and therefore

need not correspond to the same event. We also identify the event producing the greatest repair demand in each county and

report its repair demand and corresponding recovery burden in the Sect. S5 in the Supplement.

2.4 Comparison with empirical and index-based benchmarks215

We compare selected model outputs with three complementary external benchmarks. None directly observe the quantities at

the scales represented by our approach, so the comparisons assess broad spatial consistency and whether relationships have the

expected direction rather than providing direct validation. First, county-level damage estimates for historical TCs are compared

with FEMA-verified housing damage from OpenFEMA (Federal Emergency Management Agency, 2025b). Second, recovery

burden estimates for historical TCs are compared with county-level post-disaster building outcomes reported by Huang et al.220

(2025). Huang et al. use a vision-language model to compare Google Street View images acquired before and after each event

to investigate recovery trajectories. Third, our probabilistic damage estimates, construction-capacity measure, and recovery

burden estimates are compared with county-level risk, resilience, and vulnerability metrics from the FEMA National Risk

Index (NRI) (Federal Emergency Management Agency, 2023). More detail on the comparison methods, data limitations, and

sensitivity analyses is provided in the Sect. S3, S4, and S6 in the Supplement.225

8



Non-peer reviewed preprint submitted to EarthArXiv

3 Results

3.1 Repair demand, construction capacity and recovery burden for Hurricane Laura

Hurricane Laura made landfall in Cameron Parish, Louisiana, on 27 August 2020 as a category 4 storm (Pasch et al., 2021). Our

model simulates damage in 20 counties across Louisiana and eastern Texas (Fig. 2b). Calcasieu Parish, which includes Lake

Charles and lies close to the landfall region, has the largest modeled repair demand, with 43,859 WUA, more than one-third of230

the storm total. However, it ranks near the middle of the affected counties in recovery burden (Table S1).

The spatial differences between repair demand and recovery burden show why damage alone is insufficient to character-

ize recovery conditions. Once repair demand is evaluated relative to local construction capacity, counties with similar repair

demands can have very different recovery burdens, while counties with different repair demands can have similar burdens.

Rapides and Vernon parishes have similar repair demands, with 7,561 and 7,168 WUA, respectively (Fig. 2b), but their re-235

covery burdens differ by nearly an order of magnitude (Fig. 2d) because their construction capacities (Fig. 2c) differ strongly

(Table S1). Conversely, Calcasieu has 5.8 times the repair demand of Rapides but also substantially greater construction ca-

pacity, resulting in similar recovery burdens. The largest recovery burdens occur where high repair demand coincides with

limited construction capacity. Beauregard Parish, for example, has the second-largest repair demand, with 19,746 WUA, but a

baseline construction capacity of only 6.9 housing units authorized per month, resulting in one of the largest recovery burdens.240

Recovery burden is therefore shaped jointly by the damage caused by the storm and the local capacity to rebuild.

Figure 2. Repair demand and recovery burden for Hurricane Laura (2020). (a) Maximum sustained wind speed (m s−1), with the red

box marking the focus region shown in the remaining panels; (b) repair demand, De,c, measured in weighted units affected (WUA); (c)

construction capacity, Cc (CC; residential permits month−1); and (d) recovery burden, Be,c, expressed in months of baseline construction

activity. The Louisiana parishes labeled in panel (b) are Cameron, Calcasieu, Beauregard, Vernon, and Rapides. Higher recovery burden

indicates greater repair demand relative to baseline construction capacity.
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3.2 Evaluation against observed damage and recovery for historical TCs

We next evaluate whether the modeled damage and recovery burden are consistent with observations across historical TCs.

For damage, the primary observational reference is FEMA-verified real property damage from Individual Assistance records

(Sect. 2.4). We evaluate whether the model captures both the spatial damage footprint and differences in damage severity among245

counties. Footprint detection, defined as the percentage of total FEMA-verified damage across all declared counties that falls

in counties with non-zero modeled damage, is high for hurricanes Michael (2018), Laura (2020), Ida (2021), and Ian (2022), at

99%, 92%, 96%, and 82%, respectively. To compare county-level damage patterns across storms of different sizes, we express

the damage in each matched county as a share of the total damage across all matched counties for that storm. We calculate

these shares separately for modeled repair demand and FEMA-verified damage and then pool the county–storm observations250

across all historical TCs. The modeled and verified damage shares are moderately correlated across the pooled observations

(rs =+0.56, p < 0.001, n= 96; Table S2). The storm-specific correlations generally remain similar or increase after both

quantities are divided by residential exposure units, suggesting that the agreement is not driven primarily by differences in

county size (Table S3).

The comparison also shows the limitations of a damage model in which spatial damage patterns are derived from wind255

footprints and rainfall and storm surge are represented through county-level scaling (Sect. 2.1.3). For Katrina (2005), footprint

detection is high but the county ranking is weak: 95% of FEMA-verified damage falls in counties with non-zero modeled

damage, but the rank correlation across matched counties is only rs =+0.34 (p= 0.192, n= 16; Table S2). This pattern

is consistent with the importance of storm surge and levee-failure losses within the affected region. Harvey (2017) shows

the opposite pattern. The county ranking is strong within the modeled damage footprint (rs =+0.80, p= 0.010, n= 9), but260

the footprint captures only 4% of FEMA-verified damage because much of the observed damage was caused by freshwater

flooding outside the modeled footprint. These cases illustrate limitations of the damage model rather than of the recovery-

burden calculation.

Observed recovery outcomes from Huang et al. (2025) provide a first-order check on the recovery-burden component.

