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Abstract

We quantify ambiguity aversion by studying how real estate markets respond to
long-run sea-level rise (SLR) risk. Using a novel high-resolution dataset covering over
two million coastal properties, we show that housing prices reflect not only expected
SLR risk but also deep uncertainty across climate scenarios. Leveraging a canonical
asset-pricing framework, we recover one of the first market-based estimates of ambiguity
aversion, finding substantial tilting of probability weights toward worst-case outcomes.
We also estimate a relatively low long-run discount rate, suggesting strong valuation of
distant climate risks. As an application, we quantify how ambiguity aversion amplifies

the willingness to invest in SLR adaptation.
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1. INTRODUCTION

Economists have long recognized that risk—situations where probabilities are known—and
ambiguity or deep uncertainty—situations where probabilities are hard to quantify—are
fundamentally distinct, a point emphasized in the classic works of Knight (1921) and
Keynes (1921). The distinction matters: while risk can be priced using expected utility,
ambiguity often induces far more cautious, worst-case behavior, reshaping asset prices
and macroeconomic dynamics (Caballero and Krishnamurthy, 2008; Hansen, 2014; Ilut
and Schneider, 2023). However, because existing empirical settings have been unable to
provide a clear way to separately measure risk—the variability within a given model-and
ambiguity—the disagreement across competing models—empirically disentangling the effects
of ambiguity from risk remains a major challenge.

The economic consequences of climate change provide an especially promising setting
for characterizing the implications of risk and ambiguity because ambiguity is a particularly
critical feature in such contexts. Climate projections typically involve multiple scenarios,
such as the Representative Concentration Pathways (RCPs), which reflect divergent as-
sumptions about future socio-economic behavior, including the pace of decarbonization,
technological change, and economic growth. These scenarios are internally coherent but
are not assigned objective probabilities, creating uncertainty about which trajectory the
world will follow (Intergovernmental Panel on Climate Change, 2014). Future sea-level rise
(SLR) projections vary widely across RCPs, reflecting uncertainty not only in emissions
paths but also in geophysical feedbacks, such as ice sheet dynamics and the carbon cycle.
For example, median SLR projections under RCP2.6 and RCP8.5 can diverge by several
feet, with first-year inundation estimates for coastal properties spanning a century or
more (Kopp et al., 2014; DeConto and Pollard, 2016; Rodziewicz et al., 2022). Because
scenario developers do not provide formal probability distributions across RCPs—despite
labels such as “business as usual,” “most likely,” or “least likely”—economic agents must
evaluate both risks and ambiguity when making location and investment decisions. A more
ambiguity-averse agent will react more strongly to worst-case projections. How markets
capitalize these two distinct forms of uncertainty remains an open empirical question with
important implications for climate adaptation and policy design.

Our paper confronts this challenge by focusing on the economically significant and
deeply uncertain context of coastal housing markets exposed to sea-level rise (SLR). We
construct a novel dataset that links over two million coastal property transactions from the
proprietary CoreLogic database to detailed, property-specific projections of SLR inundation
timing under RCP 2.6, 4.5, and 8.5, derived from state-of-the-art, high-resolution sea-level



rise projection maps produced by NOAA. Accurately assessing a property’s inundation
risk requires integrating localized elevation data, hydrologic connectivity, and regional
sea-level projections, rather than relying on broad global estimates, to capture substantial
local heterogeneity driven by topography, land subsidence, tidal variation, and ocean
dynamics (Rodziewicz et al., 2022). For each property, we calculate the expected first year

of inundation under each climate scenario, allowing a sharp empirical distinction between:
* Risk" as the variance of inundation timing within a given scenario, and
* Ambiguity as the divergence in expected inundation timing across scenarios.

This mapping closely mirrors the conceptual distinction articulated by Knight and Keynes,
now operationalized in a modern, data-driven context. Because much of the projected SLR
damage occurs far into the future—often beyond a century—the way markets discount
uncertain outcomes becomes critical. Standard discounting approaches, which treat un-
certainty purely as risk, may underestimate the economic costs of long-horizon climate
damages. Allowing for ambiguity aversion enriches our understanding of how uncer-
tainty affects asset prices and decision-making, including in contexts such as adaptation
investment to long-run SLR risk, which we explore through an application of our model.
To interpret how markets price risk and ambiguity, we first analyze a canonical asset-
pricing framework featuring both risk aversion and ambiguity aversion, building on the
robust control approach of Hansen and Sargent (2001) and Hansen and Miao (2018). We
adapt this framework to a parsimonious and transparent setting designed to fix ideas
sharply in our context. In our model, housing prices reflect three components: the
expected damages from SLR, a penalization for within-scenario variability (risk), and
a penalization for disagreement across scenarios (ambiguity). Crucially, the model delivers
a sharp, testable prediction: the capitalization of risk and ambiguity into housing prices
is governed by distinct structural parameters—the risk aversion and ambiguity aversion
coefficients, respectively. Under the null hypothesis of ambiguity neutrality, agents would
treat uncertainty across scenarios as a compound lottery, and only the risk component
would affect prices. Thus, the model not only separates the two effects conceptually but also
provides a clear empirical test for the presence of ambiguity aversion in market behavior.
We then bring this structure to the data. Using our property-level measures of exposure,
risk, and ambiguity, we estimate how coastal real estate prices respond to each component,
following an empirical strategy similar in spirit to Baldauf et al. (2020). Specifically, we

examine how housing prices vary with the expected first year of inundation (capturing

'In Proposition 3 of our main analysis we show that for our specific setting risk aversion will be isomorphic
to misspecification aversion a-la Hansen and Sargent (2008). See Section 2 for complete details.



risk) and with the dispersion of inundation timing across scenarios (capturing ambiguity).
Our approach is related in spirit to Giglio et al. (2021), who use real estate transactions
to infer the discount rates relevant for evaluating long-run climate change mitigation,
although we center our analysis on the effects of deep uncertainty (ambiguity) rather than
on the discounting of known risks. Just as observed discount rates provide guidance
on the appropriate social discount rate for climate policy, we argue that the degree of
ambiguity aversion reflected in real estate prices offers a way to empirically discipline
ambiguity preferences that should be incorporated into climate-economy models. If markets
capitalize not only expected SLR risk but also the uncertainty surrounding it, we can use
these pricing patterns to recover an implied ambiguity aversion parameter, offering new

revealed-preference evidence on how deep uncertainty shapes economic behavior.

Our main results are as follows. First, by linking our empirical estimates to the theoretical
model of decision-making under ambiguity, we recover an implied ambiguity aversion
parameter for market participants. Consistent with the model’s predictions, we find that
greater SLR uncertainty leads to an additional discount in house prices, above and beyond
the discount associated with expected inundation timing. Importantly, we reject the null
hypothesis that agents treat uncertainty across scenarios as a mere compound lottery (i.e.,
« = 0); instead, we estimate a positive ambiguity aversion parameter. Quantitatively, we
tind a market-implied ambiguity aversion coefficient of approximately 22. While hard to
independent of the model, we show that this parameter value leads the agent to substantially
tilt their subjective probabilities toward the worst-case SLR scenario. Specifically, starting
from a uniform prior assigning one-third probability to each RCP scenario (2.6, 4.5, 8.5),
ambiguity aversion effectively increases the weight on the worst-case RCP 8.5 to nearly
50%, while reducing the weight on the best-case RCP 2.6, when pricing a house under the
ambiguity-aversion-tilted probability distribution. This provides one of the first revealed-
preference, market-based estimates of ambiguity aversion and underscores that deep
uncertainty is a first-order determinant of long-run asset values under climate risk.

Second, our empirical strategy delivers two additional contributions to the literature
as byproducts of our data construction. One contribution is to add a time dimension to
the growing literature on the capitalization of SLR risk in real estate markets (see Related
Literature). Existing work typically relies on static measures of exposure, such as indicators
for whether a property would be inundated under a fixed threshold of sea-level rise (e.g.,
six feet; Baldauf et al. 2020; Bakkensen et al. 2025), which convey little information about the
timing of damages. By contrast, our construction of property-level distributions of inundation
timing allows us to study not only whether but also when properties are expected to be

exposed. This dynamic perspective, in turn, enables a second contribution: it allows us



to revisit a foundational question in climate economics, namely, what is the appropriate
discount rate for valuing long-horizon climate damages (Weitzman, 2001, 2013; Stern, 2007;
Dasgupta, 2008; Gollier, 2024). Because much of the projected SLR damage in our dataset
occurs more than a century into the future, discounting plays a crucial role. We find
that properties expected to be inundated 100 years earlier sell at approximately an 8.8%
to 10.5% discount. Mapping this discount through our theoretical framework implies a
long-run annual discount rate of about 2.34%—substantially lower than the 4% benchmark
commonly used in integrated assessment models like DICE (Nordhaus, 2013), and slightly
below the 2.6% rate estimated from UK and Singapore housing markets by Giglio et al.
(2015, 2021). This suggests that future climate damages are valued more heavily—and thus
weigh more on present economic decisions—than standard models typically assume.
Finally, to translate our empirical estimates into real-world policy-relevant valuations,
we use our model to quantify the effects of ambiguity aversion on the willingness to
invest in adaptation. For example, for a house currently located just 1 foot above the
inundation threshold, the baseline willingness-to-adapt (i.e., the value of raising the house’s
elevation by 1 foot) is about $126,917. Accounting for ambiguity aversion raises this
tigure to approximately $130,574—an increase of about $3,657, or roughly 2.9% relative
to the baseline. As elevation increases, the incremental willingness to adapt declines, but
ambiguity aversion consistently amplifies adaptation incentives. This quantification is, to
our knowledge, the first empirical link between market-based discount rates, ambiguity
aversion, and adaptation costs, highlighting how deep uncertainty fundamentally reshapes

the economic calculus of climate resilience investments.

