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Abstract

We develop a tractable asset-pricing model in which investors price long-run disaster

risk while facing ambiguity about the underlying probability distribution. Using

variational calculus, the model delivers sharp, testable implications—especially a clear

null for ambiguity neutrality. We test these implications in a large coastal real-estate

market using more than 13.6 million U.S. single-family transactions (2001–2024) matched

to high-resolution SLR inundation projections. Our key empirical innovation is a

probability-based term structure of SLR disaster risk—the probability of permanent

inundation as a function of horizon (e.g., 100 years). We reject ambiguity neutrality in

price levels and find strong evidence that ambiguity amplifies risk capitalization. The

horizon profile of window-based estimates also yields a novel estimate of the long-run

discount rate for disaster risk at century horizons.
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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 characterized and priced using
expected utility, ambiguity typically requires a distinct toolkit from decision theory to
address and 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, existing empirical settings have yet to provide a clear way
to separately measure risk–variability within a known stochastic model–and ambiguity–
dubiety or disagreement across competing potential models. As a result, 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. An agent that is
averse to ambiguity is likely to react more robustly 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.
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Our paper confronts this challenge by studying coastal housing markets exposed to SLR
using a novel, large-scale dataset and a probability-based measurement of long-run climate
risk. We use the universe of all arm’s-length transactions of single-family homes located
within five miles of the U.S. coastline, totaling more than 13.6 million transactions, and link
each sale to high-resolution, parcel-level projections of permanent inundation under RCP
2.6, 4.5, and 8.5, constructed from NOAA inundation layers and state-of-the-art local SLR
simulations. Rather than characterizing exposure in physical terms (e.g., feet of SLR), we
measure risk in economically meaningful space–time units as the probability that a property,
given its precise geography and local SLR projections, is permanently inundated within
a given horizon (such as 100 years). This construction allows us to sharply distinguish
between risk—not knowing if a house will be inundated by a given horizon for a known
probability model or scenario—and ambiguity— not knowing which probability model or
scenario to use across a set of possibilities, captured by the divergence between best- and
worst-case projections. By operationalizing risk and ambiguity directly in probability space
at long horizons, we provide a clean empirical mapping of the Knight–Keynes distinction
and a natural setting to test how markets price long-run climate risk under ambiguity.

To interpret how markets price inundation risk and ambiguity, we develop a stylized
asset-pricing framework with 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 setting in which housing values depend on the probability of
permanent inundation at long horizons. Rather than modeling damages directly, the object
priced by the market is the probability distribution over inundation timing. Using Gâteaux
perturbations in probability space, we characterize how marginal changes in (i) the mean
probability across scenarios of inundation and (ii) the dispersion of probabilities across
scenarios affect asset values. This formulation delivers three sharp, testable implications:
higher mean inundation risk lowers prices; greater ambiguity independently depresses
prices; and ambiguity amplifies the price response to risk. Under ambiguity neutrality, sce-
nario disagreement collapses into a compound lottery and only mean probabilities matters
for valuation. The model therefore provides a transparent mapping from probability-based
SLR exposure to prices and a clear empirical test for ambiguity aversion in market behavior.

We test the model’s three implications using hedonic regressions that map horizon-
specific inundation probabilities and cross-scenario disagreement (the spread in the prob-
abilities across scenarios) into transaction prices. Identification comes from comparing
homes that are observationally similar along finely gridded spatial, temporal, and physical
dimensions, but differ in their long-run probability of permanent inundation and the
extent to which that probability varies across emissions scenarios. The empirical design
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relies on highly saturated location-by-time fixed effects and exploits residual variation in
probability-based SLR exposure to isolate the distinct price effects of inundation probability,
scenario disagreement, and their interaction.

First, we find robust evidence that long-run SLR inundation probabilities (our novel
term-structure measure of SLR risk) are negatively capitalized into housing prices. After
absorbing stringent fixed effects that control for coastal amenities and micro-topography,
higher probabilities of permanent inundation by a given horizon are associated with
significantly lower prices. For example, in the price-level specification under RCP 4.5, a
10 percentage-point increase in the probability of permanent inundation within 100 years
is associated with a price decline of roughly $5,000. Using window probabilities (e.g., the
increment in inundation probability between years 100 and 110), we also find a sizable
additional discount, consistent with the idea that markets price not only whether inundation
occurs by a given horizon but also the timing of that risk.

Second, the direct effect of scenario disagreement holding the mean inundation prob-
ability fixed is not theoretically signed and is empirically less robust. Conceptually, dis-
agreement can raise or lower prices depending on whether buyers place relatively more
weight on optimistic versus pessimistic scenarios. In the data, the estimated coefficient
on disagreement varies across specifications and horizons, and we therefore treat it as
suggestive rather than a core test.