Across matched county–storm observations with at least ten assessed buildings with visible changes, construction capacity265

is positively associated with the observed rebuild rate (rs =+0.52, p= 0.033, n= 17; Table S4). Modeled recovery burden

is negatively associated with the observed recovery score, as anticipated (rs =−0.41, p= 0.10, n= 17). Given the small

number of observations, these associations should be interpreted cautiously. Nevertheless, both have the expected direction

where greater construction capacity is associated with a higher observed rebuild rate, while greater modeled recovery burden

is associated with a lower observed recovery score. Taken together, the historical comparisons provide initial support for using270

the model for relative spatial comparisons of repair demand and recovery burden.

10



Non-peer reviewed preprint submitted to EarthArXiv

3.3 Probabilistic perspective on recovery burden

We evaluate recovery burden across the full probabilistic TC event set from two perspectives: as an expected annual quantity,

following standard probabilistic risk assessment, and through county-level event summaries of the damaging storms affecting

each county (Sect. 2.3).275

TC risk, measured as expected annual repair demand (EARD; Fig. 3a), is concentrated along the Gulf Coast and in South

Florida, where frequent TC exposure coincides with dense coastal housing. Construction capacity (CC; Fig. 3b) follows a

different spatial pattern. It is highest in large metropolitan counties and varies by more than four orders of magnitude across

the study counties, from approximately 0.08 to 2,490 residential permits per month. Expected annual recovery burden (EARB;

Fig. 3c) follows the geography of EARD more closely than that of construction capacity. Counties with the largest expected280

annual repair demand therefore also tend to have the greatest expected annual recovery burden, particularly along the Gulf

Coast and in South Florida.

This visual pattern is confirmed by the driver analysis in Fig. 4. EARB is strongly associated with EARD (Spearman

rs =+0.78; Fig. 4a) and moderately negatively associated with construction capacity (rs =−0.48; Fig. 4b). Annual aggre-

gation emphasizes the upper tail of the event distribution. Event-level repair-demand distributions are strongly right-skewed285

in most counties (Fig. S3), so a small number of high-impact storms contribute disproportionately to expected annual values.

For these tail events, the modeled repair workload can exceed one month of baseline construction activity by orders of mag-

nitude. Differences in repair demand therefore outweigh differences in construction capacity, and EARB primarily mirrors the

probabilistic damage metric. The same pattern appears for each county’s maximum-repair-demand event (Fig. S4), for which

recovery burden is again governed primarily by repair-demand magnitude (Spearman rs =+0.65; Fig. S5).290

The county-level medians across damaging events give a different result (Fig. S6). Median recovery burden is less strongly

associated with median repair demand (rs =+0.38; Fig. 4c) and more strongly negatively associated with construction capacity

(rs =−0.73; Fig. 4d). In this part of the event distribution, repair demand is smaller relative to local monthly construction

activity. Construction capacity therefore becomes the main differentiator among counties facing comparable repair demands.

3.4 Screening for potential post-disaster construction bottlenecks295

TC risk and baseline construction capacity are distinct county properties that jointly shape recovery burden. We combine

these two factors in a first-order screen to identify counties where high expected repair demand coincides with limited local

construction capacity. Such counties may require rapid post-disaster mobilization of external construction workers, building

materials, and other reconstruction support. We rank the 695 counties with non-zero modeled TC repair demand and positive

construction capacity data into terciles of expected annual repair demand (EARD), the measure of TC risk, and construction300

capacity (CC). The terciles are defined across all 695 counties included in the analysis and combined into nine risk–capacity

classes (Fig. 5).

The highest-risk tercile contains 95 counties that also fall in the highest-capacity tercile. These are mostly large metropoli-

tan coastal counties, including Harris (Texas), Miami-Dade (Florida), and Hillsborough (Florida). Although major events will
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Figure 3. Geography of annual TC risk and recovery burden. (a) Expected annual repair demand (EARD; WUA yr−1), (b) construction

capacity, Cc (CC; residential permits month−1), and (c) expected annual recovery burden (EARB; capacity-equivalent months yr−1) across

the US Atlantic and Gulf coasts. Gray denotes counties with zero or unavailable values for the corresponding metric.

produce widespread damage, these counties have high baseline construction capacity compared with other counties across the305

study area; their primary challenge is therefore high repair demand rather than unusually limited local capacity. In contrast, 60

counties in the highest-risk tercile fall into the lowest-capacity tercile. These high-risk, low-capacity counties are concentrated
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Figure 4. Drivers of recovery burden under annual and county-level per-event perspectives. (a) Expected annual recovery burden

(EARB) versus expected annual repair demand (EARD); (b) EARB versus construction capacity (CC); (c) median damaging event recovery

burden (RB) versus median repair demand (RD); and (d) median damaging event recovery burden versus construction capacity. Median met-

rics are calculated separately for each county and therefore need not correspond to the same TC across counties. Spearman rank correlations

(rs) and the number of counties with available data (n) are shown in each panel.

along the Gulf Coast, in Louisiana (13 counties), Mississippi (7), Alabama (5), and Texas (7), and along the South Atlantic

coast, in Georgia (13), Florida (10), and the Carolinas (5). They are predominantly smaller, less urban counties. Their con-

struction capacity ranges from 0.17 to 4.6 residential permits per month, with a median of 2.5, compared with a median of310

approximately 12 permits per month across all 695 counties included in the analysis. The screen therefore identifies these

counties as particularly susceptible to local post-disaster construction bottlenecks and potentially requiring additional external

support following a major TC.