1.1. Related Literature

Our paper is related to several strands of the economic and finance literature. To the best
of our knowledge, our paper is the first to quantify ambiguity aversion based on market
transaction data and projections from scientific models.

We contribute to the broader discussion on the economic valuation of long-run climate
impacts, offering an asset-pricing-based complement to theoretical approaches in the
valuation of the social costs of carbon (Weitzman, 2012; Golosov et al., 2014; Nordhaus,
2017; Cai and Lontzek, 2019; Giglio et al., 2021; Barrage and Nordhaus, 2024) and empirical
estimates of the economic costs and consequences of climate change (Colacito et al., 2018;
Hsiang et al., 2017; Burke et al., 2018). Our paper contributes to the growing literature on real
estate and climate risk and the consequences of sea-level rise for various assets (Bernstein
et al., 2019; Baldauf et al., 2020; Murfin and Spiegel, 2020; Painter, 2020; Goldsmith-Pinkham

et al., 2023; Bakkensen and Barrage, 2022; Bakkensen et al., 2025) by quantifying how



markets price not just climate-related sea-level rise risk but also uncertainty. Furthermore,
an extensive climate finance literature has highlighted the implications of climate change
for various assets along diverse dimensions (Hong et al., 2019; Ilhan et al., 2021; Kruttli
et al., 2021; Seltzer et al., 2020; Alok et al., 2020; Krueger et al., 2020; Bansal et al., 2019;
Barnett, 2019; Choi et al., 2020; Engle et al., 2019; Giglio et al., 2021; Bolton and Kacperczyk,
2021b,a) to which we contribute a novel market-based analysis of ambiguity aversion.
Our work also contributes to the important work on uncertainty analysis and the
application of dynamic decision theory. As noted previously, this literature includes work
on multiple priors (Gilboa and Schmeidler, 1989), model misspecification (Anderson et al.,
2003; Maccheroni et al., 2006; Hansen and Sargent, 2007; Cerreia-Vioglio et al., 2021), and
smooth ambiguity (Klibanoff et al., 2009; Hansen and Miao, 2018; Ilut and Schneider, 2023).
There is also a growing literature exploring uncertainty analysis as it pertains to climate
change (Kelly and Kolstad, 1999; Crost and Traeger, 2010; Lemoine and Traeger, 2012;
Brock and Hansen, 2018; Barnett et al., 2020; Rudik, 2020; Barnett et al., 2021; Barnett,
2023; Barnett et al., 2023). Prior work has attempted to quantify ambiguity aversion using
survey-based methods, such as eliciting imprecise probabilities or presenting hypothetical
choice experiments (Bhandari et al., 2024; [lut and Schneider, 2023). While informative,
these approaches are limited by hypothetical bias and framing effects. Work by Brenner
and Izhakian (2018) provides one of the few market-based measures related to uncertainty,
estimating ambiguity (not ambiguity aversion) based on high frequency return volatility,
with a recent application of the methodology to climate ambiguity (Rocciolo et al., 2024).
Instead, we take a market-based approach integrated with scientific model projections to
directly estimate uncertainty aversion. By examining how housing markets capitalize both
expected SLR risk and uncertainty in inundation timing, we provide the first revealed-
preference estimate of ambiguity aversion related to climate change. Hence, our paper
helps address a key gap in the literature on robust decision-making under uncertainty, the
pricing of climate risk in real estate markets, and the empirical discipline of ambiguity

aversion—specifically but not limited to the context of climate-related risks.

2. A (StyLizED) ROBUST CONTROL PROBLEM

We formulate a robust control framework to characterize an uncertainty-averse agent
evaluating the long-run impact of sea-level rise (SLR) on asset value. The agent faces
uncertainty both across and within future SLR scenarios and is therefore concerned about
potential model ambiguity and misspecification. This section outlines the primitives of

the environment, including functional forms for preferences and the optimally robust



probability distortions for model ambiguity and misspecification concerns.

2.1. Model Primitives

Our robust control framework captures two distinct layers of uncertainty. First, the agent
taces ambiguity regarding which sea-level rise (SLR) scenario will materialize. Second,
within each scenario, there is concern over the potential misspecification of the underlying

risk model. We describe these two components separately before combining them.

Ambiguity Across Scenarios

Let N ={0,1,...,N} denote the set of possible future SLR scenarios. For each scenario
i € NV, the agent has an initial evaluation of the scenario’s utility, denoted by v;. However,
uncertainty over which scenario will occur motivates the agent to consider alternative prob-
ability distributions. Specifically, the agent starts with a benchmark prior p = (po, ..., pN)

over N but then seeks a distorted distribution ¢ on the simplex
AN ={ge 0¥} g =1},
1

which is chosen to minimize the expected utility subject to a penalization term, which
together reflects ambiguity aversion. This ambiguity aversion penalty is captured by a

divergence function D,(q||p). Formally, the agent’s problem at the scenario level is

gt = argqmin) {Zqivi + Da(”l”p)} .

eAN

Misspecification Within Each Scenario

Within any given scenario 7, the agent models the SLR risk index S using a distribution f;

on the support [0, Tp]. The preliminary evaluation of utility in scenario i is given by

ui = E[u(S) | fil
where 1(S) is the payoff function (specified later). Recognizing that the model f; might be
misspecified, the agent entertains alternative distributions g; (absolutely continuous with
respect to f;) and penalizes deviations with a second divergence D, (g;l| fi). The worst-case
(or distorted) measure g} is thus determined by

g = arg min {E[u(S) | fil +Dy(gillfi)}-

8ikJi

Under this worst-case measure, the valuation in scenario i is updated to

vi = E[u(S) | &1

7



Combining the Two Layers

Incorporating the within-scenario distortions into the evaluation of each scenario, the overall

robust control problem addressing ambiguity and misspecification concerns becomes

1<<1

q" = —arg mm {Z% [mm {E[u(S) | fil + Dv(gini)}} + Da(qHP)} :
The robust valuation of the asset, accounting for both uncertainty channels, is therefore

Zqi‘IE S)|gl. (1)

2.2. Functional Forms and Assumptions
Housing Utility Utility is linear in the SLR risk index:
u(S) =0 —pS.

This functional form is motivated both by empirical hedonic regressions (see empirical
section) and by microfoundations discussed below. The risk index S captures expected

losses from SLR and enters utility negatively.

Divergence Penalties Both ambiguity and model misspecification are penalized using x>

divergence:

1 (qi —pi)? — 5 /TO (8(5) = £(5))
. D ds.
Alternative specif1cat10ns using Kullback-Leibler divergence will be considered in a

robustness section.

Remark 1. The linearity of v in S simplifies our analysis, and can be partially justified by
the empirical observation that the log of housing prices are approximately linear in the
projected first year of inundation, once amenities are controlled for (see Figure 4). The
linearity can be microfounded as follows. Consider a house that, in the absence of SLR
risk, yields housing utility flow between period ¢ = 0 and a terminal period Tp. However,
with SLR risk, the housing utility flow will stop as soon as the house is permanently
inundated by the rising seas. Denote the first period of inundation under SLR scenario i by
T;. Suppose the homeowner discounts the future at rate p. Then the present discounted
value of the housing unit in scenario i is given by v; = l(1 —exp(—pT; AN Tp)). Let
S;i = (Ty — T;) . Then the housing valuation can be appr0x1mated linearly by v; ~ 7 — BS;,
where 7 = 5(1 —exp(—pTp) and B = exp(—pTp).2

*The approximation is reasonable in our context. For example, with Ty = 2301 — 2001 (our SLR projection

8



2.3. Decomposition of Uncertainty

The agent’s valuation of future housing utility depends not only on expected outcomes but
also on how uncertain or volatile those outcomes are—both across and within scenarios.
Let the average SLR risk index under the benchmark prior p be defined as:

S=) S
i

where S; = E[S | fi] is the expected value of the SLR risk index under scenario .