Third—and most importantly—we provide direct evidence for the amplification mecha-
nism and reject ambiguity neutrality. The model delivers a sharp null: under ambiguity
neutrality, scenario disagreement should not change the marginal price impact of inunda-
tion probability, so the interaction between inundation probability and disagreement in the
price-level regression should be zero. We reject this null decisively. In the level regressions,
the interaction between mean inundation probability and scenario disagreement is negative
and highly statistically significant across stringent fixed-effect specifications and across
alternative constructions of inundation probability. Economically, the estimates imply that
the marginal dollar price of inundation risk becomes substantially more negative in more
ambiguous locations. A margins figure visualizes this mechanism by plotting the implied
marginal effect of inundation probability on price over the support of disagreement: the
relationship tilts downward sharply as disagreement rises, highlighting how ambiguity
rotates the risk–price relationship rather than merely shifting price levels.

We treat the log-price interaction results as corroborating robustness checks rather than
the primary test. The main reason is conceptual: even if the interaction in price levels were
zero, taking logs can mechanically induce interaction patterns due to the curvature of the
log transformation. Accordingly, our central test of ambiguity neutrality is conducted in
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price levels.
Finally, our probability-based construction delivers two byproducts that broaden the

contribution. First, it adds a time dimension to the SLR-capitalization literature, which
typically relies on static exposure thresholds (e.g., whether a property is inundated under
six feet of SLR; Baldauf et al. 2020; Bakkensen et al. 2025). By building property-level
distributions of inundation timing, we can study not only whether but also when exposure
occurs. Second, the horizon profile of the estimated window coefficients provides an
empirical handle on long-run discounting: the magnitude of capitalization declines with
horizon in a manner consistent with discounting of distant housing-service flows, and a
log-linear decay provides a useful approximation over the horizons we study, implying a
long-run annual discount rate on the order of a few percent.

Taken together, the results provide unified empirical support for a robust-control asset-
pricing view of climate risk in a large real-asset market: markets price the probability of
long-run SLR inundation, and—crucially—scenario disagreement amplifies how strongly
inundation risk is capitalized into today’s housing prices.

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., 2014a; 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 SLR 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 SLR 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., 2020; 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
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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; Ilut 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.

Finally, our empirical approach relates to recent theoretical work on pricing changes
in probabilities. Dávila et al. (2025) develop an asset-pricing framework for valuing
marginal changes in probabilities by mapping probability perturbations into equivalent
cash flows priced with standard discounting tools. We provide an empirical counterpart by
constructing horizon-specific inundation probabilities and testing how markets price both
expected risk and ambiguity in those probabilities using transaction data. More broadly,
our analysis contributes to an emerging literature that uses tools from the calculus of
variations to study how economic objects respond to changes in probability distributions.
We rely on directional (Gateaux) derivatives to characterize how asset values respond to
infinitesimal perturbations of inundation probabilities at specific horizons, following the
formal treatment in Clarke (1990). This variational perspective not only clarifies the structure
of the asset-pricing model but also directly guides our empirical design by identifying
the economically relevant objects—horizon-specific probabilities and their cross-scenario
spreads—to be taken to the data. Recent work has used functional derivatives to study
policy and pricing problems in macroeconomics, finance, and public economics (Borovička
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et al., 2011; Golosov et al., 2014b; Bilal, 2023; Bilal and Rossi-Hansberg, 2023; Dávila and
Walther, 2023; Dávila and Schaab, 2025; Hansen and Souganidis, 2025). To the best of our
knowledge, we are the first to apply these tools to map asset pricing theory to an empirical
investigation of the market pricing of (climate) risk.

2. Stylized Model

This section develops a stylized framework to clarify how long-run SLR risk and ambiguity
are capitalized into coastal housing values. The model is deliberately parsimonious. Its
purpose is not to fully characterize housing markets, but to generate sharp, testable
comparative statics and to guide interpretation of the empirical estimates.

The starting point is a standard present-value representation in the spirit of Gordon
(1962), augmented to allow for stochastic disaster timing and permanent damage. We then
extend the framework to multiple SLR scenarios and ambiguity aversion.

A defining feature of SLR risk is the presence of a tipping point: once a critical threshold
is crossed, damages are persistent rather than transitory. In the context of coastal real estate,
this tipping point corresponds to permanent inundation. The single-scenario model below
isolates how beliefs about disaster timing enter asset prices in the simplest possible setting.

2.1. Single-scenario asset pricing model

Time is continuous, t ≥ 0. The single-scenario model has three primitives:
(i) an asset (a house) that pays a dividend flow (rent or housing utility) {div(t)}t≥0,
(ii) a stochastic discount factor {SDF(t)}t≥0,
(iii) a one-time disaster process summarized by a random arrival time T ∈ [0, ∞].

2.1.1 Primitives: dividend, SDF, and a tipping-point disaster

Key assumption 1. A disaster arrives once at random time T and causes permanent
damage to the dividend process.

Specifically, let {h(t)}t≥0 denote the no-disaster dividend flow, and let {ĥ(t)}t≥0 denote
the post-disaster flow. The realized dividend process is

div(t) =

h(t), t < T,

ĥ(t), t ≥ T,
t ≥ 0.
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We also allow discounting to change after the disaster:

SDF(t) =

m(t), t < T,

m̂(t), t ≥ T,
t ≥ 0.