13



Non-peer reviewed preprint submitted to EarthArXiv

Counties with medium to low TC risk and low construction capacity form a different group. They are mainly located farther

inland and outside urban centers, including counties in Georgia, Mississippi, Texas, and Alabama. Although their expected315

annual repair demand is lower, their limited baseline capacity means that they may still face such bottlenecks when a damaging

event occurs. Finally, counties with moderate to high construction capacity and medium to low TC risk do not stand out as

potential capacity-constrained locations under present-day conditions. These counties are mostly located in the Mid-Atlantic

and Northeast and in inland metropolitan regions such as those around San Antonio and Austin. Their classification may

nevertheless change if TC hazards shift with climate change (Knutson et al., 2020) or exposure increases through coastal and320

inland development.

Figure 5. Screening for potential post-disaster construction bottlenecks. Counties are classified by terciles of expected annual repair

demand (EARD), as a measure of TC risk, and baseline construction capacity (CC) across the 695 study counties with non-zero modeled TC

damage and positive construction-capacity data. Counties not meeting these criteria are shown in gray.

3.5 Comparison with FEMA NRI risk, resilience, and vulnerability metrics

We compare the probabilistic results with related county-level metrics from the FEMA National Risk Index (NRI) (Federal

Emergency Management Agency, 2023). The NRI expected annual loss provides an external reference for the spatial distri-

bution of probabilistic damage, while its Community Resilience and Social Vulnerability scores provide broader context for325
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construction capacity and recovery burden. Modeled expected annual repair costs rank counties similarly to the NRI hurricane

expected annual loss, with Spearman correlations of 0.63–0.65 (Table S5), indicating broad spatial agreement between the

probabilistic damage estimates. Construction capacity is higher in counties with greater Community Resilience (rs =+0.42)

and lower Social Vulnerability (rs =−0.63). Conversely, median damaging-event recovery burden is higher in counties with

lower Community Resilience (rs =−0.44) and greater Social Vulnerability (rs =+0.56). The association between median330

recovery burden and Social Vulnerability remains essentially unchanged after controlling for exposure using either modeled

expected annual repair demand or NRI hurricane expected annual loss (Table S5). These relationships show that the spatial

patterns of construction capacity and recovery burden are consistent with broader dimensions of community resilience and

vulnerability.

The comparison also shows that the risk–capacity screening does not fully overlap with the NRI indices. Of the 60 high-risk,335

low-capacity counties, 35 fall in the highest Social Vulnerability tercile and 37 in the lowest Community Resilience tercile.

These groups overlap, and 12 counties fall into neither group (Table S6). Explicitly representing baseline construction capacity

therefore identifies potential reconstruction constraints that are not fully captured by the broader socioeconomic indicators

included in the NRI.

4 Discussion340

In this study, we combine methods of probabilistic climate risk modeling with post-disaster recovery simulations at a broad

regional scale. We learn that the perspective from which we evaluate the resulting recovery burden matters for its interpretation.

Seen through the lens of annualized risk metrics, recovery burden is highest in areas of high TC risk. When approached from

an event perspective, which is common in post-disaster recovery modeling, the local construction capacity is more informative

for recovery burden. Moreover, we learn that contextualizing US tropical cyclone risk through the joint representation of345

damage and construction capacity allows us to identify priority counties that may be particularly susceptible to post-disaster

construction bottlenecks. That is, low baseline capacity indicates where regional mutual-aid agreements, advance coordination

with contractors, and plans for rapidly mobilizing workers and building materials may be most important after a major TC.

High-risk counties with high baseline capacity may also require external support after extreme events, but within our model,

limited local construction capacity is less likely to be their main constraint.350

Several simplifications bound this interpretation. The damage model uses spatially explicit wind fields, while rainfall and

storm surge are represented through county-level scaling of wind-based damage (Sect. 2.1.3). The recovery assessment is

based on residential permits data that represent baseline construction activity rather than surge capacity that may be available

after a disaster (Baker et al., 2026) and the model holds capacity fixed at the county scale (Johnson and Olshansky, 2017;

Costa et al., 2021) (Sect. 2.2). Construction capacity coverage may also affect the identification of counties with potential post-355

disaster construction bottlenecks. Nine of the 58 damage-affected counties excluded because no positive construction-capacity

estimate was available exceed the threshold for the highest EARD tercile, so the screening may omit additional high-risk,

low-capacity counties (Sect. 3.4). The comparison with external benchmarks generally corresponds with observed TC damage
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footprints and severity; the expected direction of association with observed recovery results (Sect. 3.2); and broad consistency

with the FEMA NRI Community Resilience and Social Vulnerability indices (Sect. 3.5). However, it also highlights that the360

available data for evaluation is very sparse and limited for a broad regional recovery evaluation. Notably, previous studies have

found that the empirical performance of composite vulnerability and resilience indices varies across disaster outcomes (Cutter

et al., 2014; Bakkensen et al., 2017).

The most important next step is to connect relative recovery burden with observed recovery processes. Emerging datasets pro-

vide several possible starting points, including building-level recovery trajectories from repeated Street View imagery (Huang365

et al., 2025), permit-based reconstruction records (Baker et al., 2026), and satellite observations of post-disaster change (Friedrich

et al., 2024). None of these sources covers recovery completely, but they constrain different parts of the process, and a recovery

model calibrated against them could turn recovery burden into an estimate of recovery duration with quantified uncertainty.

Construction capacity itself also deserves closer study. Our county-level approach does not represent how repair resources are

drawn from neighboring counties and beyond, so a natural refinement is to represent capacity as a regional pool with distance-370

or market-based allocation, informed by observed post-disaster labor and contractor flows (Costa et al., 2021). Such a model

could distinguish counties with limited local capacity but strong access to regional construction markets from those that are

remote from these resources.

