
ClimateRisk, House
Prices, andNeighborhoodDynamics

[Preliminary and Incomplete]*

Paymon Khorrami† Jung Sakong‡

September 13, 2025

Abstract
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1 Introduction

Scientists, social scientists, and journalists now largely agree that climate change poses

tremendous challenges to society. Faced with increasingly frequent extreme weather events

and the prospect of future risks, people’s ability to prepare and adapt to the effects of climate

change has taken a central role. Accordingly, many contemporary economic effects of climate

change risks stem from these adaptations, rather than the direct impact of climate itself. Many

current empirical debates center around quantitative magnitudes. How large are the economic

impactsofadaptationtoclimaterisk?Whendothemechanicsofadaptationbegintakinghold?

Who have been the winners and losers to climate change adaptation, and to what degree?

This paper tackles these questions in the context of local residential real estate markets.

Relative to the extant literature, our study differs in its risk measurement and empirical

design. We explore a new dataset estimating various climate risks at the property level.

The granularity of this dataset allows us to control for highly localized factors (Census

block-by-time fixed effects) and a property fixed effect. The combination of this data and

methodology serves two roles. First, the data captures variation in climate risk due to

structure-level heterogeneity in building materials (e.g., wood, brick, concrete, etc.), design

(e.g., the existence of a basement, attic, etc.), and upkeep. By controlling for a block-by-time

fixed effect, our climate risk measure is purged of most geography-related climate risks, and

our housing transactions are purged of any time-varying geographic demand. The remaining

risk variation includes the aforementioned materials, design, and upkeep. Second, including

a property fixed effect brings the analysis close to a “repeat sales” method. This eliminates

any time-invariant (including unobservable) factors that are correlated with our climate risk

measures but drive valuation differences for other reasons. Overall, our empirical design

analysis allows us to shed light on when climate risks became salient, at least in terms of

their economic impacts, and to confidently attribute these impacts to climate risk exposures,

as opposed to other local factors or other house-level valuation-relevant factors.

Our risk measures also permit some novel economic interpretations not possible in other

settings. For instance, a unique feature of our dataset is its estimation of climate-related loss

projections in dollar units, allowing for economically-meaningful quantitative statements.
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In addition, we are able to distinguish conceptually between the effects of aggregated climate

losses versus disaggregated perils. Finally, our data distinguishes between expected losses

versus downside risks (although we do not yet fully explore this feature of our data). There

are important drawbacks to our data—we must trust a proprietary black-box estimation of

climate riskiness and we cannot control for all hedonic factors as these are critically important

drivers of within-block risk variation. Nevertheless, we believe that our approach brings

important contributions to the literature.

Our main result is that climate risk strongly permeates housing markets. In a baseline

specification that includes property and block-by-time fixed effects, which controls for

arbitrary time-invariant demand factors and any time-varying geographic demand factors,

we find that climate-risky properties start to become discounted significantly as early as 2006.

Relative to pre-2006 prices, a house in 2024 with a 1% higher estimated climate damages (per

year) garners a 4% price discount. We also find a significant change to ownership structure:

around the same time (starting 2006), riskier properties become significantly less likely to

be owner-occupied—a 2 percentage point drop in owner-occupancy per 1% of expected

climate losses. We interpret this as evidence of landlords entering climate-risky markets

and putting those properties for rent.

We then control flexibly for some additional important time-varying fundamental

demand factors to obtain estimates that are more likely causal as opposed to simply

correlational. Inparticular,climate-saferpropertiestendtobeslightlylargerandnewer,andso

a growing demand for larger and newer houses, beginning in 2006, could potentially explain

our baseline result. We address this concern by including, in addition to the property and

block-by-time fixed effects from our baseline specification, time-specific loadings on hedonic

variables likepropertysizeandage.Augmentingourspecificationwithsuchhedoniccontrols

cutsourbaselineresultsbybetween0to50%:a1%higherexpectedclimatedamageimpounds

between a 2-4% price discount, depending on the method. Given our setting is highly

controlled, we interpret this as causal evidence of a quantitatively large climate-risk discount.

What changes most when accounting for these hedonic controls is the timing of the discount,

which then shows up in around 2016, closer to the timing assumed in the existing literature.

How should one interpret our finding of a greater than one-for-one decline in house prices
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to climate risk exposure? While the frictionless rational-expectations benchmark is a one-

for-one price decline, several standard frictions suggest the potential for an amplified price

response.First,housingmarketsare largelysegmented,andsoaproperty’s idiosyncraticrisks

may be priced by its owner-specific risk preferences. In that case, risk aversion suggests that

a 1% expected loss should garner a larger-than-1% price discount. While property insurance

can potentially mitigate this effect of risk aversion, caps on payouts and gaps in coverage

imply that the risk aversion effect should not be eliminated. Second, when a property switches

from being owner-occupied to being rented, as we document, the house loses its owner-

occupancy premium. One potential microfoundation for this premium would be tenant

moral hazard (shirking on upkeep and improvements is value-destroying). One reason why

high-risk properties could become rental properties is simply that climate-resilience may be a

normal good; if richer households move out of such houses, then poorer, wealth-constrained

houses must move in, suggesting owner-occupancy would be less likely. And third, as

neighborhood changes kick off, agglomeration effects may take hold. For instance, as poorer

households move in, or existing properties become vacant, or as a neighborhood becomes

disproportionately tenant-occupied, its desirability decreases to other potential movers.

Despite all these forces, it may still be surprising that our effects are 2-4 times larger than

the frictionless rational benchmark. The fact that our risk measure is conveniently quoted

in percentage terms allows us, for the first time, to engage in this discussion.

In addition to the large magnitude, readers might be surprised to find that changes begin

in 2006, in our specifications without hedonic controls for size and age. This is quite early

in the process of rising climate awareness and does not coincide with existing measures of

the largest climate-relevant events. For example, Engle et al. (2020) find, using newspaper

articles, that 2009 was the year with the largest quantity of climate-relevant news, followed

by the period from 2014-16. Using Yale opinion surveys since 2008, Marlon et al. (2022)

finds that much of the change in opinions regarding climate change has been more recent

(e.g., 2016-present). On the firm and institutional investor side, 2016 is a commonly-cited

inflection point for the rise of ESG investing and changes to firms’ cost of capital (Ilhan et al.

2023; Gormsen et al. 2024). And the literature on house prices and sea-level-rise (SLR) risks

only finds effects, if at all, starting in the mid-2010s (Keenan et al. 2018; Bernstein et al. 2019;
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Baldauf et al. 2020; Murfin and Spiegel 2020; Keys and Mulder 2020; Bernstein et al. 2022).

Based on this literature, our estimates of an early timing could be mismeasurement: the 2006

timing could simply reflect an increasing demand for newer and larger properties; once

accounted for via hedonic controls, the measured timing of climate-risk discounts shifts

to around 2016, more consistent with the literature above.

But another explanation is that the 2006 timing is real climate awareness by households,

despite limited discussion in the academic literature. The Kyoto Protocol became effective in

February 2005; although the US was not part of it, this constituted international news. Hurri-

cane Katrina, one of the most severe and costly hurricanes of all time, struck in August 2005.

Katrina was a high-profile event in the US that may have shifted overall climate views (see

literature cited below). In 2006, the popular documentary “An Inconvenient Truth” was re-

leased,whichmayhaveplayedarole inenvironmentalawareness (Nolan2010).Beyondthese

specificevents,Brulleetal. (2012)andCarmichaelandBrulle (2017)conductamoresystematic

analysisofpublicopiniondatafor theyears2002-2010and2001-2013,respectively, identifying

several factors driving shifts in climate perceptions. These papers find that reported climate

concerns starting rising in 2005 and peaked in 2007, broadly consistent with our results.1

Related literature. We primarily contribute to a large existing literature relating climate

change risks to housing markets. Most closely related is a literature investigating sea-

level-rise (SLR) risk (Keenan et al. 2018; Bernstein et al. 2019; Baldauf et al. 2020; Murfin

and Spiegel 2020; Keys and Mulder 2020; Bernstein et al. 2022). These papers construct

property-level variation in SLR risk, due to elevation, coastal distance, and other geological

factors, controlling for other house characteristics, to identify the impact of flood risk on

housing markets.2 There is some disagreement on the existence and magnitude of an effect

on housing, with Murfin and Spiegel (2020) notably finding zero effect of SLR risk on prices

through 2017. To the extent the other papers find an effect, they all agree that it appeared

later in the sample (e.g., 2013 or even later).

1Sparse evidence is available on climate-related views for years in the early 2000s and prior, partly due
to data availability. This is not to say that people were unaware of climate risks in these early years. In one
study, Krosnick et al. (2000) finds that the 1997 efforts by Clinton administration to build support for the Kyoto
Protocol sparked a change in climate-related perceptions, especially among Democrats.

2Note that SLR risk may affect household choices in other dimensions, like the stock market, as well (Ilhan
2020).
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Our study differs in several respects. Most importantly, our methodology differs, as dis-

cussed in the introduction. Second, we go beyond flood risk and examine all climate-related

risks (e.g., wildfires, tornadoes, earthquakes, and more), allowing us to study a larger geo-

graphic sample of housing markets beyond the coastal areas. Third, our risk measure is con-

veniently reported in percentage units, allowing us to quantify an economically-meaningful

elasticity. Finally, our results differ. Not only do we find a large impact of climate risk on house

prices, we also shed light on the timing of the effect. And with the exception of Bernstein et al.

(2022), who study partisan sorting, we also examine transactions and residential sorting.

Another literature has measured the impact of disasters on local house prices (McKenzie

and Levendis 2010; Ortega and Taspınar 2018; Pollack and Kaufmann 2022; Ellen and Meltzer

2024).3 These results are often highly localized, for instance the impact of Florida hurricanes

on Florida house prices, and struggle to separate the direct effect of the disaster from the effect

of future climate risks.4 A notable exception is Addoum et al. (2024), which demonstrates

a persistent decline in Boston house prices following New York’s Hurricane Sandy.

