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Abstract

Natural disasters can disrupt housing markets, causing destruction to communities
and distress to economic activity. To estimate the effects of disasters on home prices,
publicly-available data on property damages are often used to classify “treated” prop-
erties. However, by design these data lack precise geospatial information, leading to
measurement error in the treatment variable as aggregate measures must be used. We
leverage leading difference-in-differences and synthetic control methodologies across
various treatments and levels of geography to measure price effects with such data
following Hurricane Ian’s unexpected landfall in southwest Florida during September
2022, coinciding with the state’s initial recovery from the COVID-19 pandemic. Em-
pirical results suggest positive, time-varying price effects, though we place caveats on
these results as there may be many mechanisms underway; our results should be in-
terpreted as descriptive correlations and not causal effects for various reasons. Our
main contribution is methodological, highlighting the importance of robustness checks,
functional form, statistical techniques, and testing across different samples. Addition-
ally, quicker access to high quality public data could enhance quantitatively-informed
conversations on natural disaster effects.
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1 Introduction
Natural disasters disrupt housing markets, causing physical damage and reducing property

values. While measures of damage are useful for certain purposes, understanding changes

to a home’s fundamental value (price) is more relevant for economic considerations. For ex-

ample, potential home buyers may likely be concerned about a previously damaged home’s

future value even if damages have been fully repaired. Nevertheless, measures of damages

are still needed as failure to account for destruction when estimating price effects may con-

flate changes in market conditions with changes in a home’s quality. Publicly-available,

claims-level damage data exist but (by design) do not have precise geospatial information.

This introduces measurement error along with other practical and econometric challenges for

those using this data. This paper assesses whether current publicly-available damages data

can shed light on real estate market price effects after a natural disaster. Without propri-

etary damages data, the publicly-available damages data are often the only source for many

policymakers and researchers. This paper also highlights how leading statistical techniques

cannot always overcome common data challenges.

A major storm, Hurricane Ian, struck southwest Florida in September 2022. The initial

trajectory anticipated landfall in Tampa Bay before suddenly veering eastward. The al-

tered course brought landfall to Lee County, where Ian ultimately became the costliest and

most destructive storm in the state’s history. This paper uses several leading approaches in

the literature, namely, difference-in-differences (DiD) and synthetic control methods (SCM),

to estimate causal effects of Hurricane Ian on home prices.1 To do this, residential real

estate listings are collected for transactions from counties across Florida, the coastal Gulf-

Coast, and the coastal Mid-Atlantic states. The information is combined with the Federal

Emergency Management Agency’s (FEMA) publicly-available Individual Household Pro-

gram (IHP) data containing details on property level damages resulting from Hurricane Ian.

Using the IHP data, we construct several aggregate level (county or ZIP Code™) treatment

definitions with both counts and dollar value damages of claims. Importantly, each aggre-

gate treatment definition is associated with some degree of measurement error because homes

affected by Ian may be misclassified as not being damaged by Ian, and vice-versa.

1In our usage, DiD refers to both the canonical difference-in-difference framework with a single pre-
treatment period and single post-treatment period, as well as event study frameworks with multiple pre- and
post-treatment periods. We label these frameworks as static and dynamic treatment effects, respectively.
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Despite initial summary statistics indicating aggregate price declines, traditional DiD and

SCM estimates reveal positive price effects. While a supply channel effect—Ian reduced

housing supply, driving up prices—is possible, we are hesitant to interpret the results in such

a way for several reasons. First, evidence suggests the parallel trends assumption (essential

for DiD) is likely unsatisfied, as hurricane-stricken areas exhibit different price trends than

unaffected ones. Second, scarce housing data in some areas means balancing panels for SCM

estimation reduces the sample size, yielding a weak pre-treatment fit, thus posing a problem

with SCM design. Third, estimated effects are sensitive to treatment definitions, making

the choice of which aggregate treatment to use non-trivial. Moreover, weights assigned to

control units vary considerably when treatment definitions change, underscoring the need for

additional statistical investigation. Fourth, estimated treatment effects are also sensitive to

the time window used and the property type of the home; manufactured homes appear to be

more affected than single-family homes, although the size of the effect varies depending upon

the earliest time used in the estimation. Fifth, there are likely many mechanisms underway

that influence home prices after disasters and we do not distinguish empirically the different

channels, but we provide a discussion of possible channels at the end of the paper. We view

the positive correlation between Ian and home prices as descriptive and not a causal effect

for the various reasons previously mentioned. Finally, careful consideration of temporal

frequency is crucial for analyses; using too coarse a time frequency (e.g., annual) may mask

important variation within a given period. In general, despite using leading econometric

approaches, the results highlight limitations of publicly available data, especially in finding

suitable controls when treatment (and control) are mis-measured. Researchers investigating

causal effects of disasters are likely to encounter similar problems.

This is not the first study about the effects of natural disasters on home prices. Unexpected

events, like hurricanes, can shock markets with lasting consequences. As detailed in the next

section, prior work most commonly considers disasters’ differential impact on flood zones and

non-flood zones.2 Some papers consider the direct effect of damages on residential prices,

though often with different treatment definitions. These papers typically have granular

proprietary damage information, thus avoiding the measurement error issues raised here.

Such granularity would be extremely valuable for policymakers reacting to a storm’s potential

damages and price effects. A small literature is emerging about misclassification (treatment

mismeasurement) in a broader setting, but it is too early to apply to this setting.

2See Contat et al. (2024) for a recent survey of this literature, including methods used and findings.
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This paper’s contribution is twofold. First, using public data, estimates are derived for the

effects of a hurricane on residential real estate prices, providing valuable information for

those still grappling with a storm’s aftermath. While DiD results are mixed, SCM findings

suggest a time-varying premium with the largest treatment magnitude occurring about three

months after the storm. In particular for Hurricane Ian, the results suggest around a 5%

to 11% price increase, which we view with some skepticism. Second, we provide practical

advice on methodological choices while highlighting the limitations of using public data.

Our primary recommendations include employing matching before estimation, imputation

of missing geographical areas for balancing panels, careful scrutiny of the time window being

considered, sensitivity analysis with respect to treatment aggregation choice, consideration of

proper form of dependent variable, and supplementing damage measures to enhance accuracy.

The results underscore the importance of robustness checks with DiD and SCM methods.

The plan of the paper is as follows. After a brief review of the applied disaster literature,

section 3 describes the data and presents preliminary descriptions of price effects. Section

4 uses traditional causal techniques to test if a natural disaster might disrupt real estate

prices. The first empirical specification, DiD, and the resulting estimates, pay attention to

pre-trends tests for identifying suitable controls groups. Dynamic treatment effects further

document heterogeneity over time. Section 5 introduces the second specification, synthetic

controls, as a potential solution when a suitable control cannot be found or if the aim is an

aggregated treatment effect. Both specifications are performed at the county and ZIP Code

levels to highlight spatial heterogeneity. Finally, section 6 provides a concluding discussion.

2 Literature Review
This paper contributes to two distinct branches of the literature: studies of natural disasters

and applied experimental techniques. As commonly noted by the popular press, natural

disasters can generate substantial costs. However, those figures often focus on damages or

disaster relief that are totaled for individual properties. While we do estimate price effects

at the individual property level, we also consider whether such events can fundamentally

disrupt an entire market’s valuation or its potential price trajectory. If any event could

have an impact, Hurricane Ian is a good candidate. However, the exercise becomes difficult

when a storm destroys the existing stock or leads to only certain kinds of properties being

sold. Luckily, the federal government has been making considerable strides to release more

detailed information on disasters claims and there already exists very rich residential real
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estate data. The subsections below highlight academic works that utilize such data sources

and evolving causal methodologies that this paper will bridge together.

2.1 Studies of Natural Disasters

A large applied climate literature estimates the disruptive effects of disasters on residential

prices.3 Difference-in-differences (DiD) and synthetic control methods (SCM) are the dom-

inant methods, with DiD being much more prevalent, although there are papers that use

other estimators to answer particular questions.4 For DiD papers, the crucial statistical re-

quirement is satisfying the parallel trends assumption, without which there is not a suitable

control group.5 This paper builds on the literature by explicitly considering how to find a

suitable control in the presence of a misclassified treatment. While there are econometric

tests (e.g., pre-trends tests for DiD, pre-treatment fit for SCM) that can determine whether

a proposed control group is suitable, this paper builds off Miller (2023) and offers practical

advice about choosing suitable controls using a variety of statistical tests. For SCM papers,

although these methods were developed to deal with treatment at aggregate levels when

there is no obvious control group (Abadie and Gardeazabal, 2003; Abadie, Diamond, and

Hainmueller, 2010), the highly localized nature of real estate prices may introduce bias when

assigning treatment. For the few papers that use SCM, a wide variety of treatment aggrega-

tions are assigned at the Census tract (Keys and Mulder, 2020), city block (Ho et al., 2023),

and city levels (Kim and Lee, 2023). We build off of this literature and consider treatment at

two different geographic levels (the county and ZIP Code) to show whether an appropriate

aggregation level can be established. Moreover, we believe this is the first paper to consider

how estimated price effects are affected by different aggregating procedures (i.e., treatment

definitions) with a certain geography.

Restricting attention to hurricanes and flooding events, the definition of a “treated home”

or a “treated area” is typically expressed in terms of flood zone status (Fang, Li, and Yavas,

2023; Muller and Hopkins, 2019; Hino and Burke, 2021; Harrison, T. Smersh, and Schwartz,

2001), actual damages sustained (Zivin, Liao, and Panassie, 2023; Strobl, 2011; Fisher and

3For an alternative dependent variable, see Turnbull, Zahirovic-Herbert, and Mothorpe (2013) and Salter
and King (2009), each of whom consider the effect of flood risk on price and liquidity.

4For example, Zhang (2016) uses a spatial quantile regression to study the effects of flood hazards on
residential values across the price distribution and finds lower-priced properties are impacted more.

5Recent works are becoming more likely to explicitly mention or even test for parallel (common) trends;
see, for example, the papers surveyed in Contat et al. (2024). Roth (2022) points out that even conditional
on passing pre-trends tests one may still have biased results.
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Rutledge, 2021; Gould Ellen and Meltzer, 2024), or both (Atreya and Ferreira, 2015; Hen-

nighausen and Suter, 2020; Yi and Choi, 2020; Gibson and Mullins, 2020). Building on

this literature, the present study focuses solely on damages and asks: Do affected areas

experience lasting changes in fundamental real estate values? Unsurprisingly, the literature

generally finds evidence that damages negatively impact property prices, but there is a lack

of consensus about the right magnitude due to differences in definitions of damages, empiri-

cal approaches, and other factors. There are exceptions where some papers do find positive

price effects, which is justified as a correlation with amenities (Muller and Hopkins, 2019)

or even rebuilding to stronger codes (Dumm, Sirmans, and Smersh, 2012).

Further restricting attention to hurricane and flood papers that use damages data, most

studies have fairly granular measures of data. Exceptions to this include Fisher and Rutledge

(2021), who focus on commercial real estate and define a property to be treated if it is

located in a core-based statistical area (CBSA) that was affected by a hurricane. They

find evidence of significant and heterogeneous price effects due to damage from hurricanes.

Similarly, Gould Ellen and Meltzer (2024) aggregate damages to the Census block and tract

levels using highly granular storm surge data, indicating heterogeneous price effects with

respect to income. The present study builds on these works by explicitly considering the

consequences of deliberately (and necessarily) introducing measurement error.6 In terms

of a similar sample area, Hallstrom and Smith (2005) study the effects of the “near-miss”

Hurricane Andrew (1992) on the Lee County area, which was not damaged by the storm.

Using a DiD approach, they find that residences in flood zones experienced price discounts

of about 19%. Importantly, their treatment definitions correspond to flood zone status, not

direct damage, making it difficult to compare price effects with our study.