The time-0 value of the house is therefore

v := E0

[∫ ∞

0
SDF(t)div(t)dt

]
.

Key assumption 2. In the absence of the disaster, the processes {h(t)}t≥0 and {m(t)}t≥0

are independent of the disaster timing T.
Economically, h(t) represents the rent or housing-utility flow of an otherwise comparable

safe house—one not exposed to inundation—and

vsafe :=
∫ ∞

0
E0[m(t)h(t)]dt

is the corresponding benchmark value. In the empirical analysis, this benchmark is absorbed
by hedonic controls and granular location-by-time fixed effects, so that remaining price
variation can be interpreted as reflecting beliefs about T and disaster damages.

To isolate the geometry of disaster timing and facilitate interpretation, we impose two
simplifying assumptions that will be relaxed later.

Simplifying assumption 1. Post-disaster housing services are a constant fraction of
pre-disaster services:

ĥ(t) ≡ (1 − ℓ) h(t), ℓ ∈ (0, 1) constant.

To further strip down the benchmark, we set housing services to a constant:

h(t) ≡ 1 =⇒ ĥ(t) ≡ 1 − ℓ.

Thus, the disaster causes a permanent proportional loss ℓ once it occurs.

Simplifying assumption 2. Post-disaster discounting coincides with pre-disaster discount-
ing:

m̂(t) ≡ m(t),

so that m(t) ⊥ T for all t.
Under these assumptions, the only channel through which SLR risk affects valuation is

the distribution of T, which we summarize by the cumulative disaster probability function
p(·).
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2.1.2 Two pricing kernels: cash flows vs. probabilities

Before deriving valuations, it is useful to distinguish two distinct pricing kernels that arise
in this framework.

In standard asset pricing, the stochastic discount factor m(t) is the kernel that prices
dividend strips. In our disaster model, the probability pricing kernel ℓK(t) prices the probability
term structure p(·), where K is defined as the dividend strip price:

K(t) := E0[m(t)h(t)], (1)

which is the time-0 price of a claim to the undamaged dividend h(t) at horizon t.1 Intu-
itively:

• K(t): the value of dividends at risk at horizon t,

• ℓ: the fraction of those dividends lost upon disaster.

Disaster risk at horizon t is more costly when K(t) is high (dividends are valuable) and
when ℓ is large (more is destroyed). As we show below, the disaster-induced discount to
house value takes the form

Disaster discount = ⟨ℓK, p⟩ = ℓ
∫ ∞

0
K(t) p(t)dt,

so that ℓK(t) prices the probability of disaster by horizon t. This parallels the role of K(t)
in pricing dividend strips, but with probabilities replacing cash flows.

2.1.3 Geometric representation and calculus of variations

Denote the cumulative disaster probability and the survival function at horizon t by:

p(t) := P(T ≤ t) and s(t) := P(T > t) = 1 − p(t).

Under the benchmark simplifications, asset valuation becomes

v(p) = E0

[∫ ∞

0
m(t)

(
h(t)1{t < T}+ (1 − ℓ)h(t)1{t ≥ T}

)
dt
]

=
∫ ∞

0
K(t)

(
(1 − p(t)) + (1 − ℓ)p(t)

)
dt

=
∫ ∞

0
K(t)dt − ℓ

∫ ∞

0
K(t) p(t)dt

= vsafe − ⟨ℓK, p⟩. (2)

1Under the simplifying assumption h(t) ≡ 1, this reduces to

K(t) = E0[m(t)] =
1

R f
t

,

the price of a zero-coupon risk-free bond maturing at t.
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Equation (2) expresses house value as the safe benchmark vsafe minus the disaster discount
⟨ℓK, p⟩. The disaster discount is the inner product of the probability pricing kernel ℓK with
the disaster probability term structure p.

It is convenient to view asset valuation through the lens of the calculus of variations: v(·)
is a functional (a function of a function) defined on probability curves p : [0, ∞) → [0, 1].2

Remark 1 (Connection to probability pricing and risk-price dynamics). Our framework
augments the probability pricing approach of Dávila et al. (2025) to continuous time,
enabling analysis of the term structure of probability pricing. In their two-period setting,
Dávila et al. show that the willingness-to-pay for a change in probabilities can be expressed
as the price of a hypothetical asset with consumption-equivalent cash flows. Our continuous-
time extension reveals that:

• The “state” in their framework corresponds to “time” t in ours,

• Their survival function change d(1−F)
dθ corresponds to perturbations δ(t) of the proba-

bility curve,

• Their consumption sensitivity dc1
ds corresponds to the damage-weighted dividend

ℓ · h(t).

The continuous-time formulation connects naturally to the term structure in risk-price
dynamics (Borovička et al., 2011), where pricing kernels are decomposed by horizon. Here,
the probability pricing kernel ℓK(t) plays an analogous role for disaster risk: it determines
how disaster probability at each horizon t is capitalized into current prices.