A commonly-held view is that climate risk perceptions shift after a climate disaster. For

instance, a survey-based literature shows that personal experiences modulate climate risk

perceptions (Egan and Mullin 2012; Akerlof et al. 2013; Deryugina 2013; Shao 2017; Bergquist

and Warshaw 2019). Relatedly, but in observational data, disaster insurance premia may

increase following a disaster realization, and these higher premia can be impounded in

house prices (Nyce et al. 2015; Keys and Mulder 2024). Given the coincidence of our effects

and the arrival of Hurricane Katrina, such a belief-updating view may be at work. Similar to

Addoum et al. (2024), we show our results are not mechanically due to Katrina in a localized

sense—in fact, excluding states directly impacted only modestly changes the magnitude of

our estimates. But Katrina was a high-profile event, which may have been a broader signal

to consumers’ attention to climate damages, inducing a belief update.

3For surveys on the housing market effects of climate change perceptions, see Schuetz (2024) and Contat
et al. (2024).

4Some research also examines the ex-post effect of a disaster like Hurricane Katrina on households directly
harmed, e.g., Gallagher and Hartley (2017) and Deryugina et al. (2018). But again, this differs from our goals.
We wish to obtain the impact of climate risk, which requires looking at households not directly harmed and
identifying effects ex-ante.
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2 Data

We combine two data sources both from CoreLogic: one on climate risks at the property

level (single snapshot) and another on housing-market transactions and property char-

acteristics. We take only the properties that have a unique property identifier: CoreLogic

Integrated Property (CLIP), which is used to merge the two data.

2.1 Climate Data

Data on climate risks come from CoreLogic’s Climate Risk Data, which are a one-time

snapshot of structure-level measures of exposures to various climate risks, computed using

CoreLogic’s proprietary algorithms.

The actual data are at a structure level. This can be more disaggregated than properties for

properties that contain multiple structures, for example with a main home and a stand-alone

garage buildings. CoreLogic computes an importance ranking, which we use to only take

the climate risk scores for the primary structure, e.g., only the climate risk for the main home

in our example. The resulting data we use is therefore unique at the property level.

The main measure of climate risk exposure we use is the Average Annual Loss (AAL),

which is the fraction of the property value that is expected to be lost due to climate events

from CoreLogic’s simulations in a given year.

The main composite risk is the union of nine individual climate events, or “perils.” These

include three separate earthquake-related perils (fire, shake and sprinkler leakage, and

tsunami), wildfire, inland flood, severe convective storm, winter storm, hurricane storm

surge, and hurricane wind.5

CoreLogic provides AAL for the current condition, as well as projections for future years

of 2030, 2040 and 2050. For each of the future years, they provide projections under varying

climate scenarios following the Representative Concentration Pathways (RCP). RCPs are

hypothetical scenarios of varying intensity of climate change described by the the expected

changes in radiative forcing values by year 2100. CoreLogic provides projected AAL under

three of the four original pathways: Under RCP 2.6, CO2 concentration eventually falls to

5In what follows, we drop the earthquake perils related to leakage and tsunami, due to very sparse coverage.
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and stays at around 400 parts per million (ppm); RCP 4.5 is the intermediate scenario; and

under RCP 8.5, emissions continue to rise.

Importantly, AAL captures not only the climate change risk but the exposure of a

particular property to such climate change. For example, flood risk can increase for an entire

neighborhood due to rising temperatures, but the damage to a property can be higher if that

property has a lower first floor height or if it has a basement. For another example, wildfire

risk can increase for a larger geographic area, but the risk can accompany a higher expected

loss for a property that is built from more combustible building material.

2.2 Housing Market Data

Data on housing-market prices and characteristics come from CoreLogic’s Real Estate

Data, and in particular their Property Basic data based on assessment records and Owner

Transfer data based on transaction deed records.

We take all arms-length, resale transactions available in the Owner Transfer data for

2000-2020, with property ID variable (CLIP), transaction price, transaction date, Census

block in which the property is located, and an indicator for whether the purchase was for

owner occupation. Using the CoreLogic ID variable CLIP, we obtain property characteristics

including square footage from the Property Basic and Historical Property Basic data, also

from CoreLogic. There are 74 million unique properties that are resold within 2000 and 2024.

2.3 Summary Statistics

Table I shows the cross-sectional distribution of AALs for various perils, as well as a

“Composite AAL” that sums across perils. Based on the cross-sectional means of AAL, the

largest perils are severe convective storm, inland flood, hurricane wind, and hurricane storm

surge (the two hurricane peril AALs are missing for approximately half the properties, which

we believe corresponds to a negligible risk for those properties). The smallest risk by far

is earthquake (fire following), followed by winter storm and wildfire. The mean Composite

AAL is 0.25% per year. For all the perils in Table I, AAL is significantly right-skewed, with

a significant fraction of very low-loss properties and small fraction of much higher-loss
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properties. For instance, the median inland flood AAL is 0% per year, but its 99th percentile

is 0.92% per year. A similar right-skewed pattern holds for the Composite AAL.

The perils are geographically distributed as one might expect. Figure XXXVIII displays

maps for the geographic distribution of AALs, by peril and for the composite version. For

instance, wildfire risk is concentrated in the west of the US; severe convective storms—which

involve winds, tornadoes, and hail—primarily hit the mid-west; winter storms mainly in the

north and northeast; hurricane-related damages are on the eastern and southeastern coasts.

Interestingly, the Composite AAL (panel A) has a very even distribution throughout the US.

To quantify the determinants of AAL variation, Table IIa shows the R2 of AAL in various

fixed effects specifications. About 60% of the variation in AALs is driven by Census blocks

and peril types. As mentioned, the residual variation within-block is what we hope to

exploit. Note also that the addition of scenario and timeframe fixed effects interacted

with block and peril only increases the explanatory power by 1% or so. This reveals that,

roughly speaking, the CoreLogic climate model scales a baseline property-level AAL by

come common factor to obtain AALs at different scenarios and timeframes. For this reason,

most of our results simply fix the scenario at its intermediate value (the RCP 4.5 scenario)

and the timeframe at its long-horizon value (the 2050 timeframe). By contrast, significant

variation is captured by heterogeneity across perils: the R2 rises from about 11% to about

60% when including an interaction of peril with block, versus using block fixed effects alone.

Comparing Composite AAL to transaction prices, Table IIb shows that prices are much

better explained by geography (tract or block fixed effects) than AAL.6

Going beyond their means, Table IIc shows the variance-covariance matrix of AALs

across properties for the 8 perils for which there are future projections. (In this case, to

compute a full covariance matrix, we set any missing values of peril-specific AALs to zero.)

Using variances as a proxy for importance, by far the two largest perils are inland flood and

hurricane storm surge, followed by wildfire, convective storm, and hurricane wind. Relative

to the variances of these perils, the others pale in comparison. Additionally, the covariances

between perils tend to be very small, with the exception of the two hurricane-related perils.

6When refining fixed effects from tract to block, the explained variation increases much more for AAL
than it does for transaction prices, suggesting that running our specifications with tract fixed effects, rather
than block fixed effects, would be a useful alternative, something we are exploring in ongoing work.
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What drives the peril-specific risks? Tables III-IX display results from regressing peril-

specific AAL (as well as other moments of loss risk beyond the average) onto block fixed

effects and property characteristics, such as first-floor height, ground elevation, and dummies

for the inclusion of various materials in the property structure (e.g., steel, timber, concrete,

etc.). Judging by the R-squareds, Census blocks explain the majority, and often much more,

of the variation in climate-related losses. But important variation remains within Census

blocks, and this variation appears to co-move in sensible ways with structure characteristics.

For instance, Table IV shows that, controlling for block fixed effects, flood-related AAL is

negatively related to first-floor height, ground elevation, and the use of “solid” materials

like steel, concrete, masonry, and timber. While we only include a coarse set of property

characteristics, and only linearly, the takeaway from these tables is that important within-

block variation seems related to details of the building and structure. Our main analysis

below also employs block fixed effects, so it is important to keep this in mind.

These summary statistics support the following interpretation of the data. Each property

is primarily exposed to a single climate peril, if any, with floods, hurricanes, and convective

storms being the most important economically. The climate risks to houses in a local region

are largely similar, but the property-level exposures can differ significantly, due to variation

in construction materials, property design, and upkeep. Ultimately, we seek to isolate these

sources of variation from the localized climate-related risks.

Finally, we explore the correlations between standard hedonic variables and Composite

AAL in Tables X-XI. The results show that high-AAL properties tend to be smaller (in terms

of both square-footage and number of bedrooms) and older. As an example, Table X shows

that, within Census block, a property that is 10% larger in square-footage has on average a

0.00234% lower Composite AAL—meaning that modest differences in AAL can potentially

be associated to large price differences, through significant differences in property size. Given

that larger properties and newer constructions tend to be more valuable on average, our

“repeat-sales” style procedure (comparing a house to its own previous transaction) can help

to purge these time-invariant valuation issues and identify climate discounts. Furthermore,

to correct for potentially “time-varying demand” related to these basic hedonics, but having

nothing to do with climate risks, we also control for them directly in some specifications below.
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3 Empirical Framework

CoreLogic’s property-level climate risk exposure measure varies between properties that

may be exposed to similar climate risk. We therefore estimate the gradient of house price

along this property-level exposure (AAL), comparing within Census blocks, and use the

change in this slope to infer the impact of rising climate-change awareness on house prices.

We first estimate the raw slope of transacted house prices against Composite AAL (which

adds losses across all perils) projected for the 2050 horizon under the intermediate scenario

(RCP 4.5) with Census block fixed effects, year by year. For property i in block b that has

a transaction in year t, we estimate

logPit=αbt+
∑

s

βsDst×Xi+
∑

s

ϕsDst×Ai+νit (1)

where αbt is a block-by-time fixed effect, Ai is Composite AAL, Xi are hedonic controls (such

as square-footage, number of bedrooms, or age), and Dst represents a dummy for year t

(equals 1 when s= t). We are interested in time-series pattern in the AAL coefficients {ϕt}.