One aspect of the literature not often explicitly considered is the time dimension, which is

often dictated by a data constraint. However, when a researcher has the luxury of making

a free choice, it would be useful to know when and what matters to the dependent variable

(price). The literature contains a range of time frequencies. Gibson and Mullins (2020)

use a weekly frequency. Other papers rely on months (Bin and Landry, 2013; Zivin, Liao,

and Panassie, 2023), quarters (Fang, Li, and Yavas, 2023; Gould Ellen and Meltzer, 2024),

and years (Yi and Choi, 2020; Atreya and Ferreira, 2015). The present study is agnostic

6Interestingly Zivin, Liao, and Panassie (2023) note another measurement error when they assume treat-
ment (exposure) is symmetric about the eye of the storm. This is not a concern here because the starting
point is a property level measure of damages and not scientific measures like wind speed or the storm path.
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about the most appropriate choice and is more interested in discerning whether the choice

matters for finding a suitable control. For example, if a DiD specification has 4 years of

pre-treatment data then (ignoring normalization of coefficients) four coefficients are needed

to jointly be equal to zero for an annual time frequency whereas 48 coefficients are needed

for a monthly frequency. Additional complications arise if the larger number of coefficients

also entail larger standard errors because of the increasing offset between precision and noise

when increasing granularity. The lack of a clear ex-ante prediction about directionality is

discussed later in more detail. In our dynamic specifications we see some evidence of price

effects that change over time, suggesting that a coarser frequency on a quarterly or annual

basis may miss important time heterogeneity.

2.2 Applied Experimental Techniques

This paper relates to an old and extensive literature on measurement (see Schennach, 2016,

for a recent survey). A relatively new strand of work analyzes misclassification of treatment

in the DiD setting (Denteh and Kédagni, 2022; Negi and Negi, 2022). Misclassified treatment

leads to biased and inconsistent estimation of the average treatment effect on the treated

(ATT) as the estimated parameter can be written as a weighted average of the correctly

measured and mismeasured groups.7 Our paper also relates to a growing DiD literature that

points out threats to the parallel trends assumption (Roth et al., 2023).8 Several papers have

pointed out problems with common “pre-trends” tests that are used to evaluate the validity

of the parallel trends assumption (Roth, 2022; Rambachan and Roth, 2023). In particular,

pre-trends tests have low power (failing to reject the presence of differing trends between

treated and control groups) and, conditional on passing these tests, the resulting estimates

of treatment effects are likely to be biased (Roth, 2022). Can the parallel trends assumption

be satisfied under misclassification in an applied setting? Before moving on to SCM, it may

be useful to point out this current paper is conceptually related to the “fuzzy” difference-

7Alternatively, the problem of measurement is eliminated, or at least reduced, if one is interested in a
more market-level (aggregate) effect rather than the effect of the disaster on individual home prices.

8This paper only considers a single event. A reviewer pointed out that multiple events or varying degrees
of treatment could be happening in the pre-treatment sample. Unfortunatley, if using staggered or stacked
DiD methods, any mismeasurement could be compounded over multiple disasters. This paper already points
out applied limitations with estimating the effects from one disaster. Realistically, the problem exists because
there is enough time for multiple events to affect treated and controlled locations. A partial solution is to
limit pre- and post-treatment windows. Based on feedback, we run tests with shorter pre-treament lengths
back to 2019 and 2021. Results remain similar. This approach isolates the disaster by itself (i.e. no other
major hurricanes happen within that window), but it complicates the selection of control locations. We defer
to future work for applying empirical techniques to the case of multiple disasters. See Marcus and Sant’Anna
(2021) for a comparison of recently proposed estimators with staggered treatment in an environmental setting.
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in-difference treatment definition developed by De Chaisemartin and d’Haultfoeuille (2018),

where units in treatment group may be allowed to be untreated and units in the control

may be allowed to be treated. The authors show that with certain assumptions and fuzzy

treatment, alternative estimands can identify a local average treatment effect (LATE) of the

units that actually become treated.

SCM estimation has a rich academic basis.9 Two notable sub-threads relate to covariate

selection and goodness of fit. For covariate selection, Kaul et al. (2015) show that using all

pre-treatment outcomes as controls will maximize pre-treatment fit while rendering other

factors unusable, which invokes a fit versus bias trade-off. We follow the advice in Ferman,

Pinto, and Possebom (2020) who use all pre-treatment lags as controls to maximize fit and

avoid criticisms about selected controls. For goodness of fit, papers propose solutions for

dealing with the problem of a weak pre-treatment fit, which can cause bias in the esti-

mates (Ben-Michael, Feller, and Rothstein, 2021; Ferman and Pinto, 2021). In particular,

Arkhangelsky et al. (2021) propose a combination of DiD with SCM (“synthetic differences”),

where a synthetic control establishes a baseline comparison in a DiD estimation rather than

in direct calculation of the desired treatment effect from the relevant formula. Finally, for

many treated units, Abadie and L’Hour (2021) propose a method for selecting a suitable syn-

thetic control among disaggregated data if the standard approach does not yield a unique

solution. This technique is tested and presented later.

3 Data and Background
This section begins with Hurricane Ian background information, followed by a summary of

utilized datasets, including real estate transactions and disaster claims. It defines various

aggregate treatments and presents preliminary evidence of Ian’s impact on market valuation

metrics. The findings suggest an Ian-related disruption, with a more substantial shock

observed in the two years preceding it due to COVID-19.10

9For a recent survey of synthetic control methods, see Abadie (2021). Work relating DiD and SCM is in
relatively early stages. Several important contributions have already been made by Doudchenko and Imbens
(2016) and Arkhangelsky et al. (2021).

10A differential empirical framework could attempt to isolate the COVID-19 disruption from the Hurricane
Ian disruption using a staggered treatment design. Such a design is beyond the current scope of this paper
because it suggests testing for a mismeasured treatment. However, in some robustness checks, we partially
address the issue by varying lengths of treatment windows in the estimation.
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Table 1: Recent Declared Disasters Affecting Lee County, Florida

Disaster Date Declaration Disaster Severity IH IA PA HM
Hurricane Irma 9/4/2017 DR-4337 Cat 3, $60.13 billion 1 0 1 1
COVID-19 Pandemic 1/20/2020 DR-4486 - 1 0 1 1
Hurricane Ian 9/23/2022 DR-4673 Cat 4, $112 billion 1 0 1 1
Hurricane Nicole 11/7/2022 DR-4680 Cat 1, $1 billion 0 1 1 1

Notes: This paper focuses on the period from March 2015 to June 2023 due to coverage of privately licensed real estate
information that is combined with publicly available data on disasters and damages. Information shown above comes from FEMA
(https://www.fema.gov/openfema-data-page/fema-web-disaster-declarations-v1) and the National Hurricane Center Tropical
Cyclone Reports. Cat is the Category of the storm as it made landfall in Florida and the dollar amount is the estimated total
damages. All dollars are 2022 dollars; Irma’s dollars adjusted using BLS CPI Inflator with Sept 2017 and Sept 2022 dates,
$50 billion as 2017 estimate of damages. The two letter acronyms in the title indicate whether the associated programs were
declared for the particular disaster: IH = Individuals and Households, IA = Individual Assistance, PA = Public Assistance,
HM = Hazard Mitigation. See OPENFEMA for more details on these programs.

3.1 Hurricane Ian and Southwest Florida

Hurricane Ian made landfall in southwest Florida on September 23, 2022, near Fort Myers

(Lee County), then traversed northeast through the state until reaching Georgetown, South

Carolina on September 30, 2022. This Category 4 storm was the most expensive in Florida’s

history and the third costliest in national history, resulting in $109.5 billion in damages and

claiming at least 156 lives in the state.11 In the top row of Figure 1, Ian’s trajectory is

depicted in panel (a) while FEMA’s official map of disaster declarations in Florida is show-

cased in panel (b). Ian’s impact was widespread, affecting the entire state and resulting in a

significant number and extensive area of damaged (treated) units. All counties qualified for

public assistance and the figure shows (in pink) the areas hit the hardest which qualified for

the Individual Assistance program.12 The governor of Florida declared a state of emergency

for the entire state, making every county eligible for some type of public assistance.

Hurricane Ian is not the first of its kind to impact the area; unfortunately, southwest Florida

has witnessed several hurricanes in recent years. Table 1 lists major disasters affecting Lee

County since 2015 and details the relative severity of each disaster, categorized by storm

strength and the 2022-dollar value of damages. The table also outlines the types of aid

available for each disaster, with more information on these programs accessible on FEMA’s

website. It is noteworthy that a variety of disaster aid options are typically accessible post-

11For additional details on Hurricane Ian, refer to: https://www.nhc.noaa.gov/data/tcr/AL092022 Ian.pdf.
12For example, all municipalities in the State of Florida were eligible to apply for the Hazard Mitiga-

tion Grant Program See https://gis.fema.gov/maps/dec_4673.pdf and https://www.fema.gov/sites/

default/files/2020-07/fema_public-assistance-fact-sheet_10-2019.pdf for more details.
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Table 2: Sample and Observation Counts

MLS IHP NFIP

State Counties Sold Listings Counties Claims Counties Claims
FL 67 1,355,679 28 467,273 42 38,554
AL 4 49,037 0 0 0 0
MS 4 16,194 0 0 0 0
LA 15 41,737 0 0 0 0
TX 22 206,017 0 0 0 0
GA 9 36,410 0 0 4 4
SC 13 75,013 3 3,018 11 780
NC 23 75,436 0 0 15 136

N 157 1,855,523 31 470,291 72 39,474

Notes: The acronyms in the column titles are defined as MLS = Multiple Listing Services,
IHP = Individuals and Households Program, and NFIP = National Flood Insurance Pro-
gram. The MLS data capture real estate prices for transacted properties. The IHP and
NFIP data are used to calculate damages that are classified into empirical treatments for
places in Florida. For IHP data, the only counties kept are those that are in Florida and
South Carolina that are affected by Hurricane Ian.

disaster. Additionally, it is important to acknowledge there may be confounding impacts of

both COVID-19 and Hurricane Irma in the analysis. As we discuss in more detail later, we

attempt to mitigate this by changing the pre-treatment window size.

3.2 Real Estate Data

Our real estate data are a composite of multiple listing services (MLS) data obtained from

CoreLogic. Each MLS represents a regional database containing property characteristics

input by real estate agents, including list date, contract date, list price, beds, baths, square

footage, and address. As our focus is on residential properties, we keep only single-family

homes, condominiums, townhouses, and manufactured homes, thereby excluding rental prop-

erties, commercial properties, and multifamily properties. After conducting basic data clean-

ing procedures, the sample comprises more than 1.8 million listings sold between March 2015

10 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters
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and June 2023.13 Table 2 presents observation counts of counties by state for several data

sources. Figure 1 maps out coverage in different ways. Panel (a) shows the MLS sample

encompasses 20 major regional real estate listing services in Florida, as well as coastal coun-

ties on the Gulf Coast and Atlantic Coast (including as far north as North Carolina). Panel

(b) indicates how FEMA may classify areas in different ways that affect eligible aid. The

state is broadly shown in panel (c) compared to a zoomed view of ZIP Codes in Lee County

in panel (d). Both panels have visual representations of the number of real estate listings

(larger yellow dots indicate more listings) and claims (darker blue colors reflect more claims)

throughout the sample period for the affected regions in Florida.

A potential concern is the changing composition of transacted homes before and after the

disaster. For example, perhaps only those homes with higher quality construction survive the

storm and are listed on the market. Alternatively, owners may want to move on quickly by

selling damaged homes to avoid dealing with repairs and restorations. Therefore, estimated

price effects could pick up sales of higher or lower quality homes, and not a true price effect.