We decompose overall uncertainty about SLR into two distinct components:

* Uncertainty across scenarios (ambiguity), denoted U,cross, captures the dispersion in
average outcomes S; across different scenarios. It reflects the ambiguity about which

scenario will actually occur:
Uacross = Zpi(si - S_)Z
i

An equivalent way to express this weighted variance is by noting the standard identity

for weighted variances:

Uacross = %Zpilﬂj(si ~-S5)* = Zpipj(si —S))%
1,] 1<J
In words, when probabilities are equal this expression is (up to a multiplicative
constant) the sum of the squared differences between all pairs of scenario means. In
our setting, Uacross therefore captures how different the average SLR risk is across the
various scenarios. Larger values of U,cross indicate greater uncertainty (or ambiguity)
about which state of the world will prevail. This form of uncertainty is handled via

ambiguity aversion (with parameter «).

To see Uacross better, consider the case where the agent has an equal benchmark prior
probability p; = p, = p3 = 1/3 over three scenarios 1,2,3.3 Furthermore suppose
that S; < S < S3, and S is the average of S; and S3 (i.e., Sp = %). Then Ujzcross
simplifies to %(Sl — S3)2. Hence, Uycross is proportional to the squared divergence
between the best-case (lowest SLR) and worst-case (highest SLR) scenarios. The term
thus intuitively encapsulates how ambiguous the future is: the larger the gap between
the extreme scenarios, the greater the ambiguity.

ends in 2300 and the first year in our data is 2001), T = 2273 — 2001 (the median projected first year of
inundation due to SLR under RCP 4.5 is 2273), p = 2%, the value of v; is 49.783, which is well approximated

by 49.807.
3We discuss the validity of this assumption, and the impact of relaxing it, in Section 4.2.



* Uncertainty within scenarios (risk), denoted U,inin, captures the average variance

of the SLR risk index within each scenario:
Usithin = Y_ Pio;,
i

where 07 = VI[S | f;]. This reflects the agent’s concern that even if the agent is
perfectly confidently about the underlying scenario, the specific outcome S may still be
unpredictable or volatile. This form of uncertainty is handled via risk/misspecification

aversion (with parameter 7).

These two forms of uncertainty are penalized differently by the agent: within-scenario
variability is handled via misspecification or risk aversion (parameter y), while across-

scenario ambiguity is penalized via ambiguity aversion (parameter «).

2.4. Characterizing Distorted Probabilities

Distortion of Within-Scenario Probabilities The following lemma characterizes how
the agent distorts the distribution f; within each scenario to reflect concerns about model
misspecification.

Lemma 1. The optimal distortion of the within-scenario distribution f; is:

g/ (S) _
F(8) [1+9B(S =S

This expression implies that the agent gives more weight to outcomes S that are worse than
the scenario’s average S;, and less weight to more optimistic ones. The parameter y governs
how aggressively the agent tilts the distribution toward downside risks. Intuitively, when
7 is large, even small deviations from the average are heavily penalized, reflecting strong

aversion to within-scenario uncertainty.
Distortion of Scenario Probabilities The agent also distorts the prior p; over scenarios to
account for ambiguity aversion. The next lemma characterizes this distortion:

Lemma 2. The optimal distorted probability over scenarios g; is:

x [1_“(0i_5)]+
o= ple pill —a(v;— o)t

Assuming an interior solution, this simplifies to:

IE 14 ap(S; — ) + ayB2(0? — Uspithn)- @)

Pi

10



This result has an intuitive decomposition:

e The term aB(S; — S) captures the leading-order distortion: scenarios with worse-than-
average expected SLR risk (i.e., higher S;) received augmented probability weight
under the agent’s distorted distribution g;'. This reflects the agent’s ambiguity aversion

toward scenario-level variation.

¢ The second-order term zx'yﬁz(aiz — Uyithin) represents the influence of within-scenario
variability on belief distortion. While conceptually important, it plays a smaller role

for small values of B, and is dominated by the first-order across-scenario term.

In what follows, we will focus primarily on the dominant first-order effect—the deviation
S; — S—which governs how the agent reshapes their probability distribution over scenarios
in response to uncertainty. This term drives the main wedge between the benchmark prior
pi and the distorted probabilities 47, and serves as a key link between ambiguity aversion

and scenario-level tail risk.

2.5. Robust Valuation

Recall that by combining the distorted probabilities across scenarios q* and the within-
scenario probability distortions g7, the agent’s overall robust valuation of the asset is defined
in (1) as:

v* = Zq:‘]Eg;e [u(S)].

This expression integrates both dimensions of concern: ambiguity over which SLR scenario
will prevail and possible model misspecification within each scenario.
The following proposition provides a tractable second-order characterization that will

serve as the backbone for our empirical analysis:

Proposition 3. Assuming interior solutions to the minimization problems, the robust

valuation is given by:
vt =10~ ﬁS_ - ’)’52uwithin - “ﬁzuacross + O(,Bg) (3)

This decomposition offers intuitive insight into how the agent’s valuation responds to

risk and uncertainty:

e The term 7 — [35 reflects the benchmark valuation based on average SLR risk. Here, 8
captures the marginal sensitivity of value to expected inundation or damage, and § is

the mean expected loss under the benchmark prior.

11



¢ The term —v [32 Uyithin captures the agent’s aversion to risk *within* each scenario—namely,
the concern that the true outcome might be worse than suggested by the baseline
model f;. This misspecification or risk leads to a conservative reweighting of possible
outcomes within each scenario, effectively discounting scenarios with greater internal
dispersion.#

e The term —aﬁzuacross represents ambiguity aversion *across* scenarios. When ex-
pected damages vary substantially across plausible futures, the agent treats this
divergence as a form of model uncertainty and discounts the asset accordingly. The
more disagreement across expert scenarios (i.e., higher U,cross), the greater the down-

ward pressure on value.

While these latter two terms appear at second order in j, they are central to our empirical
strategy. They provide the key identification channels for distinguishing:

1. the role of physical exposure to risk (S),
2. the agent’s sensitivity to model risk (Uyithin), and

3. the agent’s sensitivity to model uncertainty (or ambiguity) across future climate scenarios
(uacross) .

It is natural that these uncertainty-related terms depend on B. If exposure to sea-level
rise S has no impact on value—i.e., if B = 0—then neither risk (variance within scenarios)
nor ambiguity (disagreement across scenarios) would matter for valuation. In other words,
uncertainty only matters insofar as the agent is sensitive to the underlying risk. The
quadratic dependence on f arises naturally because the valuation penalties are driven
by variation in S—that is, second moments—and utility is linear in S with slope —p, so
uncertainty enters the valuation through terms involving B2.

In short, while these terms appear at second order in B, their structure is essential: they
encode distinct responses to within-model (Uyiwin) and across-model (Uacross) uncertainty.
As such, they play a central role in our empirical analysis, guiding how we interpret
variation in observed prices and estimate the parameters governing robust preferences. For
completeness, the full expression beyond the second-order expansion is provided in the

appendix and is used in our robustness checks.

4This decomposition shows the isomorphism between misspecification aversion in our specific model
context and risk aversion in a constant absolute risk aversion setting. As the variation within scenarios can
be attributed to both internal variability resulting from the chaotic dynamical climate system and modeling

differences, both labels are appropriate. We therefore use these labels interchangeably in our framework.

12



2.6. Corner Solutions and Maxmin Preferences

The closed-form expressions for g7 and g; rely on interior solutions—i.e., the distortions
must remain strictly positive across the relevant support. For within-scenario distortions
gi, this requires that

8i (S) =14+9B(S—S;) >0 forallS € supp(f;).

fi(S)
Since S > 0, a sufficient condition to guarantee positivity is:

v < !
BS;’

This bound ensures that the agent’s pessimistic tilt toward higher S values does not result
in negative (or zero) distorted probabilities. In practice, this condition is easily satisfied:
in our data, § is small (approximately 10 basis points), and for typical values of S; > 100,
the bound becomes v < 10. Thus, for moderate levels of misspecification aversion, interior

solutions are well-behaved and analytically tractable.

Limiting Case: Maxmin Preferences More interestingly, the solution for the distorted
prior g; can approach a corner solution when the agent’s ambiguity aversion is sufficiently

high. From Lemma 2, the expression for g is:

. 1 —a(v;—0)]"
P i —a(o, —0)]F

If the ambiguity aversion parameter a becomes large enough, the agent effectively discards

all scenarios except the one with the lowest utility v;. Formally:

Corollary 4 (Maxmin preferences). If « > (o — min;{v;}) !, then:
v* = minv,.
ieN

This limiting case corresponds precisely to the Gilboa and Schmeidler (1989) maxmin
expected utility model, in which the decision-maker evaluates alternatives by their worst
possible outcome. Remarkably, this classical model emerges as a special case of our smooth
robust control framework. While this connection may seem straightforward in hindsight,
it has often been overlooked in applied work—even though the maxmin model plays a
prominent role in macroeconomics models with ambiguity aversion (Ilut and Schneider,

2023).