One difficulty in interpreting the year-to-year variation is that the set of properties being

transacted can be different in each year, as opposed to the climate-risk discount rising over

time. The problem is that, by construction, certain value-relevant characteristics are driving

our AAL variation (e.g., the presence of basements, carpet versus hardwood floors, and other

such characteristics), and the prevalence of these characteristics in housing transactions can

be changing over time for reasons unrelated to climate perceptions. Suppose, for example,

that houses with basements have higher AAL but are also generally less valued in the

market, in a time-invariant way. If the propensity of homes with basements to transact is

time-invariant, then there would be a constant downward bias in all of the {ϕt} coefficients.

This problem is minor, in the sense that the time-series pattern of the {ϕt} remains preserved.

However, if the propensity of homes with basements to transact is rising over time, then

even the time-series pattern will be affected: the (negative) bias in the estimates of {ϕt}would

be rising over time, a pattern which mimics that of a growing climate risk discount. We

attempt to correct for this issue below.

What cannot be addressed in the specifications that follow is the time-varying bias

that arises if the demand for basements is time-varying. However, we do try to address
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time-varying demand, to some extent, by including some important and standard hedonic

controls (the Xi variables), similarly to the “raw” cross-sectional approach in (1).

To address some of these concerns about time-varying compositional effects and some

types of time-varying demand, we implement a “repeat-sales” approach as our core method.

We estimate:

logPit=γi+αbt+
∑

s

βsDst×Xi+
∑

s

ϕsDst×Ai+νit, (2)

where γi is a property fixed effect, αbt is a block-by-time fixed effect. The connection between

the two-way fixed-effects framework here (property and year fixed effects) and the traditional

repeat-sales methodology is noted for example in Gao and Wang (2007).

The same repeat-sales specification can also accommodate other outcome variables. For

property i traded at time t, define its homeownership status Hit ∈ {0,1}. The year-by-year

slope on block-residualized AAL for homeownership status, for example, is given by:

Hit=γi+αbt+
∑

s

βsDst×Xi+
∑

s

ϕsDst×Ai+νit. (3)

As mentioned, specifications (2)-(3) are similar to “repeat sales” analyses. To understand

this, consider, for comparison, the simpler regression

logPit=γi+αt+νit, (4)

which delivers via αt a repeat-sales house price index. By including a property fixed effect

in (4), we are effectively considering how housing valuations change over time within a

given property. Analogously, by putting the property fixed effect in (2)-(3), we are effectively

considering how the impact of climate risk exposures changes over time within a given

property. Even though a given property may not transact so often, by putting the linear

structure on how properties are impacted by AAL, a large enough dataset allows us to

estimateϕs reliably using this within-property variation. Akin to the standard logic in favor

of repeat-sales indexes, our ability to look within property is helpful to control for unobserved

cross-sectional quality differences that are correlated with climate risk exposures.

As an alternative for robustness, we also implement the analysis in two stages. Consider

first residualizing Composite AAL by block fixed effects:

Ai=αb+εi (5)
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and then estimating

logPit=γi+αt+
∑

s

βsDst×Xi+
∑

s

ϕsDst×εi+νit (6)

where γi is a property fixed effect, αt is a time fixed effect, and εi are the residuals from

equation (5). The results of (6) and (2) should mechanically be identical in a balanced panel;

but if some properties transact more than others, the results could potentially differ.

4 Empirical Results

4.1 Main Results

Figure I plots the coefficients {ϕt} from equation (1), with no hedonic controls, which is

the equivalent of a cross-sectional regression year by year. Most evident in the figure is a

stark drop from 2007 to 2010 for the sensitivity of log price to AAL, which is persistently

present thereafter. Quantitatively, ϕ2010−ϕ2007 ≈−2, representing a 2% price drop per 1%

of climate risk exposure. This is a preview of our main result, that climate concerns had a

sizable impact on housing markets and potentially relatively early on. Note also that there

is a negative coefficient pre-2007, suggesting some validity to the type of story above that

high-AAL properties have characteristics that are value-reducing.

Figure II repeats the same raw analysis but including log square-footage as a hedonic

control, with time-varying loadings. While the time-series patterns between Figures I-II are

broadly similar, taking out this single hedonic control for size completely eliminates the

non-zero coefficients pre-2005. Thus, high-AAL properties tend to be smaller, which itself

garners a discount, and this size discount was the primary driver of any non-zero difference

in pricing pre-2005.

Figure III plots coefficients {ϕt} from equation (2), which is the repeat-sales specifi-

cation that corrects for time-varying compositional effects in the market. The effects are

substantially larger in magnitudes. Again, around the onset of 2006, there begins a steady

decline in the ϕt, the sensitivity of log price to AAL. This decline continues until 2010,

after which the coefficient remains permanently depressed. Quantitatively, the cumulative
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decline is ϕ2010−ϕ2005 ≈ −4, significantly larger than the raw analysis from the previous

figure. Note also that the repeat-sales version has eliminated the positivity of the pre-2005

coefficients, suggesting the property fixed effect has indeed eliminated the biases caused

by some unobservable value-enhancing characteristics that simultaneously drive AAL. In

addition, the pattern in the {ϕt} coefficients is smoother, and measured better statistically,

in this repeat-sales version, suggesting that some random variation due to time-varying

compositional effects may have been at play in Figures I-II.

Figure IV repeats the analysis in the two-stage regression (6). The results are almost

identical to the one-stage approach in Figure III, suggesting that the impact of heterogeneous

transaction rates is limited (since that is the only way the two analyses could produce

different results). In subsequent analyses, we therefore explore only the one-stage approach.

We next examine owner-occupancy. Figure XIV plots coefficients {ϕt} from equation

(3). Interestingly, although the outcome variable is different (here: an indicator for owner-

occupant buyer), the pattern in the coefficients largely mimics that of the coefficients of

the log price outcome. In particular, high-AAL properties are increasingly likely to be

non-owner-occupied starting around 2005, with the change continuing for several years. We

measure no difference in owner-occupancy for high- and low-AAL properties prior to 2005.

Quantitatively, a 1% higher AAL translates to a 1.5% decline in owner-occupancy by 2010.

Like the price regressions, this effect remains permanently thereafter, increasing if anything.

Our baseline repeat-sales methodology controls for time-invariant demand for property

“fundamentals”butdoesnotcorrect for time-varyingdemandfor these fundamentals.Wecan

partially explore this channel by augmenting our baseline specification with transaction-year

dummies interacted with hedonic controls for property age, square footage, and the number

of bedrooms.

Figure VI displays the loadings on AAL for our repeat-sales specification with these

hedonic controls. There are some important similarities and differences. Broadly speaking,

consistent with our earlier results, we continue to see a gradually-building climate risk

discount, although the cumulative magnitude by 2024 is only about a -2% discount per 1%

AAL (in contrast to our baseline result of -4%). However, the timing of a climate discount

now emerges significantly later, beginning in about 2016.
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A key difference when including hedonic controls is that they are not available for every

property, meaning the sample of properties shrinks from about 45 million to 28 million

in moving from Figure III to the hedonic-controlled result in Figure VI. How much of the

change in our estimates can be accounted for by the different sample? Figure IX shows

loadings on AAL, without hedonic controls, but restricting to properties that do have hedonic

controls populated in our data. Notice that the cumulative climate discount for this sample

is also about -2% per 1% AAL, although the discount emerges between 2006-2010 as in the

non-hedonic specification.

Therefore, we conclude that the timing of the estimated climate discount is sensitive to

accounting for time-varying demand, but the quantitative magnitude of the cumulative

discount is less so. A climate discount impounded beginning around 2016 is also more in

line with existing research.

We note that a particular time-varying demand pattern is required to explain our results.

Recall that climate-safer properties are larger and newer. Increasing demand for larger, newer

properties, between the years 2006-2010, is required to explain our baseline climate effect from

Figure VI. To further confirm this hypothesis, Figure XIII displays the coefficients on the hedo-

nic controls (logSqFti, dummies for Bedroomsi, and dummies for bins of BuiltYeari). Between

2005-2010, a strongly increasing pattern is visible on the square-footage loading. And over

the entire sample, a strongly increasing pattern appears for the loadings on newer properties.

Finally, Figures XV, XXI, and XVII repeat the analyses above after restricting the sample

to single-family homes (to avoid potential confounds from apartment buildings). The results

are very similar to the ones discussed for the whole sample.

Taken together, this core set of results suggests a large effect of climate risk on housing

markets, which persists to date. If we ignore the potential for an increasing demand for larger,

newer properties, the climate risk discount begins in 2005, much earlier than previously

thought. Accounting for this potential time-varying demand for fundamentals, the climate

risk discount begins in around 2016, in line with some existing studies. Overall, the effect

is a 2-4% discount per 1% of AAL.

A back-of-the-envelope calculations suggests quantitatively sizable effects at the aggre-

gate level. Given the cross-sectional mean AAL of 0.25% from Table I, a price change of
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between (−4,−2) per unit of AAL implies a 0.5-1% lower level of house prices due to climate

risk. Similarly, the same type of calculation implies a 0.5% lower owner-occupancy due

to climate risk. Of course, such back-of-the-envelope calculations ignore reallocation and

general equilibrium effects, which would imply they overstate or understate, respectively,

the true aggregate effect.

4.2 Robustness: Hurricane Katrina

Given the main shift in estimated climate risk pricing occurs starting around 2005, the

change might be due to the direct impact of Hurricane Katrina, which struck southeastern

US in August 2005. To explore this possibility, we re-run the main specification excluding

Alabama, Louisiana and Mississippi, which are the three states that were directly affected

by Katrina.

Results are shown in Figure XXII, for both log prices and owner occupation. The results

are remarkably similar to our baseline results: the timing of the decline is still around 2004-05,

the pattern of decline over several years remains largely the same (though slightly more

drawn out for prices), and the cumulative effects are quantitatively of similar magnitude.