Table 3 contrasts transacted home characteristics after Ian against homes sold in different

periods leading up to the storm. Generally, the characteristics are similar for homes sold

before and after Ian. An exception is that homes sold after Ian are slightly smaller (40 sqft),

but the amount is less than a small bedroom size. After the storm, homes also sell faster

(16 days less), although this is a common trend noted across real estate markets. Statistical

estimations can eliminate these issues by introducing proper controls, which is demonstrated

later in Table 11 of the Appendix.

3.3 Public Disaster Damages Data

Real estate data are combined with disaster damages data from the OPEN Federal Emer-

gency Management Agency (FEMA) Dataset, specifically the Individuals and Households

Program (IHP) Valid Registrations data. As indicated on FEMA’s website, the IHP is de-

13The wide sample range attempts to capture enough history while balancing the panel at a granular
level for empirical estimations. A property can appear multiple times. Care is taken to distinguish between
independent repeat listings versus deliberate attempts to edit a listing to reset the recorded time-on-market.
The cleaning process reveals nested and overlapping listings. Nested listings are eliminated because they
are entirely contained within another listing. Overlapping listings are adjusted because they have either a
start date or an end date (but not both) within the range of another listing. Unsold listings that are relisted
within 60 days are reclassified as the same listing, with adjustments made to the time-on-market and list
date. Listings with negative or zero list prices, those with list dates after the data delivery date, listings for
rental properties, and those without list dates or sale prices are removed. Additionally, the top and bottom
1% of homes with respect to price are excluded for each county(ZIP Code)-year pair to trim outliers.
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Table 3: Comparing Housing Characteristics with Different Pre-Treatment Windows

Before Ian After Ian

Since 2015 Since 2019 Since 2021 9 Months Prior 9 Months Later
beds 3.1 3.1 3.1 3.1 3.1

(1.0) (1.0) (1.0) (1.0) (0.9)
baths 2.3 2.4 2.3 2.3 2.3

(1.7) (1.8) (2.0) (0.8) (3.9)
home size (sqft) 1,879 1,897 1,886 1,826 1,781

(27,542) (37,643) (43,251) (4,313) (771)
home age (years) 27 27 28 28 28

(22) (23) (23) (23) (24)
cooling (yes/no) 99.6% 99.6% 99.5% 99.4% 99.2%

(6.2%) (6.0%) (7.0%) (7.9%) (9.0%)
time-on-market 121 101 66 58 42

(159) (144) (106) (80) (44)
sale price (logged) 12.37 12.53 12.70 12.76 12.70

(0.79) (0.77) (0.74) (0.72) (0.73)
N 1,801,257 819,616 340,341 148,028 54,266

Notes: Based on author calculations using MLS data licensed from CoreLogic. The table compares summary
statistic values before Hurricane Ian (for several period lengths) and after the storm (only for a nine month
period based on data availability). Variables are selected based on being used later as controls for difference-
in-difference estimations.14 Each variable presents mean values with standard deviations below in parentheses.
Beds and baths are the number of units reported in the home. Home size is the structure’s total livable space in
square feet (sqft). The pre-treatment standard deviations are large, but acceptable because values at the 99th
percentiles do not exceed 5,000 sqft. Home age is defined as the difference between the closing date and year
built. Cooling indicates (yes/no) if a cooling system is present. Time-on-market is the number of days from list
date to contract date. Sale price is the natural log of the close price (nominal dollars) of the home.

signed to assist individuals in “meeting basic needs and supplementing disaster recovery

efforts.” Following a disaster, individuals can apply for funds if they are under-insured or

lack insurance and face significant financial challenges due to the disaster. These funds can

be used for temporary housing (like rental housing or a hotel), housing repairs for owner-

occupied homes, hazard mitigation assistance (rebuilding for higher durability), and various

other miscellaneous expenses. Sample selection might pose a concern in this particular

dataset, as households and homes without flood insurance may differ from those with flood

insurance. A more detailed discussion on this matter is provided in the conclusion of the

paper, where we suggest other potential complementary data sources. A benefit of the IHP

is that has a relatively short data lag and is available soon after a disaster.

The IHP data include property level, FEMA-determined estimates of disaster-induced dam-

ages to real property (such as floors, walls, access roads, bridges, electrical, plumbing, and

HVAC) and personal property (i.e., appliances, furniture). IHP also provides a measure of

damages to real and personal property solely due to flooding. However, since it is not in-

tended to restore disaster-damaged property to pre-disaster conditions and does not consider
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land damage, total damange is likely to be underestimated.15 Our primary measure is real

property damages because personal property damages are unlikely to impact property prices

if the home was intact. Although we are agnostic about the damage source(s), including a

measure of flood damage would make IHP more comparable to publicly available National

Flood Insurance Program (NFIP) data, which cover claims from flood-based damages.

The IHP data encompass both owners and renters, potentially giving rise to concerns of

double counting (e.g., when a tenant files a claim for personal property and the owner files

a claim for real property). To address this issue, data are limited to single-family detached

homes, mobile homes, townhouses, and condominiums—effectively excluding non-housing

claims. The most detailed location information available is only at the county and ZIP Code

levels.16 As a result, it is not possible to merge damages data with the listings data at

the property level. Instead, aggregate damages are computed at the county and ZIP Code

levels and presented both as counts of claims and dollar values of damages. These aggregate

measures serve as the basis for treatment definitions.

For Table 4, selected summary statistics have been computed for the raw, individual level

dataset broken down by all claims, only those where real property was damaged, and where

there was flood damage. In the state of Florida, there are 470,291 claims associated with

Hurricane Ian in the IHP data set (the same counts as shown in Table 2).17

Among these claims, per FEMA, about 83% are not associated with any real or personal

property damages. In other words, most claims seek funds for shelter, temporary housing,

and other miscellaneous expenses, rather than for repairing or replacing damaged property.

Another explanation is that for FEMA to assess damages, an inspection must be issued and

carried out (“returned”), and this would not be done for (possibly damaged) homes that

were ineligible for aid. A concession with using only claims where FEMA determines there is

real property damage is that could limit the sample to only residences that have experienced

damage that might plausibly lower their values. On the other hand, it might restrict the

sample too much and exclude damaged homes simply because they are declared ineligible

15FEMA explicitly states that the dataset is not an official federal report.
16ZIP Codes are not defined to align with county boundaries and may span multiple counties.
17Hurricane Ian has disaster number identifiers 4673 and 4677 in the states of Florida and South Carolina,

respectively. A declaration number was issued for the Seminole Tribe of Florida, but it is excluded from the
sample due to the lack of housing data for this region, and this subsample corresponds to only 3,874 claims
after applying other filters, which is less than 1% of all claims.
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Table 4: IHP Summary Statistics

All Claims Real Property Flood
Damage > 0 Damage > 0

real property damage 2,950.12 17,426.77 26,092.47
(14,813.720) (32,311.440) (42,555.900)

personal property damage 491.59 2,771.82 4,308.22
(1,532.087) (2,706.286) (2,511.413)

flood damage amount 2,299.99 13,570.90 27,438.79
(14,749.32) (33,646.40) (43,652.45)

primary residence 0.957 1.000 1.000
(0.203) (0.024) (0.029)

homeowners insurance 0.6849 0.612 0.690
(0.465) (0.487) (0.462)

flood insurance 0.163 0.241 0.363
(0.369) (0.427) (0.481)

home damage 0.827 0.996 0.997
(0.379) (0.061) (0.058)

auto damage 0.02 0.052 0.076
(0.153) (0.223) (0.265)

emergency needs 0.464 0.436 0.443
(0.499) (0.496) (0.497)

inspection returned 0.310 1.000 1.000
(0.462) (0.000) (0.000)

rental assistance eligible 0.075 0.432 0.625
(0.264) (0.495) (0.484)

repair assistance eligible 0.099 0.584 0.595
(0.299) (0.493) (0.491)

replacement assistance eligible 0.003 0.018 0.031
(0.056) (0.134) (0.174)

personal property eligible 0.025 0.140 0.170
(0.155) (0.347) (0.376)

N 470,291 79,614 39,421

Notes: Data are from IHP, sourced from OpenFEMA. The variables real property damage,
personal property damage, and flood damage amount (listed as rpfvl, ppfvl, and flood-
damageamount in source data) are FEMA-determined amounts of real property, personal
property and flood damages, respectively, in dollars. All other are indicator variables. In
order for such a determination to take place, an inspection would be required. The remain-
ing variables are dummy variables equal to one if the condition is true. Numbers given in
tables are means of variables, with standard deviations given underneath in parentheses.
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Table 5: IHP Treatment Definitions for County and ZIP Code Analyses

Treatment Binary Definition
treat1 ✓ any claims/real property damage
treat2 ✗ average real (positive) property damages
treat3 ✓ real property damages above median
treat4 ✓ real property damages above 75th percentile
treat5 ✓ real property damages above 90th percentile
treat6 ✓ at least 1% of households real property damage
treat7 ✓ at least 2% of households real property damage
treat8 ✓ at least 5% of households real property damage

Notes: All damages are attributed to real property. All counties with filed claims
have some positive amount of real property damage. The second row indicates that
treat2 is the only non-binary treatment. We define a household as 2.6 people, where
population counts done at the county level using Census 2020 population estimates
and American Community Survey (ACS) 2017-2021 estimates.

for FEMA assistance. There are 79,614 claims associated with positive real property dam-

ages, totaling about $1.4 billion in damages, with an average damage assessment of about

$17,400. Interestingly, among those claims with personal property damage, less than 59%

were classified as eligible for repairs. Finally, it is noted that among claims associated with

real property damage, only around 24% had flood insurance while 61% had homeowners

insurance, which typically covers wind and roof damage.

Table 5 delineates treatment definitions. To align with existing literature, we use mainly

binary treatments. In the DiD estimation framework, classification of an individual home

as treated hinges on its location in a county or ZIP Code satisfying that criterion. For SCM

estimation, the county or ZIP Code itself serves as the focal point. There is no perfect

solution to addressing the measurement error problem. One strategy is to compare several

treatments, each generated by a different underlying aggregation procedure.

In Table 5, the initial definition stipulates that an area is considered treated if any claims

in the area are present in the IHP dataset. While this allows numerous areas to be desig-

nated as treated, potentially excessively so, the IHP dataset might underestimate damages,

introducing ambiguity to the net effect. Nevertheless, treat1 is viewed as the least restrictive

treatment definition, consequently making it a potentially stringent control definition. Thus,

setting aside the potential issue of double-counting, it remains unclear whether the claims

reflected by treat1 would be associated with changes in property values. Consequently, the
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Figure 2: Real Estate Market Activity at a State and County Level

All Listings Across Florida
(a) Prices (b) Number of Listings

.

All Listings in Lee County, Florida
(c) Prices (d) Number of Listings

Notes: Based on author calculations using MLS data licensed from CoreLogic. The top row presents real estate activity for single-
family residential homes across the entire state of Florida (n = 1.5 million) while the bottom row contains listings information from
Lee County, Florida (n = 73, 000) since 2015. Excluded property types are low/mid/high rise, half duplex, and villas. Panels in the
first column display nominal dollar values for median new list price (navy color) and median close price (maroon color). Panels in
the second column illustrate the number of new listings (navy) and closings (maroon). All series reflect a monthly time frequency
without any adjustments for distributional moments, rolling windows, or seasonality. Certain periods are omitted when there are
low counts (e.g., filters for fewer than 10 listings or closings prevent single listings from swaying the results).

other measures focus exclusively on claims involving real property damage. The second

treatment definition (treat2) is the only non-binary measure and represents, for each area,

the average dollar value of claims associated with real property damages.18

Among claims involving real property damage, treat3, treat4, and treat5 designate an area

as treated if the property damage there exceeds (by distribution percentiles) that of other

similarly affected areas. By adjusting the threshold, the objective is to observe the impact

18Continuous treatment measures pose econometric challenges as described by Callaway, Goodman-Bacon,
and Sant’Anna (2024). Future work could utilize more recent methodology like that of Callaway, Goodman-
Bacon, and Sant’Anna (2024), to handle heterogeneous treatments and damage measures.
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of more stringent treatment definitions. For instance, treat5 identifies a treated area as one

with real property damages at or above the 90th percentile relative to other areas, suggesting

that this definition is potentially more conservative. It is important to highlight that, no

adjustments have been made for variations in the populations of different areas, which is

addressed by treat6, treat7, and treat8. A treatment has a value of one if a sufficient number

of households in the area (according to the IHP data) experience real property damage.19

Overall, our favored definition, treat3, seems to strike the right balance by designating an

aggregated area as treated if the sum of its real property values of claims exceeds the median

value of all other counties in the state of Florida with real property damage. Other candidate

definitions are still included in tables and figures of results.

