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Post-hurricane housing recovery is a longitudinal process through which household repair and sale1

decisions accumulate to shape community recovery trajectories. Yet these decisions have not been sys-2

tematically traced at parcel-level, longitudinal, and cross-event scales because doing so requires linking3

property damage to subsequent repair and sale events across disasters. We present the Hurricane Adap-4

tation and Recovery Parcel (HARP) dataset for Hurricanes Harvey (2017), Ida (2021), and Ian (2022).5

HARP links geocoded single-family residential parcels to Census Block Groups and integrates parcel at-6

tributes, damage assessments, repair records, property transactions, and community-level socioeconomic7

covariates into monthly recovery sequences. The dataset covers 1,016,927 parcels for Harvey, 121,1308

for Ida, and 202,926 for Ian. HARP also supplements official damage records with aerial-imagery-9

derived assessments and provides buyer-type labels and neighborhood influence networks. This dataset10

enables large-scale, cross-event, and parcel-level understanding of how individual housing conditions,11

household conditions, building damage, community resources, and neighborhood influences jointly re-12

shape household-level and community-level housing recovery trajectories, supporting future research and13

policy designs to enhance coastal resilience.14

1Corresponding author: Susu Xu, susuxu@jhu.edu
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Background & Summary15

Hurricanes are among the most severe and costly natural disasters that repeatedly affect populated16

regions in the United States [1, 2]. They cause widespread damage to housing, infrastructure, and local17

economies, with effects that persist for months to years following landfall [3, 4]. How affected communities18

recover from such disruptions has therefore become a central question in disaster research. Post-hurricane19

community recovery refers to the restoration of the societal functioning of the affected community to20

its normal or steady-state level [5]. It is a long-term process encompassing multiple interdependent21

dimensions, including the recovery of housing, the restoration of infrastructure and essential services,22

the recovery of businesses and the local economy, and the rebuilding of social networks [6–8].23

Among these dimensions, housing recovery is widely regarded as a central component of community24

recovery, because how quickly damaged homes are repaired and how many are ultimately restored shape25

population retention and return, and subsequently condition household physical and psychological recov-26

ery [9–11]. Housing recovery is driven by the adaptation decisions of individual households [12]. After a27

hurricane, each owner of a damaged home may repair it, sell it or remain inactive [13, 14]. Prolonged in-28

activity can also end in abandonment, once repair costs exceed what a household can feasibly invest [15].29

Repair reflects a willingness to stay and continued investment in the house, while sell transfers ownership30

and often accompanies relocation [14, 15].31

How housing recovery unfolds through housing adaptation decisions is a complex process shaped by32

the interplay of various factors of household characteristics, building damage, community characteristics,33

and neighborhood activities [1, 12]. These determinants have been studied across engineering, economics,34

and the social sciences, and a recent multidisciplinary review synthesizes this dispersed evidence on the35

factors shaping whether households remain in or leave hazard-exposed areas [16]. At the household level,36

household characteristics set the baseline for recovery capacity. A household’s financial capacity and37

insurance can affect whether repair is affordable and whether relocation is feasible, and family ties and38

place attachment can strengthen households’ preferences to remain in place [16, 17].39

Building damage is another primary driver of housing adaptation decisions, with both damage severity40

and damage type shaping recovery pathways. Greater damage can increase repair needs and reduce41

habitability. Following Hurricane Harvey, households exposed to $10,000 of flood damage were 40%42

more likely to move out within six months and 21% less likely to sell during the same period [18].43
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Community and market conditions shape housing adaptation decisions by influencing the oppor-44

tunities and constraints households face. Socioeconomically vulnerable communities often have fewer45

private and public resources for recovery and experience slower repair and rebuilding [19]. Government46

buyout programs can further reshape households’ recovery options by providing a pathway for reloca-47

tion from hazard-prone areas [20, 21]. Investors may have more financial resources to restore damaged48

properties and return them to the market more quickly, potentially accelerating recovery. At the same49

time, these transactions may shift ownership toward wealthier buyers and contribute to post-disaster50

gentrification [22, 23].51

Neighborhood activity is another important impact factor as housing adaptation decisions are not52

made in isolation: nearby repair activities and property listings can prompt similar decisions among53

surrounding households [16, 24, 25]. For example, in the Baltimore metropolitan housing market, a54

household whose 15 nearest neighbors included one additional home newly listed for sale was 11–15%55

more likely to list its own home than an otherwise comparable household with no such neighboring listing,56

an effect that held across alternative definitions of neighborhood size [26]. Similarly, after Hurricane57

Ike, the correlation between household return and nearby business reopening was r = 0.189 within 0.858

km, declined to r = 0.103 within 2.4 km, and became insignificant at 3.2 km [27]. As these locally59

interdependent decisions accumulate over time, they may push communities onto divergent recovery60

trajectories, ranging from stabilization to prolonged decline [10, 28, 29].61

Together, these determinants have direct practical relevance for post-disaster recovery planning. For62

example, post-disaster recovery planning can combine measures of disaster damage with social vulnera-63

bility to identify areas with greater recovery needs and prioritize the allocation of recovery resources [30].64

Information on household financial capacity, housing damage, community conditions, and neighborhood65

activity can further help characterize the constraints and opportunities households face during recovery.66

For policymakers, understanding where and when households repair or leave can support more targeted67

and timely recovery interventions and resource allocation [20, 21, 31]. For residents, such information68

can provide context for housing adaptation decisions as neighborhood recovery conditions evolve [32, 33].69

Existing research has identified a wide range of determinants of post-disaster housing recovery. How-70

ever, these factors have largely been examined in isolation. Empirical studies have quantified how71

financial resources shape individual recovery outcomes [34], how damage severity conditions housing re-72
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building [31], how social vulnerability produces uneven recovery across neighborhoods [19], how policy73

interventions alter household choices [20, 21], and how neighbors’ choices spill over onto one another [24,74

26, 33]. However, systematic longitudinal evidence remains limited on how these factors interact over75

time to jointly shape the timing and sequence of household repair and sale decisions, and how these76

dynamics vary across hurricanes. This limited understanding can hinder effective and targeted post-77

disaster recovery planning and interventions and, more fundamentally, lead to misleading interpretations78

of the mechanisms underlying housing recovery. For example, when interdependent neighborhood deci-79

sions are not accounted for, variation generated by neighborhood spillovers may instead be attributed80

to household characteristics, damage conditions, or financial resources, obscuring the mechanisms that81

actually drive recovery and limiting the generalizability of models to future disaster contexts [33, 35].82

A central reason for this research gap is the limitations of existing data sources. One commonly83

used data source is household surveys, which directly capture residents’ reported housing conditions84

and decisions [14, 36]. However, surveys are typically constrained by small samples and limited spatial85

coverage, making them less suitable for large-scale, cross-event studies. Mobile location data such as86

GPS data can serve as a useful proxy because they track people’s traces, but their penetration rates are87

often limited, ranging from a few percent to approximately one-third of the local population [37–39],88

and observation periods are often limited to the immediate disaster period and short-term aftermath,89

ranging from about 11 days to 2 months in prior hurricane studies [38, 40, 41], making them less90

suitable for studying long-term housing recovery. Another approach is to use housing damage states to91

estimate whether houses are occupied [42, 43], but it is challenging to extend such inference to housing92

adaptation decisions as occupancy status does not directly correspond to whether it was sold or not.93