13



2.7. Risk Aversion but No Ambiguity Aversion

Consider another special case where ambiguity aversion is absent, i.e. @ = 0. In this
case, the agent does not distort the baseline probabilities across scenarios and treats the
uncertainty over which scenario will occur as a compound lottery. Consequently, the overall
distribution of the SLR risk index S is simply given by the mixture YN p; f;(S), where
£i(S) is the density of S in scenario i and p; is its benchmark probability.

Then, the robust valuation in (3) collapses to

N
v* =Y pivi =5 — BS — Y Usyithin-
i=0

Thus, without ambiguity aversion, the only source of uncertainty that matters for valuation
is the within-scenario variation Uyyimin. In climate model projections, this variation comes
from both internal variability from the chaotic nature of dynamical climate system models,
as well as differences in the underlying biophysical model used to generate the projection.
The empirical distinction between risk and misspecification in this sense is not obvious,
and our stylized model treats them in a somewhat interchangeable way.

This corner case implies a testable hypothesis: If agents are not ambiguity averse, then
housing valuations should only respond to risk (as measured by Uy;,), and not to ambiguity
(captured by Uyeross). In our data, for instance, if one finds that differences in scenario means
(i.e. the gap between best and worst case outcomes) do not systematically affect valuations,
this would be consistent with & = 0. Conversely, significant effects of U,cross Wwould suggest

that ambiguity aversion plays an important role.

2.8. Mapping the Model to Data

Is it reasonable to expect all homebuyers to be highly sophisticated in their understanding of
sea-level rise (SLR) projections and to worry about potential model uncertainty both within
and across scenarios? Likely not. In fact, survey research shows that climate beliefs in the
U.S. are highly polarized: a significant portion of the population either does not believe that
global warming is happening or does not believe that it will harm them personally (Howe
et al., 2015). This polarization manifests in market behavior. For example, Baldauf et al.
(2020) and Bakkensen et al. (2025) document that housing prices only capitalize future SLR
risk in counties with sufficient belief or worry about global warming according to surveys.

To reflect this heterogeneity in beliefs, and to connect our model to observed housing

market data, we introduce a concrete scenario structure. We define:

* Scenario 0: No SLR risk, i.e., S = 0 with certainty. This captures the belief of buyers

who are unconcerned about climate change or skeptical of scientific projections.
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® Scenarios 1, 2, and 3: Correspond to Representative Concentration Pathways (RCP)
2.6, 4.5, and 8.5, respectively. These are standard emission scenarios used by the

Intergovernmental Panel on Climate Change (IPCC) to model climate futures.>
We assume that homebuyers fall into two belief types:
¢ Optimists: Assign full probability to scenario o. Thatis, po =1, and p; = p» = p3 = 0.

* Pessimists: Dismiss the no-SLR scenario, i.e., pg = 0, and assign probability only over
the scientific RCPs.

Under this setup, the valuation of optimists is:
Pt = g,

since according to optimists, S = 0 with certainty. However, the valuation of pessimists will
be given by the robust value v* in (3).
This heterogeneity in beliefs motivates an empirical specification of the following form:

where Pessimist; is an indicator for whether buyer i is classified as a pessimist, and
S, Uacross, Uwithin are the average SLR exposure and the two uncertainty measures, using
probability weights that will be discussed below.

Hypotheses: Optimists assign no weight to SLR risk or uncertainty. Hence, we expect:
Po =05 =14dy =0.
Pessimists, in contrast, discount housing value based on exposure, ambiguity, and risk:
B1 <0, 6{<0, &Y <0.

Furthermore, zooming in on ambiguity aversion, our discussion in Section 2.6 implies a
testable null:
Ho: 67 =0 (noambiguity aversion),

Hy: 4] <0 (ambiguity-averse pessimists dislike divergence across scenarios).

5RCPs were developed by the IPCC as part of the Coupled Model Intercomparison Project (CMIP). They
represent different greenhouse gas concentration trajectories: RCP 2.6 assumes aggressive mitigation; RCP 4.5
represents a stabilization path; and RCP 8.5 is a high-emission, “business-as-usual” scenario. These scenarios
are widely used in climate modeling, including in sea-level rise projections such as those by DeConto and
Pollard (2016) which account for potential ice sheet destabilization, that we employ in our analysis.
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Rejecting Hy would provide empirical support for models of deep uncertainty and robust
preferences. If buyers respond only to Uyimin, it would suggest either misspecification or
risk aversion, but not ambiguity aversion. If they also respond to Uacross, this supports the
presence of deep uncertainty and belief heterogeneity in market pricing. This specification

provides a clear empirical test for model uncertainty aversion in housing markets.

3. EMPIRICAL ANALYSIS

3.1. Data construction

Our analysis is based on high-resolution property transaction data from CoreLogic, which
provides extensive mortgage and real estate transaction records spanning 2001 to 2016. By
integrating CoreLogic’s comprehensive property records with state-of-the-art SLR modeling,
we construct a uniquely detailed dataset that allows for an in-depth analysis of how climate
change risk is transmitted to housing markets. This dataset includes detailed property
characteristics such as sale prices, transaction dates, number of bedrooms and bathrooms,
building size, lot size, elevation, and year built. The availability of precise geolocation
coordinates for each property enables us to merge these records with sea-level rise (SLR)
projections and construct property-specific inundation risk estimates.

To estimate the first year of inundation for each property, we follow the methodology
detailed in Rodziewicz et al. (2022). This process involves multiple steps. First, we determine
property-specific elevations by matching each property’s coordinates with NOAA’s Digital
Elevation Models (DEMs). These elevation values are adjusted to a consistent vertical
datum and account for differences in land height relative to sea level. Unlike simple
elevation-based assessments, we incorporate NOAA'’s Sea-Level Rise Viewer shapefiles,
which delineate areas projected to be hydrologically connected to the ocean. This ensures
that properties behind levees, dunes, or other protective barriers are not misclassified as
vulnerable to near-term SLR.

These property-specific elevations are then integrated with well known SLR projections
developed by DeConto and Pollard (2016). These projections estimate the timing of
inundation under three Representative Concentration Pathways (RCPs): RCP2.6 (low
emissions, slow SLR), RCP4.5 (moderate emissions, moderate SLR), and RCP8.5 (high
emissions, accelerated SLR). The projections incorporate global and local uncertainties in
future sea-level rise, accounting for ice sheet loss dynamics, thermal expansion, and land
subsidence. The resulting property-level SLR inundation timing estimates range from 2050
to 2300, with uncertainty bands capturing projections from the 1oth to the goth percentile.

Figure 2 illustrates how we construct the projections of the first year of inundation for
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each property. The solid lines represent the median SLR projections for RCP2.6, RCP4.5, and
RCP8.5 (while the dotted lines plot the corresponding 10th and goth percentile projections
under each scenario). For each property, its elevation (represented for a single house by the
horizontal solid line) determines the first year of inundation. Taking the RCP4.5 scenario as
an example, the intersection of the horizontal line with the median SLR curve for RCP4.5
determines the first year (Trcpas) that the property will be permanently inundated under
the median projection. The same method is applied for the RCP2.6 and RCP8.5 scenarios,
yielding the corresponding first years of inundation Trcpp ¢ and Trcpss-

Figure 3 presents the spatial distribution of projected inundation risk and uncertainty
for properties in the Miami subsample. The left panel maps the median projected first year
of permanent inundation under the moderate emissions scenario (RCP4.5) for over 180,000
properties. The center panel visualizes cross-scenario uncertainty by showing the absolute
difference in inundation timing between the low (RCP2.6) and high (RCP8.5) emissions
scenarios. The right panel shows within-scenario uncertainty under RCP4.5, measured as
the absolute difference between the goth and 10th percentile projected inundation years.
A key observation is that uncertainty across scenarios (middle panel) appears much more
pronounced than uncertainty within the RCP4.5 scenario (right panel), with many areas
showing differences of over a century depending on emission trajectories. Additionally,
spatial patterns suggest that properties farther inland tend to experience later inundation
dates and greater variability in projections, while coastal properties generally face earlier
and more consistent risk.

Beyond physical exposure to SLR, we analyze how buyers’ perceptions of climate risk
influence housing transactions. We incorporate county-level climate opinion data from the
2014 Yale Climate Opinion Survey (Howe et al., 2015), which provides estimates of the
percentage of residents who believe climate change is occurring. This dataset, based on
over 13,000 survey responses, serves as a proxy for buyers’ climate awareness at the time of
purchase. By linking this measure to property transactions, we evaluate how climate beliefs
impact pricing, demand, and market behavior.

To control for broader economic and demographic trends, we merge our dataset with
county-level statistics from the U.S. Census Bureau, including population density, median
income levels, and local economic indicators. These controls help disentangle the effects of
SLR risk from other economic factors affecting property values.