3.4 Preliminary Evidence

Figure 2 displays real estate market activity measured across various dimensions on a

monthly basis. The vertical dashed black line in each panel marks Hurricane Ian’s land-

fall in Lee County in September 2022. The state and county exhibit similar trends. Lee

County’s real estate market does not stand out as being different from other areas in the

state, which gives promise for matching its trends to those of other samples.20 The shapes of

all the series remain qualitatively consistent whether displayed in raw amounts (as shown)

or when using rolling averages or distributional adjustments (such as logarithmic values).

Reading from left to right across columns, the left column suggests a significant and positive

impact on price appreciation from COVID-19, particularly for Lee County. However, Hurri-

cane Ian appears to dampen price appreciation and even leads to a slight price reduction.21

19The average household is assumed to be 2.6 people to convert Census population estimates to households.
20Although not shown here, if we shift focus from all listings in Lee County to specific property types, the

real estate market is influenced predominantly by detached single-family residences, which exhibit somewhat
similar behavior to townhomes. Other property subtypes (i.e. condos, manufactured homes, or mobile
homes) have limited sample size and greater volatility. The additional noise makes it difficult for statistical
techniques to identify comparable samples in other areas and draw reliable conclusions for those subtypes.
We present property subtype statistics and tests in the Appendix but, in the paper, combine all single-family
properties together due to practical challenges.

21The list-to-close price ratio for each month was also constructed for both the top and bottom panel. The
ratios exhibit a downward trend since 2015, indicating that close prices are progressively moving closer to
initial list prices, along with rising prices in the first column. Evidence of a COVID-19 effect is also apparent,
with sharp decreases in the ratio (both when computed as a mean and median), followed by increases after
Ian and another decline. The decline during COVID-19 is easily noticeable with a flattened ratio perfectly
equal to a unitary value, reflecting a period when homes are immediately being sold for list price or even
more (as in the case of townhomes). The ratio increases just before and after Ian suggesting a return to a
period of relative normalcy, reflecting pre-pandemic trends.
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The right column reveals that this return to pre-pandemic behavior is short-lived, as the

rapid increase in mortgage rates suppresses listings across the state and county. The stock

has struggled to recover, even with buyers being in a more expensive lending environment.

Figures 7 - 11 illustrate additional trends across different property types.

The various panels in these figures highlight several lessons. First, real estate market activity

can be characterized differently based on whether the focus is on transacted prices or liquidity.

Second, the signal can be noisy during periods of turmoil, such as COVID-19 or after a

natural disaster. However, even a powerful storm like Hurricane Ian seems to have less

impact than a pandemic, whether measured in immediate or long-term changes. Ian appears

to slightly reduce prices, while the effect on the number of listings and transactions is not

obvious visually. Third, real estate movements can vary significantly between property type

categories, which is important because some categories are not as common. This note is

empirically meaningful because it complicates issues like comparable sales sampling and

introduces survival bias for damage estimations. Based on these series, it is unclear whether

or to what extent the Lee County housing market has been affected by Hurricane Ian, despite

being arguably the most impacted location by the costliest hurricane in Florida’s history. In

other words, if a hurricane could disrupt true real estate fundamentals, this event would be

a promising candidate for study. Despite popular press reports and anecdotal observations

that might suggest otherwise, the outcome is not evident with raw aggregated measures.

The next two sections shed more light with sophisticated statistical techniques.

4 Price Effects with DiD Estimators
Is it possible to infer that Hurricane Ian has a property level or a marketwide price dis-

count using DiD estimations? Over the next several subsections, we exploit an experimental

framework where the unexpected natural disaster disrupts real estate prices. If Lee County

resembles other parts of the state, a counterfactual control group can be designed to sepa-

rate “treated” homes from “non-treated” homes using publicly-available damages data. The

empirical tests consider both static treatment effects (traditional DiD) as well as the poten-

tial for a dynamic treatment effects (event study).22 In both approaches, the DiD strategy

involves attempting to find a suitable control for affected homes. Later, we try to construct

22The static DiD approach is implemented in STATA (v18.0) using the didregress command while the
dynamic DiD routine is performed manually with the reghdfe command.

18 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

a suitable control using a SCM.23 Throughout, both DiD and SCM approaches, we assume

every treated unit becomes treated at the same time and stays treated for the remainder of

the sample. This seems reasonable as Hurricane Ian has a short duration of only a week and

the monthly data sample is limited to approximately one year after the disaster.24

4.1 Static Treatment Effects (Traditional DiD)

Our first approach lets price effects be the same, or static, at each time post-treatment period.

Following the literature, we adopt the potential outcomes framework (Rubin, 1974; Angrist

and Pischke, 2009; Imbens and Rubin, 2015), particularly that the stable unit treatment

value assumption (SUTVA) holds. The SUTVA excludes spillovers from treated units to

other units, thereby ruling out negative externalities from damaged homes to other homes.

Suppose price effects are homogenous across groups and time. If pigt represents the price for

home i in group g at time t, a single treatment is estimated with two-way fixed effects as:

ln(pigt) = αg + γt + βDgt + θtxit + uit (1)

where αg denotes group fixed effects, γt represents time fixed effects, xit includes (potentially)

time-varying controls for home i, and Dgt corresponds to one of the treatment measures

outlined in Table 5. Time is measured in months and normalized such that treatment occurs

at time t = 0. In our analysis, time is measured at a monthly frequency and the first

treatment month is September 2022.25 Treatment Dgt = treatkg × 1(t ≥ 0), where treatkg

is equal to 1 if group g satisfies the kth treatment definition in Table 5. For all treatments

except treat2 (a continuous measure), this is equivalent to

Dgt =

1 if t ≥ 0 and group g is treated

0 else
(2)

23The SCM is executed in STATA using the synth and synth runner commands, where the former gives
the weights of donor units and the latter performs inference.

24A staggered treatment may be more appropriate for slower-moving disasters like wildfires, where the
spread of the fire affects homes at different times. Future research could help determine the suitability of
staggered treatments with higher-frequency data (e.g., weekly or daily).

25Because Ian did not occur at the initial day in a month, one is forced to misclassify some homes whether
defining the first treated month as September 2022 or October 2022. We label all homes listed in September
as treated, provided treatk ̸= 1 for some k). This choice is not as problematic as might appear; it only
affects homes listed in early September that are also sold before Ian struck. Fortunately, across the entire
sample this subset amounted to only a few thousand homes, on the order of 0.2% of all observations.
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The above specification has implicit restrictions. First, the treatment is binary, meaning

there is no variation of exposure within the treated group. While exceptions exist, binary

treatment is predominant in the literature. Despite having one aggregate treatment (treat2)

that is non-binary, estimations adhere to the common use of binary treatments. Second, all

units within the treated group undergo the same treatment effect (β), thereby precluding

heterogeneity across units. In practice, accommodating both varying treatment and varying

treatment effects is challenging. A recent study by Sun and Shapiro (2022) provides an

example to suggest that if the level of treatment exposure and treatment effect are correlated,

the estimated average treatment effect (on the treated) may fall outside the support of

possible individual treatment effects in expectation. Following their approach, time-varying

treatment effects are only allowed in later sections within an event-study framework. Finally,

the specification requires parallel trends to hold when the dependent variable is in logs, not

levels. We follow the hedonic home price literature and use log of the price as the dependent

variable for the sake of comparability.

Once a group is labeled as “treated,” numerous candidates are available as controls depending

on sample restrictions. For instance, if a treated ZIP Code is defined by having at least 20

reports of damages (Kousky, Palim, and Pan, 2020), the control group can be sizable with all

non-treated ZIP Codes across the entire state of Florida. Alternatively, it could be defined

as all non-treated ZIP Codes in coastal counties or only those non-treated ZIP Codes in

counties with treated ZIP Codes, depending on the imposed sample restrictions. To assess

control group quality, we evaluate if parallel trends hold. This is commonly achieved through

pre-trends tests, where researchers examine whether similar, parallel trends exist in the

pre-treatment period. However, as previously mentioned, concerns have been raised about

conventional pre-trends testing (Roth, 2022; Rambachan and Roth, 2023). Our preliminary

results start a benchmark case where the control units encompass all untreated units.

Table 6 showcases the outcomes of the static treatment effect derived from estimating equa-

tion 1 with clustered standard errors at the group treatment level. A robustness check

involves aggregating errors to address the limited number of groups (per Donald and Lang,

2007). Excluding the second (continuous) treatment, county level treatment effects range

from 0.05 to 0.11, indicating that Hurricane Ian led to a price increase, contrary to the

descriptive evidence. Similarly, at the ZIP Code level, treatment effects vary within a wider

range. Additionally, a declining effect is observable when the definition becomes restrictive.
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Shifting from treat3 to treat5 or from treat6 to treat8 means redefining treated homes as

progressively more damaged, implying higher levels of treatment associated with less price

appreciation. However, caution is warranted due to the evolving comparison group. Finally,

less than half of the treatment effects are statistically significant at the 95% level, both at

the county and ZIP Code levels.

The bottom of Table 6 includes robustness tests conducted commonly with static DiD mod-

els. There are two main identification conditions: the no-anticipation and the parallel trends

assumptions (Roth et al., 2023). To assess the no-anticipation assumption, a Granger causal-

ity test detects any treatment effect prior to the actual treatment. Both the pre-trends and

no-anticipation tests require treated units to be treated simultaneously, limiting some esti-

mations due to specific treatment definitions. Further work could aim to balance groups to

mitigate this issue, but the trade-off is a smaller sample and selection issues.

The results indicate sensitivity to the error term structure. Clustering errors at the county

level, a common practice, often leads to tests failing, while aggregated errors tend to earn

passing results. To test the parallel trends assumption, a (linear) pre-trends test is conducted.

This involves modeling a linear time trend for each control and treated group and assessing

whether their slopes differ. While the table suggests that most treatments do not reject

the parallel trends test, additional testing could ascertain the accuracy of the results or

assess potential low power issues (Roth, 2022). Furthermore, some sensitivity analysis is

still recommended conditional on passing the pre-trends test (Rambachan and Roth, 2023)

To summarize the static results before delving into the dynamic case, the findings suggest

a price premium in the range of 5% to 11%. Moreover, in some combinations of treatment

definitions and estimation approaches, statistically significant treatment effects are observed,

along with evidence supporting the no-anticipation assumption and passing the pre-trends

test. Challenges arise if a static model is estimated when the correctly specified model

should be dynamic (Sun and Abraham, 2021; De Chaisemartin and d’Haultfoeuille, 2023).