Our approach is not specific to TCs. Any hazard model that produces housing damage states can drive the recovery assess-

ment, allowing the approach to extend to flooding, wildfires, and earthquakes, as well as multi-hazard settings in which the375

same construction capacity must absorb repair demands from successive events (de Ruiter et al., 2020; Zscheischler et al.,

2018). Because the event set represents the 1980–2005 climatology (Gori et al., 2025b), applying the model to future TC cli-

matologies and corresponding scenarios of exposure and construction capacity would show how the joint geography of risk

and capacity may shift under climate and socioeconomic change (Meiler et al., 2025a). Recovery also connects risk assessment

with adaptation because reconstruction is one of the few moments when the building stock changes quickly. Extending the380

recovery assessments to include rebuilding to higher standards or in safer locations (UNISDR, 2015) would allow the effects

of recovery decisions on future damage to be represented explicitly.

5 Conclusions

Probabilistic climate risk assessment commonly ends with estimates of direct damage. We extend this assessment by comparing

building-level residential repair demand with baseline county construction capacity across the US Atlantic and Gulf coasts.385

Expected annual recovery burden largely follows expected annual repair demand because rare, high-impact events contribute

disproportionately to annualized values. For the median damaging event, construction capacity is more strongly associated

with recovery burden, and counties with comparable repair demand can face substantially different burdens.

A joint screen identifies 60 high-risk, low-capacity counties, concentrated in smaller, less urban counties along the Gulf

and South Atlantic coasts. This screen provides a first-order indication of potential construction bottlenecks, rather than an390

estimate of recovery duration. Considering TC risk and construction capacity together can show where advance planning for
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reconstruction support may complement measures to reduce physical damage. Testing these patterns against observed recovery

and representing regional flows of construction resources are important next steps.

Code and data availability. The building inventory and the spatially explicit tropical cyclone wind footprints used in this study, for both the

synthetic event set and the nine historical storms, are openly available at the NSF DesignSafe-CI https://doi.org/10.17603/ds2-hy5r-y437 (Meiler395

et al., 2026).

The county-wide storm surge and rainfall maxima that were used for the multi-hazard damage scaling (Gori et al., 2025b) are openly

available at the NSF DesignSafe-CI https://doi.org/10.17603/ds2-0jkm-h487.
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S1 Tropical cyclone hazard overview

Figure S1 shows county-level maxima of the three tropical cyclone hazards across the synthetic event
set of Gori et al. (2025): wind speed, rainfall, and storm surge.

Figure S1: Tropical cyclone hazard overview for the study domain. County-level maxima
across the synthetic event set of Gori et al. (2025): (a) maximum wind speed (m s−1), (b) maximum
total rainfall (mm), and (c) maximum storm surge (m above MHHW; coastal counties only).

S2 County-level results for Hurricane Laura (2020)

Table S1 lists all counties with modeled damage from Hurricane Laura (2020), which is discussed as
a single-event example in Sect. 3.1 of the main text.
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Table S1: All counties with modeled damage from Hurricane Laura (2020). Counties
are sorted by scaled repair demand in weighted units affected (WUA). Raw WUA uses wind-only
damage; scaled WUA includes the rain and surge scaling (Sect. 2.1.3 of the main text). Recovery
burden is the modeled repair workload expressed in months of normal construction activity; higher
values indicate greater repair demand relative to baseline construction capacity. Counties with zero
permit capacity have undefined recovery burden (–).

County State WUA WUA Capacity Recovery burden
(scaled) (raw) (permits/mo) (months)

Calcasieu LA 43,859 42,530 108.2 405
Beauregard LA 19,746 14,934 6.9 2,855
Rapides LA 7,561 7,561 19.9 380
Sabine TX 7,182 5,538 0.0 –
Vernon LA 7,168 7,168 2.2 3,308
Sabine LA 6,320 6,320 4.1 1,548
Allen LA 5,464 4,108 3.8 1,425
Cameron LA 4,886 4,886 2.2 2,172
Orange TX 4,293 4,293 19.6 219
Newton TX 4,114 3,631 0.0 –
Grant LA 3,146 3,146 0.4 7,550
Natchitoches LA 1,742 1,742 7.9 220
Jefferson Davis LA 1,711 1,444 5.8 298
Winn LA 1,036 1,036 0.1 12,432
De Soto LA 162 162 9.4 17
Shelby TX 87 87 0.1 1,044
Red River LA 31 31 0.4 74
Jasper TX 18 18 3.8 5
Evangeline LA 3 3 2.3 1
Acadia LA 1 1 11.4 1

S3 Comparison with FEMA-verified housing damage

The damage comparison uses the OpenFEMA Housing Assistance Owners dataset (Federal Emer-
gency Management Agency, 2025), introduced in Sect. 2.4 of the main text. We aggregate the
zip-code records to county level over all declared counties. Three scope limits are relevant for the
comparison. First, the dataset covers owner-occupied homes only, because renters’ real property
is not inspected, and registration propensity can vary with income and insurance status. Second,
the dataset covers only counties designated for Individual Assistance, and designation is an ad-
ministrative decision. Texas received no Individual Assistance declaration for Laura, so the three
modeled Texas counties are absent from that comparison; three modeled Louisiana parishes affected
by Laura were also not designated. Florida’s Katrina declaration carried no Individual Assistance
program, and the northeastern declarations for Ida’s remnants are outside the wind field domain
and are not included. Third, verified real property damage includes water-caused damage to the
home. For surge- and rainfall-dominated storms, the FEMA distribution therefore includes damage
components that the wind-based model captures only through the multi-hazard scaling.

