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Abstract

We provide observational evidence that climate risks impacted economic behavior earlier
and more significantly than conventional discourse and research suggests. Using a novel
dataset with residential property-level measures of climate risk exposures, we document
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as early as 2006. Within a census tract, and using a repeat-sales design with controls for
time-varying fundamental demand, one percent of extra expected future climate losses
is associated to a 2-4% permanent price discount to a house. Mimicking the timing of
this price pattern, the buyers of climate-riskier properties shifted from owner-occupants
to landlords/investors, and from high-leverage borrowers to low-leverage borrowers,
suggesting a potential role for risk-sharing or financial constraints.
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1 Introduction

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 impacts of adaptation

to climate risk? When do the mechanics of adaptation begin taking hold? 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 mar-

kets. Relative to the extant literature, our study differs in its empirical design and risk

measurement. We elaborate on these two novelties in turn.

We explore a new dataset estimating various climate risks at the property level. The granu-

larity of this dataset allows us to control for highly localized factors (e.g., Census tract-by-time

or even block-by-time fixed effects) and a property fixed effect. By controlling for a geography-

by-time fixed effect, our climate risk measure is purged of most geography-related climate

risks,andourhousingtransactionsarepurgedofanytime-varyinggeographicdemand.Some

important leftover variation in the data captures variation in climate risk due to property-

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

existence of a basement, attic, etc.), and upkeep. This leftover variation is novel to our study.

By including a property fixed effect, we bring 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.

The other novelty is in the measurement of climate risk, which 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—e.g., the elasticity of house prices to a
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one percent increase in dollar climate risk. 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, which permits us to

obtain estimates of risk aversion (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-geography 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 tract-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 and/or investors entering climate-risky

markets and potentially putting those properties for rent. Finally, we document that buyers

of climate-risky properties began, starting around the same time in 2006, taking mortgages

with lower loan-to-value ratios and without FHA backing. This suggests that the buyers

of these houses may have increasingly become richer and/or more credit-worthy.

As a critical extension, we then control flexibly for some additional important time-

varying fundamental demand factors to obtain estimates that are more likely to be causal

as opposed to simply correlational. In particular, climate-safer properties tend to be slightly

larger and newer. That correlation implies that our baseline result could be explained by

a growing demand for larger and newer houses, beginning around 2006. We address this

concern by including, in addition to the property and tract-by-time fixed effects from our

baseline specification, time-specific loadings on hedonic variables like property size and age.

Augmenting our specification with such hedonic controls leaves the main message intact,

while slightly attenuating the magnitudes and smoothing out the dynamics. For example,
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when examining house prices, the inclusion of these time-varying hedonic factors the shrinks

the baseline results by between 0 to 50%: a 1% higher expected climate damage impounds be-

tween a 2-4% price discount, depending on the sample. The time-series pattern of the climate

risk discount also materializes more gradually with these controls, beginning in 2006 and con-

tinuing through the 2020s. Given our setting is highly controlled, we interpret this as causal

evidence of a quantitatively large climate-risk discount that begins appearing fairly early on.

In some robustness exercises, we show that our results are robust to several additional

controls and samples. We find similar results when we control for even more localized

Census block-by-time fixed effects (as opposed to Census tract), which is possible given the

granularity of our data. Results are the same when using the sample of single-family homes

only (i.e., excluding apartment buildings). We show that our results are robust to the 2006

foreclosure crisis, a concern given our effect begins materializing in 2006, in the sense that

climate-risky properties are not persistently more likely to be foreclosed. And results are

identical when using the sample of states not directly affected by Hurricane Katrina (i.e.,

Louisiana, Alabama, and Mississippi), which is also a concern given the timing of our effect

coincides roughly with that of Hurricane Katrina.

How should one interpret our finding of a greater than one-for-one decline in house

prices 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, housing markets are largely segmented, and so a property’s idiosyn-

cratic risks 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 our evidence suggest may

be occurring, 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). Despite 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.
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How should one interpret the joint dynamics of prices with the ownership patterns?