Together, these limitations make it difficult to consistently observe the timing and sequence of post-94

hurricane housing decisions over the long term. This reveals the need for longitudinal data that95

links parcel-level (1) household characteristics, (2) housing damage, (3) repair activities,96

and (4) property transactions, and community-level (5) socioeconomic attributes and (6)97

neighborhood interdependencies.98

To enable various comprehensive housing recovery studies at large scale, the construction of a multi-99

event, parcel-level longitudinal dataset is non-trivial owing to three main challenges. First, cross-source100

data retrieval and harmonization are difficult because repair, sale, and other recovery records are dis-101
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tributed across different administrative systems and agencies, with varying access procedures, field def-102

initions, identifiers, and conventions for recording event dates across jurisdictions [44]. For example,103

property transaction records may document the completion of a sale rather than the earlier listing of104

the property, while permit systems may record different stages of the repair process. Second, damage105

observation is fragmented. Official assessments sometimes cover only a subset of affected structures, and106

assigned damage levels vary with the personnel conducting the assessment [45]. For instance, the FEMA107

Visual Damage Assessment available for Hurricane Ida leaves a substantial fraction of parcels without108

an explicit damage label [46]. Damage records must therefore be supplemented and calibrated before109

they can be compared across events. Third, neighborhood interdependencies are not directly recorded110

in standard administrative data. Prior work has therefore approached them through behavioral models111

of interdependent household decisions [47], and in a longitudinal dataset they must instead be inferred112

from the timing and location of nearby repair and sale events.113

To address these challenges, we present the Hurricane Adaptation and Recovery Parcel (HARP)114

dataset, a multi-event, parcel-level dataset for studying post-hurricane housing recovery dynamics.115

HARP is built around geocoded single-family residential parcels linked to Census Block Groups (CBGs),116

enabling analysis at both household and community scales. The dataset covers three major U.S. hur-117

ricanes, Harvey (Texas, 2017), Ida (Louisiana, 2021), and Ian (Florida, 2022), selected for their impact118

scale, data availability, and complementary damage mechanisms (flood-dominant, wind-dominant, and119

combined wind and surge, respectively), supporting cross-event comparison and assessment of whether120

observed recovery patterns generalize across distinct disaster contexts. For each event, parcel-level dam-121

age, repair activity, and property transactions are harmonized into monthly recovery sequences. HARP122

supplements damage assessments with aerial-imagery-derived damage labels for Ida and Ian, identifying123

9,148 and 11,736 damaged parcels, respectively (Table 6). Beyond integrating heterogeneous administra-124

tive and geospatial sources, HARP also includes model-derived neighborhood influence networks inferred125

from repair and sale event histories using the decision diffusion framework developed in the companion126

study [48]. In total, HARP covers 1,340,983 geocoded single-family parcels (1,016,927 for Harvey, 121,130127

for Ida, and 202,926 for Ian), grouped into 2,796 CBG communities (1,992, 382, and 422 respectively),128

and organized into monthly longitudinal panels spanning 31, 23, and 34 months (Table 2).129

The large scale and fine-grained resolution of HARP support various research and analyses that were130
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previously difficult to conduct. Because HARP includes every single-family parcel in each study region131

rather than a sample of households, each household can be observed in full context, with its own condi-132

tions and its actual neighborhood, allowing the influencing factors discussed above to be studied jointly133

rather than in isolation. For example, whether households facing similar damage but different commu-134

nity characteristics repair at different speeds, or whether household decision timing is associated with135

nearby repair and sale activity. Because the panels extend for months after each landfall, the temporal136

evolution of recovery, such as early repairs, delayed sales, and prolonged inactivity can be traced, rather137

than observed only at a single point in time. Moreover, since attributes like damage, repair, and sale138

records are harmonized into a common format across the three storms, patterns estimated on one event139

can be tested on the others, such as whether the community characteristics associated with faster recov-140

ery in one storm show similar associations in the others. For Harvey, derived buyer type labels further141

distinguish whether a sold home was purchased by an individual or an investor, so ownership change can142

be examined alongside recovery. For example, the data can be used to assess whether damaged homes143

are disproportionately purchased by investors and which communities experience higher concentrations144

of investor purchases. Beyond these analyses, the released event sequences and influence networks allow145

recovery to be studied as a spatially interdependent diffusion process and enable examination of how de-146

cision dependencies emerge and propagate over time [49–51]. Taken together, HARP offers a harmonized,147

longitudinal, parcel-level dataset across three major hurricanes, providing a reproducible foundation for148

comparative studies of post-hurricane recovery.149

These capabilities make HARP relevant to a broad range of coastal resilience researchers and prac-150

titioners working on post-hurricane housing and community recovery and resilience. In particular, the151

fine-grained spatio-temporal resolution (parcel-level spatial resolution and monthly temporal resolution),152

large spatial and temporal scales (more than one million parcels and 30-month time duration along gulf153

coast), and well-aligned detailed information (ranging from socio-demographic background and housing154

damage to sale and repair records) make it possible for researchers in civil engineering, sociology, urban155

planning, and economics to conduct longitudinal cross-event studies and uncover the highly complex dy-156

namics of housing and community recovery trajectories. Beyond academic research, potential users also157

include federal and state agencies, emergency management organizations, and housing and planning de-158

partments, which may use the dataset to better understand recovery patterns and support post-disaster159
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policy design, planning, and resource allocation.160

The remaining part of this paper is organized as follows. The Methods section details the construction161

pipeline of HARP, followed by the Data Record section describing the contents of the released datasets.162

The Technical Validation section evaluates data consistency and integrity, and the Example Analysis163

section illustrates representative research applications enabled by HARP. The Data Record section gives164

the public download location of the released dataset, and the Code Availability section provides links to165

the code used to construct it. The Usage Notes document the storm-specific variable definitions.166

Figure 1: Construction pipeline of the HARP dataset, comprising five stages: data collection from

administrative, geospatial, and Census sources; damage augmentation, which supplements official assess-

ments with aerial-imagery-derived damage labels; data harmonization, which aligns event timing, damage

severity, and spatial units across sources into monthly parcel-level panels; derived feature construction,

including buyer type and neighborhood influence networks; and validation and applications, presented

in the Technical Validation and Example Analysis sections.
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Methods167

HARP is constructed through a multi-stage pipeline that transforms heterogeneous source records into168

harmonized longitudinal parcel-level data. As illustrated in Fig. 1, the pipeline proceeds in five stages:169

data collection, damage augmentation, data harmonization, derived feature construction, and validation170

and applications. The first four stages are detailed in the subsections below, and the fifth is presented171

in the Technical Validation and Example Analysis sections.172

Data collection173

No single archive records post-hurricane household decisions. HARP’s raw material must therefore be174

assembled piece by piece from whichever authority maintains each one. Property characteristics and175

transactions come from county appraisal districts and commercial parcel providers. Repair activity176

comes from municipal permit systems and federal assistance programs. Damage assessments come from177

FEMA and academic field-survey teams, post-event observations from aerial imagery programs, and178

socioeconomic context from the Census Bureau. Collection then proceeds in two steps: we first select179

the hurricanes to cover, then fix the parcel universe of each event and retrieve the records that populate180

it.181

Hurricane selection182

The empirical basis of HARP comprises three major U.S. hurricanes, Harvey (2017), Ida (2021), and Ian183

(2022), selected for their impact scale, data coverage, and complementarity in geographic setting and184

primary damage mechanism. All three storms rank among the costliest hurricanes in U.S. history, with185

combined economic losses exceeding $300 billion. Hurricane Harvey caused an estimated $125 billion186

in total damage, the second-costliest on record in the United States. Its catastrophic rainfall-induced187

flooding inundated approximately 70% of Harris County, Texas, and flooded over 136,000 structures [52,188

53]. Hurricane Ida made landfall as a Category 4 storm near Port Fourchon, Louisiana in August 2021189

with estimated damages exceeding $75 billion [54, 55]. Hurricane Ian struck Lee County, Florida in190