For each storm, we assess the spatial damage footprint using detection, defined as the percentage
of total FEMA-verified damage across all declared counties that falls in counties with non-zero
modeled damage. Among counties present in both sources, we compare modeled repair demand,
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measured in WUA, with FEMA-verified damage using Spearman rank correlations. For the pooled
comparison, we express each county’s modeled and verified damage as shares of the corresponding
totals across matched counties for that storm and pool the county–storm observations. We repeat
the storm-specific correlations after dividing both quantities by residential exposure units to test
whether the agreement is driven primarily by county size.

Table S2: Comparison of the modeled damage distribution with FEMA-verified housing
damage. For each storm, scaled weighted units affected (WUA) are rank-correlated with FEMA-
verified real property damage across counties present in both sources. Detection is the share of the
storm’s total FEMA-verified damage, summed over all declared counties, that falls in counties with
non-zero modeled damage. Correlations are Spearman rank correlation coefficients (rs) with exact
two-sided p-values and are shown for n ≥ 4. The pooled row correlates within-storm shares across
all matched county–storm pairs. Hermine produced no modeled damage.

Storm n rs p Detection
Katrina (2005) 16 +0.34 0.192 95%
Isaac (2012) 1 – – 16%
Hermine (2016) – – – 0%
Harvey (2017) 9 +0.80 0.010 4%
Irma (2017) 4 −0.60 0.400 37%
Michael (2018) 29 +0.75 < 0.001 99%
Laura (2020) 12 +0.65 0.022 92%
Ida (2021) 18 +0.40 0.097 96%
Ian (2022) 8 +0.81 0.015 82%
Pooled (within-storm shares) 96 +0.56 < 0.001 –

Observed damage is often more spatially concentrated than modeled damage. For example, Bay
County accounts for 24% of Michael’s modeled WUA but 58% of the FEMA-verified damage, each
expressed as a share of the storm total. This concentration difference is also relevant for the Bay
County recovery comparison (Sect. S4).

Table S3 tests whether the FEMA rank correlations are driven mainly by county size, repeating
the comparison after dividing both modeled WUA and FEMA-verified damage by residential expo-
sure units. The correlations are unchanged or stronger after this normalization, indicating that the
agreement is not simply a county-size effect. The comparison is also insensitive to the rain and surge
scaling: because the scaling is multiplicative on wind-driven damage, detection shares are identical
for wind-only and scaled damage, and the rank correlations change by at most 0.03 (Sect. S7).
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Table S3: Robustness of the FEMA damage-distribution comparison to county size.
Left: Spearman correlation of county WUA with FEMA-verified housing damage, as in Table S2.
Right: the same correlation after dividing both quantities by residential exposure units, so that dam-
age intensities rather than totals are compared. Counties without exposure-unit data are dropped
from the normalised comparison. n is the number of matched counties, rs the Spearman rank cor-
relation coefficient, and p the exact two-sided p-value.

County totals Per exposure unit
Storm n rs p n rs p

Katrina (2005) 16 +0.34 0.192 16 +0.44 0.090
Isaac (2012) 1 – – 1 – –
Harvey (2017) 9 +0.80 0.010 9 +0.72 0.030
Irma (2017) 4 −0.60 0.400 4 +1.00 –
Michael (2018) 29 +0.75 < 0.001 29 +0.79 < 0.001
Laura (2020) 12 +0.65 0.022 12 +0.72 0.008
Ida (2021) 18 +0.40 0.097 18 +0.60 0.008
Ian (2022) 8 +0.81 0.015 8 +0.74 0.037

S4 Comparison with observed recovery: sensitivity and event be-
haviour

Table S4 reports the sensitivity of the recovery comparison to the minimum number of buildings
with classified visible changes in each county–storm pair, nchanged. Huang et al. (2025) identify
these buildings by comparing Street View images from before and after each event and classify their
outcomes as an improved structure, an equivalent structure, or an empty lot. Five TCs overlap with
our historical event set: Isaac (2012), Harvey (2017), Irma (2017), Michael (2018), and Laura (2020).
For each county–storm pair, the rebuild rate is the share of visibly changed buildings classified as
improved or equivalent, while the recovery score is the share classified as improved minus the share
classified as empty lots. We use pooled Spearman rank correlations to compare baseline construction
capacity with the observed rebuild rate and modeled recovery burden with the observed recovery
score.

Huang et al. (2025) report county-level results for counties with at least 30 assessed buildings.
We use a lower primary threshold of nchanged ≥ 10 to increase the number of county–storm pairs
available for the comparison and vary the filter from 0 to 30 to test the sensitivity of the results.
The association between construction capacity and observed rebuild rate is positive across all filters
(rs = +0.39 to +0.53), while the association between modeled recovery burden and observed recovery
score is negative across all filters (rs = −0.20 to −0.41), including the stricter filter of Huang et
al. Both associations become less precise as the minimum sample size increases and fewer county–
storm pairs remain. We filter on the number of assessed changed buildings, the denominator of
both summary measures, because it determines the precision of the estimated shares; filtering on
the number of recovered buildings would condition on the recovery outcome itself and bias the
comparison.

We do not report storm-specific recovery correlations because the samples are too small to be
stable (n = 2–8 counties per storm). Laura shows a strong correct-sign association, while Michael
(Fig. S2) is comparatively flat because its modeled recovery ranking is influenced by small inland
Georgia counties outside the assessed, mostly coastal, building sample.