2.1.4 Directional derivatives

Because asset valuation (2) is affine in p, directional derivatives take a simple form.3 For
any admissible4 direction δ(·), the derivative is:

d
dε

v(p + εδ)
∣∣∣
ε=0

= −ℓ
∫ ∞

0
K(t) δ(t)dt = −⟨ℓK, δ⟩. (3)

The negative sign reflects that increasing disaster probability reduces house value.

2Formally, the pairing ⟨ℓK, p⟩ = ℓ
∫ ∞

0 K(t)p(t)dt is well-defined whenever K ∈ L1([0, ∞)) and p is
bounded (which holds since p(t) ∈ [0, 1]). We do not require p ∈ L2([0, ∞)).

3Recall from the calculus of variations (see, e.g., Clarke, 1990) that the directional (Gâteaux) derivative of a
functional v at p in direction δ is d

dε v(p + εδ)
∣∣
ε=0. When v is affine in p, this derivative is a continuous linear

functional of δ.
4Admissible means that the perturbation direction δ is integrable against K and that, for sufficiently

small |ε|, the perturbed curve p + εδ remains a valid probability function (bounded in [0, 1], nondecreasing,
right-continuous with p(0) ≥ 0).
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For convenience, for each horizon τ ≥ 0, we define the annuity term or continuation
value

A(τ) :=
∫ ∞

τ
K(t)dt =

∫ ∞

τ
E0[m(t)h(t)], τ ≥ 0, (4)

which is the time-0 price of a claim to the stream of undamaged dividends from τ onward.

Horizon-τ perturbation. Fix a horizon τ ≥ 0. We consider a perturbation that increases
p(τ) by a small amount ε > 0. Since cumulative probabilities must be nondecreasing,
increasing p(τ) also increases p(t) for all t ≥ τ. The perturbation direction is thus:

δ(t) = 1{t ≥ τ}, t ≥ 0,

so that p(t) 7→ p(t) + ε 1{t ≥ τ}.5

Figure 1 illustrates the key geometric insight: because v is affine in p, perturbing the
probability curve in any direction produces a proportional change in value.

[Figure 1 about here.]

Lemma 1 (Sensitivity to horizon-τ disaster risk). Fix τ ≥ 0. The directional derivative of v
with respect to a perturbation that increases p(τ) = P(T ≤ τ) is

∂v
∂p(τ)

:=
d
dε

v(p + ε1{t ≥ τ})
∣∣∣
ε=0

= −ℓ
∫ ∞

τ
K(t)dt︸ ︷︷ ︸

=:A(τ)

= −ℓA(τ). (5)

Proof. Appendix A.1.

Lemma 1 has a simple economic interpretation. Increasing p(τ) shifts probability mass
from “survive beyond τ” to “disaster hits by τ,” which reduces the fraction of the post-τ
cash-flow tail that remains undamaged. The annuity A(τ) measures the present value of
that tail, and ℓ scales how much of the tail is destroyed when the disaster arrives: only the
wedge ℓ between h(t) and (1 − ℓ)h(t) is at stake. An immediate corollary is:

Corollary 2 (Sensitivity to disaster risk in a finite window). Fix 0 ≤ τ1 < τ2 < ∞. The
directional derivative of v with respect to a perturbation that increases disaster probability
only in the window [τ1, τ2] is

∂v
∂p([τ1, τ2])

= −ℓ
∫ τ2

τ1

K(t)dt︸ ︷︷ ︸
=:A(τ1,τ2)

= −ℓA(τ1, τ2). (6)

5Formally, probability curves must remain valid (bounded in [0, 1], nondecreasing, right-continuous). To
implement an admissible horizon-τ change, we use a compensated step direction. Fix any L > τ and define
δ(τ,L)(t) := 1{t ≥ τ} − 1{t ≥ L}. For sufficiently small |ε|, p + εδ(τ,L) remains a valid probability function
and satisfies p(τ) 7→ p(τ) + ε. Letting L → ∞ delivers the pure tail direction 1{t ≥ τ} in the valuation pairing
(which is well-defined whenever K ∈ L1).
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Term structure of probability pricing. An important property of equation (5) is that the
sensitivity |∂v/∂p(τ)| = ℓA(τ) is declining in the horizon τ. This follows immediately from
the fact that A(τ) =

∫ ∞
τ K(t)dt is a decreasing function of τ (since K(t) > 0 and we are

shrinking the domain of integration).
Economically, disaster risk at distant horizons has a smaller price impact than disaster

risk at near horizons because:

1. Distant cash flows are more heavily discounted (smaller K(t) for large t),

2. Fewer future dividends are at stake (smaller integration domain [τ, ∞)).

This declining term structure of probability price sensitivities is a testable prediction of the
model.

2.2. Multiple scenarios and robust control

We now allow for N mutually exclusive climate scenarios indexed by i ∈ {1, . . . , N}.
Scenario 1 is the most optimistic and scenario N is the most pessimistic. In our setting,
“more pessimistic” means both (i) earlier inundation risk (a larger cumulative probability
of permanent inundation by any given horizon) and (ii) a larger permanent proportional
damage once inundation occurs.