September 2022 with sustained winds of approximately 150 mph and a catastrophic storm surge, causing191

over $112 billion in damage, which is the costliest hurricane in Florida history and the third-costliest in192

U.S. history [56, 57].193
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Beyond their scale and data availability, the selected hurricanes differ substantially in primary damage194

mechanism, a dimension that is likely to condition recovery trajectories. Harvey was overwhelmingly195

flood-driven, with insured losses predominantly attributed to National Flood Insurance Program (NFIP)196

flood claims rather than wind [58]. Ida was wind-dominant with surge flooding limited to unprotected197

areas [54, 59]. Ian combined wind and storm surge, producing both widespread roofing losses and surge-198

driven structural damage [60]. Together, the three events span a spectrum from flood-dominant to199

wind-dominant to combined hazard, across distinct geographic and regulatory contexts (Harris County,200

New Orleans, and Lee County), providing complementary settings for analyzing how damage type shapes201

housing adaptation decisions.202

Parcel universe and raw source integration203

For each hurricane, we defined a parcel universe of geocoded single-family residential parcels. Parcel-204

level characteristics and transaction records were drawn from Harris Central Appraisal District (HCAD)205

public data for Harvey [61] and from Regrid administrative data for Ian and Ida [62]. Community-level206

socioeconomic attributes were obtained from the American Community Survey (ACS) at the Census207

Block Group (CBG) level [63], with CBG boundaries obtained from the U.S. Census Bureau TIGER/Line208

products [64]. Damage assessments were sourced from FEMA, Lee County, and StEER for Ian [65–209

67], from FEMA Visual Damage Assessment products for Ida [46], and from FEMA HydroShare and210

DesignSafe for Harvey [68, 69].211

Property transactions and repair records were processed separately before being merged into the final212

panel. Sales were extracted from HCAD deed records for Harvey [61] and from Regrid parcel transaction213

files for Ian and Ida [62]. Repair events were extracted from building permit filings: HCAD permit records214

for Harvey [61], Lee County permits issued via the Accela platform for Ian [70, 71], and the City of New215

Orleans permit system for Ida [72]. As the City of New Orleans waived roofing permit requirements216

following Ida [72], repair activity for Ida was supplemented with Individuals and Households Program217

(IHP) habitability repair records [73]. After source-specific cleaning, sale and repair records were linked218

to parcels and treated as observable proxies for household housing decisions.219
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Damage augmentation220

The FEMA Visual Damage Assessment record available for Hurricane Ida covers only a subset of struc-221

tures within the impacted region [46], leaving a substantial fraction of parcels without an explicit damage222

label. We supplemented these records with two complementary detectors applied to pre and post Ida223

National Agriculture Imagery Program (NAIP) imagery [74], a fine-tuned existing deep change-detection224

model that captures visible structural damage, and a color-based detector targeting the blue tarps that225

homeowners install on damaged roofs after a hurricane. The two detectors operate on different backbones226

and together form the aerial-imagery-derived damage layer that we release as a new column alongside227

FEMA’s record.228

Because the aerial-imagery-derived damage layer is interpreted alongside FEMA’s damage labels, we229

first clarify how those labels are assigned and how they relate to damage visible from overhead imagery.230

The FEMA Visual Damage Assessment is itself an imagery-based product: assessors compare pre- and231

post-event imagery structure by structure, and the assessment protocol instructs them to assess only232

what is visible, to assign the lower category when uncertain, and to record a structure whose view is233

obstructed as Affected [75]. For hurricane events the five levels are defined by the visible condition of the234

building. No Visible Damage requires no visible damage, no standing water, and no blue tarps. Affected235

is superficial or cosmetic damage, with shingles, siding, or gutters missing but no holes in the roof. Minor236

is non-structural damage that leaves the residence temporarily inhabitable and repairable, with a quarter237

to a half of the roof missing and the framing undamaged. Major is unsafe damage requiring extensive238

repairs, with partial or complete failure of roof, walls, or foundation, up to three quarters of the roof239

covering missing, and the interior exposed. Destroyed is two or more structural failures, beyond repair.240

The detectors are trained as a binary problem, so these five levels are collapsed to two. Footprints241

labeled Minor, Major, or Destroyed form the positive class, and those labeled No Visible Damage form242

the negative class. Affected footprints are excluded from training altogether.243

The cut is placed where damage becomes visible from overhead rather than where it becomes struc-244

turally severe, and FEMA’s own criteria separate the two classes at that point: Affected stipulates no245

holes in the roof, whereas Minor begins at a quarter of the roof missing, a scale of roof damage that246

is generally visible at 0.4m ground sampling distance. Excluding Affected, whose defining evidence is247

cosmetic and whose protocol also absorbs structures too obstructed to judge, keeps the target restricted248
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to damage the imagery can carry. The same boundary matches the backbone’s own taxonomy, whose249

mildest damage class is partial roof damage, defined as up to half the roof covering removed [76], so250

FEMA Minor corresponds to a category DamageCAT was pretrained to recognize. Minor also carries251

most of the available supervision: among the damaged footprints on the 122 training tiles, 287 are Minor252

against 38 Major and 6 Destroyed, so excluding it would remove 87% of the positive examples and leave253

too few to fine-tune on. A manual review of the Minor footprints on those tiles found most of them254

showing blue tarps or exposed roof decking in the post-event imagery.255

Model Year Precision Recall F1

DamageCAT [76] 2025 91.38% 87.19% 89.24%
ChangeOS [77] 2021 31.68% 9.27% 14.35%

Microsoft Siamese [78] 2021 2.89% 34.09% 5.33%
ChangeFormer [79] 2022 6.91% 0.50% 0.92%

Table 1: Binary any-damage detection on the DamageCAT (Hurricane Ida) test set. Precision, recall,

and F1 are computed pixel-wise against the binarized DamageCAT ground truth.

Fine-tuned DamageCAT detector. Building damage extraction from pre and post event aerial imagery256

has been actively studied in recent years, with several deep change-detection models published as open-257

source baselines. To select a backbone for our pipeline, we benchmarked four such publicly available258

models on the DamageCAT test set, which is built on Ida imagery [76] (Table 1), and DamageCAT259

substantially outperformed the alternatives.260

We adopted DamageCAT as the backbone. Because the released weights produced inconsistent261

predictions on NAIP coverage outside the original training footprint, we fine-tuned on a region-specific262

training set derived from FEMA damage points. Each FEMA damage point was matched to the nearest263

OpenStreetMap (OSM) building footprint within a 5m radius, and the resulting footprint pixels were264

rasterized into per-tile ground truth masks.265

The severe class imbalance in the underlying FEMA records shapes the rest of the training setup.266

Because Minor dominates the positive class and its damage is the mildest that the imagery resolves,267

recall is the quantity this design trades away; the operating point reported below reflects that.268

Input imagery was sourced from NAIP at 0.4m ground sampling distance (pre-Ida: 2019-07-07;269

post-Ida: 2021-11-16 to 2022-01-30) [74]. The network was initialized from the released DamageCAT270

checkpoint and trained with the original Dice-plus-focal loss. Because Major and Destroyed footprints271
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are far rarer than the milder grades, tiles containing them were oversampled during training. Drawing272

tiles uniformly would have exposed the model to severe damage too seldom to learn it, leaving it able to273

minimize its loss by predicting ”no damage” almost everywhere.274

At inference, geometric test-time augmentation was applied and the resulting softmax outputs were275

averaged. A parcel was then classified as damaged when the fraction of positively predicted pixels within276

its OSM footprint exceeded a fixed cutoff of 1%. Because these labels supplement the FEMA record277

rather than replace it, the cutoff was set to balance precision and recall, at this operating point, the278

detector attains 83% precision and 22.0% recall. Applied across the Ida study region, the detector flags279