One interpretation is optimal risk-sharing: climate risk is being transferred to richer agents

better-equipped to bear that risk. That said, one can concoct a very different interpretation,

based on climate preferences and financial constraints. Imagine that climate-resilience is

a normal good, so that richer households will tend to move out of such houses. Poorer,

wealth-constrained houses must move in in equilibrium, but they cannot afford to buy,

suggesting owner-occupancy would be less likely—landlords, who are actually even richer

than the sellers, will tend to buy these houses and subsequently rent them out. These

interpretations are not mutually-exclusive and could be operating simultaneously to various

degrees. Under both interpretations, there can still be a direct causal impact from the decline

in owner-occupancy to lower prices.

Readers might be surprised to find that changes begin in 2006, which is quite early in the

processofrisingclimateawarenessanddoesnotcoincidewithexistingmeasuresof 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 firmand institutional investor side,2016 is a commonly-cited inflection point for therise of

ESG investing and changes to firms’ cost of capital (Ilhan et al. 2023; Gormsen et al. 2024). And

theliteratureonhousepricesandsea-level-rise(SLR)risksonlyfindseffects, ifatall, startingin

the mid-2010s (Keenan et al. 2018; Bernstein et al. 2019; 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 de-

mand for some unobservable characteristics that are correlated with our climate risk measure.

But another explanation is that the 2006 timing truly represents 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. Hurricane 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
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“An Inconvenient Truth” was released, which may have played a role in environmental

awareness (Nolan 2010). Beyond these specific events, Brulle et al. (2012) and Carmichael

and Brulle (2017) conduct a more systematic analysis of public opinion data for the years

2002-2010 and 2001-2013, 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).

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

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 their stock market investments,
as well (Ilhan 2020).
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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.

2 A Gordon Growth Model for Benchmark Magnitudes

We begin by presenting a simple asset-pricing model. Our first goal is to frame the

discussion by outlining the relevant forces at play. The second goal is to provide some

benchmarkmagnitudes: i.e.,howmuchofaclimate-relatedpricediscountshouldweexpectto

see,undervariousassumptionsandusingwell-informedcalibrations fromthe literature?The

thirdgoal is to illustratehowtoseparately identify the impactofexpectedlosses fromtail risks.

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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3 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.

3.1 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.

3.2 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

2000-2024, 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.

3.3 Summary Statistics

Table 1 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 1, AAL is significantly right-skewed, with

a significant fraction of very low-loss properties and small fraction of much higher-loss

8



Table 1: 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 theyear2050underamoderatescenario(RCP4.5),multipliedby100(i.e.,unitsarepercentagelossesperyear).

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 1 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 in-

volve 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 2a 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 small local geographies (e.g.,

Census tract or 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 some 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 2b shows

that prices are much better explained by geography (tract or block fixed effects) than AAL.

Table 2b also suggests that, for the question of explaining house prices with climate risk,
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Figure 1: Tract-level Map of Peril AAL

(a) Composite All Perils (b) Earthquake (Fire Following)

(c) Wildfire (Fire+ Smoke) (d) Inland Flood

(e) Severe Convective Storm (f) Winter Storm

(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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using tract-level controls may be preferable to block-level controls. Indeed, when refining

fixed effects from tract to block, the explained variation in AAL increases much moreso than

for transaction prices. We ideally want an empirical design that preserves as much variation

in AAL while simultaneously purging as much non-climate-related variation in housing

demand. Based on these R2 results, employing tract fixed effects seems to better manages

this trade-off between preserving AAL variation and purging demand variation, justifying

tract-level controls as our baseline. That being said, we will examine block-level fixed effects

as a robustness exercise.

Going beyond their means, Table 2c 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.

What drives the peril-specific risks beyond geography? In the Online Appendix, Tables

A.1-A.7 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 R2, 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 A.2 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.