The clearest single-county disagreement is Bay County, Florida, for Michael. Bay County has
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the worst observed recovery outcome in the Huang et al. (2025) dataset for this storm, with an
abandonment rate of 0.40, but only moderate modeled recovery burden, because the high recon-
struction capacity around Panama City offsets the estimated repair demand. High abandonment is
a demand-side outcome; the observed recovery state reflects social, institutional, and household-level
determinants that a supply-side capacity proxy does not capture.

Table S4: Sensitivity of the comparison with Huang et al. (2025) to the minimum
county sample size. The sample size is defined as the number of assessed changed buildings,
nchanged. Spearman rank correlations are pooled across matched county–storm pairs, with exact
two-sided p-values. Left: construction capacity versus observed rebuild rate. Right: recovery burden
versus observed recovery score. The primary filter used in the main text is nchanged ≥ 10.

Capacity vs rebuild rate Recovery burden vs recovery score
Filter n rs p n rs p

≥ 0 28 +0.39 0.038 27 −0.37 0.059
≥ 10 17 +0.52 0.033 17 −0.41 0.102
≥ 15 13 +0.53 0.061 13 −0.20 0.516
≥ 30 10 +0.45 0.187 10 −0.33 0.354

Figure S2: Repair demand and recovery burden for Hurricane Michael (2018). (a)
maximum sustained wind speed (m s−1), with the red box marking the focus region shown in the
remaining panels; (b) repair demand, De,c, measured in weighted units affected (WUA), including
a label for Bay County, Georgia; (c) construction capacity, Cc (CC; residential permits month−1);
and (d) recovery burden, Be,c, expressed in months of baseline construction activity.

S5 Probabilistic event-set summaries

This section provides event-set summaries that complement the annual and median metrics in
Sect. 3.3 of the main text. Figure S3 shows the skewness of the county-level repair-demand dis-
tributions. Figures S4 and S5 present repair demand, construction capacity, and recovery burden
for each county’s maximum-repair-demand event and the corresponding driver analysis. Figure S6
maps the median repair demand and recovery burden across damaging events in each county.
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Figure S3: Skewness of tropical cyclone repair-demand distributions. Skewness is com-
puted from the distribution of repair demand, measured in weighted units affected (WUA), across
all tropical cyclones in each county. Higher values indicate more strongly right-skewed distributions,
in which a small number of high-impact events contribute disproportionately to expected annual
repair demand and recovery burden.
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Figure S4: Maximum-event repair demand, construction capacity, and recovery burden
across the US Atlantic and Gulf coasts. (a) Maximum repair demand (WUA) across the
damaging events affecting each county; (b) construction capacity (CC; residential permits month−1);
and (c) recovery burden for the county’s maximum-repair-demand event, expressed in capacity-
equivalent months. The maximum-repair-demand event is identified separately for each county; the
maps therefore do not represent a single spatially coherent synthetic TC.
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Figure S5: Drivers of maximum-event recovery burden. (a) Recovery burden (RB) for each
county’s maximum repair demand (RD) event, colored by construction capacity (CC; residential
permits month−1); and (b) maximum-event recovery burden versus construction capacity, colored
by maximum repair demand. Maximum-event metrics are computed separately for each county
from its local distribution of damaging events. Spearman rank correlations (rs) and the number of
counties with available data (n) are shown in each panel.
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Figure S6: Median repair demand, construction capacity, and recovery burden across
the US Atlantic and Gulf coasts. (a) Median repair demand (WUA) across the damaging events
affecting each county; (b) construction capacity (CC; residential permits month−1); and (c) median
recovery burden across damaging events, expressed in capacity-equivalent months. Repair demand
and recovery burden medians are calculated separately for each county and need not correspond to
the same event. The maps therefore summarize typical county-level outcomes rather than a single
spatially coherent synthetic TC.
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S6 Comparison with the FEMA National Risk Index

We compare our estimates with the county-level FEMA National Risk Index (NRI, 2025 release) for
the 695 counties in the analysis sample. We use the Hurricane and Coastal Flooding expected annual
loss fields (HRCN_EALB, HRCN_EALT, and CFLD_EALT) as risk references, and the Commu-
nity Resilience and Social Vulnerability scores (RESL_SCORE and SOVI_SCORE) as resilience
and vulnerability references. Because the NRI expected annual loss is monetary, we additionally
compute expected annual repair cost (EARC) by applying the annual aggregation used for expected
annual repair demand (EARD) to repair costs, obtained by multiplying fractional building damage
by replacement value and aggregating by county and event before frequency weighting. We report
Spearman rank correlations because both sets of metrics are heavy-tailed and evaluated as county
ranks; recovery metrics enter as recovery burden, so positive correlations indicate greater burden.
To assess whether the association with Social Vulnerability is explained by underlying probabilistic
damage risk, we compute rank-based partial correlations between median damaging-event recovery
burden and Social Vulnerability, controlling for either modeled EARD or NRI hurricane expected
annual loss.