2,824 parcels as damaged (Fig. 2 (a1)–(c2)).280

Blue-tarp detector. After Hurricane Ida, blue plastic tarps were widely installed as temporary cov-281

ers on damaged roofs to keep homes habitable while permanent repairs were arranged. This practice282

is institutionalized in the U.S. Army Corps of Engineers’ Operation Blue Roof program, which alone283

installed over 30,000 such covers following Hurricane Ida [80]. These tarps are visually distinctive and284

serve as a direct proxy for post-disaster damage and repair activity. We exploit this signal with a hand-285

crafted pixel-level rule combining three conditions. First, the pixel must appear noticeably more blue286

than the other channels in the post image. Second, the same location must have become bluer after287

Ida, a constraint that rules out swimming pools and naturally blue surfaces present in both pre- and288

post-Ida imagery. Third, an absolute-brightness threshold excludes the dark tree shadows that otherwise289

dominated false positives in an unconstrained variant. A pixel is flagged as a tarp candidate only when290

all three conditions hold. An OSM footprint is then flagged as damaged when the proportion of flagged291

pixels within it exceeds a cutoff. Thresholds were tuned by grid search against a manually annotated292

set of 200/7,253 NAIP tiles selected by FEMA-damaged point count per tile, in which every overlapping293

OSM building footprint was visually inspected and labeled as displaying a blue tarp or not. Valida-294

tion on this annotated set yields F1 = 88.4% (P = 86.9%, R = 90.0%) at the chosen operating point.295

Fig. 2 (d1)–(f2) shows two illustrative tiles, each presented as a triplet of pre-Ida image, post-Ida image,296

and post-Ida image overlaid with damaged footprints (green fill): the top row (d1–f1) is a representative297

tile from the annotated set with manual ground-truth labels, and the bottom row (d2–f2) is a tile outside298

the annotation set with detector-flagged predictions. The predicted footprints align with the visible blue299

tarps on unseen imagery, confirming that the rule generalizes beyond the tuning set. Applied across the300
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Ida study region, the detector flags 7,072 parcels as damaged.301

Figure 2: Aerial-imagery-derived damage layer for Hurricane Ida. (a1)–(c1) and (a2)–(c2): two rep-

resentative NAIP tiles for the fine-tuned DamageCAT detector, each shown as pre-Ida image, post-Ida

image, and damage-label overlay on the post-Ida image (FEMA only in gold, overlap between FEMA

and the fine-tuned detector in purple, fine-tuned detector only in red). (d1)–(f1) and (d2)–(f2): two

representative NAIP tiles for the blue-tarp detector, each shown as pre-Ida image, post-Ida image, and

post-Ida image overlaid with damaged footprints (purple fill); the top row (d1–f1) is from the manually

annotated set with ground-truth labels, and the bottom row (d2–f2) is a tile outside the annotation set

with detector predictions. (g1): spatial distribution of FEMA-labeled damaged parcels across the Hur-

ricane Ida study region (Affected as orange diamonds; Minor, Major, and Destroyed as blue triangles).

(g2): the same region after augmentation, adding the aerial-imagery-derived damage layer released as

ida AerialDamaged (red circles) on top of the two FEMA layers. The legend below (g2) applies to both

(g1) and (g2).
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In total, these two detectors capture complementary signals and their union (9,148 parcels) is released302

as a new Aerial Damaged column alongside FEMA’s record, an approximately 14× expansion over the303

FEMA Minor, Major, and Destroyed labels (Fig. 2 (g1)–(g2)).304

Extension to Hurricane Ian. We applied the same blue-tarp detector to Hurricane Ian’s NAIP305

coverage of Lee County, FL (pre-Ian: 2019-11-21 to 2022-01-30; post-Ian: 2023-01-16 to 2023-02-306

14) [74], with thresholds re-tuned against a manually annotated set of 57 tiles. Validation yields307

F1 = 82.6% (P = 84.7%, R = 80.6%). The detector flags 11,736 parcels as damaged, of which 8,976308

(76.5%) lie outside FEMA’s 22,274 Affected, Minor, Major, or Destroyed parcels and is released as the309

ian AerialDamaged column alongside FEMA’s record.310

Data harmonization311

The records assembled above are not directly comparable. Each agency collected its data for its own312

administrative purpose. The sources therefore disagree about when an event occurred, what a severity313

label means, and how a record maps to a place on the ground. Such discrepancies would otherwise be314

mistaken for real differences in recovery behavior. Harmonization resolves them in three steps. Temporal315

alignment converts each system’s recorded timestamp into a proxy for the household decision behind316

it and bins every event to monthly resolution. Damage calibration maps the severity scales of the317

three events onto one ordinal taxonomy. Spatial matching uses geography to link records that share no318

identifier. It joins damage assessments and repair events to parcels, and each parcel to its Census Block319

Group.320

Temporal alignment321

Sale, repair, and assistance records originate from administrative systems that timestamp different stages322

of an event lifecycle, including deed closing dates, permit application or issuance dates, and FEMA323

registration dates. The recorded dates may occur days or even months after the household decision, with324

delays varying across data sources. We therefore provide both the transaction date and inferred listing325

date for sale event. For sale events, closing dates were converted to estimated listing dates, which serve326

as proxies for the household’s decision to sell. For repair events, both permit record-opening (filing date)327

or issuance dates were provided as proxies for the repair decision. Placeholder and missing repair dates328

14



were then reassigned based on estimated delay distributions. Following these adjustments, all resulting329

timestamps were binned to monthly resolution.330

For sale events, each closing date dC was converted to an estimated listing date dL via dL =331

dC −DOM
med
z,m , where DOM

med
z,m is the Redfin median days-on-market for the matching zip code and332

month. When zip-month information was unavailable, a fallback sequence of county-month, then county-333

year, and finally a 30-day default was used. For Ian and Ida, the resulting monthly listing counts were334

additionally calibrated against Redfin county-level new-listing totals: months exceeding the reference335

by more than 15% triggered a backward shift of 20–60 days applied to the excess listings, repeated336

iteratively for up to three passes. Harvey was not included because HCAD deed records cover a broader337

set of transactions than Redfin and are not directly comparable.338

Repair events were timestamped using the permit record-opening date as a proxy for the household339

repair decision. When only the issuance date was available, the issuance date was used as a conservative340

approximation. Two source-specific adjustments were then applied. For Harvey, approximately 126,500341

HCAD disaster-review records share a single placeholder issue date. To prevent these placeholders from342

artificially concentrating repair activity on a single day, their dates were redistributed by sampling from343

the empirical HCAD delay distribution stratified by FEMA damage level and blended 70/30 with the344

FEMA IHP rental-assistance end-date distribution. Sampling was deterministic under a fixed random345

seed. For Ida, FEMA IHP habitability repair records, used to supplement permit-based repair activity,346

lack precise completion dates. Repair dates were therefore sampled from the empirical distribution of347

the IHP rental-assistance end date, scaled by a uniformly sampled start fraction in [0.15, 0.55], and348

clipped to [7, 540] days post-landfall. All repair timestamps were then binned to monthly resolution; any349

timestamp falling beyond a storm’s released panel is dropped at this binning step rather than clamped to350

the final month, which for Ida affects under 0.5% of IHP-supplemented records (all in the single month351

immediately following the panel).352

Damage calibration353

Damage assessments across the three events were produced by different agencies using incompatible354

severity classifications. We therefore harmonized these records into a common damage-level taxonomy.355

For Ian, records from FEMA, Lee County Emergency Management, and StEER FAST were merged [65–356
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67]. For Ida, the FEMA Visual Damage Assessment (VDA) product provides five damage classes [46].357