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
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Table 2: Climate Risk Exposure (AAL) Variation

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

Fixed Effects R2

Block 0.1312
Block X Scenario 0.1315
Block X Timeframe 0.1319
Block x Peril 0.6760
Block x Scenario X Timeframe X Peril 0.5774

(b) R2 for Block and Tract FEs

Dependent variable Fixed Effect R2

Composite AAL Tract 0.370
Composite 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)

Earthquake
Fire

Earthquake
Tsunami

Wildfire Inland
Flood

Convective
Storm

Winter
Storm

Hurricane
Storm Surge

Hurricane
Wind

Earthquake Fire 0.42
Earthquake Tsunami 0.02 0.72
Wildfire -0.30 -0.09 2410.0
Inland Flood -1.22 0.31 -14.40 27,900.0
Convective Storm -1.34 -0.54 -75.50 66.20 2,370.0
Winter Storm -0.12 -0.12 -18.20 -3.31 -0.70 37.30
Hurricane Storm Surge -0.04 -0.17 -17.90 73.20 -90.60 -21.80 6,610.0
Hurricane Wind -0.79 -0.33 38.20 -6.28 -120.00 -51.30 1,230.00 1,980.00

Notes. Panel (a) presents unadjusted R2 from various fixed-effects regressions 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 R2 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 panel (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.

sources of variation from the localized climate-related risks.

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

AAL in Table 3.6 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 3 shows

6Table A.8 in the Online Appendix also displays the raw pairwise correlations between all these variables.
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Table 3: Property Characteristics AAL Composite

AAL 2050 Composite RCP 4.5×10,000

Log Sq Ft -3.030 -2.779
(0.099) (0.111)

Age 0.034 0.028
(0.001) (0.001)

Bedrooms=1 9.758 7.680
(0.432) (0.414)

Bedrooms=2 3.841 2.832
(0.103) (0.093)

Bedrooms=4 -0.829 0.049
(0.034) (0.039)

Bedrooms=5 -1.252 0.124
(0.075) (0.077)

Bedrooms=6 -0.931 0.835
(0.151) (0.154)

N 1.05e+08 8.82e+07 7.59e+07 6.47e+07
R2 0.469 0.483 0.520 0.533
R2 within 0.002 0.001 0.004 0.005

Notes. The dependent variable is Composite AAL for the 2050 timeframe under intermediate scenario (RCP
4.5), in units of basis points, i.e. AAL× 10,000. Standard errors, in parentheses, are computed by clustering
at the Census block level.

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

0.00278% 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.

4 Empirical Framework

CoreLogic’s property-level climate risk exposure measure permits us to explore the con-

sequences of granular variation in climate riskiness between properties. Broadly speaking,

we are interested in how various property-transaction-level outcomes change over time

due either to evolving climate riskiness or climate-change awareness.
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Our overarching empirical framework is as follows. We index properties by i and

transaction dates by t. Let yit denote a generic property-transaction-level outcome—we

investigate transaction price, owner-occupancy, the buyer’s loan-to-value ratio, and some

non-standard mortgage characteristics (e.g., ARMs, FHA loans, VA loans). Let Ai denote

the property-level climate risk proxy—unless mentioned otherwise, our results employ the

Composite AAL variable (which adds losses across all perils) projected for the 2050 horizon

under the intermediate scenario (RCP 4.5). We are interested in the time-varying sensitivity

of yit to Ai, controlling for various important factors:

yit=
∑

s

ϕs1{t=s}×Ai+controlsit+νit. (1)

How we implement the controls, to be discussed shortly, is particularly critical to the inter-

pretations one can draw. We are interested in time-series pattern in the AAL coefficients {ϕt}.

How should one interpret the pattern in the {ϕt} coefficients? Our climate risk measure

Ai is a property-level measure estimated from a single cross-sectional snapshot in 2020. This

is not to say that climate risk is fixed over time at the property-level, and our results do not

rely on this being true or false. In general, one can attach two possible interpretations to

a time-series pattern in {ϕt}: this can reflect either (i) changes in the quantity of climate risk

and/or (ii) changes in prices of risk.