The results are summarized in Table S5 and reported in Sect. 3.5 of the main text. EARC ranks
counties similarly to the NRI hurricane building and wind expected annual losses (rs = 0.63–0.65,
n = 687; Pearson correlations on log10-transformed values 0.64–0.66), and adding coastal flooding
to the NRI hurricane loss does not improve the agreement, consistent with a damage model that
includes rainfall and surge only through a scaling factor. The unit-based EARD gives nearly identical
rank agreement (rs = +0.63–0.64), so the comparison is not sensitive to whether modeled impacts
are expressed as housing units or repair costs. Of the 60 counties in the highest tercile of TC risk and
the lowest tercile of construction capacity, 35 (58%) fall in the highest Social Vulnerability tercile
and 37 (62%) in the lowest Community Resilience tercile; the 12 counties that fall into neither group
are listed in Table S6.
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Table S5: Comparison of risk and recovery estimates with the FEMA National Risk
Index (NRI). Panel A compares the modeled monetary risk estimate (expected annual repair cost,
EARC) with NRI expected annual loss (EAL) metrics. Panel B reports rank correlations between
modeled quantities and the NRI Community Resilience and Social Vulnerability scores; higher re-
covery burden indicates greater repair demand relative to baseline construction capacity. Panel C
re-estimates the association with Social Vulnerability after controlling for probabilistic damage risk,
using either modeled EARD or NRI hurricane EAL as the control. Entries are Spearman rank cor-
relation coefficients (rs); Panel A also lists Pearson correlation coefficients (r) on log10-transformed
values. All coefficients are significant at p < 0.01 unless marked. The analysis sample comprises the
695 US Atlantic and Gulf coast counties with positive modeled risk, recovery burden and construc-
tion capacity. Comparisons against NRI expected annual loss cover 687 of these counties, because
the NRI 2025 release reports Connecticut on the nine planning regions that replaced counties as
county equivalents and therefore provides no expected annual loss for the eight legacy Connecticut
counties used here; the Community Resilience and Social Vulnerability scores for those counties are
housing-unit weighted averages of the overlapping planning regions.

Panel A. Modeled monetary risk vs FEMA NRI monetary risk
rs r (log10) n

EARC vs NRI hurricane building EAL +0.63 +0.64 687
EARC vs NRI hurricane wind EAL +0.65 +0.66 687
EARC vs NRI wind + coastal-flood EAL +0.63 +0.64 687
Panel B. Recovery burden vs NRI resilience and social vulnerability indices (Spearman rs)

Community Social Hurricane
Resilience Vulnerability EAL (damage risk)

Construction capacity +0.42 −0.62 +0.47
EARB (expected annual recovery burden) −0.36 +0.47 +0.29
Median damaging-event recovery burden −0.44 +0.56 −0.11
Panel C. Social Vulnerability associations controlling for damage risk (Spearman rs)

raw partial partial
(control EARD) (control wind EAL)

Construction capacity −0.62 −0.65 −0.63
Median damaging-event recovery burden +0.56 +0.56 +0.55
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Table S6: Priority counties outside the NRI Social Vulnerability and Community Re-
silience tercile groupings. Priority counties are those in both the highest tercile of tropical cyclone
risk and the lowest tercile of construction capacity within the analysis sample. The 12 counties listed
here meet this definition but are not in either the highest tercile of the NRI Social Vulnerability
score or the lowest tercile of the NRI Community Resilience score. Counties are sorted by number
of housing units. Pop. % of state is the percentage of the state population living in the county.
Permits per month is the construction capacity proxy, and permits per 1000 units normalizes it by
housing stock. NRI scores are county percentile scores from 0 to 100; higher Social Vulnerability
indicates greater vulnerability, whereas higher Community Resilience indicates greater resilience.

County State Housing Pop. % Permits Permits per NRI NRI
units of state per month 1000 units SVI Resil.

Cameron Louisiana 3,582 0.12 2.25 0.628 45 99
Union Florida 5,293 0.07 3.75 0.708 39 32
Seminole Georgia 5,969 0.09 0.33 0.056 48 33
Grant Louisiana 9,228 0.48 0.42 0.045 58 39
Allen Louisiana 9,880 0.49 3.83 0.388 61 39
Appling Georgia 10,125 0.17 0.33 0.033 74 49
Pike Alabama 18,021 0.66 3.50 0.194 74 58
Ware Georgia 19,934 0.34 3.75 0.188 78 81
Lamar Mississippi 27,228 2.17 3.75 0.138 56 56
St. Mary Louisiana 29,762 1.06 3.08 0.104 76 88
Jones Mississippi 33,761 2.27 1.92 0.057 78 41
Victoria Texas 43,846 0.31 3.58 0.082 59 64
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S7 Effect of multi-hazard scaling

We evaluated the influence of the multi-hazard scaling by comparing the default scaled calculation
with a wind-only counterfactual. In the wind-only specification, the building-level wind losses, Lwind

e,b ,
were assigned directly to damage states. In the scaled specification, the same wind losses were
transformed using the county–event scaling factor αe,c according to Equation (2) of the main text of
the main text. Both specifications therefore use the same building inventory, wind hazard, impact
functions, damage-state thresholds, repair-demand weights, event frequencies, and construction-
capacity estimates. The comparison isolates the effect of the rainfall and storm-surge scaling on the
downstream analysis.

We first quantified the direct effect of scaling on EARD. For each county, we calculated the
ratio of scaled to wind-only EARD. We also calculated the expected annual number of housing-
unit occurrences in each damage state and their contribution to repair demand after applying the
damage-state weights (w1, w2, w3, w4) = (1, 1, 3, 6). County ratios are undefined where wind-only
EARD is zero; these counties are shown in gray in Fig. S7.

To determine whether the main conclusions depend on the scaling, we repeated the analyses
underlying Figures 3 and 4 of the main text using wind-only damage. We compared the resulting
county metrics using Spearman rank correlations. Following the main analysis, we classified priority
counties within each specification as those simultaneously in the highest tercile of EARD and the
lowest tercile of construction capacity among eligible counties. Tercile thresholds were recalculated
separately for the wind-only and scaled specifications, and agreement between the resulting priority
sets was measured using the Jaccard index, defined as the size of their intersection divided by the
size of their union. We also repeated the historical comparison with FEMA-verified housing damage
using wind-only and scaled repair demand.