While these results are meant to control for the direct effect of Katrina, they do not nec-

essarily rule out an indirect role for Katrina. As mentioned in the introduction, a prominent

hypothesis, supported by survey data and even some observational studies, is that extreme

weather events may raise climate awareness and alter risk perceptions. The fact that Katrina

was a large-scale, high-profile event may have caused a shift in climate risk perceptions

nationwide. In that sense, our results are completely consistent with Katrina playing a role,

through changing household beliefs.

4.3 Robustness: Foreclosure Crisis

Given the shift in 2005, our results could be due to the housing market crisis that

triggered the Great Recession. Figure XXIIIA plots the count of REO sales—a proxy for

foreclosures—over time, increasing sharply starting around 2007.

Figures XXIIIB and XXIIIC run raw cross-sectional and repeat-sales regressions com-
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paring REO sale likelihood against within-block AAL. Properties with higher climate-risk

exposure within blocks experienced higher REO sale likelihoods starting around 2007 but

revert back to a null relationship by around 2012.

4.4 Peril-specific analysis

We can repeat the same repeat-sales analysis but with peril-specific AALs rather than

composite AALs. Doing so helps us explore two issues. First, do peril-specific exposures

garner a discount over and above the an overall composite risk exposure? Second, do

different risks become salient at similar or different times?

Figures XXIV-XXX display the results from this analysis. We re-run the one-stage,

repeat-sales analysis from equation (2), but with two modifications. Rather than only the

Composite AAL Ai, we project transaction prices onto both a peril-specific AAL Ap
i (for p=

earthquake, hurricane, flood, etc.). We plot the time series of coefficients on Ap
i , which recall

are conditional on property and block-by-time fixed effects. In all of these regressions, we

include the hedonic controls for square-footage, number of bedrooms, and age.

While these estimates are much noisier than the Composite AAL estimates, we do see

climate risk discounts for hurricane storm surge, hurricane wind, inland floods.7

5 Conclusion

Using a novel property-level dataset on climate risk exposures, exploiting only within-

block variation in exposures, and employing a new repeat-sales-style methodology, we

show that climate risk impounded a significant discount on house prices. Depending on

the methodology, this discount began appearing in either 2006 (ignoring time-varying

demand for house size and age, but accounting for all time-invariant demand factors and

7Some words of caution apply to these analyses. The estimated discount for winter storm perils seems
unrealistically large, probably because it is a “small” risk, which according to the diagonals in Table IIc has
a small exposure magnitudes. In such cases with small risks, covariances to other perils and fundamental
variables like size and age are non-trivial relative to the peril-specific variances, meaning that the estimated
coefficient on the peril in question likely picks up these other exposures. The perils less subject to these
potential issues are wildfire, hurricane storm surge, inland flood, and convective storm, all of which have
more stable and reasonable estimates for peril-specific risk discounts.
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time-varying geographic demand) or 2016 (with flexible hedonic controls). At exactly the

same time, climate-risky houses began being disproportionately sold to landlords rather

than owner-occupants. Both effects are permanent, consistent with an interpretation that

climate risk perceptions shifted earlier than the literature has appreciated.
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Figure I
Price against within-BlockClimate Exposure, byYear: Raw

Notes. This figure plots the coefficients {ϕt} from equation (1):

logPit=αbt+
∑

s

ϕsDst×Ai+νit

where Pit is the transaction price of property i located in Census block b in year t, αbt is a block-by-year fixed
effect, Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP 4.5), and Dst is dummy
for year t (equals 1 when s= t). The blue bars indicate the 95% confidence intervals on the coefficient estimates,
with standard errors clustered by the Census block.
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Figure II
Price against within-BlockClimate Exposure, byYear: Raw

Notes. This figure plots the coefficients {ϕt} from equation (1), augmented with square footage controls:

logPit=αbt+
∑

s

ζsDst×logSqFti+
∑

s

ϕsDst×Ai+νit

where Pit is the transaction price of property i located in Census block b in year t, αbt is a block-by-year fixed
effect, Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP 4.5), and Dst is dummy
for year t (equals 1 when s= t). The blue bars indicate the 95% confidence intervals on the coefficient estimates,
with standard errors clustered by the Census block.

21



Figure III
Price against within-BlockClimate Exposure, byYear: Repeat-Sales, One-Stage

Notes. This figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The blue bars indicate the 95% confidence intervals on the coefficient estimates, with
standard errors clustered by the property. There are 45,282,295 observations in this regression.
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Figure IV
Price against within-BlockClimate Exposure, byYear: Repeat-Sales, Two-Stage

Notes. This figure plots the coefficients {ϕt} from equation (6):

logPit=γi+αt+
∑

s

ϕsDst×εi+νit

where Pit is the transaction price of property i, αt is a year fixed effect, Dst is dummy for year t (equals 1 when
s= t), and εi are the residuals estimated from equation (5):

Ai=αb+εi

where Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP 4.5), for property i located in
Census block b. The blue bars indicate the 95% confidence intervals on the coefficient estimates, with standard
errors clustered by the property.
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FigureV
OwnerOccupation against within-BlockClimate Exposure, byYear: Repeat-Sales

Notes. This figure plots the coefficients {ϕt} from equation (3):

Hit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Hit is an indicator that equals 1 when transacted property i was bought by a buyer to be owner-occupied,
αbt is a Census block-by-year fixed effect, Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite
AAL for the year 2050 under a moderate scenario (RCP 4.5), for property i. The blue bars indicate the 95%
confidence intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureVI
CompositeAAL Repeat Sales (One shot)with PropertyCharacteristic FEs

Notes. This figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for year t
(equals1whens= t),andAi is theCompositeAALfor theyear2050underamoderatescenario(RCP4.5), forprop-
erty i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built in a particular 5-
year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i having r bedrooms (this
is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence intervals on the coefficient
estimates, with standard errors clustered by the property. There are 28,634,913 observations in this regression.
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FigureVII
Repeat Sales with adding hedonics (block)

(A) Sqft only

(B) Bedroom Bins and Sqft
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FigureVIII
Repeat Sales with adding hedonics (tract)

(A) Sqft only

(B) Bedroom Bins and Sqft
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Figure IX
CompositeAAL Repeat Sales (One shot)with non-missing PropertyCharacteristics

Notes. This figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

[
ϕsDst×Ai

]
+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for year
t (equals 1 when s= t), Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP 4.5), for
property i. This regression is limited to properties with non-missing observations for the number of bedrooms,
the year built, and the log square feet that are included in the regression above. The blue bars indicate the 95%
confidence intervals on the coefficient estimates, with standard errors clustered by the property. There are
28,634,913 observations in this regression (the exact same sample of transactions from Figure VI).
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FigureX
Block Price Fixed EffectCoefficients for PropertyCharacteristics

(A) Fixed Effect Coefficient Square Footage by year

(B) Fixed Effect Coefficient Number of Bedrooms by year

Notes. The figures show the coefficients on the hedonic variables logSqFti and the Bedroomsi fixed effect, both
by year, from the regression corresponding to Figure VI.
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FigureX
Block Price Fixed EffectCoefficients for PropertyCharacteristic

(C) Fixed Effect Coefficient Built Year Bins by transacted year

(D) Fixed Effect Coefficient Built Year Bins by year transacted

Notes. The figures show the coefficients on the hedonic variable YearBuiltBini, by year, from the regression
corresponding to Figure VI.
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FigureXI
Tract Price Fixed EffectCoefficients for PropertyCharacteristics

(A) Fixed Effect Coefficient Square Footage by year

(B) Fixed Effect Coefficient Number of Bedrooms by year

Notes. The figures show the coefficients on the hedonic variables logSqFti and the Bedroomsi fixed effect, both
by year, from the regression corresponding to Figure VI.
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FigureXI
Tract Price Fixed EffectCoefficients for PropertyCharacteristic (Continued)

(C) Fixed Effect Coefficient Built Year Bins by transacted year

(D) Fixed Effect Coefficient Built Year Bins by year transacted

Notes. The figures show the coefficients on the hedonic variable YearBuiltBini, by year, from the regression
corresponding to Figure VI.
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FigureXII
BlockOwnerOccupancy Fixed EffectCoefficients for PropertyCharacteristics

(A) Fixed Effect Coefficient Square Footage by year

(B) Fixed Effect Coefficient Number of Bedrooms by year

Notes. The figures show the coefficients on the hedonic variables logSqFti and the Bedroomsi fixed effect, both
by year, from the regression corresponding to Figure VI.
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FigureXII
Block Owner Occupancy Fixed Effect Coefficients for Property Characteristic
(Continued)

(C) Fixed Effect Coefficient Built Year Bins by transacted year

(D) Fixed Effect Coefficient Built Year Bins by year transacted

Notes. The figures show the coefficients on the hedonic variable YearBuiltBini, by year, from the regression
corresponding to Figure VI. 34



FigureXIII
TractOwnerOccupancy Fixed EffectCoefficients for PropertyCharacteristics

(A) Fixed Effect Coefficient Square Footage by year

(B) Fixed Effect Coefficient Number of Bedrooms by year

Notes. The figures show the coefficients on the hedonic variables logSqFti and the Bedroomsi fixed effect, both
by year, from the regression corresponding to Figure VI.
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FigureXIII
Tract Owner Occupancy Fixed Effect Coefficients for Property Characteristic
(Continued)

(C) Fixed Effect Coefficient Built Year Bins by transacted year

(D) Fixed Effect Coefficient Built Year Bins by year transacted

Notes. The figures show the coefficients on the hedonic variable YearBuiltBini, by year, from the regression
corresponding to Figure VI. 36



FigureXIV
OwnerOccupation against within-BlockClimate Exposure, byYear: Repeat-Sales with
HedonicControls

Notes. This figure plots the coefficients {ϕt} from equation (2):