Parcels with blank damage labels were reclassified as “Assessed”, and parcels missing from the FEMA358

VDA but with a matching FEMA NFIP flood insurance claim [81] were labeled as flood-claim damage.359

For Harvey, damage levels were inferred from modeled flood inundation depth using fixed thresholds:360

Affected (0–2 ft), Minor (2–5 ft), Major (5–8 ft), and Destroyed (> 8 ft) [68, 69].361

Flood depth was drawn from FEMA assessment fields, with sparse Ida values filled from a National362

Hurricane Center (NHC) storm surge raster. The limited FEMA VDA spatial coverage for Ida further363

motivated an aerial-imagery-derived supplemental damage layer, described in the Damage augmentation364

subsection above.365

Three encoding details vary across storms and carry implications for downstream use. (i) The damage366

level is released as a categorical code rather than a severity ordinal, and its label set differs by storm.367

Harvey has five labels: Affected, Minor, Major, Destroyed, and UNK for parcels the assessment did not368

reach. Ian adds Inaccessible, for structures whose damage could not be visually verified. Ida has nine369

labels, adding Assessed, No Visible Damage, flood-insurance claim damage, and Not Building/Remove.370

The code-to-label mapping for each storm is given in the dataset documentation. (ii) The “truly dam-371

aged” set used for repair–damage matching excludes “Affected” for Harvey but includes it for Ian and372

Ida. (iii) The estimated-loss field carries a dollar loss estimate (in USD) for Ian (drawn from the FEMA373

assessment) but an ordinal severity score for Harvey and Ida, reflecting source-specific availability of374

monetary estimates.375

Spatial matching376

Parcel records and damage assessments originate from separate geospatial systems with no shared iden-377

tifiers, requiring spatial join procedures to link them. Each parcel centroid was intersected with Census378

block-group boundaries to assign a CBG identifier, supporting both parcel-level analysis and aggregation379

into community-level recovery sequences [64]. Damage records, provided as geocoded point or polygon380

features, were then matched to parcels via a KDTree nearest-neighbor search within a maximum radius381

(0.01°, ≈1.1 km, for Ian; 0.02°, ≈2.2 km, for Ida and Harvey); when multiple records fell within the382

radius of the same parcel, the highest-severity assessment was retained. The assigned CBG identifiers383

were then used to attach CBG-level socioeconomic covariates from the American Community Survey to384
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each parcel [63].385

For Harvey and Ian, an additional spatial propagation step addressed residual geocoding mismatches386

between FEMA damage point coordinates and permit-based repair addresses. In a forward, event-driven387

pass, each repair event was additionally duplicated to every damaged parcel within 200 m (Harvey)388

or 500 m (Ian) of the event’s coordinates. In a reverse, parcel-driven pass, every damaged parcel still389

without a recorded repair received a copy of the repair history from the nearest repaired parcel within390

200 m (both storms). Both passes preceded the monthly binning of repair timestamps.391

Ida was excluded from this spatial propagation step because its permit coverage was too sparse.392

Instead, FEMA IHP habitability records, which supplement Ida’s permit-based repair activity but lack393

parcel-level coordinates, were assigned to damaged parcels within the same zip code using a deterministic394

severity-based round-robin: parcels were processed in severity order (Destroyed, then Major, Minor,395

Affected, Assessed), and the chronologically earliest IHP records were routed to the highest-severity396

parcels.397

Derived feature construction398

Two quantities that HARP’s intended analyses depend on appear in no source record. Deed files name399

the buyer of a property but never say whether that buyer is a household or an investor. Nor does400

any register document which parcels influence which others when owners decide to repair or sell. Both401

must be inferred from what the sources do record. Buyer type is recovered from free-text owner names402

by a two-level classifier that pairs keyword rules with a large language model. Neighborhood influence403

networks are estimated from the timing and location of the repair and sale events themselves, using the404

decision diffusion framework of the companion method paper [48]. Both are model outputs rather than405

observations, so we release them as clearly marked derived attributes that users may replace with their406

own estimates.407

LLM-based buyer type identification408

For analyses that distinguish the post-disaster behavior of owner-occupants and investors, the Harvey409

dataset was enriched with buyer type labels derived from administrative owner names. Sale parcels410

were linked to HCAD owner records by account number, and the primary owner name for each matched411
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account was assigned one of three labels: “individual”, “investor”, or “unknown”.412

Owner name classification from free-text administrative records is inherently ambiguous: names413

range from clearly personal (e.g., “JOHN A. SMITH”) to clearly organizational (e.g., “ABC REALTY414

LLC”), but a large fraction occupy an intermediate category, including informal business names, family415

partnerships, and trust-related designations that cannot be reliably identified by keyword matching.416

Large language models are well suited to this task because they encode the variable surface forms of417

personal and organizational names [82]. Recent work has demonstrated that LLM-based classification of418

open-text categorical fields achieves strong accuracy on domain-specific labeling tasks where rule-based419

approaches are brittle [83], which motivates their deployment as a second-level classifier for residual420

ambiguous cases.421

Figure 3: Two-level buyer type classification pipeline applied to Harvey post-hurricane sale parcels. The

pipeline assigns each sale parcel one of three labels: Individual, Investor, or Unknown.

As illustrated in Fig. 3, classification proceeded in two levels. A rule-based pre-filter first resolved422

clear cases: blank or placeholder names (e.g., “CURRENT OWNER”, “N/A”) were labeled “unknown”,423

and names matching organizational keywords via regular expression, including tokens such as LLC,424

INC, CORP, and REALTY, were labeled “investor”. Remaining names with no keyword match were425

submitted in batches to an LLM (GPT-4o) with a prompt restricted to the three allowed labels. These426

labels support the released example analyses of investor versus individual buyer behavior, including427

repair timing relative to sale and damage-stratified buyer composition.428
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Latent neighborhood influence network429

For each CBG community, a latent neighborhood influence network was inferred from the calibrated430

monthly parcel panel using the Household-level Decision Diffusion (HDD) framework developed in the431

companion method paper [48]. Briefly, HDD decomposes each household’s decision propensity into three432

additive components: a damage-driven covariate baseline, a multi-scale self-excitation term encoding the433

household’s own event history, and a neighborhood excitation signal propagated over a jointly learned,434

community-specific directed graph. Separate graph structures are inferred for sale and repair decisions.435

Each network is provided as a pair of directed, weighted adjacency matrices A(g,k), where g indexes the436

CBG and k ∈ {sale, repair} denotes the event type, with edge weights encoding the estimated pairwise437

influence strength between residential parcels within a community.438

Data Record439

The complete HARP dataset is publicly available for direct download, with no registration or access440

request required, at https://github.com/SusuXu-s-Lab/HARP-Dataset, under a Creative Commons441

Attribution 4.0 International (CC BY 4.0) license.442

HARP is released as a collection of monthly parcel-level panels, one per hurricane event. Table 2443

summarizes the three hurricanes covered. The first panel reports the temporal extent, number of Census444

Block Group communities, and total residential parcels. Full descriptions of all parcel-level attributes445

are provided in the Usage Notes section (Tables 4–13). For Harvey, each community record additionally446

carries a per-parcel buyer type label (individual, investor, or unknown), derived from HCAD owner447

names as described in the Methods. The label is empty where no classification is available, which includes448

every parcel without a sale in the observation window.449
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Table 2: Per-hurricane dataset overview.