We restrict our analysis to single-family properties from 17 major coastal metropolitan
statistical areas (MSAs) (Figure 1). To reduce the influence of extreme outliers, we exclude
transactions with sale prices outside the $50,000-$10,000,000 range and winsorize key

housing variables, including house price, building size, elevation, and age, at the 1st and
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99th percentiles.

Table 1 provides summary statistics for the properties in our dataset. The average home
sale price is $464,496 (std: $539,648), with a median price of $325,500. Houses typically
have 3.25 bedrooms and 2.31 bathrooms, with an average building size of 2,049.8 square
feet. The average property elevation is 82.11 feet above sea level, but 10 percent of homes
sit below 6.8 feet, highlighting the range of exposure to coastal flooding. SLR projections
suggest substantial variation in the first year of inundation across properties and climate
scenarios. Under RCP2.6, the average projected inundation year is 287 years from the base
year of 2010, while under RCP8.5, it drops to 234. Uncertainty in these estimates increases
under more extreme climate scenarios, with projected standard deviations ranging from
13.6 years (RCP2.6) to 86.5 years (RCPS8.5).

3.2. Specification

To empirically test the implications of our model and map its structure to housing market
data, we estimate the following regression specification. This is a direct empirical analogue
of the robust valuation equation (4) developed in Section 2.8, where market participants

are allowed to differ in their beliefs about climate change.

10g Vh,c,t = ;BOSh + (58) uwithin,h + 58 uacross,h
+ (;B 15K + 5? uwithin,h +9 % uacross,h) X Pessimist.
+ Xy il +0zxp + T + const + ¢, o4 (5)

Here, log V}, . ; is the log sale price of property & in county ¢ and year t. The key explanatory

variables correspond directly to components of the theoretical model:

SLR risk measure The term S; denotes sea-level rise risk under the middle (RCP 4.5)
scenario for property h, calculated (consistently with Remark 1) as:

Sp = (2301 — Trop 4.5/h)+,

where TE&% 45 18 the median projected year of inundation for house h. Properties not
expected to be inundated by 2300 are assigned S;, = 0, reflecting long-horizon discounting

and practical irrelevance for pricing.

Uncertainty measures To test for both risk and ambiguity aversion, we include two
distinct measures of uncertainty, both of which are calculated at the property level (thus
the subscript h):
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¢ Within-scenario uncertainty:

2
o= (TP — TP
Usyithin,in = (TRCP 4.5,h TRCP 4.5,h) ’
which captures the variance in inundation year projections under a fixed emissions

trajectory.

* Across-scenario uncertainty:

2
— (TP5° _ P50
Uacrossh = <TRCP 261~ IRCP 8.5,h> ’

which measures how much the projected year of inundation shifts depending on

whether aggressive mitigation or high emissions prevail.

Belief heterogeneity and interpretation The variable Pessimist. equals one if the county’s
climate concern score (from the Yale Climate Opinion Survey) exceeds the national median.
This allows us to distinguish between optimists (who effectively ignore climate risks) and
pessimists (who take them seriously).

This structure maps cleanly to the model: under the null hypothesis, optimists set

po = 1 and are insensitive to SLR exposure or uncertainty, so we expect
Bo =0y =5 =0.

In contrast, pessimists assign beliefs across scenarios 1—3 (the RCPs) and value robustness

to model error. Therefore, the coefficients on the interaction terms
B, 67, &1

represent the sensitivity of climate-concerned markets to projected inundation risk, model

variance, and deep scenario divergence, respectively.

Testable implications Recall that the model yields several testable predictions:

* B1 < 0: Pessimists discount homes based on augmented SLR inundation risk.
* 4 < 0: Pessimists value robustness to within-scenario variation.

* 4 < 0: Pessimists discount homes when there is variation across scenarios.

A particularly sharp test comes from evaluating the null hypothesis of the third condition

of there being no ambiguity aversion:
Hp: 6{=0 vs. Hyu: ¢ <0.

Rejecting Hy would offer direct evidence that market participants act as ambiguity-averse

agents responding to deep uncertainty in climate projections.
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Remarks on selection and sorting. A relevant consideration in evaluating market-based
transaction prices is the potential effects of selection and sorting by the households deciding
to buy houses in our data. The literature has provided evidence that attenuates such
concerns, as well as emphasized various considerations to account for in constructing the
empirical model specification to address such concerns.

In order to identify the implications of sea-level rise on house prices, a common choice for
the empirical estimation in the existing literature has been to split the sample of house-price
transactions based on climate beliefs. This choice has been motivated by the theoretical
analysis done by Baldauf et al. (2020) and Bakkensen and Barrage (2022). Specifically,
Baldauf et al. (2020) highlight in a model of housing choice that includes homophily
considerations that house prices have differential responses to climate change and SLR
risk. Bakkensen and Barrage (2022) show in their theoretical framework characterizing the
housing market when there is heterogeneity in beliefs about climate change and SLR risk
and amenity values of coastal living that house price differences consistent with empirical
analyses in the literature can arise. It is this theoretical work that motivates our choice to
split our estimates between climate pessimists and climate optimists as has been done in
those frameworks, as well as others.°

A concern related to splitting the sample based on climate beliefs is the possibility of
introducing selection bias. Specifically, the standard belief measure used in the literature,
which we use as our baseline measure, is a country-level variable that splits houses based
on above- or below-median responses to questions about climate change beliefs in the Yale
Climate Opinion Survey. One potential issue with this measure is that it could be correlated
with other unobserved variables impacting house prices and could therefore be a biased
proxy for individual-level beliefs. Numerous papers in the burgeoning literature on the
implications of sea-level rise for house prices have tested and taken into account issues
associated with selection and sorting. Bernstein et al. (2019) provide empirical evidence to
show that this belief measure does not proxy for prior flood damage to a house, a lack of
investment in home upkeep to a house, house characteristics like age or size, or missed
controls for “views” amenity. Bakkensen and Barrage (2022) show that their results of
SLR impacts on houses split by beliefs do not come from differential expectations about
damages, government assistance, or insurance reimbursements. Furthermore they provide
evidence showing that past flood experience does impact beliefs about SLR risk, and that
households with high concern about flooding are more likely to plan on selling their

home in the near future than other households. Finally, Bakkensen et al. (2025) show that

®In future work we plan to develop our own theoretical framework generalizing these settings to emphasize

the relevant mechanisms related to model uncertainty implications for house price impacts of SLR.
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individual- and county-level measures of climate beliefs are highly correlated, that counties
where a higher fraction of buyers are from actually have higher climate change concerns,
and that concerns about selection should actually attenuate results related to the impact of
SLR on house prices as optimists should pay more for high risk homes.

To further address concerns about selection bias, there are a number of steps proposed
by the literature which we have or plan to account for in our estimation. First, Bernstein et al.
(2019), Baldauf et al. (2020) and Bakkensen et al. (2025) have emphasized the importance of
including a rich set of controls and fixed effects to capture as much of the individual- and
country-level unobservables that could confound our results. For this reason we include a
rich set of controls related to houses purchased in our sample, as well as their interactions
with the SLR risk measure, and various combinations zip-code, coastal distance, time, and
other fixed effects. In addition, we include county-level measures of income, population,
and political affiliation to capture the more aggregated unobservable economic trends that
could be correlated with SLR beliefs and SLR risk. Bakkensen et al. (2025) also recommends
using various alternative questions about climate change beliefs from the Yale Climate
Opinion survey, which we do. Lastly, we plan to incorporate the following additional tests
based on (Oster, 2019; Bernstein et al., 2019; Bakkensen et al., 2025) to further validate our
estimation results: i) testing alternative measures of climate beliefs, including individual-
level measures, ii) estimating our results separately for owner-occupied versus non-owner
occupied houses, iii) extending our sample to exploit time-series variation related to climate-
related disaster exposure, updates in SLR projections, and along other dimensions, and iv)
implementing bounding tests to evaluate the robustness of our estimates to the potential

impacts of omitted variable bias.

3.3. Results

This section presents our empirical findings on how housing markets price sea-level
rise (SLR) risk and uncertainty. The specification corresponds to equation (5), and the
results directly test the hypotheses laid out in Section 2.8, particularly regarding belief

heterogeneity, risk or misspecification aversion, and ambiguity aversion.

3.3.1 SLR risk capitalization

We begin by estimating the average effect of SLR risk on house prices. Table 2 presents
results for the full sample and for subsamples split by climate belief. In the full sample
(column 1), the coefficient on SLR risk (Sj) is small and statistically insignificant, suggesting

that, on average, projected inundation dates do not meaningfully affect prices.
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However, in climate-conscious counties (column 2), the effect is significantly negative:
homes expected to be inundated sooner sell for less. Figure 4 provides a visual counterpart
to this result. The bin scatter plot shows the relationship between SLR risk and log house
price, after controlling for the full set of property and county-level characteristics. The
downward slope of the fitted line confirms the negative price response observed in column
(2), reinforcing the finding that home values decline as inundation dates become nearer in
climate-aware markets.”