Scenario ordering. Let pi(t) := Pi(Ti ≤ t) denote the cumulative probability of inundation
by horizon t in scenario i. We assume a pointwise ordering of inundation risk across
scenarios:

p1(t) < p2(t) < · · · < pN(t), ∀t ≥ 0. (7)

In addition, each scenario features a (constant) proportional loss parameter ℓi ∈ (0, 1),
and we assume damages are larger in more pessimistic scenarios:

ℓ1 < ℓ2 < · · · < ℓN. (8)

Thus, scenario N both reaches inundation sooner and delivers the largest permanent wedge
between pre- and post-inundation housing services.

Let π = (π1, . . . , πN) denote the agent’s prior over scenarios,

πi > 0,
N

∑
i=1

πi = 1.
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Simplifying assumption 3. To focus attention on differences in inundation timing and
damage severity, we impose that the dividend strip price K(t) = E0[m(t)h(t)] is common
across scenarios. Consequently, the annuity (continuation-value) function is also common:

A(τ) :=
∫ ∞

τ
K(t)dt, τ ≥ 0.

Scenario-specific valuation. Conditional on scenario i, primitives are as in the single-
scenario model, with probability curve pi(·) and constant proportional loss ℓi. Under the
benchmark assumptions, the scenario-i value takes the affine form

vi = vsafe − ⟨ℓiK, pi⟩ =
∫ ∞

0
K(t)dt − ℓi

∫ ∞

0
K(t) pi(t)dt. (9)

Relative to the common “safe” benchmark vsafe, the only scenario-specific inputs are the
probability curve pi(·) and the damage parameter ℓi.

2.2.1 Ambiguity aversion

Equation (9) provides a valuation vi for the house under each SLR scenario i ∈ {1, . . . , N}. If
the agent were confident that the prior π = (π1, . . . , πN) correctly described the likelihood
of each scenario, she would simply compute the expected value under the prior distribution
v̄ := ∑i πivi. The challenge, however, is that long-run greenhouse gas emissions, their
implications, and therefore climate and SLR dynamics, are deeply uncertain. Thus, the
agent may not fully trust her prior probabilities.

To reflect this concern, we model the agent as ambiguity-averse over the scenario
index. Rather than committing to the benchmark prior π, the agent allows for alternative
probability distributions q = (q1, . . . , qN) over scenarios, constrained to lie on the simplex

∆N :=
{

q ∈ RN
+ :

N

∑
i=1

qi = 1
}

.

Each such q represents a plausible distortion of the prior, capturing the idea that the true
scenario probabilities may differ from π in ways that matter for valuation.

The agent prices the house under these distorted probabilities by forming the q-weighted
value ∑i qivi. However, she does not consider all distortions equally plausible given her
prior. Deviations from the benchmark prior incur a penalty measured by a divergence
function

D f (q∥π) :=
N

∑
i=1

πi f
(

qi

πi

)
, (10)

where f : R+ → R is convex and normalized by f (1) = 0. This penalty plays the role of a
trust region around the prior: small deviations are inexpensive, while large distortions are
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increasingly costly. The class of f -divergences nests familiar cases such as Kullback–Leibler
(KL) and χ2, both of which we use in our analysis.

Robust-control problem. The agent’s robust valuation problem trades off pessimism
against plausibility. Formally, she chooses a distorted distribution q to minimize

v∗ := min
q∈∆N

{
N

∑
i=1

qivi +
1
α

D f (q∥π)

}
, α > 0. (11)

The first term favors probability mass on low-vi (high-risk) scenarios, while the second
term discourages excessive departures from the benchmark prior. The parameter α governs
the degree of ambiguity aversion: a larger α weakens the penalty and allows the agent to
consider more pessimistic distortions.

Let q∗ denote an optimizer. The robust value v∗ is therefore the value of the house under
the most adverse probability distortion that remains sufficiently close to the prior,

v∗ =
N

∑
i=1

q∗i vi +
1
α

D f (q∗∥π). (12)

Geometrically, the expected value ∑i qivi is a linear functional on the simplex, while the
divergence penalty defines a curved neighborhood centered at π. The optimal distortion
q∗ lies where the incentive to tilt probability mass toward worse SLR scenarios is exactly
balanced by the cost of departing from the prior. In the next subsection, we characterize
this tilt explicitly and show how ambiguity aversion systematically amplifies the weight
placed on pessimistic SLR scenarios.

2.2.2 Optimal tilts

Lemma 3. In the N-scenario robust-control problem, the optimal distortion q∗ tilts the prior
π toward low-vi (low-value, high-risk) scenarios. In particular,

q∗i
πi

=


e−αvi

∑N
k=1 πke−αvk

∝ e−αvi (KL),

1 + α(v̄ − vi) (χ2 interior).