Given our data, risk-quantity and risk-price explanations look observationally equivalent.

On the one hand, it is possible that climate risk itself is changing at the property level,

whereas our data only see it measured in 2020. To the extent that changes in actual climate

risk through our sample (2000-2025) are correlated with estimated levels as of 2020, the

pattern in {ϕt} could reflect these underlying changes in risk quantity. For instance, a natural

conjecture is that the highest-risk properties experienced the largest increases in risk over

the sample. On the other hand, it is possible that true climate risk was relatively stable over

this period, but awareness or fear of these risks has changed over time. In that case, the

pattern in {ϕt} reflects changes in the required compensation for bearing climate risks, due

to the change in awareness or fear. For instance, a natural guess is that climate risk concerns

have risen broadly over time, which would then affect the highest-risk properties the most.

Let us now turn to some details of our implementation. We first estimate (1) with
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controls for geography-by-year fixed effects and hedonic property characteristics (such as

square-footage, number of bedrooms, or age). In other words, we estimate

yit=αgt+
∑

s

βs1{t=s}×Xi+
∑

s

ϕs1{t=s}×Ai+νit (2)

where αgt is a geography-by-time fixed effect and Xi are hedonic controls (such as square-

footage, number of bedrooms, or age). This specification effectively compares properties

within a given geography g and within hedonic categories captured by X, and therefore

we refer to it as a “cross-sectional” approach. Despite the terminology “hedonics,” the

reader should note that our inclusion of characteristics Xi in (2) differs slightly from the

standard approach, because we interact it with time dummies ⊮{t=s}, which allows flexibly

for time-varying impacts of the same characteristic (e.g., if yit were house prices and Xi were

house size, the βs coefficients would measure the time-varying valuation of size).

One difficulty in interpreting the year-to-year variation in {ϕt} from (2) is that the set of

properties being transacted can be different in each year, as opposed to the climate-risk dis-

count rising over time. The problem is that, by construction, certain value-relevant character-

istics 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,

forexample, thathouseswithbasementshavehigherAALbutarealsogenerally lessvaluedin

the market, in a time-invariant way, simply because basements are undesirable. If the propen-

sity of homes with basements to transact is time-invariant, then there would be a constant

downward bias in all of the {ϕt} coefficients measured from (2). 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 definitively 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

time-varying demand, to some extent, via some important and standard hedonic controls

(the Xi variables), similarly to the benchmark cross-sectional approach in (2). Crucially, by
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interacting Xi with time dummies, we can purge time-varying demand related to those

specific hedonic factors.

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

types of time-varying demand, our core method implements a “repeat-sales” style approach,

augmented by flexible time-varying loadings on hedonic characteristics. We estimate:

yit=γi+αgt+
∑

s

βs1{t=s}×Xi+
∑

s

ϕs1{t=s}×Ai+νit, (3)

where γi is a property fixed effect. This specification, similar to a difference-in-differences,

effectively compares the change over time in the difference between two properties within

a geography and hedonic categories.7

We refer to specification (3) as a “repeat-sales” analysis. To understand this, compare

it to the simpler regression

yit=γi+αt+νit. (4)

If yit is property i’s transaction price in year t, then the estimate of αt in (4) delivers 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 (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 very often, by putting the linear structure on how properties

are impacted by AAL, a large enough dataset allows us to estimate ϕs reliably using this

within-property variation. Akin to the standard logic in favor of repeat-sales indexes, our

7As an alternative for robustness, we also implement the analysis in two stages. Consider first residualizing
Composite AAL by geography fixed effects:

Ai=αg+εi

and then estimating

yit=γi+αt+
∑

s

βs1{t=s}×Xi+
∑

s

ϕs1{t=s}×εi+νit

where γi is a property fixed effect, αt is a time fixed effect, and εi are the residuals from the first-stage regression.
The estimates of {ϕt} from (3) and the two-stage approach described above should mechanically be identical
in a balanced panel; but if some properties transact more than others, the results could potentially differ.
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ability to look within property is helpful to control for unobserved cross-sectional quality

differences that are correlated with climate risk exposures. The connection between the

two-way fixed-effects framework in (3)—property and year fixed effects—and the traditional

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

5 Empirical Results

5.1 House prices

Our first analysis examines the association between climate risk and house prices. The

outcome variable yit is the log transaction price for property i in year t. We first estimate the

coefficients {ϕt} from equation (2), which is the equivalent of a cross-sectional regression

year by year, and then we estimate {ϕt} from equation (3), which is akin to a “repeat-sales”

methodology.

Figure 2a plots the loadings of log prices on AAL without controlling for any hedonic

characteristics. Most evident in the figure is a stark drop from 2005 to 2010 for the sensitivity of

log price to AAL, which is persistently present thereafter. Quantitatively,ϕ2024−ϕ2000≈−1.5,

representing a 1.5% 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. In addition,

the timing of the discount is potentially interesting as it occurs relatively early on, although

this will change somewhat as we introduce different controls and methodologies. Note also

that there is a negative coefficient even in the early 2000s, suggesting some validity to the

type of story above that high-AAL properties have characteristics that are value-reducing.

Figure 2b repeats the same cross-sectional analysis but including square-footage, number

of bedrooms, and property age as a hedonic controls, allowing all of these variables to have

time-varying loadings. There are two key changes to the results. First, while the cumulative

magnitude of the climate discount is similar across the two approaches (both with and

without hedonic controls give about ϕ2024−ϕ2000≈−1.5), the timing of the discount arrives

later when hedonic controls are included. With hedonic controls, the discount appears only

post-2011. Second, taking out these hedonic controls completely eliminates the non-zero
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Figure 2: Price against within-Tract AAL, by Year: Cross-Sectional Regressions
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Notes. These figures plot the coefficients {ϕt} from equation (2) where yit is the log transaction price of property
i, and geography g in fixed effect αgt is the Census tract. This regression is run year by year. The hedonic
controls (Xi variables) used in panel b are log square footage, indicators for number of bedrooms (from 1
to 6+), and age of the property. The blue bars indicate the 95% confidence intervals on the coefficient estimates,
with standard errors clustered by the Census tract.

coefficients in the early 2000s.8 We view it as reassuring that, after controlling for some

relatively standard hedonic variables, high-AAL and low-AAL properties have similar

prices in the earlier dates when climate risk was plausibly less of a concern.

Figure 3a plots the loadings of log prices on AAL from equation (3), which is the

repeat-sales-style specification that corrects for time-varying compositional effects in the

market. Relative to the cross-sectional approach in Figure 2a, the effects are substantially

larger in magnitudes with ϕ2024−ϕ2000≈−4. However, the timing of the climate discount

remains similar: the decline in the ϕt coefficients begins around 2006 and continues to 2010,

after which the coefficient remains permanently depressed. 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 2a-2b.9

8In separate analysis where we include the hedonic controls one-by-one, we have found that the
square-footage variable is primarily responsible for absorbing the early 2000s price differences between
low-AAL and high-AAL properties. 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 in the early 2000s.

9Online Appendix Figure A.1 repeats the analysis in a two-stage regression described in footnote 7. The
results are almost identical to the one-stage approach in Figure 3a, 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.

18



Figure 3: Price against within-Tract AAL, by Year: Repeat-Sales

(a) Without Hedonic Controls
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Notes. These figures plot the coefficients {ϕt} from equation (3) where yit is the log transaction price of property
i, and geography g in fixed effect αgt is the Census tract. The hedonic controls (Xi variables) used in panel
b are log square footage, indicators for number of bedrooms (from 1 to 6+), and age of the property. The blue
bars indicate the 95% confidence intervals on the coefficient estimates, with standard errors two-way clustered
by the Census tract and year.