Column (3) interacts SLR risk with the Pessimist indicator. The estimated coefficient
on the interaction term is B; = —0.0010489, or about -10 basis points. This implies that in
climate-concerned counties, a house expected to be inundated 100 years earlier sells for
approximately 10% less, relative to an otherwise comparable home. The estimate of ; is

central to deriving the long-run discount rate, which we discuss in detail in Section 4.1.

3.3.2 Which scenarios matter most?

To examine how buyers process scenario-specific projections, Table 3 estimates specifications
using SLR risk computed under RCP 2.6 (S1), RCP 4.5 (52), and RCP 8.5 (S3), focusing
exclusively on climate-concerned counties. Each column includes a different subset of
the scenario-specific risk variables, allowing us to assess which scenario receives the most
weight in buyers’ pricing decisions.

In column (1), we estimate the effect of SLR risk under RCP 2.6 alone. The coefficient
is negative and significant, indicating that buyers penalize properties expected to be
inundated even under optimistic scenarios. However, when both RCP 2.6 and RCP 4.5 are
included in column (2), the coefficient on RCP 4.5 becomes the dominant loading, while
the coefficient on RCP 2.6 shrinks and loses significance. This shift suggests that when
buyers are presented with a moderate and a more optimistic path, their pricing behavior
puts more weight on the worse of the two—in this case, RCP 4.5.

The worst-case loading becomes even clearer in column (3), where all three RCP
scenarios are included simultaneously. The effect of RCP 8.5 emerges as the largest in
magnitude and is strongly statistically significant, while the coefficients on RCP 2.6 and
4.5 are smaller and insignificant. This indicates that once the true worst-case scenario is
available, buyers assign the most importance to it—discounting home values based on the
most extreme plausible pathway for sea-level rise.

This pattern is consistent with our model of ambiguity-averse buyers. As described in

7Notably, this bin scatter specification employs more stringent fixed effects—ZIP x distance-to-coast bin
x year fixed effects—ensuring that the variation exploited is within highly localized markets and further

reducing concerns about omitted variable bias.
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Section 2.6, when agents face uncertainty over which scenario is correct, the endogenous
worst-case belief distribution g* shifts weight toward the scenario associated with the most
severe outcome. In the limiting max—min case, buyers behave as if only the worst-case
scenario matters. ¢ These findings reinforce the idea that housing markets in climate-aware
regions do not simply price expected risk. Instead, they reflect precautionary behavior
consistent with worst-case thinking under ambiguity, with valuation anchored to the most
adverse plausible future in the information set.

3.3.3 Capitalization of across- vs. within-scenario uncertainty

Table 4 introduces our two measures of uncertainty: across-scenario ambiguity (Uacross) and
within-scenario risk (Uyithin). The results strongly support the second and third hypotheses
outlined in Section 2.8:

0] <0 (ambiguity aversion), 07 S0 (risk aversion).

Column (1) includes only the interaction of Ujcross With the Pessimist indicator. The
coefficient is negative and significant, indicating that homes in climate-concerned coun-
ties are discounted more heavily when there is greater disagreement across emissions
pathways. This is consistent with ambiguity-averse buyers placing extra weight on model
divergence—interpreting it as a signal of aversion towards deep uncertainty.

Column (2) includes only the within-scenario uncertainty interaction term. The coef-
ticient on Pessimist X Uy inin is also negative and statistically significant at the 10% level,
suggesting some aversion to risk or misspecification within a fixed scenario (RCP 4.5).
However, the effect is smaller in magnitude than for Uacross-

Column (3) includes both uncertainty measures simultaneously. Here, the interaction
term for Ua,cross remains negative and statistically significant, while the coefficient on Uyithin
becomes small and statistically insignificant. This confirms that across-scenario uncertainty
has a more robust and salient effect on prices than within-scenario variance.

The pattern of results allows us to formally reject the null hypothesis of no ambiguity
aversion:

Hop:6{ =0 Vs. Hy : 67 <0,

providing strong support for the view that market participants are ambiguity averse, not
just risk averse. Buyers in climate-aware markets behave as though they discount futures
in which climate models disagree most—consistent with robust control preferences or the
max—min utility framework described in Section 2.6.

In sum, these results reinforce a central insight of our model: SLR exposure is not just

about expected damages—it is about probability distortions coming from deep uncertainty.
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We dig deeper into this point in Section 4.2, where we use these estimates to recover an

implied parameter of ambiguity aversion from observed market behavior.

4. MARKET-BASED ESTIMATES

4.1. Market-based estimate of the long-run discount rate

Our framework provides a unique opportunity to revisit the debate on what are appropriate
long-run discount rates in climate economics, as we can estimate the discount rate against
long-run SLR risk using our data. In our model, the parameter B captures the sensitivity
of house prices to shifts in the expected first year of inundation due to sea-level rise. Our
empirical estimates of 31 of about 10 basis points, implying that, all else equal, a property
with an expected inundation date 100 years earlier sells at a 10% lower price.

To interpret the magnitude of f; = —10 basis points (column 3 Table 2) in terms of
forward-looking behavior, we map the estimate to the model’s pricing kernel as described in
Remark 1, where || = exp(—pTp). Solving for p with || = 0.9 and T = 2301 — 2001 = 300,

we obtain: , ,
= —— ~———1I . ~ 0.002
p =~ 108(|Bl) ~ — 354 log(0.9) ~ 0.0023,

or a long-run annual discount rate of approximately 2.3%.

This market-implied discount rate of 2.3% is notably lower than the 4% benchmark
commonly used in integrated assessment models such as DICE (Nordhaus, 2013), and
slightly below the 2.6% rate inferred from long-term housing markets in the UK and
Singapore by Giglio et al. (2015, 2021). These differences are economically meaningful.
Because the discount rate has a role in determining how heavily future climate damages
are weighted in present-value terms, even small reductions can translate into substantially
higher estimates of the social cost of carbon. In this sense, our approach offers a new,
market-based calibration of long-run climate discounting—one grounded in actual asset
prices rather than theoretical assumptions or global averages. It highlights the potential of
disaggregated housing market data to inform climate economics, particularly in evaluating

long-horizon risks that are otherwise difficult to price.

4.2. Market-based Estimates of Ambiguity and Misspecification Aversion

Now we derive the values for our structural parameters related to ambiguity and misspecifi-
cation aversion, « and <y. To do this, we need a number of plausible simplifying assumptions.

First, we assume a uniform baseline prior across SLR scenarios (i.e., p1 = p2 = p3 = %).
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8 In addition, as guided by our data, we assume that the middle scenario approximates

the average of the two extreme scenarios:

T+ T
T, ~ % and hence §S; =~

S1+ S3
2 7

since S; = 2301 — T;.9 As a result, we obtain
S~ Sy,
and the expression for the variance of outcomes across scenarios further simplifies to

1
uacross ~ 6(51 - 53)2/
as the deviations of S; and S3 from S; are symmetric. Similarly, we assume

N 0% + Ugl
2
another empirically guided choice. Then, by assuming normality for the SLR risk index
outcomes within a given scenario, which allows us to exploit the percentiles reported for
our within scenario projections as in Lochstoer and Muir (2022) and Nagel and Xu (2023),
we can approximate the expression for the variance of outcomes within scenarios by

1

10 90

This reduction means that instead of including nine separate terms—Si, Sy, S3, (S1 —
$2)%, (S2 — S3)%, (S5 — S1)?, 02, 03, and o3—our specification needs only three key terms:
the median inundation time S, the squared difference across extreme SLR projection
scenarios (S; — S3)?, and the squared difference across extreme percentiles for the median
SLR projection scenario (5510 S? 10)

In mapping our theoretical model to the econometric specification in (5), we interpret

the deviation in valuations for a pessimistic agent as

t 2 2
VPes _ yOoPt — —BS,—ap Uacrossh — Y B Usyithin,h/

where:

8There is a stylized fact in the forecasting literature, explored and tested by Genre et al. (2013); Diebold and
Shin (2019); Diebold et al. (2025), that equal-weighted priors do quite well relative to alternative priors when
optimally combining forecasts. We view this result as suggestive that an equal-weighted prior in this setting
where weights across scenarios is a reasonable baseline assumption. Moreover, in Appendix B, we relax this
assumption and instead only assume a symmetric prior where p; = p3 = 17% and find very similar results.

51553, which has a substantial

9This approximation is reasonable. Figure 7 plots the histogram of S; —
concentration of mass at o.
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¢ [ denotes the sensitivity to the central SLR risk Sy,
* a measures ambiguity aversion (i.e., aversion to uncertainty across scenarios), and
* < captures misspecification aversion (i.e., aversion to uncertainty within a scenario).