Hit=γi+αbt+
∑

s

ϕsDst×Ai+ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Hit is an indicator that equals 1 when transacted property i was bought by a buyer to be owner-occupied,
Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate
scenario (RCP 4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property
i being built in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for
property i having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+).
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FigureXV
Price against within-BlockClimate Exposure, by Year: Repeat-Sales, One-Stage (Single
FamilyHomes)

Notes. Restricting the sample to single-family homes, this figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The blue bars indicate the 95% confidence intervals on the coefficient estimates, with
standard errors clustered by the property.
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FigureXVI
Owner Occupation against within-Block Climate Exposure, by Year: Repeat-Sales
(Single FamilyHomes)

Notes. Restricting the sample to single-family homes, this figure plots the coefficients {ϕt} from equation (3):

Hit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Hit is an indicator that equals 1 when transacted property i was bought by a buyer to be owner-occupied,
αbt is a Census block-by-year fixed effect, Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite
AAL for the year 2050 under a moderate scenario (RCP 4.5), for property i. The blue bars indicate the 95%
confidence intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXVII
Composite AAL Repeat Sales (One shot) with Property Characteristic FEs (Single
FamilyHomes)

Notes. Restricting the sample to single-family homes, this figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXVIII
Price against within-BlockClimate Exposure, byYear: Repeat-Sales, One-Stage (Tract
Level)

Notes. Using tract level fixed effects, this figure plots the coefficients {ϕt} from equation (??):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Pit is the transaction price of property i, αbt is a Census tract-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The blue bars indicate the 95% confidence intervals on the coefficient estimates, with
standard errors clustered by the property.
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FigureXIX
Price against within-Block Climate Exposure, by Year: Repeat-Sales, One-Stage with
HedonicControls (Tract Level)

Notes. Using tract level fixed effects, this figure plots the coefficients {ϕt} from equation (2):

logPit=γi+αbt+
∑

s

ϕsDst×Ai+ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), and Ai is the Composite AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXX
OwnerOccupation against within-BlockClimate Exposure, byYear: Repeat-Sales (Tract
Level)

Notes. Using tract level fixed effects, this figure plots the coefficients {ϕt} from equation (3):

Hit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where Hit is an indicator that equals 1 when transacted property i was bought by a buyer to be owner-occupied,
αbt is a Census tract-by-year fixed effect, Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite
AAL for the year 2050 under a moderate scenario (RCP 4.5), for property i. The blue bars indicate the 95%
confidence intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXI
OwnerOccupation against within-BlockClimate Exposure, byYear: Repeat-Sales (Tract
Level)with PropertyCharacteristicsControls

Notes. Using tract level fixed effects, this figure plots the coefficients {ϕt} from equation (2):

Hit=γi+αbt+
∑

s

ϕsDst×Ai+ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Hit is an indicator that equals 1 when transacted property i was bought by a buyer to be owner-occupied,
αbt is a Census tract-by-year fixed effect, Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite
AAL for the year 2050 under a moderate scenario (RCP 4.5), for property i. The hedonic controls are as
follows: YearBuiltBini is a dummy for property i being built in a particular 5-year bin, logSqFti is the log of
square-footage, and DBedroomsi=r

i is a dummy for property i having r bedrooms (this is sorted into bins from
1 to 6 bedrooms+). The blue bars indicate the 95% confidence intervals on the coefficient estimates, with
standard errors clustered by the property.
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FigureXXI
LTV Ratio, Tract Level

(A) Repeat Sales

(B) Hedonic Controls
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FigureXXI
VA Indicator, Tract Level

(C) Repeat Sales

(D) Hedonic Controls
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FigureXXI
VariableRate Indicator, Tract Level

(E) Repeat Sales

(F) Hedonic Controls
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FigureXXI
FHA Indicator, Tract Level

(G) Repeat Sales

(H) Hedonic Controls
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FigureXXII
Excluding states affected byKatrina

(A) Price

(B) Owner occupation

Notes. Using data excluding the three states of Alabama, Louisiana and Mississippi that were directly
impacted by Hurricane Katrina, both figures plot the coefficients {ϕt} from equations (2) and (3):

Yit=γi+αbt+
∑

s

ϕsDst×Ai+νit

where in Panel (A), Yit= logPit is the log transaction price of property i, and in Panel (B) Yit=Hit is an indicator
that equals 1 when transacted property i was bought by a buyer to be owner-occupied, αbt is a Census
block-by-year fixed effect, Dst is dummy for year t (equals 1 when s= t), and Ai is the Composite AAL for
the year 2050 under a moderate scenario (RCP 4.5), for property i. The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXIII
ForeclosureCrisis

(A) REO Sale over time (B) Raw on AAL with Block FE

(C) Repeat Sales

Notes. Panel (A) plots the number of REO sales by year from the CoreLogic Owner Transfer data. Panel (B)
plots the coefficients {ϕt} from:

Yit=αbt+
∑

s

ϕsDst×Ai+νit

where Yit is an indicator that equals 1 for REO sale, for property i located in Census block b in year t, Ai is
the composite AAL for the year 2050 under a moderate scenario (Scenario 4.5), and Dst is dummy for year
t (equals 1 when s= t). Panel (C) plots the coefficients {ϕt} from:

Yit=γi+αt+
∑

s

ϕsDst×εi+νit

where γi is a property fixed effect, and εi are the residuals estimated from equation (5):

Ai=αb+εi.

In Panels (B-C), the blue bars indicate the 95% confidence intervals on the coefficient estimates.
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FigureXXIV
Priceagainstwithin-BlockEarthquake (Fire-Following) Exposure,byYear: Repeat-Sales,
One-Stage, Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXV
Price against within-BlockWildfire (Fire + Smoke) Exposure, by Year: Repeat-Sales,
One-Stage, Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXVI
Price against within-Block Hurricane Storm Surge Exposure, by Year: Repeat-Sales,
One-Stage, Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXVII
Price against within-BlockHurricaneWind Exposure, byYear: Repeat-Sales, One-Stage,
Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXVIII
Price against within-Block Inland Flood Exposure, byYear: Repeat-Sales, One-Stage,
Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXIX
Price against within-Block SevereConvective Storm Exposure, byYear: Repeat-Sales,
One-Stage, Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.

56



FigureXXX
Price against within-BlockWinter Storm Exposure, byYear: Repeat-Sales, One-Stage,
Hedonic controls

Notes. This figure plots the coefficients {ϕp
t } from equation (2):

logPit=γi+αbt+
∑

s

ϕp
s Dst×Ap

i +ηsDst×YearBuiltBini+ζsDst×logSqFti+
∑

r

δr
sDstDBedroomsi=r

i

+νit

where Pit is the transaction price of property i, αbt is a Census block-by-year fixed effect, Dst is dummy for
year t (equals 1 when s= t), Ap

i is the peril-specific AAL for the year 2050 under a moderate scenario (RCP
4.5), for property i. The hedonic controls are as follows: YearBuiltBini is a dummy for property i being built
in a particular 5-year bin, logSqFti is the log of square-footage, and DBedroomsi=r

i is a dummy for property i
having r bedrooms (this is sorted into bins from 1 to 6 bedrooms+). The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors clustered by the property.
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FigureXXXI
Owner Occupation against within-Tract Earthquake (Fire Following) Exposure, by
Year: Repeat-Sales, One-Stage, Controls for all Perils, HedonicControls
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FigureXXXII
Owner Occupation against within-TractWildfire (Fire + Smoke) Exposure, by Year:
Repeat-Sales, One-Stage, Controls for all Perils, HedonicControls
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FigureXXXIII
OwnerOccupation against within-Tract Inland Flood Exposure, by Year: Repeat-Sales,
One-Stage, Controls for all Perils, HedonicControls
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FigureXXXIV
Owner Occupation against within-Tract Convective Storm Exposure, by Year:
Repeat-Sales, One-Stage, Controls for all Perils, HedonicControls
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FigureXXXV
OwnerOccupation against within-TractWinter Storm Exposure, by Year: Repeat-Sales,
One-Stage, Controls for all Perils, HedonicControls

62



FigureXXXVI
OwnerOccupation against within-TractHurricaneWind Exposure, by Year: Repeat-
Sales, One-Stage, Controls for all Perils, HedonicControls
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FigureXXXVII
Owner Occupation against within-Tract Hurricane Storm Surge Exposure, by Year:
Repeat-Sales, One-Stage, Controls for all Perils, HedonicControls

64



FigureXXXVIII
Tract-levelMap of PerilAAL

(A) Composite All Perils

(B) Earthquake (Fire Following)
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FigureXXXVIII
Tract-levelMap of PerilAAL (Continued)

(C) Wildfire (Fire+ Smoke)

(D) Inland Flood

66



FigureXXXVIII
Tract-levelMap of PerilAAL (Continued)

(E) Severe Convective Storm

(F) Winter Storm
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FigureXXXVIII
Tract-levelMap of PerilAAL (Continued)

(G) Hurricane Storm Surge

(H) Hurricane Wind

Notes. Each map shows the Census tract average AAL in basis points, i.e. AAL × 10,000. Tracts are divided
into deciles unless we cannot form distinct deciles because more than 10% of the tracts have 0 or N/A.
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Table I
Summary Statistics

AAL count mean p1 p5 p10 p25 p50 p75 p90 p95 p99
Wildfire 61,712,911 0.0245 0.0000 0.0000 0.0000 0.0000 0.0002 0.0041 0.0375 0.1122 0.5025
Hurricane Storm Surge 69,055,194 0.0578 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0079 0.1500 1.6579
Hurricane Wind 69,055,194 0.1058 0.0000 0.0004 0.0013 0.0055 0.0223 0.1105 0.2842 0.5101 1.0648
Earthquake Fire Following 141,337,976 0.0004 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0006 0.0018 0.0070
Inland Flood 141,337,976 0.0497 0.0000 0.0000 0.0000 0.0000 0.0000 0.0074 0.0478 0.1357 0.9241
Severe Convective Storm 141,337,976 0.0725 0.0001 0.0008 0.0017 0.0157 0.0523 0.1001 0.1544 0.2406 0.3401
Winter Storm 141,337,976 0.0166 0.0000 0.0000 0.0000 0.0011 0.0134 0.0241 0.0378 0.0501 0.0898
Composite 141,337,976 0.2522 0.0165 0.0400 0.0620 0.0936 0.1404 0.2318 0.3990 0.6840 2.5231