Hurricane Landfall date Temporal coverage Months Communities Parcels

Ian 09/28/2022 01/01/2021–10/01/2023 34 422 202,926

Ida 08/29/2021 09/01/2020–07/01/2022 23 382 121,130

Harvey 08/25/2017 05/01/2016–11/01/2018 31 1,992 1,016,927

Hurricane Permit fee waiver IHP deadline EIDL deadline

Ian 10/05/2022 01/12/2023 06/29/2023

Ida 10/07/2021 11/29/2021 06/07/2022

Harvey — 11/30/2017 05/25/2018

To support analyses that anchor recovery behavior to policy timelines, for example, comparing de-450

cisions before and after a deadline or within the window between two milestones, the second panel of451

Table 2 reports three event-specific administrative milestones per hurricane: the local permit-fee-waiver452

date [84, 85], the FEMA Individuals and Households Program (IHP) application deadline [86–89], and453

the U.S. Small Business Administration Economic Injury Disaster Loan (EIDL) application deadline [90–454

92].455
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Figure 4: Monthly housing recovery decision records across three hurricane events. Bars give the monthly

number of parcels with a recorded sale or repair, stacked with sales below and repairs above, for Hurricane

Ian (Lee County, Florida, 2022), Hurricane Ida (New Orleans, Louisiana, 2021), and Hurricane Harvey

(Harris County, Texas, 2017). A parcel is counted once per month per event type, so a month with several

repairs on one parcel contributes one. The line shows the monthly share of sales among those parcels,

read against the right-hand axis. Each panel spans that storm’s full released window, so the three differ

in length. Vertical lines mark hurricane landfall and the storm-specific administrative milestones listed

in Table 2.

Figure 4 presents the monthly number of parcels with a sale or repair across all three hurricanes, over456

each storm’s released window. Repair activity rises sharply after landfall across all three events.457

Figure 5 provides a complementary spatial overview of cumulative sale and repair activity at the CBG458

level, with magnified insets of the inferred parcel-level influence networks for representative communities.459
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Sale and repair activity is geographically concentrated near the primary damage footprint of each storm.460

Figure 5: Spatial distribution of sale and repair events and post-hurricane learned neighborhood influ-

ence networks for three hurricanes. Each dot indicates a Census Block Group (CBG), colored by the

cumulative number of parcels with a sale (left column, blue) or a repair (right column, orange-brown)

over the storm’s released window; one shared color scale is used per column. Insets show the learned

neighborhood influence network for a representative CBG in each panel: vertices represent parcels, and

edges indicate non-zero inferred influence weights with opacity reflecting strength. Left and right insets

correspond to sale- and repair-type edges, respectively.
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Technical Validation461

HARP combines records that were never meant to be used together. The released panels therefore need462

evidence that the integration preserved the behavior they describe. Validation runs along two axes.463

The external axis compares HARP’s aggregate sale and damage counts against independent sources. No464

parcel-level ground truth exists for post-hurricane repair and sale behavior, so aggregates are the only465

external check available. The internal axis confirms that the released files are structurally sound. The466

three subsections below report sale-record consistency, damage-count consistency, and data integrity.467

Sale-record cross-source consistency468

Monthly sale events are validated against two independent commercial real estate aggregators (Fig. 6):469

Redfin, restricted to single-family residential transactions to match HARP’s scope [93], and Realtor.com,470

which aggregates single-family, condominium, and townhouse sales [94]. The two references differ from471

HARP in unit of observation as well as in scope: HARP counts geocoded single-family parcels, whereas472

the Realtor.com aggregate counts listed condominium and townhouse units, several of which may sit on a473

single parcel. Raw monthly volumes are therefore not directly comparable in level, and the Realtor.com474

series sits systematically above HARP in panels (a1), (b1), and (c1) for this reason rather than because475

of missing records. Validation accordingly reports both raw monthly sale volumes and month-to-month476

percentage changes; the latter cancels the fixed level offset induced by these unit and scope differences477

and serves as the primary basis for assessing temporal agreement. Across all three events, HARP sale478

sequences are consistent with both reference sources in capturing post-landfall transaction declines and479

subsequent market rebounds, supporting the temporal fidelity of the integrated sale records.480
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Figure 6: Cross-source validation of monthly sale records. Rows correspond to Hurricane Ian (a), Ida (b),

and Harvey (c). Left column (a1, b1, c1): raw monthly sale counts; right column (a2, b2, c2): month-

to-month percentage change. HARP (blue) is compared against Redfin single-family residential (orange)

and Realtor.com single-family, condominium, and townhouse (green). Realtor.com releases these three

property types only as a combined total, so its series cannot be restricted to single-family homes. The

x-axis shows months relative to landfall; dashed vertical lines mark landfall.

Damage-count cross-source consistency481

To further validate the harmonized damage layer, the HARP damaged-parcel counts are compared against482

independently reported third-party totals for each event (Table 3). The HARP totals combine FEMA-483

labeled damaged parcels (Affected, Minor, Major, Destroyed) with the aerial-imagery-derived augmen-484

tation released alongside FEMA’s record. Across all three events, HARP recovers the same order of485
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magnitude as the reference counts. HARP is restricted to geocoded single-family residential parcels by486

construction, whereas the third-party references report broader populations, so the HARP counts are487

consistently lower in magnitude.488

Event HARP damaged parcels Reference count

Hurricane Harvey 124,604 154,170 [95]
Hurricane Ida 13,545 53,000 [96]
Hurricane Ian 31,250 52,514 [56]

Table 3: Damage-count cross-source consistency.

Data integrity489

We ran automated checks on the released files to confirm that all required fields were present, array490

dimensions were consistent, and records were correctly aligned across arrays. All three hurricane datasets491

passed these checks.492

Example Analysis493

We close with three short analyses that existing resources would make difficult. Each exercises a different494

part of the release rather than settling a substantive question. The first uses a derived attribute available495

for one storm only and examines repair pathways by buyer type after Harvey, asking whether investor496

and individual purchases differ in whether repair came before or after the sale. The second relies on497

the cross-event harmonization and compares how sale and repair events are sequenced across all three498

storms. The third uses the released influence networks to relate neighborhood influence intensity to499

community attributes at the Census Block Group level.500

Buyer type and repair pathways.501

Figure 7 shows post-hurricane transaction and repair pathways for damaged parcels stratified by buyer502

type (individual versus investor). Repair timing is classified into three categories: seller-repaired before503

sale, buyer-repaired after purchase, and sold as-is with no recorded repair. The plurality of damaged504

parcels were sold as-is, accounting for 37.6–49.7% across panels, indicating widespread ownership transfer505

without observed repair. Investor purchases involved a higher share of seller-repaired properties than506

individual purchases, with an overall difference of 6.0 percentage points (33.5% versus 27.5%). The507
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difference was larger among parcels with Major damage. The pattern is consistent with investor buyers508

preferentially acquiring properties whose owners completed repairs before listing.509

Figure 7: Repair timing in post-Harvey transactions by buyer type and damage level. Distribution of

repair timing among damaged parcels that were sold after Hurricane Harvey. Bars show the percentage

of post-Harvey transactions associated with individual and investor buyers, stratified by damage level.

Sale and repair sequencing.510

Figure 8 characterizes the months between sale and repair events for parcels where both occurred within511

the twelve-month post-landfall window (the landfall month and the following eleven months), separately512

for each hurricane. The top row reports the within-group distribution of time gaps for repair-first parcels513

(those where repair preceded sale); the bottom row reports the analogous distribution for sale-first parcels.514

Across all three storms, sale-first parcels are more concentrated in the immediate post-landfall months515

(modal gap of 1–2 months) than repair-first parcels (modal gap of 2–3 months), and both distributions516

decay to near zero by month 11. The shapes are broadly similar across Ian, Ida, and Harvey, indicating517

a consistent post-disaster temporal structure between event types.518
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Figure 8: Distribution of time gaps between sale and repair events for parcels with both event types

within the twelve-month post-landfall window (landfall month plus the following eleven months), for

Hurricanes Ian (panels a1, a2), Ida (b1, b2), and Harvey (c1, c2). Top row (green): within-group

distribution of repair-first gaps by months. Bottom row (orange): within-group distribution of sale-first

gaps.