Figure 3b augments our repeat-sales specification with time-varying hedonic controls for

square-footage, number of bedrooms, and property age. Here, the addition of these hedonic

controls is meant to capture some aspects of time-varying fundamental housing demand,

which could be correlated with climate risk. For instance, larger houses are climate-safer

(recall Table 3), so a growing demand for larger houses will show up as a growing climate

risk discount in any specification that does not control for house size. 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 the no-hedonic-controls baseline of -4% from Figure 3a). In addition,

the timing of a climate discount is a bit more gradual, beginning in 2006 and continuing

through 2020, after which it stabilizes.10

A key difference when including hedonic controls is that they are not available for every

10Using the estimated loadings on the hedonic controls, we can also understand what types of time-varying
demand are present in the data. Figure A.2 in the Online Appendix displays these coefficients (for the hedonic
controls logSqFti, dummies for Bedroomsi, and Agei). Between 2005-2010, a strongly increasing pattern is
visible on the square-footage loading, which then mean-reverts—an temporary increase in demand for larger
houses that mean-reverts. Given that climate-safer properties are larger (recall Table 3), this pattern in the
loadings on square-footage helps explain why the analysis without hedonic controls in Figure 3a features
an estimated climate discount that appears earlier.
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property, meaning the sample of properties shrinks from about 45 million to 28 million

in moving from Figure 3a to the hedonic-controlled result in Figure 3b. How much of

the change in our estimates can be accounted for by the different sample? To answer this,

Figure A.3 in the Online Appendix shows loadings on AAL, without hedonic controls, but

restricting to properties that do have hedonic controls populated in our data. The cumulative

climate discount for this sample is also about -2% per 1% AAL. In this sense, the difference

in magnitudes between Figures 3a and 3b is primarily driven by a different sample.

Therefore, we conclude that the cumulative climate discount is between 2-4%, depending

on the sample of transactions, and it appears starting around 2006 and continuing through

the late-2010s. Relative to the existing literature, this effect arrives earlier and is larger in

magnitude.

5.2 Owner-occupancy

We next examine owner-occupancy as opposed to transaction prices. We jump directly

to the more rigorous repeat-sales-style specification (3), with the outcome variable yit being

an indicator for whether the buyer in a housing transaction is an owner-occupant. Figure

4a plots the loadings {ϕt} of this owner-occupancy indictor on AAL. Interestingly, although

the outcome variable is different, 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. 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. Figure 4b

repeats the same analysis, but including time-varying controls for hedonic characteristics.

The results remain similar but with a slightly dampened magnitude and more gradually

building up over the years. This slight dampening and more gradual pattern mimics very

closely how the price coefficients changed when including hedonic controls.
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Figure 4: Owner Occupation against within-Tract AAL, by Year: Repeat-Sales

(a) Without Hedonic Controls
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Notes. These figures plot the coefficients {ϕt} from equation (3) where yit is an indicator that equals 1 when
property i was bought by a buyer to be owner-occupied, and geography g in fixed effect αgt is the Census
tract. The hedonic controls (Xi variables) used in panel b are log square footage, indicators for number of
bedrooms (from 1 to 6+), and age of the property. The blue bars indicate the 95% confidence intervals on
the coefficient estimates, with standard errors two-way clustered by the Census tract and year.