Notes. Summary statistics for the Average Annual Loss (AAL) by peril, with the composite at the end. The AAL is for the year 2050 under a moderate
scenario (RCP 4.5), multiplied by 100 (i.e., units are percentage losses per year).
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Table II
ClimateRisk Exposure (AAL) Variation

(a) By Block, Peril, Scenario, Time Frame

(b) R2 for Block and Tract FEs

Dependent variable Fixed Effect R2

AAL Tract 0.370
AAL Block 0.613
Log Sale Amount Tract X Year 0.840
Log Sale Amount Block X Year 0.912

(c) Variance-Covariance by Peril (×10−9)

Notes. Panel (A) presents unadjusted R2 from various fixed-effects regression of AAL at the property × peril
× scenario × timeframe level. Samples 1 and 2 are 5% random samples of properties in the CoreLogic Climate
Risk data. Panel (B) presents R-squareds from fixed effect specifications of AAL (2050 timeframe, intermediate
scenario) and log sale price onto various geographic fixed effects. Panel (C) presents the variance-covariance
matrix for property-level AAL for the 8 perils, for the 2050 timeframe under intermediate scenario (RCP 4.5).
The actual covariances can be obtained by multiplying the numbers in Table (B) by 10−9. Variances along the
diagonal are in bold. For perils with limited geographic coverage (Earthquake: Tsunami, Wildfire, Hurricane
Storm Surge, and Hurricane Wind), missing AAL has been assigned a value of 0.
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Table III
Earthquake (Fire-following): Projected losses on property characteristics

aal aep500 aep500_tvar oep500 oep500_tvar

ffh_std 0.00476*** 0.000504*** 0.00507*** 0.000459*** 0.00554***
(0.000111) (0.000150) (0.000105) (0.000151) (0.000116)

gr_el_std -0.0177*** -0.0104*** -0.0174*** -0.0109*** -0.0217***
(0.00143) (0.00119) (0.00144) (0.00124) (0.00175)

light steel -0.0132*** 0.00516*** -0.0148*** 0.00525*** -0.0129***
(0.00152) (0.00191) (0.00145) (0.00200) (0.00159)

re. concrete -0.0298*** -0.0352*** -0.0268*** -0.0365*** -0.0321***
(0.00455) (0.00808) (0.00371) (0.00841) (0.00456)

re. masonry -0.00176 0.00779*** -0.00300*** 0.00816*** -0.00329***
(0.00109) (0.000829) (0.00112) (0.000860) (0.00105)

steel -0.0193*** -0.0181*** -0.0182*** -0.0189*** -0.0206***
(0.00312) (0.00524) (0.00259) (0.00547) (0.00318)

timber 0.0550*** 0.0377*** 0.0539*** 0.0388*** 0.0544***
(0.00119) (0.00196) (0.00103) (0.00204) (0.00113)

veneer -0.0240*** -0.0267*** -0.0220*** -0.0279*** -0.0241***
(0.00125) (0.00199) (0.00111) (0.00207) (0.00124)

Observations 9825727 9825727 9825727 9825727 9825727
ymean 0.00000258 0.0000560 0.00125 0.0000545 0.00111
ysvd 0.0000173 0.00115 0.00813 0.00110 0.00659
r2 0.982 0.968 0.983 0.969 0.983
r2_a 0.977 0.959 0.978 0.960 0.979
r2_within 0.00379 0.000831 0.00398 0.000901 0.00429
r2_a_within 0.00379 0.000830 0.00398 0.000900 0.00429
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of earthquake-related losses on property characteristics and Census block fixed effects.
The earthquake-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP
4.5). Going across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and
unit variance (the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual
Losses; “aep500”, or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified
as the the worst 1/500 total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance
probability; “oep500”, or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as
the the worst 1/500 events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability.
The independent variables are different property characteristics. The first two variables are continuous: “ffh_std” is (standardized) first-floor height;
“gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in the structure. The R-squared, adjusted R-squared,
within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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Table IV
Inland Flood: Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std -0.0136*** -0.00844*** -0.0308*** -0.0488*** -0.0667*** -0.00822*** -0.0329*** -0.0522*** -0.0707***
(0.000364) (0.000369) (0.000392) (0.000438) (0.000422) (0.000368) (0.000399) (0.000453) (0.000434)

gr_el_std -1.172*** -1.161*** -1.378*** -1.435*** -1.556*** -1.156*** -1.400*** -1.443*** -1.557***
(0.0244) (0.0238) (0.0270) (0.0274) (0.0293) (0.0237) (0.0273) (0.0274) (0.0293)

light steel -0.0311** -0.0332** -0.0360*** -0.0329*** -0.0332*** -0.0327** -0.0362*** -0.0332*** -0.0316***
(0.0133) (0.0133) (0.0128) (0.0122) (0.0122) (0.0134) (0.0125) (0.0116) (0.0119)

re. concrete -0.0368*** -0.0359*** -0.0546*** -0.0699*** -0.0843*** -0.0362*** -0.0577*** -0.0745*** -0.0909***
(0.00584) (0.00570) (0.00668) (0.00887) (0.00855) (0.00562) (0.00680) (0.00929) (0.00892)

re. masonry -0.0358*** -0.0338*** -0.0459*** -0.0538*** -0.0606*** -0.0329*** -0.0469*** -0.0550*** -0.0625***
(0.00513) (0.00529) (0.00613) (0.00739) (0.00727) (0.00511) (0.00631) (0.00778) (0.00759)

steel -0.0518*** -0.0505*** -0.0627*** -0.0689*** -0.0809*** -0.0508*** -0.0638*** -0.0719*** -0.0886***
(0.00756) (0.00785) (0.00758) (0.00729) (0.00725) (0.00788) (0.00752) (0.00717) (0.00713)

timber -0.0318*** -0.0316*** -0.0292*** -0.0231*** -0.0175*** -0.0319*** -0.0276*** -0.0184*** -0.0122***
(0.00235) (0.00232) (0.00231) (0.00225) (0.00226) (0.00232) (0.00230) (0.00226) (0.00227)

veneer 0.0101*** 0.00909** 0.0147*** 0.0178*** 0.0237*** 0.00918** 0.0147*** 0.0175*** 0.0240***
(0.00378) (0.00405) (0.00416) (0.00416) (0.00422) (0.00403) (0.00422) (0.00424) (0.00424)

Observations 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727
ymean 0.000630 0.00683 0.0152 0.0298 0.0471 0.00663 0.0144 0.0283 0.0450
ysvd 0.00458 0.0531 0.0703 0.105 0.129 0.0517 0.0638 0.0959 0.118
r2 0.430 0.440 0.490 0.558 0.579 0.440 0.497 0.571 0.591
r2_a 0.275 0.287 0.351 0.438 0.465 0.288 0.360 0.455 0.480
r2_within 0.00732 0.00718 0.0118 0.0161 0.0216 0.00713 0.0125 0.0171 0.0229
r2_a_within 0.00732 0.00717 0.0118 0.0161 0.0216 0.00713 0.0125 0.0171 0.0229
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of flood-related losses on property characteristics and Census block fixed effects. The
flood-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP 4.5). Going
across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and unit variance
(the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual Losses; “aep500”,
or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the worst 1/500
total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability; “oep500”,
or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst 1/500
events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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TableV
Wildfire (Fire+Smoke): Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std -0.00132 -0.00114 -0.00114 -0.000838 0.000345 -0.00112 -0.00113 -0.000846 0.000350
(0.000937) (0.000943) (0.000980) (0.00101) (0.000823) (0.000942) (0.000978) (0.00102) (0.000822)

gr_el_std 0.501*** 0.220*** 0.549*** 0.480*** 0.468*** 0.220*** 0.550*** 0.480*** 0.469***
(0.0379) (0.0390) (0.0381) (0.0362) (0.0308) (0.0391) (0.0382) (0.0362) (0.0308)

light steel -0.0128* -0.00124 -0.0152* -0.0119 -0.00378 -0.00124 -0.0152* -0.0118 -0.00376
(0.00684) (0.000994) (0.00825) (0.00881) (0.00865) (0.000993) (0.00826) (0.00882) (0.00866)

re. concrete -0.00724 -0.00721 -0.00762 -0.00580 -0.00735 -0.00778* -0.00758 -0.00586 -0.00735
(0.00945) (0.00450) (0.0112) (0.0109) (0.00886) (0.00468) (0.0112) (0.0109) (0.00882)

re. masonry -0.00831 -0.0123 -0.00610 -0.00793 -0.0119 -0.0124 -0.00603 -0.00793 -0.0120
(0.00883) (0.00825) (0.00859) (0.00726) (0.00772) (0.00829) (0.00855) (0.00727) (0.00771)

steel -0.0239*** -0.00788 -0.0276*** -0.0356*** -0.0328*** -0.00784 -0.0276*** -0.0357*** -0.0327***
(0.00734) (0.00607) (0.00856) (0.0109) (0.00950) (0.00607) (0.00856) (0.0109) (0.00950)

timber -0.00240 -0.00162 -0.00236 -0.00621* -0.00151 -0.00162 -0.00234 -0.00619* -0.00149
(0.00259) (0.00219) (0.00282) (0.00361) (0.00290) (0.00218) (0.00283) (0.00361) (0.00290)

veneer -0.0121** -0.00772 -0.0132** -0.00737 -0.0126** -0.00771 -0.0132** -0.00732 -0.0126**
(0.00537) (0.00529) (0.00585) (0.00600) (0.00501) (0.00529) (0.00584) (0.00600) (0.00500)