Thus, the interaction coefficients in equation (5) can be approximated as

p’ p’

~fB, |0 ~a—, and [0}|~ )

Using Column 1 Estimates: Based on the estimated results in Table 4, we take Column 1,
which includes only across—scenario uncertainty, as our baseline quantitative case. To derive

the implied model parameters and probability distortions, we begin with the estimates
|B1]| =~ 0.0008869, |47| ~ 0.0000029.

Then, setting

2
. (0.000:869) —29%10°,

and noting that (0.0008869)% ~ 7.87 x 107, we solve for a:

. 29%x107°x6

787 <107 =221

Under these estimates the implied probability tilt is such that the subjective probability of
the high-end scenario adjusts to

5&
gz — p3 ~ 1] (S3—51) =017 and g7 —p1~ —0.17, (6)
Bl

reflecting a substantial shift in beliefs relative to the baseline.

Figure 6 visualizes the distortion from prior p to g*. The estimated distortion implies
that market participants assign disproportionately higher probability weight to the worst-
case climate scenario than an unbiased prior would suggest. In economic terms, this
shift means that homebuyers in coastal markets act as if extreme sea-level rise outcomes
are significantly more likely than indicated by an equal-weighted prior across scientific
projections. This finding provides the first known market-based estimate of probability
distortions due to ambiguity aversion, quantifying how uncertainty reshapes expectations
and influences asset prices in an economically significant way for climate risk valuation

and policy design.
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Using Column 3 Estimates: Though U, is statistically insignificant in Column 3 of
Table 4, which includes both across— and within—scenario uncertainty, we can examine the
implied model parameters and probability distortions in this setting for comparison to our

baseline quantitative outcomes. The estimates here are
|ﬁ1| ~ 0.0009334, |5{’| ~ (0.0000025, |5{"] ~ (0.0000010.

For ambiguity aversion we have

2 —6
L(000093342 o e 25x10°°x6

o ~17.22.
6 “ ™ 7(0.0009334)2

For misspecification aversion, the mapping is given by

(0.0009334)?
2.562

10 x107° x 2562 .
(0.0009334)2

=10x107%* = 9=

Thus, under the Column 3 estimates we obtain a ~ 17.22 and y ~ 7.52.
It is important to note that the expression for the worst-case probability distortion with
respect to ambiguity aversion,
: [97]

— p3 R S3—51),
93 — P3 |ﬁ1|(3 1)

depends solely on the ambiguity channel—specifically, the ratio of the ambiguity coefficient

to the SLR sensitivity and the difference S3 — S;. Although the updated specification now
includes misspecification aversion via v, this channel does not enter into the calculation
of the probability tilt. As a result, even with the revised values of « and the inclusion of
7, the implied increase in the high-end probability remains robust at approximately 17

percentage points.

5. APPLICATION: WILLINGNESS TO ADAPT TO SLR

Our framework also allows us to quantify, for the first time to our knowledge, the role of
ambiguity aversion in adaptation decisions by linking empirically estimated discount rates
and ambiguity parameters to homeowners’ willingness to raise their property’s elevation.
We have in mind the adaptation technology of raising a house on stilts (Fried, 2022). In
the model, this technology simply maps to an increase in the house’s elevation above the

sea level.’® Under our model, the housing utility flow is normalized to 1 until inundation

°We can also alternatively consider a version of the exercise where the decision maker is a local authority
that is considering building a sea wall.
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occurs at time T, so that the value of the house is given by

1—erT
V(l') = —.
(T) ;

Sea-level rise is modeled as
St - Soeyt; 80 - 1/

and for a house with current elevation /, the inundation time is

1 h
T(h) = —1 1+—=.
Q P‘Og( 50)

A homeowner can raise the elevation by increasing h, and the marginal willingness to

P
adapt is given by a\gglh) (SOJrhy) . Similarly, the willingness to raise elevation by 1 unit

is captured by the difference V(h+1) — V(h).

As a baseline, we set p = 2.4% (as previously derived from our SLR capitalization
estimates) and set the rat of SLR to be y; = 1.60%, p2 = 1.75%, and Sz = 1.97% (calibrated
to average inundation timings under the RCP2.6, RCP4.5, and RCP8.5 scenarios given the

average house elevation in the data). We obtain some quantitative predictions for the cost
of adaptation. Table 5 summarizes our preliminary estimates: columns 2, 3, and 4 show the
willingness to raise the current elevation by 1 ft as a percentage of the current house value,
while columns 5, 6, and 7 report the corresponding dollar amounts based on an average
house price of $464,000. For example, for a house with a current elevation of 1 ft, the
baseline probability weights imply a willingness to raise elevation by 1 ft of approximately
27.2% of its value, while under distorted probability weights (reflecting ambiguity aversion)
this increases to 28.08%—a difference of about 0.79 percentage points (or roughly $3,657).
This is the first time, to the best of our knowledge, that the role of ambiguity aversion
in adaptation decisions can be quantified using empirically estimated discount rates and

ambiguity parameters.

6. CONCLUSION

Our findings provide direct empirical evidence that ambiguity aversion plays a significant
role in how housing markets capitalize climate risks. By linking observed house price
discounts to uncertainty in sea-level rise projections, we quantify the degree to which market
participants exhibit aversion to ambiguous climate outcomes. The estimated ambiguity
aversion parameter varies with assumed prior beliefs, but our benchmark estimates suggest
that homebuyers in climate-conscious markets apply substantial discounts to properties

with greater uncertainty in their inundation timing. This highlights the importance of
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considering not just expected climate risks, but also the uncertainty surrounding those risks
when assessing asset prices and policy interventions. Future research could explore how
these effects evolve over time as more information about climate change becomes available
and whether markets adjust their responses dynamically to new scientific projections and
policy signals.
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Figure 1: Geographic coverage: Our sample (of more than 2 million housing transactions)
covers 17 major coastal metropolitan statistical areas (MSAs). Each MSA’s circle radius is
proportional to the sample size in that MSA.
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Sea Level Rise and Housing in Miami
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Figure 2: Example of how we construct each property’s first year of inundation under
different climate scenarios (RCP 2.6, 4.5 and 8.5). The histogram shows the distribution of
the property elevation in the Miami subsample.

Inundation Year by Property Absolute Difference in InuEdation Year Across Scenarios Absolute Difference in Inundation Years Within RCP 4.5
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Figure 3: Spatial variation of our SLR measure, uncertainty, and risk in Miami subsample.
The left map shows the median projected first year of permanent inundation under the
middle scenario (RCP 4.5). The middle map shows a measure of uncertainty across
scenarios: the absolute difference between the projected first year of inundation under the
best (RCP 2.6) and worst (RCP 8.5) scenarios. The right map shows a measure of uncertainty
within a scenario: the absolute difference between the projected first year of inundation at
the 10th and goth percentiles under the middle scenario (RCP 4.5).
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SLR risk vs Price
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Figure 4: Bin scatter of SLR Risk and Log of House Sale Price, after controlling for property
controls (building age, elevation, number of bedrooms, number of bathrooms, building
square footage), the house’s county controls (average county income and county population
for the year of transaction, and GOP voter share in the last presidential election), and ZIP
by distance to coast bin by sale year fixed effects.
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Figure 5: Bin scatter of SLR Uncertainty (:= (Tf{‘é’gigg — Tf{ncegigg)z)) and Log of House Sale

Price. The controls and fixed effects include those described in the caption of Figure 4 and
additionally the interactions of the controls with SLR Risk.

37



o6 Ambiguity Aversion: Distorting p to g*
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Figure 6: Model-implied belief distortion due to estimated ambiguity distortion parameter
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Housing characteristics

Mean Std p1o p50 P90 N
House sale price ($) 464,496.00 539,648.10 117,000.00 325,500.10 879,000.40 2,278,863
Number of bedrooms 3.25 0.88 2.00 3.00 4.00 2,449,749
Number of bathrooms 2.31 1.04 1.00 2.00 4.00 2,680,114
Building square feet 2,049.80 975.59 1,082.00 1,824.00 3,284.00 2,628,989
Property elevation (feet) 82.11 106.91 6.80 32.53 260.61 2,100,303
House age (years) 39.29 28.36 1.00 39.00 78.00 2,172,837
First year of SLR inundation, median projection undereach RCP scenarios, up to 2300
Mean Std Corr Trep2.6 Trepas Treps s
Trep2.6 2,297.27 23.52 Trep2.6 1.0000
Trcpas 2,273.39 56.30 Trepas 0.5113 1.0000
Trepss 2,244.11 78.03 Trepss 0.3438 0.8422 1.0000
01 = Tyep2.6 — Trepss 53.16 73-34
a% 8205.05 12735.54
Table 1: Summary statistics of key selected variables.
log House Sale Price
S2 0.0001455  -0.0003327** 0.0000290
(0.0001305) (0.0001464)  (0.0007480)
Pessimist # Sz -0.0010489***
(0.0003752)