(13)

where the prior mean value is

v̄ :=
N

∑
i=1

πivi. (14)

Proof. Appendix A.2.
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Intuitively, Lemma 3 shows that ambiguity aversion operates by tilting probability mass
toward scenarios with lower valuation vi. The agent thus cautiously prices the asset as if
more pessimistic SLR scenarios are more likely than suggested by the benchmark prior π.

The ambiguity-aversion parameter α governs the strength of this pessimistic tilt. When
α is small, deviations from the prior are costly and q∗ remains close to π; when α is large,
the agent is willing to place substantially more weight on low-vi scenarios.

In the KL case, the distortion takes a soft-min form, q∗i /πi ∝ e−αvi , so lower-valuation
scenarios receive exponentially more weight. As α → 0, q∗ → π; as α → ∞, probability
mass concentrates on the worst scenario, approaching max–min behavior. In the χ2 case
(under an interior solution), the distortion is linear, q∗i /πi = 1 + α(v̄ − vi), so scenarios
worse than average are up-weighted in direct proportion to how far their valuation falls
below v̄.

Remark 2 (Interior vs. corner solutions and the maxmin limit). With KL divergence, the
optimal tilt is always interior: the Gibbs form in Lemma 3 implies q∗i > 0 for all i whenever
πi > 0 and vi < ∞. In contrast, under the χ2 divergence, the affine tilt q∗i = πi

[
1+ α(v̄− vi)

]
can hit the boundary of the simplex when ambiguity aversion is sufficiently strong, so some
scenarios receive zero distorted weight.6 As α grows and the distortion concentrates on the
most pessimistic scenario:

v∗ → min
i∈{1,...,N}

vi.

This limiting case corresponds precisely to the Gilboa and Schmeidler (1989) maxmin
expected utility model, where the decision-maker evaluates alternatives by their worst-case
scenario. This classical model, which plays a prominent role in macroeconomic models
with ambiguity aversion (Ilut and Schneider, 2023), emerges here as a special case of our
ambiguity-aversion framework.

2.2.3 Directional derivatives

Let p = (p1, . . . , pN) denote the vector of scenario-specific probability curves, where
pi(t) = Pi(Ti ≤ t) for each scenario i. Under the benchmark assumptions of a common
dividend strip price K(t) and constant proportional loss ℓi, the scenario-i value (9) can be

6Formally, one can equivalently write the χ2 solution with a positive-part operator as

q∗i = πi

[
1 + α(v̄ − vi)

]+
∑N

j=1 πj
[
1 + α(v̄ − vj)

]+ ,

which makes clear that scenarios with vi far above v̄ may be discarded.
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written as the affine functional

vi(pi) = vsafe − ⟨ℓiK, pi⟩ =
∫ ∞

0
K(t)dt − ℓi

∫ ∞

0
K(t) pi(t)dt. (15)

Only the second term depends on pi, so vi(·) is linear in pi up to an irrelevant constant.
Hence, for any admissible direction δi, the directional derivative is:

d
dε

vi(pi + εδi)
∣∣∣
ε=0

= −ℓi

∫ ∞

0
K(t) δi(t)dt = −⟨ℓiK, δi⟩, (16)

where ⟨a, b⟩ :=
∫ ∞

0 a(t)b(t)dt denotes the usual pairing.
Recall from the robust-control problem (11) that the robust value v∗ depends on

(v1, . . . , vN) through the distorted probabilities q∗ = (q∗1 , . . . , q∗N). By the envelope the-
orem,

∂v∗

∂vi
= q∗i . (17)

Combining (17) with (16) yields the directional derivative of the robust value v∗ as a
functional of the entire vector p:

d
dε

v∗(p + εδ)
∣∣∣
ε=0

= −
N

∑
i=1

q∗i ℓi ⟨K, δi⟩, (18)

for any admissible perturbation direction δ = (δ1, . . . , δN).

Lemma 4 (Gradient representation of directional derivatives). Let N := (L2([0, ∞)))N be
the Hilbert space with inner product

⟨a, b⟩N :=
N

∑
i=1

∫ ∞

0
ai(t)bi(t)dt.

Then the directional derivative of v∗ admits the Riesz representer

∇pv∗(p)(t) = −
(
q∗1 ℓ1 K(t), . . . , q∗N ℓN K(t)

)
∈ N ,

so that, for every admissible δ ∈ N ,

d
dε

v∗(p + εδ)
∣∣∣
ε=0

= ⟨∇pv∗(p), δ⟩N = −
N

∑
i=1

q∗i ℓi ⟨K, δi⟩. (19)

Proof. Appendix A.3.

The gradient has a natural interpretation: the i-th component is the probability pricing
kernel for scenario i, weighted by the robust probability q∗i :

[∇pv∗]i(t) = −q∗i · ℓi K(t)︸ ︷︷ ︸
Scenario-i prob. pricing kernel

.
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Scenarios with higher robust weights q∗i and larger damage ℓi have more price-relevant
probability curves.

Lemma 4 makes comparative statics transparent: any economically meaningful change
in beliefs corresponds to a direction δ = (δ1, . . . , δN), and the induced marginal value
change is the single inner product ⟨∇pv∗(p), δ⟩N .