Furthermore, results appear sensitive to the specific treatment and error term structure.
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4.2 Dynamic Treatment Effects (Event Study)

Earlier regressions maintain that a hurricane’s wrath is felt simultaneously in every location

for all treated homes. Treatment effects can be altered to vary over time. More formally,

our dynamic DiD specification uses an “event study” framework:

ln(pigt) = αg + γt +
T∑

τ=T

βτDg,t−τ + θtxit + uit (3)

where τ is the index for relative days before and after the treatment and T and T give the

range of parameters in the pre-treatment and post-treatment windows. The treatment D

and variables are defined like in equation 1. The vector of coefficients βτ replaces the singular

parameter β from the static setting. The parallel trends assumption can be tested easily in

the dynamic setting with more than two pre-treatment periods. Specifically, if treatment

occurs at t = 0 and β−1 is normalized to 0, pre-treatment trends (of treated and control

groups) are analyzed with a F -test using the hypothesis H0 : βT = · · · = β−2 = 0.26

Table 7 presents results for the dynamic treatment effect specification. The top part includes

estimated treatment effects while the final three rows depict various pre-trends tests. The

county level results yield several interesting findings. First, as anticipated and found earlier,

treatment effects show considerable variation with treatment definitions. Second, statistical

significance is achieved in many cases with positive and persistent price effects. For instance,

using treat3 as the aggregation definition, there is an initial price premium of 11% with

swings down to 6% and up to 15%. However, in contrast to the static DiD results, all these

estimations fail common pre-trends tests, meaning more advanced pre-trends tests are not

needed. These findings are robust over lengths of time windows prior to treatment. Hence,

caution is warranted in making strong causal claims because the main identifying assumption

merits exploration, especially about how to properly identify a suitable control.27 While ZIP

Code results are similar, some treatment definitions pass certain versions of the pre-trends

test at different significance levels, unlike county versions. However, only one treatment

definition (treat5) and one test (6 months prior to treatment) pass at a 5% level.

26Admittedly, there are known econometric challenges with pre-trends tests for two-way fixed effects
(TWFE) settings, like used here and described in more detail by others (see Roth et al., 2023; Roth, 2022).
Future work could assist the applied literature by offering alternative tests or improving baseline F -tests.

27The temporal frequency is a potential explanation. If the storm actually had a more precise and tempo-
rary impact of only a few weeks, or even days, then the monthly frequency could be attenuating the signal.
Unfortunately, at the moment, the damages are not reported with enough granularity to explore this idea.

23 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

T
ab

le
7:

E
st
im

at
in
g
a
D
y
n
am

ic
T
re
at
m
en
t
at

V
ar
y
in
g
G
eo
gr
ap

h
ic

L
ev
el
s

(a
)
M
ea
su
ri
n
g
A
T
T

β
at

C
ou

n
ty

L
ev
el

(b
)
M
ea
su
ri
n
g
A
T
T

β
at

Z
IP

C
o
d
e
L
ev
el

tr
ea
t1

tr
ea
t2

tr
ea
t3

tr
ea
t4

tr
ea
t5

tr
ea
t6

tr
ea
t7

tr
ea
t8

tr
ea
t1

tr
ea
t2

tr
ea
t3

tr
ea
t4

tr
ea
t5

tr
ea
t6

tr
ea
t7

tr
ea
t8

S
ep
t
20
22

0
.1
4
1

–
0
.1
0
5

0
.1
0
7

0.
05
6

0.
07
6

0.
06
9

0.
02
6

0
.1
3
6

–
0
.1
0
1

0
.1
1
1

0
.1
3
2

0
.2
0
6

0.
06
7

0
.3
4
8

(0
.0
4
8
)

–
(0
.0
4
5
)

(0
.0
4
5
)

(0
.0
64
)

(0
.0
51
)

(0
.0
58
)

(0
.0
72
)

(0
.0
1
8
)

–
(0
.0
1
7
)

(0
.0
2
1
)

(0
.0
1
8
)

(0
.1
1
0
)

(0
.1
12
)

(0
.0
1
1
)

O
ct

20
22

0
.1
2
6

–
0
.0
8
5

0.
07
8

-0
.0
33

0.
07
0

0.
06
0

-0
.0
13

0
.1
2
6

–
0
.0
8
1

0
.0
7
9

0
.1
3
2

0.
07
4

-0
.1
27

0
.6
3
5

(0
.0
4
6
)

–
(0
.0
4
2
)

(0
.0
45
)

(0
.0
40
)

(0
.0
53
)

(0
.0
60
)

(0
.0
54
)

(0
.0
1
8
)

–
(0
.0
1
7
)

(0
.0
2
2
)

(0
.0
1
7
)

(0
.1
11
)

(0
.1
32
)

(0
.0
15
)

N
ov

20
22

0
.1
3
6

–
0
.1
0
0

0
.0
8
7

0.
05
7

0
.0
7
5

0.
06
3

0.
05
8

0
.1
1
0

–
0
.0
6
0

0
.0
6
8

0
.1
1
4

-0
.0
44

-0
.2
8
0

-0
.1
5
7

(0
.0
4
2
)

–
(0
.0
3
7
)

(0
.0
3
4
)

(0
.0
36
)

(0
.0
3
5
)

(0
.0
35
)

(0
.0
40
)

(0
.0
1
9
)

–
(0
.0
2
0
)

(0
.0
2
4
)

(0
.0
1
9
)

(0
.0
98
)

(0
.0
6
1
)

(0
.0
2
3
)

D
ec

20
22

0
.1
5
5

–
0
.1
2
2

0
.1
2
4

0
.1
1
1

0
.1
3
3

0
.1
1
6

0
.0
7
7

0
.1
2
1

–
0
.0
8
7

0
.0
9
6

0
.1
3
0

-0
.0
09

-0
.1
05

-0
.0
8
1

(0
.0
4
3
)

–
(0
.0
4
0
)

(0
.0
3
6
)

(0
.0
3
9
)

(0
.0
3
9
)

(0
.0
4
1
)

(0
.0
3
6
)

(0
.0
2
0
)

–
(0
.0
2
0
)

(0
.0
2
5
)

(0
.0
1
9
)

(0
.0
86
)

(0
.0
88
)

(0
.0
1
1
)

J
an

20
23

0
.1
6
5

–
0
.1
2
8

0
.1
1
4

0.
06
4

0
.1
1
6

0
.1
0
1

0.
04
9

0
.1
3
8

–
0
.0
9
1

0
.0
7
9

0
.1
3
6

-0
.0
41

-0
.0
50

0.
04
4

(0
.0
4
3
)

–
(0
.0
4
0
)

(0
.0
3
9
)

(0
.0
40
)

(0
.0
4
1
)

(0
.0
4
3
)

(0
.0
37
)

(0
.0
2
0
)

–
(0
.0
1
8
)

(0
.0
2
3
)

(0
.0
1
9
)

(0
.1
17
)

(0
.0
91
)

(0
.0
29
)

F
eb

20
23

0
.1
3
5

–
0
.0
9
0

0.
06
6

0.
04
8

0.
06
4

0.
04
4

0.
07
2

0
.1
3
1

–
0
.0
7
9

0
.0
6
4

0
.1
2
4

0.
09
5

0.
02
1

0
.3
3
4

(0
.0
3
7
)

–
(0
.0
3
5
)

(0
.0
35
)

(0
.0
35
)

(0
.0
37
)

(0
.0
38
)

(0
.0
42
)

(0
.0
2
0
)

–
(0
.0
1
8
)

(0
.0
2
2
)

(0
.0
1
9
)

(0
.0
96
)

(0
.0
70
)

(0
.0
1
4
)

M
ar

20
23

0
.1
2
1

–
0
.1
1
7

0
.0
9
8

0.
05
4

0
.0
8
0

0.
07
4

0
.0
7
5

0
.1
2
9

–
0
.0
7
3

0
.0
7
9

0
.1
2
0

0.
12
6

0.
08
8

-0
.3
0
1

(0
.0
3
3
)

–
(0
.0
3
1
)

(0
.0
3
2
)

(0
.0
36
)

(0
.0
3
5
)

(0
.0
39
)

(0
.0
3
6
)

(0
.0
2
0
)

–
(0
.0
2
3
)

(0
.0
2
0
)

(0
.0
2
0
)

(0
.1
17
)

(0
.0
67
)

(0
.0
1
5
)

A
p
r
20
23

0
.1
3
5

–
0.
05
8

0.
04
7

-0
.0
12

0.
00
1

-0
.0
02

0.
03
9

0
.1
1
8

–
0
.0
7
6

0
.0
7
5

0
.1
2
1

0.
06
1

0.
12
6

0
.0
6
3

(0
.0
3
4
)

–
(0
.0
37
)

(0
.0
39
)

(0
.0
47
)

(0
.0
36
)

(0
.0
38
)

(0
.0
29
)

(0
.0
1
9
)

–
(0
.0
1
8
)

(0
.0
2
2
)

(0
.0
1
8
)

(0
.1
11
)

(0
.1
11
)

(0
.0
1
6
)

M
ay

20
23

0
.1
5
5

–
0
.1
0
1

0.
04
9

-0
.0
46

0.
02
5

-0
.0
10

-0
.0
37

0
.1
4
9

–
0
.0
9
3

0
.0
6
7

0
.1
3
4

0.
09
3

0.
01
2

0
.0
6
7

(0
.0
3
9
)

–
(0
.0
4
1
)

(0
.0
43
)

(0
.0
41
)

(0
.0
44
)

(0
.0
45
)

(0
.0
52
)

(0
.0
2
6
)

–
(0
.0
2
5
)

(0
.0
2
9
)

(0
.0
2
5
)

(0
.0
95
)

(0
.0
79
)

(0
.0
2
4
)

J
u
n
e
20
23

0
.2
6
2

–
0.
15
4

0
.2
3
5

0.
10
6

0.
15
0

0.
19
1

-0
.3
65

0
.1
6
9

–
0.
10
4

0.
03
9

0
.1
6
5

-0
.2
82

-0
.2
96

-
(0
.0
9
1
)

–
(0
.1
03
)

(0
.1
0
4
)

(0
.2
35
)

(0
.1
54
)

(0
.1
59
)

(0
.1
94
)

(0
.0
7
6
)

–
(0
.0
71
)

(0
.0
88
)

(0
.0
7
3
)

(0
.2
65
)

(0
.3
30
)

-

P
re
-T
re
n
d
s
T
es
t:

P
ro
b
>

F
st
at
is
ti
c

P
re
-T
re
n
d
s
T
es
t:

P
ro
b
>

F
st
at
is
ti
c

A
ll

0.
00
00

–
0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

-
0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

12
m
on

th
s

0.
00
00

–
0.
00
46

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

-
0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

6
m
on

th
s

0.
00
97

–
0.
01
55

0.
04
43

0.
00
00

0.
02
09

0.
00
02

0.
00
00

0.
00
00

-
0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

0.
00
00

N
o
te
s:

T
h
e
ta
b
le

is
sp
li
t
w
it
h
si
d
e-
b
y
-s
id
e
p
a
n
el
s
to

co
m
p
ar
e
g
eo
g
ra
p
h
ic

d
iff
er
en

ce
s
w
h
en

ru
n
n
in
g
es
ti
m
a
ti
o
n
s
a
t
th
e
co
u
n
ty

an
d
Z
IP

C
o
d
e
le
v
el
s.

A
cr
o
ss

b
ot
h
g
eo
g
ra
p
h
ie
s,
th
e
to
p
h
al
f
o
f
th
e
ta
b
le

p
ro
v
id
es

es
ti
m
a
te
s
o
f
β
k
in

eq
u
at
io
n
3
,
w
h
il
e
th
e
n
u
m
b
er
s
in

p
a
re
n
th
es
es

ar
e
th
e
as
so
ci
at
ed

ro
b
u
st

st
a
n
d
ar
d
er
ro
rs
,
cl
u
st
er
ed

a
t
th
e
ap

p
ro
p
ri
a
te

ge
o
g
ra
p
h
ic

le
v
el
.
B
o
ld
ed

es
ti
m
a
te
s
a
re

st
a
ti
st
ic
a
ll
y
si
g
n
ifi
ca
n
t
at

th
e

5%
le
ve
l.