Neighborhood influence intensity across community attributes.519

Figure 9 illustrates how the released influence networks can be combined with community attributes to520

summarize variation in neighborhood influence intensity across CBG communities. For each parcel, we521

compare the event-history signal propagated from its neighbors, computed as Rnei = ARself , with the522

parcel’s own event-history signal Rself . The neighborhood-to-self influence ratio is then averaged across523

active parcels within each CBG. Higher values indicate communities in which repair and sale dynamics524

are more strongly associated with neighboring parcels’ prior activity than with each parcel’s own prior525

activity.526

Across all three storms, smaller communities show higher neighborhood-to-self influence ratios, sug-527

gesting stronger local decision dependence in more compact parcel networks. Median household income528

shows only weak variation across panels, while the association with population density differs by storm.529

The ratio is negative for Ian, approximately flat for Harvey, and slightly positive for Ida, likely reflecting530

differences in urban form across Lee County, Harris County, and New Orleans.531
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Figure 9: Inferred neighborhood-to-self influence ratio versus three CBG-level community attributes

(community size, median household income, population density), for Hurricanes Ian (top), Ida (middle),

and Harvey (bottom). Each point is a CBG colored by total post-hurricane events per 100 parcels; the

solid line is a per-panel OLS fit with a 95% confidence band.

Code Availability532

The code used to construct HARP, including the blue-tarp and fine-tuned DamageCAT damage detection533

and the buyer-type classification, together with the dataset usage guide, is publicly available in the same534

repository as the data, https://github.com/SusuXu-s-Lab/HARP-Dataset (see the Data Record535

section). The neighborhood influence networks were inferred with the HDD framework described in the536

method paper [48].537
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Usage Notes538

HARP attributes are organized into four categories: (i) parcel-level household characteristics, docu-539

mented separately for the Regrid-derived (Ian, Ida) and HCAD-derived (Harvey) releases (Tables 4 and540

5), (ii) Census Block Group community-level attributes joined to each parcel (Table 7), (iii) damage541

assessment fields (Table 6), and (iv) sale and repair event records (Tables 8–13). The two household-542

characteristics tables are split because the Regrid and HCAD source schemas surface different underlying543

fields; Ian and Ida share the Regrid schema (with a small number of Ida-only fields marked †), while544

Harvey uses the HCAD schema, which includes a broader set of appraisal-district attributes not available545

from Regrid (identified in the tables by the hcad prefix). Descriptions of these appraisal-district fields546

in Table 5 follow the official HCAD PDATA Codebook [97]. Sale and repair records use storm-specific547

field names and are documented separately per hurricane. Community-level attributes are joined to each548

parcel via its Census Block Group identifier (census blockgroup), so parcels within the same CBG549

share identical values for these fields.550

To protect the privacy of individual households while preserving the analytical value of their attributes,551

we release household features as learned embeddings rather than raw values. For each household we552

provide a 128-dimensional embedding that encodes its attributes in a compact latent form. The em-553

bedding is produced by standardizing the household’s feature vector, projecting it to 128 dimensions,554

and passing it through two residual blocks. This embedding supports clustering, similarity search, and555

downstream prediction. Because it is a fixed, non-invertible transformation and the encoder weights are556

not distributed, the embeddings cannot be mapped back to individual attribute values. Tables 4 and 5557

are therefore the one exception to the categories listed above: they document the source attributes the558

embedding encodes, not columns of the released files. Counting the damage fields of Table 6, these source559

attributes span 39 columns for Ian, 46 for Ida, and 48 for Harvey. Preprocessing transforms, merges, or560

drops some of them, so the encoder receives 34, 32, and 34 columns respectively.561
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Variable Description

parcelnumb Regrid parcel identification number.
census blockgroup Census Block Group identifier (12-digit FIPS).
lat Latitude of parcel centroid (WGS-84).
lon Longitude of parcel centroid (WGS-84).
usecode Land use code assigned by the county assessor.
usedesc Text description of the land use type (e.g. single family residential).
zoning Local zoning code assigned by the jurisdiction (possible-use category).
lbcs activity Land-Based Classification Standards (LBCS) Activity code: the actual activ-

ity taking place on the land.
lbcs function LBCS Function code: the economic function served by the parcel.
lbcs structure LBCS Structure code: the type of structure on the parcel.
yearbuilt Structure year built.
numstories Number of stories.

sqft† Building square footage (Ida only; Ian’s release omits this field).
totalarea Total building area (sq ft) of the existing structure on the parcel.
existing heatedarea Heated living area (sq ft) of the current structure on the parcel.
existing bathrooms Number of bathrooms in the current structure on the parcel.
existing bedrooms Number of bedrooms in the current structure on the parcel.
new heatedarea Heated area (sq ft) of new construction permitted for the parcel.
new totalarea Total area (sq ft) of new construction permitted for the parcel.
new bathrooms Number of bathrooms in new permitted construction for the parcel.
new bedrooms Number of bedrooms in new permitted construction for the parcel.
improvval Improvement value: assessed value of improvements (structures) on the parcel.
landval Land value: assessed value of the land.
parval Total parcel value.
agval Agricultural value.

owntype† Ownership type code (Ida only).
highest parcel elevation Highest elevation value (meters) intersecting the parcel, computed from the

USGS 10m DEM.
lowest parcel elevation Lowest elevation value (meters) intersecting the parcel, computed from the

USGS 10m DEM.
roughness rating Within-parcel elevation variability class computed from the USGS 10m DEM

(Level / Nearly Level / Slightly / Intermediately / Moderately / Highly /
Extremely Rugged).

transmission line distance Distance (meters) from the parcel boundary to the nearest 69–765 kV electric
transmission line.

fema nri risk rating FEMA National Risk Index (NRI) composite risk rating for the parcel’s loca-
tion.

fema flood zone† FEMA flood-zone designation (Ida only).

nhc in tidal zone† Whether the parcel falls within the NHC tidal zone (0/1) (Ida only).
population density Population density (per square mile) at the Census Block Group level.
population growth

past 5 years

CAGR of population over the past 5 years at the CBG level.

population growth

next 5 years

Projected CAGR of population over the next 5 years at the CBG level.

housing growth

past 5 years

CAGR of housing units over the past 5 years at the CBG level.

housing growth

next 5 years

Projected CAGR of housing units over the next 5 years at the CBG level.

household income growth

next 5 years

Projected CAGR of median household income over the next 5 years at the
CBG level.

median household income Median household income (previous year), at the CBG level.
housing affordability index Housing Affordability Index (HAI), at the CBG level.
pre hurricane repair count Number of repair permits recorded for the parcel before landfall.
† Encoded for Ida only; not part of Ian’s feature set. Ian’s attributes are otherwise a subset of Ida’s.