2.2.4 Sensitivity to disaster probability

This subsection applies Lemma 4 to obtain horizon-τ risk sensitivities with minimal algebra.
The compensated-step constructions and L → ∞ limits that ensure admissibility are
collected in Appendix A.5.

Shift in a single scenario. Fix a horizon τ ≥ 0 and a scenario i ∈ {1, . . . , N}. Consider a
perturbation that increases the cumulative inundation probability pi(τ) = Pi(Ti ≤ τ) by
a small amount, leaving the other scenarios unchanged. In terms of probability curves,
this is a (compensated) upward shift of pi(t) for all t ≥ τ, i.e., a direction proportional to
1{t ≥ τ} in coordinate i.

Applying (19) along this tail direction yields

∂v∗

∂pi(τ)
= − q∗i ℓi

∫ ∞

τ
K(t)dt︸ ︷︷ ︸
A(τ)

= − q∗i ℓi A(τ). (20)

Dividing by v∗ gives the semi-elasticity,

∂ ln v∗

∂pi(τ)
= −

q∗i ℓi

v∗
A(τ). (21)

Common shifts across scenarios. Next consider a perturbation that raises horizon-τ
inundation probabilities uniformly across scenarios, i.e., increases

p̄(τ) :=
1
N

N

∑
i=1

pi(τ)

by a small amount. In probability space, this corresponds to moving each pi in the same
tail direction 1{t ≥ τ}. Applying (19) yields

∂v∗

∂ p̄(τ)
= −

(
N

∑
i=1

q∗i ℓi

) ∫ ∞

τ
K(t)dt = −

(
N

∑
i=1

q∗i ℓi

)
A(τ). (22)

Hence,

∂ ln v∗

∂ p̄(τ)
= −

(
∑N

i=1 q∗i ℓi

)
A(τ)

v∗
. (23)
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When ℓi ≡ 1 (pure termination at inundation), the bracketed term equals ∑i q∗i = 1 and
(22) collapses to the single-scenario formula. More generally, with heterogeneous disaster
damage ℓi, a common increase in inundation risk is weighted by the robust severity index

∑i q∗i ℓi.

2.2.5 Sensitivity to extreme spread

We now isolate the effect of an increase in ambiguity. In our empirical setting, ambiguity
naturally manifests as greater dispersion across a small number of plausible SLR scenarios
(e.g., optimistic, intermediate, and pessimistic emissions paths). A simple way to capture
this is to increase the gap between the most optimistic and most pessimistic scenarios at a
fixed horizon.

Fix τ ≥ 0 and define the extreme spread as

pd(τ) := pN(τ)− p1(τ).

In this subsection, we define ∂/∂pd(τ) as a perturbation that increases pN(τ) and decreases
p1(τ) by the same amount, leaving the intermediate scenarios unchanged.7

At the probability-curve level, the perturbation decreases p1 beyond τ and increases pN

beyond τ:
δ(t) =

(
− 1{t ≥ τ}, 0, . . . , 0, 1{t ≥ τ}

)
.

Applying Lemma 4 immediately gives

d
dε

v∗(p + εδ)
∣∣∣
ε=0

= −
N

∑
i=1

q∗i ℓi ⟨K, δi⟩ =
(
q∗1 ℓ1 − q∗N ℓN

)
A(τ).

Since increasing pd(τ) = pN(τ)− p1(τ) corresponds to moving in direction δ, we obtain:

∂v∗

∂pd(τ)
=
(
q∗1 ℓ1 − q∗N ℓN

)
A(τ). (24)

Dividing by v∗ gives the semi-elasticity,

∂ ln v∗

∂pd(τ)
=

(
q∗1 ℓ1 − q∗N ℓN

)
A(τ)

v∗
. (25)

The sign of (24) is a priori ambiguous: it depends on whether the robustly weighted
disaster severity is larger in the pessimistic scenario than in the optimistic one, i.e., on the
sign of q∗1 ℓ1 − q∗N ℓN.

7Formally, we take the directional derivative along the (compensated) tail direction that shifts probability
mass beyond τ in opposite directions for scenarios 1 and N. A convenient representative direction is
δ(t) =

(
− 1{t ≥ τ}, 0, . . . , 0, 1{t ≥ τ}

)
(with the same compensated-step/L → ∞ construction as in

Appendix A.5 to ensure admissibility). This perturbation increases pd(τ) by construction at first order.
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Economically, the perturbation makes the best scenario (1) safer beyond τ and the worst
scenario (N) riskier beyond τ. If the agent remains sufficiently optimistic in the robust
sense—so that the robust weight on scenario 1 is large relative to the robust weight on
scenario N once scaled by severities—then q∗1 ℓ1 − q∗N ℓN > 0 and increasing the spread
raises value. Conversely, if the agent is sufficiently pessimistic (large robust weight on
scenario N and/or large ℓN), then q∗1 ℓ1 − q∗N ℓN < 0 and increasing the spread lowers value
because it makes the robustly salient worst-case tail worse.