Observations 2941647 2941647 2941647 2941647 2941647 2941647 2941647 2941647 2941647
ymean 0.000199 0.000709 0.00954 0.0241 0.0543 0.000705 0.00949 0.0240 0.0541
ysvd 0.00119 0.0205 0.0494 0.128 0.172 0.0204 0.0489 0.128 0.171
r2 0.751 0.675 0.746 0.721 0.773 0.675 0.746 0.721 0.774
r2_a 0.689 0.594 0.682 0.652 0.717 0.594 0.683 0.652 0.717
r2_within 0.00543 0.000806 0.00629 0.00441 0.00515 0.000808 0.00634 0.00442 0.00518
r2_a_within 0.00542 0.000803 0.00629 0.00440 0.00515 0.000805 0.00634 0.00441 0.00518
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of wildfire-related losses on property characteristics and Census block fixed effects. The
wildfire-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP 4.5). Going
across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and unit variance
(the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual Losses; “aep500”,
or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the worst 1/500
total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability; “oep500”,
or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst 1/500
events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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TableVI
SevereConvective Storm: Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std 0.00731*** 0.00338*** 0.0270*** 0.0298*** 0.0443*** 0.00224*** 0.0267*** 0.0298*** 0.0443***
(0.000457) (0.000554) (0.000374) (0.000244) (0.000221) (0.000560) (0.000380) (0.000246) (0.000221)

gr_el_std 0.00535* 0.00504* 0.00945*** 0.0118*** 0.00765*** 0.00457* 0.00925*** 0.0116*** 0.00755***
(0.00302) (0.00262) (0.00207) (0.00177) (0.00177) (0.00264) (0.00210) (0.00178) (0.00177)

light steel 0.351*** 0.393*** 0.727*** 0.827*** 0.693*** 0.370*** 0.720*** 0.824*** 0.690***
(0.00439) (0.00724) (0.00804) (0.00867) (0.00654) (0.00709) (0.00791) (0.00857) (0.00651)

re. concrete -0.195*** -0.184*** -0.523*** -0.541*** -0.828*** -0.179*** -0.525*** -0.544*** -0.831***
(0.00315) (0.00352) (0.00661) (0.00793) (0.00785) (0.00344) (0.00660) (0.00795) (0.00786)

re. masonry -0.0474*** -0.0203*** -0.197*** -0.259*** -0.297*** -0.0200*** -0.200*** -0.262*** -0.299***
(0.00101) (0.000787) (0.00281) (0.00337) (0.00364) (0.000731) (0.00283) (0.00339) (0.00366)

steel -0.380*** -0.386*** -0.940*** -1.000*** -1.298*** -0.372*** -0.941*** -1.001*** -1.301***
(0.00433) (0.00532) (0.00877) (0.0101) (0.0102) (0.00521) (0.00875) (0.0101) (0.0102)

timber 0.174*** 0.133*** 0.408*** 0.381*** 0.634*** 0.122*** 0.408*** 0.381*** 0.636***
(0.000614) (0.000637) (0.00125) (0.00127) (0.00169) (0.000607) (0.00124) (0.00127) (0.00169)

veneer -0.0719*** -0.0361*** -0.181*** -0.0688*** -0.408*** -0.0316*** -0.182*** -0.0678*** -0.410***
(0.000783) (0.000806) (0.00174) (0.00189) (0.00219) (0.000769) (0.00174) (0.00190) (0.00219)

Observations 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727
ymean 0.000789 0.00560 0.0240 0.0423 0.121 0.00524 0.0236 0.0416 0.120
ysvd 0.00169 0.0137 0.0213 0.0370 0.0726 0.0136 0.0209 0.0364 0.0720
r2 0.499 0.536 0.797 0.910 0.934 0.525 0.790 0.908 0.934
r2_a 0.363 0.410 0.742 0.886 0.916 0.396 0.733 0.883 0.915
r2_within 0.00187 0.00140 0.0251 0.0547 0.147 0.00119 0.0243 0.0537 0.147
r2_a_within 0.00186 0.00140 0.0251 0.0547 0.147 0.00119 0.0243 0.0537 0.147
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of convective storm-related losses on property characteristics and Census block fixed effects.
The convective storm-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP
4.5). Going across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and unit
variance (the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual Losses;
“aep500”, or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the worst
1/500 total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability;
“oep500”, or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst
1/500 events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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TableVII
Winter Storm: Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std 0.0198*** 0.0253*** 0.0300*** 0.0312*** 0.0283*** 0.0256*** 0.0308*** 0.0314*** 0.0270***
(0.000111) (0.000127) (0.000148) (0.000159) (0.000148) (0.000128) (0.000151) (0.000160) (0.000144)

gr_el_std 0.0171*** -0.000434 0.0152*** 0.0284*** 0.0367*** -0.00221 0.0144*** 0.0300*** 0.0386***
(0.00399) (0.00387) (0.00424) (0.00566) (0.00792) (0.00387) (0.00425) (0.00599) (0.00833)

light steel -0.229*** -0.333*** -0.426*** -0.463*** -0.407*** -0.346*** -0.448*** -0.481*** -0.381***
(0.00318) (0.00553) (0.00497) (0.00493) (0.00432) (0.00573) (0.00518) (0.00515) (0.00406)

re. concrete -0.365*** -0.286*** -0.355*** -0.377*** -0.358*** -0.257*** -0.330*** -0.368*** -0.345***
(0.00713) (0.00489) (0.00609) (0.00654) (0.00644) (0.00432) (0.00565) (0.00643) (0.00637)

re. masonry 0.0276*** 0.0433*** 0.0488*** 0.0470*** 0.0416*** 0.0447*** 0.0512*** 0.0490*** 0.0383***
(0.00106) (0.00149) (0.00161) (0.00154) (0.00142) (0.00152) (0.00167) (0.00161) (0.00133)

steel -0.205*** -0.274*** -0.350*** -0.374*** -0.359*** -0.276*** -0.363*** -0.393*** -0.355***
(0.00277) (0.00304) (0.00353) (0.00387) (0.00426) (0.00305) (0.00361) (0.00401) (0.00437)

timber 0.0382*** 0.0457*** 0.0554*** 0.0594*** 0.0526*** 0.0457*** 0.0563*** 0.0595*** 0.0499***
(0.000660) (0.000626) (0.000718) (0.000767) (0.000814) (0.000610) (0.000711) (0.000766) (0.000811)

veneer -0.0255*** -0.0278*** -0.0314*** -0.0320*** -0.0299*** -0.0273*** -0.0309*** -0.0304*** -0.0280***
(0.000705) (0.000833) (0.000958) (0.00106) (0.00101) (0.000838) (0.000983) (0.00111) (0.000997)

Observations 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727 9825727
ymean 0.000205 0.00306 0.00447 0.00633 0.00828 0.00296 0.00420 0.00573 0.00747
ysvd 0.000194 0.00230 0.00265 0.00346 0.00497 0.00220 0.00242 0.00307 0.00464
r2 0.985 0.980 0.976 0.972 0.970 0.980 0.975 0.970 0.970
r2_a 0.980 0.975 0.969 0.964 0.962 0.974 0.968 0.962 0.962
r2_within 0.0300 0.0289 0.0347 0.0331 0.0270 0.0281 0.0342 0.0323 0.0252
r2_a_within 0.0300 0.0289 0.0347 0.0331 0.0270 0.0281 0.0342 0.0323 0.0252
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of winter storm-related losses on property characteristics and Census block fixed effects.
The winter storm-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP
4.5). Going across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and unit
variance (the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual Losses;
“aep500”, or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the worst
1/500 total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability;
“oep500”, or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst
1/500 events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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TableVIII
Hurricane Storm Surge: Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std -0.0628*** -0.0694*** -0.0621*** -0.0501*** -0.0400*** -0.0692*** -0.0614*** -0.0491*** -0.0388***
(0.00167) (0.00169) (0.00139) (0.00116) (0.000964) (0.00168) (0.00138) (0.00115) (0.000953)

gr_el_std -0.0938*** -0.0908*** -0.107*** -0.110*** -0.116*** -0.0908*** -0.107*** -0.110*** -0.116***
(0.00331) (0.00314) (0.00317) (0.00310) (0.00311) (0.00314) (0.00318) (0.00310) (0.00311)

light steel 0.0315*** 0.0425*** 0.0427*** 0.0373*** 0.0342*** 0.0433*** 0.0433*** 0.0379*** 0.0345***
(0.00808) (0.0129) (0.00965) (0.00820) (0.00796) (0.0132) (0.00969) (0.00828) (0.00797)

re. concrete -0.0105 -0.0250 -0.0305** -0.0302** -0.0264*** -0.0268 -0.0322** -0.0311** -0.0250***
(0.0151) (0.0167) (0.0143) (0.0122) (0.00973) (0.0166) (0.0141) (0.0122) (0.00971)

re. masonry -0.0225*** -0.0246** -0.0326*** -0.0354*** -0.0468*** -0.0250** -0.0329*** -0.0352*** -0.0469***
(0.00796) (0.0103) (0.00931) (0.00823) (0.00760) (0.0104) (0.00933) (0.00825) (0.00760)

steel -0.0527*** -0.0433*** -0.0532*** -0.0544*** -0.0521*** -0.0417*** -0.0519*** -0.0546*** -0.0529***
(0.0153) (0.0145) (0.0119) (0.00999) (0.00905) (0.0142) (0.0116) (0.00994) (0.00901)

timber 0.0196*** 0.0218*** 0.0281*** 0.0309*** 0.0281*** 0.0220*** 0.0288*** 0.0328*** 0.0303***
(0.00330) (0.00310) (0.00282) (0.00262) (0.00234) (0.00306) (0.00277) (0.00264) (0.00236)

veneer 0.0270*** 0.0268*** 0.0529*** 0.0649*** 0.0796*** 0.0279*** 0.0561*** 0.0677*** 0.0835***
(0.0101) (0.00930) (0.00780) (0.00674) (0.00584) (0.00908) (0.00767) (0.00681) (0.00592)