In
th
e
b
ot
to
m

h
a
lf
o
f
th
e
ta
b
le
,
th
e
n
u
m
b
er
s
co
rr
es
p
o
n
d
to

F
-t
es
ts

o
n
p
re
-t
re
a
tm

en
t
co
effi

ci
en
ts

of
th
e
fo
rm

H
0
:
β
−
2
=

β
−
3
=

··
·=

0
,
w
h
er
e
th
e
d
iff
er
en
t
ro
w
s
in
d
ic
at
e
h
ow

m
a
n
y
co
effi

ci
en
ts

a
re

in
cl
u
d
ed

in
th
e
te
st
.
A
ll
p
re
-t
re
at
m
en
t
co
effi

ci
en
ts

a
re

te
st
ed

,
as

w
el
l
as

o
n
ly

th
o
se

co
effi

ci
en
ts

in
th
e
la
st

6
a
n
d
1
2
m
on

th
s
p
ri
o
r
to

tr
ea
tm

en
t.

T
h
e
N
o
A
n
ti
ci
p
a
ti
o
n
T
es
ts

w
er
e
n
o
t
p
er
fo
rm

ed
in

th
is

ta
b
le

d
u
e
to

th
e
re
su
lt
s
sh
ow

n
fo
r
th
e
P
re
-T
re
n
d
s
T
es
ts
.

24 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

Sometimes results are easier to interpret when presented graphically. Figure 3 (for county

level) and Figure 4 (for ZIP Code level) depict estimated coefficients across various panels

for each treatment. These illustrations highlight longer historical coverage than can be easily

conveyed in Table 7. Across the panels, they show significant noise and a positive uptick

in the treatment effect coefficients at both group levels. The positive uptick, which crosses

the zero axis, happens approximately 30 months (around March 2020) before Hurricane

Ian struck, which matches the COVID-19 shock. This interesting visual finding creates a

problem because it highlights the failure of the pre-trends tests: areas hit by Ian tend to be

the same areas that experienced relative price gains in the pandemic. Finally, the graphs

emphasize a trade-off with temporal frequency. Due to the high volatility of the indices, even

after adjusting for seasonality with month fixed effects, it seems plausible that annual time

frequencies may be more likely to pass pre-trends tests than monthly time frequencies, as the

former have the fluctuations “smoothed out.” This is an important practical note because

studies often lack granular data that could perform event studies at a higher frequency. By

measuring with an annual frequency, other works could be missing important signals and

accidentally bypassing empirical considerations that would question causal conclusions.

4.3 Are Static and Dynamic Treatment Effects Good Enough?

Typical causal strategies may not work as well for studying the effects of natural disasters.

The failure of the parallel trends assumption is concerning because there may be a lingering

influence from COVID-19 or other events. Hurricane Ian could have changed market-wide

price levels or price appreciation, but the identification is not convincing without a bet-

ter control group for Lee County and other affected areas. Matching could occur before

estimation (Abadie and Imbens, 2011; Daw and Hatfield, 2018; Ham and Miratrix, 2022).

However, caution is warranted because that assumes the treatment is known with certainty.

Another potential avenue is the fuzzy DiD framework proposed by De Chaisemartin and

d’Haultfoeuille (2018), allowing for some units classified in the treatment group to be un-

treated and some in the control group to be treated.

Future work might explore the potential benefits of narrowing the treatment window to

mitigate potential contamination from COVID-19. Earlier estimations partially addressed

this suggestion by conducting pre-trends tests with different windows around the treatments.

As demonstrated in Table 7, except for one treatment definition (treat5) at the ZIP-code

level, this adjustment does not alter the qualitative outcome of the test: the pre-trends

tests still indicate a failure of the parallel trends assumption. Instead of selecting certain
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Figure 3: Event Study Graphs to Motivate DiD at County Level

(a) Treatment 1 (b) Treatment 2

(c) Treatment 3 (d) Treatment 4

(e) Treatment 5 (f) Treatment 6

(g) Treatment 7 (h) Treatment 8

Notes: Based on author calculations. Vertical axis is the estimated treatment effect coefficient βt from equation 3, where
treatment is normalized to occur at t = 0 and β−1 is normalized to be zero. Estimated at monthly time frequency, where the
geographic aggregation is at the county level.
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Figure 4: Event Study Graphs to Motivate DiD at ZIP Code Level

(a) Treatment 1 (b) Treatment 2

(c) Treatment 3 (d) Treatment 4

(e) Treatment 5 (f) Treatment 6

(g) Treatment 7 (h) Treatment 8

Notes: Based on author calculations. Vertical axis is the estimated treatment effect coefficient βt from equation 3, where
treatment is normalized to occur at t = 0 and β−1 is normalized to be zero. Estimated at monthly time frequency, where the
geographic aggregation is at the ZIP Code level.

27 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

windows of pre-treatment coefficients, estimations could be conditioned to not even calculate

coefficients prior to certain periods. Overall, these additional robustness checks may still not

be enough. The subsequent section endeavors to tackle that challenge.

5 Price Effects with Synthetic Control Estimators
A variety of unexpected events have led to peculiar real estate market activity during this

decade. A contribution of this paper is showing whether more advanced causal techniques

might enhance results of traditional specifications. If DiD indicates a weak control, can one

instead construct a suitable alternative using SCM?

For a given treatment definition, an appropriate control can be created through a weighted

average of untreated “donor” regions (composed of samples of either counties or ZIP Codes).

With IHP data, donors are drawn from across Florida, all coastal Gulf Coast counties, and

all coastal Atlantic counties up to and including North Carolina. As a matter of practical

advice, we emphasize that the pool of candidate donors changes with treatment definitions.

Additionally, the empirical setup involves design-based inference rather than sampling-based

inference since the sample represents the population or near population of all regions, not a

random or stratified draw.28 This design affects the reported inference later.29

The SCM approach has several advantages. First, it can mitigate problems with spillovers

(interference).30 Although spillover effects between aggregate units may still be present,

it seems plausible that, at least for some level of aggregation, they may be minimized.31

Resolving the issue is tangential to this present study, but future research could advance this

growing econometric literature. Second, the SCM approach makes no assumptions on the

observed distribution of the treated potential outcome; the only assumptions made are on

the distribution of the non-treated potential outcome. Finally, synthetic controls are favored

over regression approaches, as the latter might assign weights outside of [0, 1] to control

units, leading to an extrapolation problem.

28Refer to Abadie et al. (2020) for a comprehensive discussion.
29As emphasized by Abadie (2021), the placebo tests forming the p-values do not rely on approximations

of sampling distributions of test statistics.
30See Imbens and Rubin (2015) for more details.
31Asserting that spillover effects do not exist at the state level implies that the price trends of other states

would have evolved similarly had Florida not been struck by Hurricane Ian. In other words, spillover effects
would exist if Floridians moved to other states after Ian, perhaps due to updated risk beliefs, thereby driving
up demand and real estate prices.
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As a caution, an often unstated drawback of the SCM approach is its requirement of a bal-

anced panel.32 This becomes particularly problematic in housing market cycles characterized

by infrequent transactions. Imputation and other approximation methods seem to be the

only solutions to executing the routines.

We closely follow the notation of Abadie (2021). The observed outcome Yit is related to the

potential outcome from treatment, Y I
it , and the potential of not being treated, Y N

it , through:

Yit = DitY
I
it + (1−Dit)Y

N
it (4)

= τitDit + Y N
it (5)

where Dit = 1 indicates treatment for unit i at time t and 0 otherwise. The parameter of

interest is denoted as τit = Y I
it − Y N

it . The dependent variable, Yit, represents a market price

for area i at time t.33 One data generating process for the potential outcome could be a

linear factor model like Y N
it = δt + θtZi + λtµi + ϵit with Zi as a vector of K observable

explanatory variables and µi representing unobservable components, or “factor loadings.”34

The treatment effect τit is allowed to vary over time and by unit, with the latter being partic-

ularly useful in the case of multiple treated units. Here, treatment occurs simultaneously for

each treated unit and treatment time is defined as t = 0. For ease of exposition, we suppose

that there is one treated unit and J untreated units. Without loss of generality we let the

treated unit be the first unit, so that i = 1 is treated at time t = 0, while i = 2, . . . , J + 1

remain untreated. In cases involving multiple treated units, such as when multiple areas are

hit by a storm, synthetic controls are constructed separately for each treated unit, and the

effects are subsequently aggregated to obtain an average treatment effect (on the treated).

The counterfactual non-treated outcome Y N
it is unobserved for treated units and must be

estimated from available data. A synthetic control for unit i = 1 is constructed as a weighted

32The literature does not seem to have a SCM approach that circumvents this requirement.
33Price is measured as both mean and median for both counties and ZIP Codes to test sensitivities. The

measure underwent transformations, such as redefining as a rolling average and being expressed in logarithmic
terms, but these are not reported due to qualitatively similar results but poorer fit for SCM estimations.

34There are multiple potential data generating processes. For instance, one might model a vector au-
toregressive process. Future work might explore how the options affect damage estimations from natural
disasters.
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average of non-treated units, resulting in the estimated treatment effect (on the treated):

τ̂1t = Y1t −
∑
j≥2

ŵjYjt (6)

where {ŵj}j≥2 are the estimated weights. The estimated treatment effects depend on both

the selection of the donor pool (homes 2, . . . , J + 1) and the estimated weights. The donor

pool’s choice is less critical since irrelevant donors are likely to receive zero weights.

For the weights, we impose non-negativity and sum-to-one constraints: wj ≥ 0 for all j, and∑
j≥2wj = 1. Let Z0 = (Z2, . . . , ZJ+1)) represent the vector of observable characteristics

for untreated units, and Z1 is defined similarly for the treated unit. The observable char-

acteristics Z = (Z0, Z1) may include a market area’s characteristics or lagged values of the

dependent variable, but they remain time-invariant. As pointed out by Kaul et al. (2015),

including other variables is redundant if all past dependent variable values are already in-

corporated. To optimize fit while following the approach of Ferman, Pinto, and Possebom

(2020), Z includes all past dependent variable values.

In the literature, the estimated weights ŵj are determined to ensure that synthetic controls

closely resemble the treated unit during the pre-treatment periods. This process involves two

steps. First, the weights are estimated conditionally on a vector v = (v1, . . . , vk, . . . , vK) that

indicates the relative importance of each covariate in the matching procedure, yielding w∗(v).

Subsequently, the vector v is selected to minimize the prediction error of the synthetic control

against the observed value of the treated unit in the pre-treatment period. More formally,

the optimal (conditional) weights w∗(v) are chosen to minimize:

min
w

||Z1 − Z0w|| = min
(w2,...,wJ+1)

(
K∑
k=1

vk(Z1,k − w2Z2,k − · · · − wJ+1ZJ+1,k)
2

) 1
2

(7)

where the sum is over all K characteristics in Zj, with Zj,k representing the value of the

kth characteristic for unit j. To determine the value of v∗ and the (unconditional) weights

{ŵj}j≥2, v is chosen to minimize the mean squared prediction error (MSPE) of the synthetic

control in a subset T0 of the pre-treatment periods. In other words, v will minimize∑
t∈T0

(Y1t − w2(v)Y2t − · · · − wJ+1(v)YJ+1,t)
2 (8)

30 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

T
ab

le
8:

S
y
n
th
et
ic

W
ei
gh

ts
ŵ
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The formula implies a division of the pre-treatment period into a training and validation pe-

riod, where weight estimation utilizes data exclusively from the training pre-periods. Specifi-

cally, if there are Tpre periods before treatment in the sample, the training periods constitute

the initial t0 periods, and the validation periods encompass the remaining Tpre − t0 periods

before treatment. Here, the entire pre-treatment period is used as a training sample to

maximize fit and ascertain the feasibility of a good fit.

5.1 Results Without Imputation

Implicit in the previously outlined methodology is the requirement for a balanced panel of

observations. Instead of imputing for missing counties or ZIP Codes, unbalanced areas are

omitted and the sample size reduces considerably. For instance, the county dataset has 140

groups after basic data cleaning then balancing removes 53 places (leaving 87 counties or

62%) while the ZIP Code dataset has 1,675 groups and the balancing removes 985 places

(leaving 690 ZIP Codes or 41%). These balanced datasets are utilized as baselines. Results

below discuss each geographic sample.