The scaling increased total EARD from 238,995 to 264,196 WUA yr−1, an increase of 10.5%.
Its effect was strongly concentrated in the more severe damage states (Fig. S7b). Relative to the
wind-only calculation, expected annual housing-unit occurrences changed by approximately −8 in
DS1, +195 in DS2, +1,787 in DS3, and +3,275 in DS4, corresponding to relative changes of −0.04%,
+1.0%, +4.5%, and +24.8%, respectively. After applying the damage-state weights, DS3 and DS4
accounted for 99.3% of the increase in repair demand, with DS4 alone accounting for 78.0%. The
scaling therefore affects repair demand primarily by increasing the occurrence of severe damage
rather than by substantially increasing the total number of slightly damaged housing units.

The damage-state transitions show the same pattern. Of the housing-unit occurrences classified
as DS1 under wind-only damage, 24.0% shifted to DS2 after scaling. Similarly, 26.2% of wind-only
DS2 occurrences shifted to DS3, and 8.3% of wind-only DS3 occurrences shifted to DS4. Only 0.25%
of DS0 occurrences crossed into DS1. These transitions explain why the effect on weighted repair
demand is considerably larger than the change in the number of affected housing-unit occurrences:
crossings into DS3 and DS4 increase the repair-demand weight from 1 to 3 or 6.

Scaling has a comparable but slightly larger effect on the sum of county-level EARB, which
increases by 11.8%, compared with 10.5% for EARD. The difference reflects how the metrics are
aggregated: EARD sums repair demand directly across counties, whereas EARB first expresses each
county-event’s burden relative to local construction capacity and then sums the resulting county-level
indices (Fig. S7b).

Despite this effect on damage severity, the principal county-level results were highly robust (Ta-
ble S7). Rank correlations between wind-only and scaled county metrics ranged from 0.963 to 0.998,
and the correlations reported in Fig. 4 changed by no more than 0.009. The wind-only specification
identified 56 priority counties, all of which remained priorities under the scaled specification. Scal-
ing added four counties—Dougherty and Toombs Counties, Georgia, and Jim Wells and Live Oak
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Counties, Texas—giving a Jaccard similarity of 0.933 between the two priority sets. The 12 priority
counties reported in Table S6 were unchanged.

The historical damage comparison likewise provides no evidence that scaling improves agreement
with observations. Damage-footprint detection was identical under the two specifications for every
historical storm, and the pooled Spearman correlation with FEMA-verified housing damage changed
only from rs = 0.557 for wind-only damage to rs = 0.559 for scaled damage. The scaling should
therefore be interpreted as a computationally tractable representation of the potential additional
repair demand associated with rainfall and storm surge, rather than as a demonstrated improvement
in damage-estimation accuracy.

Figure S7: Effect of multi-hazard scaling on expected annual repair demand and re-
covery burden. (a) Ratio of scaled expected annual repair demand, EARDscaled, to wind-only
expected annual repair demand, EARDwind, by county. Counties with zero wind-only EARD are
shown in gray because the ratio is undefined. Ratios of 2.5 or greater are represented by the upper
end of the color scale; large ratios can arise where wind-only EARD is small. (b) Change relative to
the wind-only calculation in the expected annual number of affected housing units in each damage
state (light bars; housing units yr−1), the corresponding repair demand (dark bars; WUA yr−1),
and expected annual recovery burden. Percentages indicate the relative change in affected housing
units within each damage state. Repair-demand weights are 1 for DS1 and DS2, 3 for DS3, and 6 for
DS4. Across all damage states, scaling increased total EARD by 10.5% and total EARB by 11.8%.
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Table S7: Effect of multi-hazard scaling and robustness of the principal results. Panel A
reports the change in total expected annual repair demand and in the pooled historical comparison
with FEMA-verified housing damage. Panel B reproduces the four Spearman relationships reported
in Fig. 4 under the wind-only and scaled specifications; the difference is scaled minus wind-only.
Panel C reports cross-specification rank agreement for the principal county metrics and agreement
in the county classifications. The wind-only analysis sample contains 676 counties with positive
modeled risk, recovery burden, and construction capacity, compared with 695 under scaling.

Panel A. Overall effect and historical comparison
Quantity Wind only Scaled Change

Expected annual repair demand (WUA yr−1) 238,995 264,196 +10.5%

FEMA-verified damage, pooled within-storm shares
(rs, n = 96)

+0.557 +0.559 +0.001

Panel B. Relationships reported in Fig. 4
Relationship Wind-only rs Scaled rs Difference

EARB versus EARD +0.773
(n = 676)

+0.778
(n = 695)

+0.005

EARB versus construction capacity −0.479
(n = 676)

−0.485
(n = 695)

−0.006

Median recovery burden versus median repair demand +0.390
(n = 676)

+0.385
(n = 695)

−0.005

Median recovery burden versus construction capacity −0.722
(n = 676)

−0.731
(n = 695)

−0.009

Panel C. Stability of county-level outputs and classifications
County-level output Cross-specification agreement Sample size

EARD ranks rs = +0.998 n = 734

EARB ranks rs = +0.998 n = 676

Median repair-demand ranks rs = +0.963 n = 676

Median recovery-burden ranks rs = +0.981 n = 676

Classification Wind only Scaled Agreement

Eligible analysis counties 676 695 19 additional
Priority counties 56 60 56 common;

J = 0.933

Counties reported in Table S6 12 12 12 common;
J = 1.000
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