5.3 Mortgage-level outcomes

Next, we examine several features of the buyer’s mortgage. We are able to see the loan-

to-value ratio (LTV), an indicator for whether the mortgage has an adjustable rate (ARM),

and indicators for whether the mortgage is an FHA or VA loan. Figure 5 displays the results

for loadings of these mortgage outcomes on AAL, in the repeat-sales-style specification

(3). As before, each outcome variable is featured in two panels, one without and one with

the hedonic controls (square-footage, number of bedrooms, and property age). Relative to

low-AAL properties, the buyers of high-AAL properties obtain lower LTV ratios (by between

1-2% per 1% of AAL), are less likely to obtain FHA loans (by between 0.5-1% per 1% of AAL),

and are slightly less likely to obtain VA loans (by between 0-0.3% per 1% of AAL). These

effects all appear to materialize starting between 2006 and 2010, which roughly aligns with

the timing of the evidence on prices and owner-occupation. (Note that there is little evidence

that the prevalence of ARMs changes differentially for high-AAL and low-AAL properties.)
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5.4 Back-of-the-envelope calculations

Some back-of-the-envelope calculations suggest quantitatively sizable effects at the

aggregate level. Given the cross-sectional mean AAL of 0.25% from Table 1, we can multiply

by the cumulative coefficient change (ϕ2024−ϕ2000) for any outcome variable to obtain an

estimate of the cumulative aggregate impact due to climate risk. For prices, the cumulative

discount was between (−4,−2) per unit of AAL, which implies a 0.5-1% lower level of house

prices due to climate risk. For owner-occupancy, the same type of calculation implies a

0.25-0.4% lower owner-occupancy due to climate risk. Finally, for LTV ratios, this same

type of calculation implies a 0.25-0.5% reduction in LTV 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.

22



Figure 5: Mortgage Outcome Variables

(a) LTV, without Hedonic Controls
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Notes. These figures plot the coefficients {ϕt} from equation (3) where yit varies by panel, and where geography g
in fixed effectαgt is the Census tract. In the first row (panels a-b), yit is the LTV of the buyer of property i in year t. In
the second row (panels c-d), yit is an indicator that equals 1 when property i was bought by a buyer with an ARM.
The hedonic controls (Xi variables) used in each of the right-hand panels (b,d) are log square footage, indicators
for number of bedrooms (from 1 to 6+), and age of the property. The blue bars indicate the 95% confidence
intervals on the coefficient estimates, with standard errors two-way clustered by the Census tract and year.
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Figure 5: Mortgage Outcome Variables (Continued)

(e) FHA Loan, without Hedonic Controls
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(g) VA Loan, without Hedonic Controls
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Notes. These figures plot the coefficients {ϕt} from equation (3) where yit varies by panel, and where geography
g in fixed effect αgt is the Census tract. In the first row (panels e-f), yit is an indicator that equals 1 when
property i was bought by a buyer with an FHA loan. In the fourth row (panels g-h), yit is an indicator that
equals 1 when property i was bought by a buyer with a VA loan. The hedonic controls (Xi variables) used
in each of the right-hand panels (f,h) are log square footage, indicators for number of bedrooms (from 1 to
6+), and age of the property. The blue bars indicate the 95% confidence intervals on the coefficient estimates,
with standard errors two-way clustered by the Census tract and year.
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6 Robustness

6.1 Block-level geographic controls

The granularity of our property-level data allows us to refine our geographic controls to

the block-level. This is an important exercise that distinguishes our study from many others

in the literature. In most studies, climate risk metrics are based on geographic variation, and

so controlling aggressively for geography eliminates the useful variation in climate risk.

In a sense, our choice to use Census tract fixed effects as a baseline is motivated by similar

concerns. As discussed earlier (recall Table 2b), using Census tract fixed effects preserves

significant variation in AAL while simultaneously purging most fundamental variation in

housing demand. That being said, our data is rich enough to allow finer geographic controls,

since our property-level climate risk measures contain variation from small details of the con-

struction materials, property design, and upkeep. This type of variation is unique to our study.