Table 4: Household characteristics for Hurricane Ian and Hurricane Ida.
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Variable Description

parcelnumb HCAD account identification number.
census blockgroup Census Block Group identifier (12-digit FIPS).
lat Latitude of parcel centroid (WGS-84).
lon Longitude of parcel centroid (WGS-84).
yearbuilt Year the structure was originally built.
usecode Land use code assigned by the county assessor.
sqft Building square footage.
totalarea Total area of the parcel (land and improvements) in square feet.
existing heatedarea Heated living area (sq ft) of the existing structure.
existing bathrooms Number of bathrooms in the existing structure.
existing bedrooms Number of bedrooms in the existing structure.
improvval Improvement value: assessed value of improvements (structures) on the parcel.
landval Land value: assessed value of the land.
parval Total parcel value.
agval Agricultural value.
hcad improvval Building Value.
hcad landval Market Land Value.
hcad assessed val Assessed Value.
hcad tot appr val Appraised Value.
hcad tot mkt val Market Value.
hcad tot rcn val Total Building Replace Cost Value.
hcad x features val Extra Feature Value (value of other features such as a detached frame garage

or a pool).
hcad taxable val Taxable Value.
hcad bld ar Total Building Area.
hcad land ar Total Land Area Square Footage.
hcad acreage Total Land Area Acreage.
hcad im sqft Improvement Area.
hcad heated area Heated Area.
hcad actual area Actual Area.
hcad gross area Gross Area.
hcad yr impr Parcel Year Improved.
hcad year built Actual Year Built.
hcad yr remodel Year Remodeled.
hcad bedrooms Number of bedrooms.
hcad full baths Number of full bathrooms.
hcad half baths Number of half bathrooms.
hcad total rooms Total number of rooms.
hcad story height Number of stories.
hcad fireplaces Number of fireplaces.
hcad state class HCAD state / property class code.
hcad neighborhood Neighborhood Code.
hcad market area HCAD primary market area code (Market Area 1, valuation grouping).
hcad school dist Independent School District (ISD) code.
population density Population density (per square mile) at the CBG level.
median household income Median household income (previous year), at the CBG level.
pre hurricane repair count Number of repair permits recorded for the parcel before landfall.

Table 5: Household characteristics for Hurricane Harvey. The unprefixed valuation and area fields

and the hcad -prefixed appraisal-district fields are two parallel families in the HCAD source; both are

encoded.

31



Variable Description

FloodDepth Flood depth at the parcel during the hurricane.
BldgValue Building replacement value at time of damage assessment (Ian and Harvey

only).
EstLoss Estimated loss from the hurricane. Ian: real dollar value (USD). Harvey

and Ida: ordinal severity code.
nhc surge category NHC storm-surge raster category at the parcel (0–5; 7 = levee-protected) (Ida

only).
nhc surge depth ft NHC modeled storm-surge depth (feet); 0 where none or levee-protected (Ida

only).
nhc tidalmask category NHC tidal-mask raster category at the parcel (0–5; 7 = levee, 15 = high-

tide/intertidal zone) (Ida only).
Occupancy Occupancy type of the assessed structure (Ian and Ida only), as a categorical

code. Ian: single family / multi family / manufactured home. Ida: the county
assessor’s land-use code of the matched assessment point.

DamageLevel Damage label as a categorical code. Label set is event-specific (see Damage
Calibration).

AerialDamaged Damage flag derived from aerial imagery. Available for Ida and Ian.

Table 6: Damage assessment attributes.

Variable Description

total population Total resident population.
total households Total number of households.
pct age under 18 Share of residents under 18 years of age (%).
pct age 65 plus Share of residents aged 65 and over (%).
median age total Median age of all residents (years).
median age male Median age of male residents (years).
median age female Median age of female residents (years).
pct white alone Share of residents reporting White alone (%).
pct black alone Share of residents reporting Black or African American alone (%).
pct asian alone Share of residents reporting Asian alone (%).
pct two or more race Share of residents reporting two or more races (%).
pct family households Share of households classified as family households (%).
pct single person hh Share of households consisting of a householder living alone (%).
pct hh with children Share of households with one or more children under 18 (%).
median household income Median household income in the previous year (USD).
pct hh income under 25k Share of households with annual income below $25,000 (%).
pct in labor force Share of the population aged 16 and over in the labor force (%).
unemployment rate Unemployed as a share of the civilian labor force (%).
pct hs or higher Share of adults aged 25 and over with at least a high-school diploma (%).
pct bachelor or higher Share of adults aged 25 and over with a bachelor’s degree or higher (%).
pct owner occupied Share of occupied housing units that are owner-occupied (%).
pct renter occupied Share of occupied housing units that are renter-occupied (%).
median home value Median value of owner-occupied housing units (USD).
median gross rent Median gross rent for renter-occupied units (USD per month).
median year built Median year the structure was built.
total housing units Total number of housing units, occupied and vacant.
pct vacant units Share of housing units classified as vacant (%).
pct single family Share of housing units in 1-unit detached or attached structures (%).
pct mobile home Share of housing units classified as mobile homes (%).
pct commute 60min plus Share of commuters with a one-way travel time of 60 minutes or more (%).
pct 65plus living alone Share of residents aged 65 and over who are a householder living alone (%).

Table 7: Community-level (Census Block Group) attributes from the American Community Survey.
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Variable Description

first sale date Parcel’s sale close date; one transaction recorded per parcel.
listing date Listing date corresponding to sale date for the parcel (see Temporal Align-

ment).
sale date history Semicolon-joined chronological sequence of deed-recorded close dates for every

sale in the parcel record.

Table 8: Ian — Sale variables per parcel.

Variable Description

lee first completion date Earliest permit completion date for the parcel, defined as the smallest record
date among permits whose Status closed with a Certificate of Compliance,
Certificate of Occupancy, or Certificate of Use, or that closed as Complete or
Effective.

lee statuses Semicolon-joined sequence of permit Status labels for every Lee County permit
matched to the parcel, sorted earliest first. The full Lee County Accela vo-
cabulary contains 42 values across all record types; the most common ones are
Closed-CC Issued, Closed-CO Issued, Closed-Revision Approved, Permit
Expired, Closed-Withdrawn, Permit Issued, Closed-Voided, Waiting on

Applicant, and Closed-Cert of Use Issued.
lee record dates Semicolon-joined sequence of record dates corresponding to lee statuses for

those permits, in the same order.
fema applied dates Semicolon-joined sequence of FEMA IHP application dates assigned to the

parcel via zip-level mapping, ordered earliest first.

Table 9: Ian — Repair variables per parcel.

Variable Description

first sale date Parcel’s sale close date; one transaction recorded per parcel.
listing date Listing date corresponding to sale date for the parcel.

Table 10: Ida — Sale variables per parcel.
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Variable Description

nola app submit dates Semicolon-joined sequence of application-submission dates for every New Or-
leans permit matched to the parcel, ordered earliest first.

nola app review dates Semicolon-joined sequence of application-review dates for those same permits,
in the same order.

nola plan review dates Semicolon-joined sequence of plan-review dates for those same permits, in the
same order.

nola zoning review dates Semicolon-joined sequence of zoning-review dates for those same permits, in
the same order.

nola approved dates Semicolon-joined sequence of permit-approval dates for those same permits, in
the same order.

nola issued dates Semicolon-joined sequence of permit-issuance dates for those same permits, in
the same order.

nola inspection dates Semicolon-joined sequence of first-inspection dates for those same permits, in
the same order.

nola co dates Semicolon-joined sequence of Certificate of Occupancy dates (final building-
completion sign-off) for those same permits, in the same order.

fema applied dates Semicolon-joined sequence of FEMA IHP application dates assigned to the
parcel via zip-level mapping, ordered earliest first.

Table 11: Ida — Repair variables per parcel.

Variable Description

first sale date Earliest HCAD deed-of-sale date across the parcel’s recorded transaction his-
tory.

listing date Listing date corresponding to sale date for the parcel.
sale date history Semicolon-joined chronological sequence of HCAD deed-of-sale dates.

Table 12: Harvey — Sale variables per parcel.

Variable Description

hcad issue dates Semicolon-joined sequence of HCAD permit issue dates for every permit
matched to the parcel by account number, ordered earliest first.

fema applied dates Semicolon-joined sequence of FEMA IHP application dates assigned to the
parcel via zip-level mapping, ordered earliest first.

Table 13: Harvey — Repair variables per parcel.
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