Observations 5593723 5593723 5593723 5593723 5593723 5593723 5593723 5593723 5593723
ymean 0.000498 0.00671 0.0148 0.0267 0.0369 0.00652 0.0144 0.0262 0.0363
ysvd 0.00369 0.0500 0.0789 0.123 0.149 0.0481 0.0758 0.121 0.145
r2 0.772 0.808 0.873 0.907 0.928 0.811 0.876 0.907 0.928
r2_a 0.715 0.760 0.841 0.883 0.910 0.764 0.845 0.884 0.911
r2_within 0.00917 0.0129 0.0159 0.0146 0.0127 0.0131 0.0160 0.0141 0.0122
r2_a_within 0.00917 0.0129 0.0159 0.0146 0.0127 0.0131 0.0160 0.0141 0.0122
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of hurricane storm surge-related losses on property characteristics and Census block fixed
effects. The hurricane storm surge-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate
scenario (RCP 4.5). Going across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero
meanandunitvariance(themeanandstandarddeviationof therawindependentvariablesaredisplayedat thebottomofthetable).“aal” isAverageAnnual
Losses; “aep500”, or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the
worst 1/500 total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability;
“oep500”, or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst
1/500 events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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Table IX
HurricaneWind: Projected losses on property characteristics

aal aep50 aep50_tvar aep500 aep500_tvar oep50 oep50_tvar oep500 oep500_tvar

ffh_std 0.00138*** 0.00144*** 0.00237*** 0.00271*** 0.00331*** 0.00149*** 0.00242*** 0.00275*** 0.00335***
(0.000339) (0.000344) (0.000314) (0.000305) (0.000284) (0.000343) (0.000313) (0.000305) (0.000284)

gr_el_std -0.00654*** -0.00437*** -0.00933*** -0.0115*** -0.0159*** -0.00444*** -0.00949*** -0.0117*** -0.0162***
(0.000839) (0.000825) (0.000902) (0.000955) (0.00105) (0.000828) (0.000906) (0.000960) (0.00106)

light steel 0.184*** 0.100*** 0.242*** 0.329*** 0.431*** 0.0997*** 0.245*** 0.333*** 0.437***
(0.00916) (0.00566) (0.0123) (0.0169) (0.0201) (0.00568) (0.0124) (0.0172) (0.0204)

re. concrete -1.148*** -1.052*** -0.962*** -0.923*** -0.942*** -1.036*** -0.950*** -0.913*** -0.931***
(0.0246) (0.0230) (0.0205) (0.0198) (0.0185) (0.0227) (0.0203) (0.0195) (0.0183)

re. masonry -0.253*** -0.242*** -0.253*** -0.262*** -0.226*** -0.242*** -0.253*** -0.260*** -0.229***
(0.0161) (0.0155) (0.0144) (0.0139) (0.0127) (0.0154) (0.0143) (0.0139) (0.0127)

steel -0.583*** -0.567*** -0.595*** -0.597*** -0.626*** -0.567*** -0.596*** -0.597*** -0.627***
(0.0273) (0.0273) (0.0257) (0.0249) (0.0218) (0.0273) (0.0256) (0.0249) (0.0217)

timber 0.0933*** 0.0909*** 0.0841*** 0.0791*** 0.0855*** 0.0904*** 0.0835*** 0.0783*** 0.0849***
(0.00215) (0.00209) (0.00186) (0.00177) (0.00162) (0.00206) (0.00185) (0.00176) (0.00162)

veneer -0.0373*** -0.00420 -0.0686*** -0.107*** -0.154*** -0.00466 -0.0704*** -0.109*** -0.157***
(0.00316) (0.00318) (0.00324) (0.00347) (0.00353) (0.00318) (0.00325) (0.00349) (0.00354)

Observations 5593723 5593723 5593723 5593723 5593723 5593723 5593723 5593723 5593723
ymean 0.000939 0.0124 0.0330 0.0630 0.0965 0.0121 0.0323 0.0619 0.0951
ysvd 0.00198 0.0284 0.0596 0.106 0.138 0.0275 0.0580 0.104 0.135
r2 0.958 0.956 0.962 0.964 0.966 0.956 0.963 0.964 0.966
r2_a 0.947 0.945 0.953 0.955 0.957 0.946 0.953 0.955 0.957
r2_within 0.0694 0.0584 0.0589 0.0584 0.0650 0.0573 0.0581 0.0575 0.0643
r2_a_within 0.0694 0.0584 0.0589 0.0584 0.0650 0.0573 0.0581 0.0575 0.0643
Standard errors in parentheses are clustered at the Census block level
* p<0.05, ** p<0.01, *** p<0.001

Notes. This table displays slope coefficients from regressions of hurricane wind-related losses on property characteristics and Census block fixed effects.
The hurricane wind-related loss projections are taken from the CoreLogic Climate Risk data for the 2050 timeframe under intermediate scenario (RCP
4.5). Going across columns, the dependent variable represents different moments of the loss distribution, each standardized to have zero mean and unit
variance (the mean and standard deviation of the raw independent variables are displayed at the bottom of the table). “aal” is Average Annual Losses;
“aep500”, or Average Exceedance Probability 500, is the probability that the sum of losses in a year will exceed a loss threshold identified as the the worst
1/500 total loss outcomes; “aep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability;
“oep500”, or Occurrence Exceedance Probability 500, is the probability that the largest annual loss will exceed a loss threshold identified as the the worst
1/500 events; and “oep500_tvar” is the average annual losses conditional on exceeding that loss threshold, times the exceedance probability. Analogous
descriptions hold for “aep50” and “oep50”. The independent variables are different property characteristics. The first two variables are continuous:
“ffh_std” is (standardized) first-floor height; “gr_el_std” is (standardized) ground elevation. The remaining variables are dummies for materials in
the structure. The R-squared, adjusted R-squared, within-block R-squared, and adjusted within-block R-squared are displayed in the final rows.
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TableX
PropertyCharacteristicsAAL Composite

aal_2050 aal_2050 aal_2050 aal_2050
log_sqft -0.000234∗∗∗ -0.000226∗∗∗

(-314.05) (-221.05)
bedrooms_all_bldgs -0.00000577∗∗∗ -0.00000117∗∗∗

(-66.71) (-13.27)
Coefficients for pre-1945 builds not shown

Built 1945-1949 0.0000285∗∗∗ 0.00000416
(9.43) (1.35)

Built 1950-1954 0.0000451∗∗∗ 0.0000135∗∗∗

(16.38) (4.80)
Built 1955-1959 0.0000247∗∗∗ 0.00000605∗

(8.83) (2.13)
Built 1960-1964 0.0000926∗∗∗ 0.000103∗∗∗

(33.19) (35.96)
Built 1965-1969 0.000145∗∗∗ 0.000169∗∗∗

(50.83) (57.66)
Built 1970-1974 0.000145∗∗∗ 0.000164∗∗∗

(52.82) (57.92)
Built 1975-1979 -0.0000456∗∗∗ -0.0000127∗∗∗

(-16.72) (-4.54)
Built 1980-1984 -0.000120∗∗∗ -0.0000956∗∗∗

(-43.32) (-33.71)
Built 1985-1989 -0.000215∗∗∗ -0.000185∗∗∗

(-79.56) (-66.71)
Built 1990-1994 -0.000270∗∗∗ -0.000233∗∗∗

(-97.88) (-82.70)
Built 1995-1999 -0.000386∗∗∗ -0.000360∗∗∗

(-143.05) (-129.82)
Built 2000-2004 -0.000486∗∗∗ -0.000445∗∗∗

(-182.02) (-162.51)
Built 2005-2009 -0.000541∗∗∗ -0.000484∗∗∗

(-194.53) (-168.55)
Built 2010-2014 -0.000599∗∗∗ -0.000548∗∗∗

(-168.84) (-148.28)
Built 2015-2019 -0.000652∗∗∗ -0.000603∗∗∗

(-170.68) (-150.20)
Built 2020-2024 -0.000462∗∗∗ -0.000383∗∗∗

(-66.89) (-50.95)
N 96391001 71301046 98332538 71144802
r2 0.708 0.731 0.699 0.732
r2_within 0.00107 0.0000650 0.00224 0.00370
t statistics in parentheses
∗ p<0.05, ∗∗ p<0.01, ∗∗∗ p<0.001

Notes.This tabledisplaysresults fromregressionsofCompositeAAL(for the2050timeframeunder intermediate
scenario RCP 4.5) on Census block fixed effects and either logSqFti, Bedroomsi, or bins YearBuilti (as well as all
threehedonicvariables inthefinalcolumn).Standarderrorsarecomputedbyclusteringat theCensusblocklevel.
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TableXI
PropertyCharacteristicsAAL CompositeCorrelations

aal_2050 logSqFt Bedrooms YearBuilt
aal_2050 1
logSqFt -0.0737∗∗∗ 1
Bedrooms -0.113∗∗∗ 0.650∗∗∗ 1
YearBuilt 0.00284∗∗∗ 0.177∗∗∗ 0.0546∗∗∗ 1
∗ p<0.05, ∗∗ p<0.01, ∗∗∗ p<0.001

Notes. This table displays the correlations between Composite AAL (for the 2050 timeframe under intermediate
scenario RCP 4.5), logSqFti, Bedroomsi, and YearBuilti.

TableXII
Sample Size for Price, OwnerOccupancy, Block and Tract combinations

Dep Variable Geographic Hedonic Controls? Sample Size
Log Sale Amount Block N 57,847,086
Log Sale Amount Tract N 87,775,926
Owner Occ Block N 47,484,397
Owner Occ Tract N 72,815,743
Log Sale Amount Block Y 28,637,105
Log Sale Amount Tract Y 46,109,146
Owner Occ Block Y 26,090,778
Owner Occ Tract Y 41,432,355
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