Figure 6 repeats the analyses for transaction price and owner-occupancy using only

within-block variation. That is, the term αgt in equations (2)-(3) is now a block-by-year

fixed effect. The figure plots the loadings {ϕt} on AAL. Going across the various panels,

we find very similar results to our baseline results with tract-level controls—both in terms

of the timing of the climate risk discount and the cumulative magnitude. In particular,

our preferred repeat-sales methodology with time-varying hedonic controls (Figures 6d

and 6f) shows a gradually building climate discount alongside a decreasing tendency for

climate-risky properties to be owner-occupied. The cumulative climate discount isϕ2024≈−2

per unit of AAL, while the cumulative decrease in owner-occupation is ϕ2024≈−1.5 per unit

of AAL. These gradual patterns and cumulative numbers are quite similar to our baseline

results. Given the extremely refined geographic controls, we view this as evidence that the

discount is caused by climate risk and not some other unobservable confound.

6.2 Single-family homes vs apartment buildings

Figure A.4 in the Online Appendix repeats the analyses above after restricting the sample

to single-family homes (to avoid potential confounds from apartment buildings). In these
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Figure 6: Using Within-Block AAL
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Notes. This figure repeats the analyses in Figures 2-3-4 but with αgt representing a block-by-time fixed effect
(rather than tract-by-time). The blue bars indicate the 95% confidence intervals on the coefficient estimates,
with standard errors two-way clustered by the Census block and year.

results, we use the more demanding specifications with block-by-time fixed effects, as

opposed to tract-by-time fixed effects. The results are very similar to the ones discussed for

the whole sample, even slightly larger in magnitude.
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6.3 Foreclosure Crisis

Given the main shift in estimated climate risk pricing occurs starting around 2005-06,

our results could be due to the housing market crisis that triggered the Great Recession.

Indeed, Figure A.5a in the Online Appendix plots the count of REO sales—a proxy for

foreclosures—over time, increasing sharply starting around 2007 and only reverting back

to its pre-crisis level by around 2020.

Figures A.5b and A.5c in the Online Appendix run raw cross-sectional and repeat-sales

regressions of REO sale likelihood on within-block AAL (i.e., the outcome variable yit is

an indicator for an REO sale, and the geographic fixed effects αgt are block-by-year fixed

effects). 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.

Because of this transitory relationship between climate risk exposure and foreclosures, it

is unlikely that the permanent discount in prices and the permanent effect on ownership

patterns can be due to foreclosures.

To directly test whether foreclosures can be responsible for our results, we directly

exclude REO transactions and repeat the entire analysis, with the results in Figure A.6. The

patterns and magnitudes are virtually unchanged from our baseline results.

6.4 Hurricane Katrina

Again, given the main shift in estimated climate risk pricing occurs starting around

2005-06, 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 A.7 in the Online Appendix, for both prices and owner-

occupation. In these results, we use the more demanding specifications with block-by-time

fixed effects, as opposed to tract-by-time fixed effects. The results are remarkably similar

to our baseline results: the timing of the decline is still around 2005-06, the pattern of decline

over several years remains largely the same (though slightly more drawn out for prices),
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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

necessarily 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.

6.5 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 A.17-A.23 in the Online Appendix display the results from this analysis. We

re-run the repeat-sales analysis from equation (3), but with two modifications. Rather than

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

earthquake, hurricane, flood, etc.). We plot the time series of coefficients on Ap
i , which 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.11

11Some words of caution apply to these analyses. The estimated discount for winter storm perils seems
unrealistically large, probably because it is a “small” risk—according to the diagonals in Table 2c, winter storm
has a small exposure magnitude. 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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7 Conclusion

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

in exposures within highly-localized geographies, 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 between 2006 and 2010 and

culminated by 2024 in a 2-4% price discount per 1% of additional climate risk. At exactly the

same time, climate-risky houses began being disproportionately sold to landlords and/or

investors rather than owner-occupants, the cumulative effect by 2024 being a 1% lower

owner-occupancy per 1% of additional climate risk. Finally, over a similar time-frame, the

buyers of climate-risky houses became less levered (lower LTV) and less likely to be FHA and

VA borrowers. All these effects are permanent, consistent with an interpretation that climate

risk perceptions shifted earlier and had larger impacts than the literature has appreciated.
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