Prior to introducing results, Table 8 presents synthetic weights for donor counties matched

to the treated Lee County. As anticipated, weights vary by treatment definition. For in-

stance, under the least restrictive definition (treat1) and consequently the most stringent

control group definition, the largest weight is held by Miami-Dade County. Elsewhere, it

might have one of the smallest weights (treat4) or even none at all (treat2 or treat6). This

variability occurs because, with a more restrictive treatment, a greater number of units be-

come available in the donor pool, allowing for a larger choice set. When comparing treat6

through treat8, where the definition becomes progressively stricter, both Franklin County

and Walton County lose their relevance when sufficiently similar counties to Lee become

eligible for the donor pool. However, this monotonic pattern is not always the case, as seen

with Fort Bend County, TX.

Given the highly localized nature of real estate markets, identifying places that move in

parallel with an affected area and remain unaffected themselves can prove challenging. In

this paper, Lee County borders Collier County, which was also affected by Ian. Therefore,

Collier County could serve as a control only under a particularly stringent treatment def-

inition that classifies Lee County as treated but not Collier. In Table 8, Collier becomes

eligible to be a donor only under treat5 and treat8, but not treat3, treat4, treat6, or treat 7,

which are less strict treatment definitions. Conducting a similar analysis for median prices

32 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

yields comparable results, albeit with slightly different counties. This outcome highlights

the functional form of the dependent variable can also be important in SCM settings.

Regarding the SCM framework, outcomes appear to yield a reasonable pre-treatment fit

in Figures 5 and 6, where each panel depicts a treatment. The top (navy) line represents

the treated unit (Lee County), and the bottom (maroon) line represents its synthetic con-

trol, with the vertical gap indicating the treatment effect. The figures convey a temporary

and time-varying price premium that persists until the sample’s end, approximately nine

months. The premium appears to have peaked about three months after the storm, which

may attributable to the counterfactual control experiencing a decline in prices.35

Table 9 presents the estimated treatment effects from equation 6, along with standardized

p-values, for real estate prices across Lee County.36 The treatment effects indicate positive

and lasting price premiums due to Ian, though they are mostly statistically insignificant

with respect to the standardized p-values. Specifically, none of the treatment effects for the

mean are statistically significant, while definitions treat3 to treat7 for the median have some

(but not all) treatment effects statistically significant at the 5% level. However, the non-

standardized p-values often differ significantly from the standardized values, which raises

some concerns about the results. Thus despite the apparent good fit in Figures 5 and 6, the

inference statistics suggest less conclusive evidence.

A reasonable critique is the large geographic scope. A hurricane’s damaging impacts might be

isolated to smaller locations. Focus levels are shifted from a whole county to ZIP Codes. Syn-

thetic control analysis is applied to two individual ZIP Codes, one in Bonita Springs (coastal-

adjacent) and another in the Miromar Lakes neighborhood (more inland). Importantly,

Bonita Springs experienced large aggregate damages (average real property damage claim of

$19,690.39), while Miromar Lakes had more moderate aggregate damages ($8,665.17). Both
ZIP Codes had lower damage estimates than their county average of $28,919.60.37

35Although not depicted, if logs are used as dependent variables, the pre-treatment fits are considerably
poorer and figures generally suggest positive price effects (premiums) of around 10%.

36For inference, p-values are derived from placebo tests, where control units are assigned treatment, and
then the number of placebo effects greater than the original estimated treatment effect is calculated for each
post-treatment parameter. Standardized p-values, which scale the effects by the root mean square prediction
error before comparing treatment effects, are reported (Galiani and Quistorff, 2017).

37Graphs and tables of weights for the ZIP Code analysis are not shown, but are available upon request.
We also shift the dependent variable to median price to ensure a central tendency that is less affected by
extreme distributional values.
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Figure 5: SCM Estimates for Lee County by Mean Closing Price

(a) Treatment 1 (b) Treatment 2

(c) Treatment 3 (d) Treatment 4

(e) Treatment 5 (f) Treatment 6

(g) Treatment 7 (h) Treatment 8

Notes: Based on author calculations. Vertical axis measures mean close price in dollars, where navy line is treated unit (Lee
County) and maroon line is its synthetic control. The vertical distance between the lines after treatment corresponds to the
treatment effect τt in equation 6.
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Figure 6: SCM Estimates for Lee County by Median Closing Price

(a) Treatment 1 (b) Treatment 2

(c) Treatment 3 (d) Treatment 4

(e) Treatment 5 (f) Treatment 6

(g) Treatment 7 (h) Treatment 8

Notes: Based on author calculations. Vertical axis measures median close price in dollars, where navy line is treated unit (Lee
County) and maroon line is its synthetic control. The vertical distance between the lines after treatment corresponds to the
treatment effect τt in equation 6.
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The ZIP Code SCM results are shown in Table 10 and the fit appears better than when the

effects were measured across the entire county. The standardized p-values vary across time

and treatment, but they are lower than their county counterparts. While not shown, the

traditional p-values are all above 0.05, with most well above depending upon the treatment

definition. Thus, the significant and positive estimates shown on the left side of Table

10 might have a different interpretation depending on whether a researcher places value

on standardized versus traditional p-values. Regardless, the results indicate that a static

treatment definition does matter, and there is mild evidence of dynamic treatment effects.

However, more rigorous investigation would be useful to improve precision. Looking at the

right side of the table for Miromar Lakes, the measured effects increase in similar periods as

shown for Bonita Springs but the standardized p-value fit is not statistically significant.

More importantly, the ZIP Code results indicate the importance of spatial granularity. Even

fixing a treatment aggregation, we see evidence of heterogeneous treatment effects for differ-

ent ZIP Codes. This suggests dueling concerns when estimating price effects: SCM allows

one to construct a suitable control where none exists, but at the potential cost of masking

important spatial heterogeneity. Additionally, selection into the sample and aggregation bias

become concerns when pooling together observations across larger geographic areas.

5.2 Are Synthetic Controls Good Enough?

The presented estimations reflect analyses that users of similar data might conduct. An

immediate takeaway is that SCM results may be enhanced by altering the dependent variable

measure, geographic scope, treatment definitions, imputation to improve balancing, and pre-

trend matching. Each issue is addressed below.

The dependent variable measure might be improved in several ways. Besides testing with

different functional forms, a more useful public measure would better describe damages.

Examples could include generating a hedonic, a repeat sales, or another price index instead

of relying on mean or median figures and would explicitly control for treatment at a property

level. Adopting a more refined price measure seems promising for improving fit. However, a

major challenge is the mandatory panel balancing. Instead of dropping so many observations,

imputation or replacement of missing data are ripe for future exploration.
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Geographic scope and control location could also be improved with public data. The differ-

ences in geographic aggregations were evident as the discussion moved between county and

ZIP Code results. Despite a reduced number of ZIP Codes after balancing, the quality of

fit at the ZIP Code level sometimes surpassed the county level. This finding (of better fit

and a more intense impact on market prices) should not seem surprising because damages

are best measured with geographic precision. However, the indirect relationship (with lower

geography but better fit) despite limited control groups suggests that synthetic controls are

able to correctly pick weights and dynamically ignore sampled places that do not provide

useful information. The two selected ZIP Codes experienced major and moderate damage—

they might not be fully representative of damages across the entire county. This underscores

the importance of carefully defining the sample market. Researchers might want to develop

an algorithm for a more rules-based approach. Arbitrary choices can lead to match quality

variations that will impact the estimated coefficients and p-values. As stressed previously,

the trade-off between aggregation bias and goodness of fit should receive more attention.

Treatment definitions can lead to substantial differences even within a given dependent

measure or geographic area. For instance, though subject to noise and used for illustrative

purposes, in the month immediately after Hurricane Ian, altering the treatment definition in

Lee County leads to varying effects ranging from 4.7% to 10.3%. Researchers need to either

justify their chosen aggregate treatment definition or demonstrate the robustness of their

findings across various definitions. All else equal, simpler treatment definitions tend to have

price effects with clearer interpretations. We recommend using several aggregated measures

of damages, along with sensitivity analysis.

Imputation is another area for improvement. Traditional statistical methods, such as mul-

tiple imputations, can be employed when some observations for the areas are available. As

an example, Contat and Larson (2024) propose grouping into larger aggregates when not

enough observations are observed in an area. For example, this would entail grouping coun-

ties (or any other geographical area) into “supercounties”, which consist of two or more

adjacent counties which individually lack enough observations but collectively have enough

to perform estimations.38 A similar approach might be used here to calculate damages and

construct appropriate control samples. The SCM estimator and imputation is an under-

38The method relies on a substitutability and continuity assumption from urban economics, assuming
that home values cannot change significantly on average when distance is changed in small increments. See
Contat and Larson (2024) for more details on the algorithm.
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studied area where more statistical insights would be constructive.

Pre-trend matching poses challenges for traditional treatment effects (static and dynamic)

as well as synthetic control estimations.39 While the standard recommendation is to avoid

SCM if the pre-treatment fit is poor (Abadie, Diamond, and Hainmueller, 2015), recent pa-

pers have introduced methods to mitigate resulting bias. Ben-Michael, Feller, and Rothstein

(2021) present the augmented synthetic control method, employing ridge regression to im-

prove fit. However, this method may not always be preferable, as the bias reduction comes

at the expense of some extrapolation. In a different approach, Ferman and Pinto (2021)

propose a demeaned synthetic control estimator. They suggest that researchers should pro-

vide arguments for the absence of time-varying confounders. Additionally, they highlight

that “contrasting the DID and the demeaned SCM estimators is informative about whether

these conditions for unbiasedness are valid.” Lastly, Arkhangelsky et al. (2021) combine

DiD and SCM to reduce bias by using the synthetic control as the actual control in a DiD

specification. This tactic combines the strengths of both estimators. A fuller understanding

of when and why to choose these advanced methods would aid the developing literature on

how to assess price effects after natural disasters.

6 Conclusion
This paper combines real estate listings with damage estimations. One contribution to the

literature is showing how causal techniques can be used to estimate market disruptions. Cur-

rent findings reveal positive price effects, approximately a 5% to 11% increase nine months

after Hurricane Ian. Despite fluctuations over time, these effects seem relatively stable

and enduring. However, given the previously mentioned limitations, caution is warranted

with asserting strong causal estimates. Additionally, there are likely many means through

which home prices are affected, and our results do not attempt to distinguish these different

39For practitioners or researchers learning these techniques, the appendix includes several robustness checks
that illustrate whether the matching and results are sensitive to different study window lengths (allowing
samples to fit with data from 1 year, 3 years, and 7 years prior to treatment), geographic scope (county
or ZIP Code), and property type (dividing between single-family homes, condominiums, and manufactured
homes). Shortening the pre-treatment windows improves matching because it avoids balancing issues with
other competing treatments. Reducing geographic scope allows for better precision, but it comes at the
expense of fewer sales to match. Focusing on a property subtype enhances measurement, but most sales are
single-family homes and pooling helps condominiums and manufactured homes find more synthetic matches
(and it is not clear that site built single-family homes are markedly different from manufactured homes).
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channels.40 While some previous literature has shown positive price effects associated with

disasters, we do not have sufficient evidence to claim that Florida’s costliest hurricane ac-

tually increased home prices for damaged homes. Therefore, while this research and some

previous literature show positive price effects within a year following a disaster, the results

should not be interpreted plainly as hurricanes increase house prices for damage homes, but

rather different market mechanisms and rebuilding activities may have contributed to this

result. Another contribution is pointing out the practical challenges when using various data

sources. From the outset, the intent was to avoid proprietary sources and, instead, use data

which are either commonly licensed by academics or publicly available.