Sample Full Pessimist Full

Controls (house & county) Vv v v

Controls x S v

FE ZxDY ZxDY ZxDY

N 1058703 488638 1058703

R2 0.807 0.810 0.808

Table 2: SLR Risk Capitalization
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log House Sale Price

S1 -0.0003869*** -0.0001918  -0.0002203
(0.0001462) (0.0001725)  (0.0001748)
S2 -0.0002891*  0.0001549
(0.0001664) (0.0002030)
S3 -0.0006452***
(0.0001565)
Sample  Pessimist Pessimist ~ Pessimist
Controls v/ v v
FE ZxDY ZxDY ZxDY
N 488582 488582 488582
R2 0.810 0.810 0.811

Table 3: Worst case (RCP 8.5) matters most.
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log House Sale Price

S2 0.0002067 0.0003681 0.0003412
(0.0007598)  (0.0007779) (0.0007785)
Uncertainty across (RCP 2.6-8.5) 0.0000017 0.0000015
(0.0000012) (0.0000012)
Uncertainty within (p10-pgo RCP4.5) 0.0000016 0.0000010
(0.0000015) (0.0000013)
Pessimist # S2 -0.0008869**  -0.0010780***  -0.0009334**
(0.0003575)  (0.0003785) (0.0003663)
Pessimist # Uncertainty across -0.0000029** -0.0000025**
(0.0000012) (0.0000013)
Pessimist # Uncertainty within -0.0000024*  -0.0000010

(0.0000013) (0.0000013)

Sample Full Full Full
Controls v v v
Controls x S v v v

FE ZxDY ZxDY ZxDY
N 1,058,703 1,058,703 1,058,703
R2 0.808 0.808 0.808

Table 4: Capitalization of Across-Scenario vs. Within-Scenario Uncertainty
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Willingness to raise elevation by 1ft Willingness to raise elevation by 1ft

(% of current house value) ($, based on average house price)
Current house Baseline Distorted Difference (pp) | Baseline Distorted Difference
elevation (ft)  prob weights prob weight prob weights prob weight
1 27.29% 28.08% 0.79% $126,917 $130,574 $3,657
2 9.51% 9.89% 0.38% $44,217 $45,991 $1,774
3 4.78% 5.01% 0.24% $22,221 $23,317 $1,097
4 2.84% 3.00% 0.16% $13,213 $13,968 $755
5 1.87% 1.99% 0.12% $8,681 $9,236 $554
6 1.31% 1.40% 0.09% $6,097 $6,523 $425
7 0.97% 1.04% 0.07% $4,493 $4,830 $337
8 0.74% 0.80% 0.06% $3,434 $3,708 $274
9 0.58% 0.63% 0.05% $2,700 $2,927 $227
10 0.47% 0.51% 0.04% $2,173 $2,364 $191

Table 5: Model-implied willingness to raise elevation by 1 ft, expressed both as a percentage
of current house value (columns 2—4) and in dollars (columns 5-7), based on an average
house price of $464,000 in our sample.

A. APPENDIX: THEORY

A.1. Proof of Lemmas 1

Proof. For each scenario i, the agent minimizes
min E,. [u(S)| + D~ (gl f;),
min Eg u(5)] + Dy (i)
with

a2
os) =55, Dylgilf) = o [ S

Introducing a Lagrange multiplier A; for the constraint [ g;(S)dS = 1, the Lagrangian is

Li(gi Ai) = / {(5 — BS)gi(S) + % (gi(S)fizS];i(S))z } dS + A (/ gi(5)dS — 1) :

Taking the first-order condition (FOC) with respect to g;(S) yields

ds.

n 1gi(S) — fi(S) _
U_'BS+_—fi(S) +A; =0,
so that

81(5) = filS)[1 = (0 - 5 +1)].
Enforcing [ ¢7(5)dS =1 and using

/f,-(S)dS —1, /Sﬁ(S)dS —s,

1



we obtain
Ai = BS; — 7.

Thus, the distorted density becomes

g (S) = fi(S)[1+B(s - 5.

The distorted expected utility in scenario i is then

0= Egu(S)] = [ (0~ pS)gi ()5 = 0 - pSi — 1pe?,

where 07 = Var,(S).

Intuitively, the distortion g7 tilts the baseline density f; so that outcomes with higher
losses (i.e. larger S) receive more weight. This leads to a penalty of %07 in the expected
payoff. O]

A.2. Proof of Lemma 2

Proof. The agent now distorts the scenario probabilities by choosing g € AN to minimize

min {ZZ%' vi + Dm(qHP)} :
with the x? divergence
(9i — Pi)z.

pi
Setting up the Lagrangian (with multiplier u for ) ; gq; = 1) and differentiating, we find the
FOC implies

1
Du(qllp) = 5, 2

q; = pi

1 +(X(Z)i — ijvj)] .
j
Substitute
v; = — BS; — yB*0?,

and define the benchmark quantities
S=Y piSi, Uwithin = y_ pio7,
i i

so that
Y pjvj =0 — BS — YB Usithin-
j



It follows that
q9; = pi [1 +ap(Si = S) +ayp (o} — Uwithin)}-
Intuitively, the distortion g; shifts the scenario weights from the benchmark p; by

penalizing scenarios with higher-than-average S; (more loss) and larger risk ¢?. The terms
aB(S; — S) and ayB?(0? — Uyithin) capture the sensitivity to uncertainty across scenarios. [

A.3. Proof of Proposition 3

Proof. The robust valuation is given by
0" = Y qi v = i1+ aB(Si — §) + avB(0F — Unimin) | [0~ BS; — 107
i i
Expanding and using the properties
Zpi(si - sz — Uyithin) = 0,
i
one finds that the leading terms yield

v =0— ﬁg — ’)fﬁzuwithin — Oé,Bzuacross/

with

Uacross = Zpi(si - S)Z'
i

The higher-order corrections come out as
—20vB> Y p;i Si(07 — Upyithin) — a7 B* Y pi 07 (07 — Upyithin ) -
i i

We can expressing higher-order terms in terms of covariance and variance:

Define
Cov,(S;, o?) Z pi(S 07 — Uwithin)»

and

Varp ZPZ(U w1th1n) .
Since

Z pz w1th1n) COVP (Sir 0_12)

and

sz oy — w1th1n) Varp(aiz)/



the combined higher-order corrections become
—sz'y[%e’ Covp(Si,aiz) — 0472184 Varp(cfiz).
Thus, the full robust valuation is

0" = 6 — BS — VB Usyithin — ¥ Uacross —YB° |2 Cov,y (i, 0F) + 7B Vary(c?) .

O(p%)

B. APPENDIX: ROBUSTNESS CHECK WITH ALTERNATIVE PRIORS

In this appendix we show that the implied probability distortion remains robust even if we
relax the uniform prior assumption. Instead, assume that the baseline priors are symmetric,

so that
P1 P3 5

and that the middle scenario is approximately the average of the two extremes, i.e.,

S51+S3 -

> S,.

Under these assumptions the uncertainty across scenarios is given by

3

U= pi(Si—85)*~p1(S1—S2)*+ p3(S3— S2)%
i=1

2

17
Because S3 — S, ~ Sy — §1 = P2

and p; = p3 = —, it follows that

In the theoretical model the ambiguity penalty is given by —p%a U, where B is the
sensitivity to SLR risk and « denotes ambiguity aversion. In the empirical specification the
corresponding term is captured by the coefficient on (S3 — S1)? (denoted 7). Equating the

two we have

_ _ 2 .
ﬁza (1 p2)(453 Sl) _ wﬁ

Since we identify g with |B;|, this mapping implies

W 464|
B112 (1= p2) (S5 — $1)?

(7)



The model further implies that the distorted probability for scenario i is
q; ~pi+pipa(Si—S5),
so that for the high-end scenario we have

93 ~ p3 + p3 Pa (S3 — S2).

Using the symmetry assumption S3 — Sy ~ 53551 and substituting p3 = 1? 2, we obtain

e 1=pp T—py, S53—5
q3N 2 + 2 IB“ 2 :

Thus, the distortion in the high-end probability is

. 1— S3—S
7 — py o ib)ﬁj( 3= 51)

Substituting the expression for a from (7) into the above, the (1 — p;) terms cancel, yielding

1971(S3 = S1)
|B1]

This final expression shows that the probability tilt depends only on the ratio of the

q3 — p3 ~

empirical coefficients and the difference S3 — S1; notably, the value of p, cancels out. In our
application, plugging in the empirical estimates leads to an adjustment of approximately 17
percentage points (i.e., g3 =~ p3 + 0.17 and, by symmetry, 47 = p; — 0.17).

This derivation confirms that the key result regarding the magnitude of the probability
distortion is robust to alternative assumptions about the prior, as the dependence on p,

cancels out under the symmetry condition.
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