Public data releases are a mixed blessing of equitable access at the cost of conflicting infor-

mation standards. On one hand, such resources often serves as the sole source for assessing

damages and pricing disaster risk, especially in the immediate aftermath of an event, making

it extremely useful to many. On the other hand, challenges arise when connecting several

datasets to address important issues, like understanding the impact of disasters on residen-

tial real estate prices.41 Due to privacy concerns, address fields are expunged, which makes

data aggregation necessary while creating a measurement issue. A potential solution would

be combining data sources behind secure government servers and later providing the merged

result in a de-identified form that could deliver a great public benefit. Currently, the absence

of public property level damage data makes it difficult to assign treatments and accurately

measure the extent and duration of market disruptions. We chose a hurricane for this paper’s

focus because there is readily available information on damages, claims, and market prices.

More could be done to advance similar measures for other events.

For future research, it would be valuable to know more about proper methods for imputing

and filling gaps in natural disaster or housing data. Additionally, enhancing techniques to

aggregate damages or prices for the SCM approach and understanding the implications of

matching before DiD could be reasonable steps forward. Furthermore, it would be a worth-

40As previously mentioned, one channel is that Ian decreased the supply of homes, driving up prices as
homes became scarcer. Another possibility is that higher quality homes survived the storm and were able
to be resold in the aftermath of Ian. We leave the identification of precise channels to future research.

41Sample selection complicates damage assessment across public datasets. For example, the IHP is designed
for households without flood insurance or those underinsured, while NFIP’s claims are for households with
flood insurance. Public data could be enhanced if IHP could incorporate NFIP statistics or be completely
matched to NFIP data because there are instances when claims may overlap. For instance, if a building
exceeds the $250,000 limit on a NFIP policy, the owner may seek IHP assistance due to being underinsured.
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while endeavor to investigate alternative options not yet considered in the applied disaster

literature. Another potential avenue for research is the functional form of the dependent

variable. As mentioned earlier, the pre-treatment fits of synthetic controls show variability

based on whether prices are presented in dollars or log values or measured by mean or median

statistics. In line with a related DiD literature, we find the parallel trends assumption does

not always hold, which supports using newer SCM techniques. More work on the effects of

disasters on other dependent variables would also be fruitful, including time on the market,

probability of sale, and the ratio of list to sale price, among others. Finally, research could

investigate differential price effects based on property types or real estate market activity.

For example, unstructured textual analysis could be determine if properties are marketed

differently in the wake of a disaster. In short, other fundamental questions remain.

In conclusion, this paper makes efforts to carefully combine data sources and employ cutting-

edge empirical models to study whether a major hurricane may affect market prices. The

analysis suggests that while individual houses may suffer considerable damages, aggregated

measures are resilient to powerful natural disasters. With a rising frequency and severity of

such storms, it is imperative to properly define how to monitor and measure the immediate

and lasting effects on residential real estate markets. This study opens the door to further

refinement of the complex interactions between natural disasters and real estate dynamics.
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Appendix: Robustness Checks
Real estate activity can be conveyed with other statistics than described earlier in the paper.

Figure 7 shows a common metric called the list-to-close price ratio. The market is usually

viewed favorably for buyers when the ratio exceeds one. In the state and county panels, the

list-to-close ratios drop to nearly one after the beginning of the COVID-19 pandemic when

limited sales inventory shifts market power more to sellers. The median list-to-close price

ratio is exactly equal to one and conveys that half of the listings sell precisely for their list

price. Although not displayed here, townhomes even dip below one in Lee County which is

consistent with anecdotal stories of escalating bidding wars of transaction prices rising above

initial list prices and having a short time-on-market. The quick jump up after Hurricane

Ian suggests that sellers begin to lower their initial price expectations after the storm as the

market returns back to its pre-pandemic trends.

Another comparison could split real estate listings into property subtypes like detached

single-family homes, townhomes, and manufactured homes. Figure 8 compares subtypes by

prices and the number of listings. Price levels remain consistent across subtypes, with the

greatest values in detached single-family residences then moving downward to townhomes

and then manufactured homes, as noted in the top graphic of panel (a). Breaking down by

subtypes indicates that Lee County’s housing market is dominated by detached single-family

residences with solid navy and maroon lines at the upper part of panel (b). Across years,

there are fewer listings for townhomes and manufactured homes, which complicates further

analysis as shown later with blank panels in Figure 12.

Several additional tests are performed to determine sensitivities to geographic scope (i.e.

county or ZIP Code) as well as the starting year (i.e. 2015, 2019, or 2021) for the DiD and

SCM techniques. All figures are based on median closing price and treatment 3.

Figures 9 and 10 present DiD results from event studies. The longer pre-treatment window

length introduces volatility that clearly violates pre-trend assumptions. However, even when

starting shortly before the storm in 2021, the disaster only has positive price effects for

single-family homes while condos and manufactured homes are statistically insignificant.

Figures 11 and 12 offer SCM results to compare with DiD findings. The pre-treatment

window length has a similar conclusion that shorter periods offer better fit (i.e. the colored

48 Contat, Doerner, Renner, & Rogers — Real Estate Prices and Natural Disasters



FHFA Working Paper 24-04

lines are closer together when comparing 2015 to 2019 to 2021 across all property types). This

is not entirely surprising because other storms and influences can muddle interpretations.

The positive effect diminishes for detached single-family homes and manufactured homes

have a negative impact when SCM is performed at a county level. The final figure suggests

caution is needed when interpreting these results. SCM cannot be performed successfully

at a ZIP Code level for most property subtypes because a lack of sales prevents weighted

matchings. Both ZIP Codes can perform SCM for single-family homes. Bonita Springs

shows a negative effect while Miromar Lakes has a positive effect on prices after Hurricane

Ian. Recall that Bonita Springs is coastal-adjacent and experienced large aggregate damages

that were, on average, twice the size as in Miromar Lakes. The more inland area of Miromar

Lakes likely carries a positive price effect for both single-family homes and condos because of

the lack of claims, lower damages on the claims, and the ability to sell in that area drove up

demand as buyers sought locations that seemed slightly safer immediately after the storm.
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Figure 7: Real Estate Market Activity Comparing List-to-Close Prices

(a) All listings across Florida

(b) All listings in Lee County, Florida

Notes: Based on author calculations using MLS data licensed from CoreLogic. The top row presents real estate activity
for single-family residential homes across the entire state of Florida (n = 1.5 million) while the bottom row contains listings
information from Lee County, Florida (n = 73, 000) since 2015. Excluded property types are low/mid/high rise, half duplex,
and villas. Colored lines illustrate the median ratio (navy) and mean ratio (maroon). All series reflect a monthly time frequency
without any adjustments for distributional moments, rolling windows, or seasonality. Certain periods are omitted when there
are low counts (e.g., filters for fewer than 10 listings or closings prevent single listings from swaying the results).
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Figure 8: Real Estate Market Activity by Property Type within Lee County, Florida

(a) Prices

(b) Number of Listings

Notes: Based on author calculations using MLS data licensed from CoreLogic for Lee County, Florida (n = 73, 000) since 2015.
Excluded property types are low/mid/high rise, half duplex, and villas. The panels break the data into property subtypes
where solid lines are single-family detached, dashed lines are townhomes, and dotted lines that appear slightly grayish are
manufactured homes. All series reflect a monthly time frequency without any adjustments for distributional moments, rolling
windows, or seasonality. Certain periods are omitted when there are low counts (filters for fewer than 10 listings or closings
prevent single listings from swaying the results).
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Figure 12: SCM Estimates for ZIP Codes by Property Type Starting in 2019

Single-Family Homes
(a) Bonita Springs (b) Miromar Lakes

Condominiums
(c) Bonita Springs (d) Miromar Lakes

Manufactured Homes
(e) Bonita Springs (f) Miromar Lakes

Notes: Based on author calculations. Vertical axis measures median close price in dollars, where navy line is treated unit (Lee
County) and maroon line is its synthetic control. The vertical distance between the lines after treatment corresponds to the
treatment effect τt in equation 6.
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Table 11: Comparing Housing Characteristic between Control and Treated Groups

treat1 treat2 treat3 treat4

Control Treatment Control Treatment Control Treatment Control Treatment
beds 3.1 3.0 - - 3.0 3.1 3.1 3.1

(0.9) (1.0) - - (1.0) (0.9) (1.0) (0.9)
baths 2.3 2.4 - - 2.3 2.4 2.3 2.4

(1.2) (2.3) - - (1.5) (2.3) (1.9) (0.9)
home size (sqft) 1,848 1,907 - - 1,886 1,848 1,885 1,829

(1,902) (39,371) - - (31,842) (981) (29,579) (1,032)
home age (years) 27 26 - - 27 25 27 25

(23) (21) - - (22) (21) (22) (21)
cooling (yes/no) 99.5% 99.7% - - 99.6% 99.7% 99.6% 99.7%

(6.9%) (5.6%) - - (6.5%) (5.8%) (6.4%) (5.8%)
time-on-market (days) 118 119 - - 120 114 119 118

(155) (160) - - (158) (157) (157) (159)
price 12.35 12.42 - - 12.36 12.45 12.37 12.46

(0.83) (0.74) - - (0.83) (0.65) (0.81) (0.68)
N 997,466 858,057 - - 1,350,102 505,421 1,547,469 308,054

treat5 treat6 treat7 treat8

Control Treatment Control Treatment Control Treatment Control Treatment
beds 3.1 2.9 3.1 2.9 3.1 2.9 3.1 2.9

(1.0) (0.8) (1.0) (0.8) (1.0) (0.8) (1.0) (0.7)
baths 2.3 2.3 2.3 2.3 2.3 2.3 2.3 2.3

(1.8) (0.7) (1.9) (0.8) (1.8) (0.8) (1.8) (0.7)
house size (sqft) 1,881 1,790 1,885 1,801 1,884 1,793 1,878 1,801

(27,888) (1,067) (28,772) (971) (28,406) (996) (27,561) (755)
home age (years) 27 24 27 26 27 25 27 21

(22) (20) (22) (20) (22) (20) (22) (19)
cooling (yes/no) 99.6% 99.9% 99.6% 99.7% 99.6% 99.7% 99.6% 99.8%

(6.4%) (3.7%) (6.4%) (5.3%) (6.4%) (5.2%) (6.4%) (4.2%)
time-on-market (days) 118 127 118 122 118 128 118 130

(157) (163) (157) (161) (157) (163) (157) (161)
sale price (logged) 12.37 12.55 12.37 12.48 12.37 12.53 12.38 12.46

(0.79) (0.68) (0.80) (0.71) (0.79) (0.71) (0.79) (0.68)
N 1,739,643 115,880 1,629,790 225,733 1,669,642 185,881 1,778,117 77,406

Notes: Based on author calculations using MLS data licensed from CoreLogic. This table compares summary statistic values for treatment and
control groups, across all treatments except treat2 (which is not a binary measure). Variables are selected based on being used later as controls
for difference-in-difference estimations. Each variable presents mean values with standard deviations below in parentheses. Beds and baths are
the number of units reported in the home. Home size is the structure’s total livable space in square feet (sqft). The control standard deviations
are large, but acceptable because values at the 99th percentiles do not exceed 5,000 sqft. Home age is defined as the difference between the
closing date and year built. Cooling indicates (yes/no) if a cooling system is present. Time-on-market is the number of days from list date to
contract date. Sale price (logged) is the natural log of the close price (nominal dollars) of the home.
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Figure 13: Median Sale Price Time Series Plot: Treatment vs. Control

(a) Treatment 1 (b) Treatment 2 (Not Applicable)a

(c) Treatment 3 (d) Treatment 4

(e) Treatment 5 (f) Treatment 6

(g) Treatment 7 (h) Treatment 8

Notes: Based on author calculations from MLS data licensed from CoreLogic. Vertical axis measures median close price in
dollars, where the navy line is the median for the corresponded units in treated counties and the maroon line corresponds to
the control group. The dashed line corresponds to September 2022, which is the month that Hurricane Ian made landfall in
Florida. Treatment 2’s graph is omitted because it is not a binary approach.
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