2.2.6 Interaction: cross partials

A central implication of ambiguity aversion is that the robust weights q∗ are endogenous:
they move when scenario valuations move. This generates curvature in v∗ that is absent
under ambiguity neutrality. In particular, when α = 0 we have q∗i = πi fixed, so any cross
derivative that operates only through movements in q∗ is mechanically zero.

We focus on the interaction between (i) a common increase in horizon-τ disaster risk,
summarized by p̄(τ), and (ii) an increase in dispersion across the two extremes, summarized
by pd(τ) = pN(τ)− p1(τ).

Recall from (22) that
∂v∗

∂ p̄(τ)
= −

( N

∑
i=1

q∗i ℓi

)
A(τ).

Because the dividend strip price K (and hence A) does not depend on disaster probabilities,
the cross partial ∂2v∗/(∂ p̄(τ) ∂pd(τ)) is driven entirely by how the endogenous weights
{q∗i }N

i=1 respond to the spread perturbation.

KL robust control and a covariance formula. From Lemma 3, under KL divergence the
optimal distortion q∗ tilts the prior π exponentially toward low-vi (high-risk) scenarios.
Differentiating those soft-min weights with respect to any scalar perturbation z gives

∂q∗i
∂z

= −α q∗i
(∂vi

∂z
−

N

∑
k=1

q∗k
∂vk
∂z

)
. (26)

Intuitively, this says that when scenario i becomes relatively less attractive (its ∂vi/∂z
exceeds the q∗-average across scenarios), the robust decision maker reallocates probability
mass toward that scenario, proportionally to the degree of ambiguity aversion α.

Combining (26) with the envelope condition ∂v∗/∂vi = q∗i yields the general cross-partial
identity for any two variables z and w:

∂2v∗

∂z ∂w
=

N

∑
i=1

q∗i
∂2vi

∂z ∂w
− α Covq∗

(∂vi

∂z
,

∂vi

∂w

)
, (27)
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where Covq∗(·, ·) denotes the q∗-weighted covariance across scenarios.8

Specializing the partial derivatives. Under the common-kernel and constant-loss assump-
tions,

∂vi

∂ p̄(τ)
= −ℓi A(τ) (i = 1, . . . , N),

because a common increase in horizon-τ risk reduces the undamaged continuation value
beyond τ in every scenario, scaled by ℓi.

For the extreme-spread perturbation at horizon τ, we use the direction that raises pN(τ)

and lowers p1(τ) (holding the intermediate scenarios fixed). This implies

∂v1

∂pd(τ)
= +ℓ1 A(τ),

∂vN

∂pd(τ)
= −ℓN A(τ),

∂vi

∂pd(τ)
= 0 (2 ≤ i ≤ N − 1).

Plugging these expressions into (27) yields a closed-form covariance representation of
the interaction:

∂2v∗

∂ p̄(τ) ∂pd(τ)
= −α Covq∗

( ∂vi

∂ p̄(τ)
,

∂vi

∂pd(τ)

)
= −α Covq∗

(
− ℓiA(τ), ℓ11{i = 1}A(τ)− ℓN1{i = N}A(τ)

)
= αA(τ)2 Covq∗

(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
. (28)

For the χ2 model, we have a similar expression, except that the covariance now uses the
prior π:

∂2v∗

∂ p̄(τ) ∂pd(τ)
= αA(τ)2 Covπ

(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
. (29)

Lemma 5. Assume
ℓ1 < ℓ2 < · · · < ℓN,

then
Covq∗

(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
< 0. (30)

As a corollary, the cross derivative is negative:

∂2v∗

∂ p̄(τ) ∂pd(τ)
< 0.

Proof. Appendix A.4.

8For any scenario-indexed vectors {ai} and {bi}, define the covariance under discrete measure q∗ as

Covq∗(ai, bi) := Eq∗ [aibi]− Eq∗ [ai]Eq∗ [bi]
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Intuitively, the random variable ℓ11{i = 1} − ℓN1{i = N} is positive only in the best
scenario and negative only in the worst scenario. Since ℓi is increasing in i, high-ℓ states
coincide with negative realizations of the selector and low-ℓ states coincide with positive
realizations, generating a negative comovement under any strictly positive weighting
measure q∗.

Cross partial of ln v∗. Applying the chain rule yields

∂2 ln v∗

∂ p̄(τ) ∂pd(τ)
=

1
v∗

∂2v∗

∂ p̄(τ) ∂pd(τ)
− 1

(v∗)2

( ∂v∗

∂ p̄(τ)

)( ∂v∗

∂pd(τ)

)
. (31)

The first term is the ambiguity-driven interaction; in our setting it is strictly negative under
KL with α > 0 and ℓ1 < · · · < ℓN because ∂2v∗/(∂ p̄(τ) ∂pd(τ)) < 0.

The second term is the purely mechanical curvature from the log transform. Since
∂v∗/∂ p̄(τ) < 0 always, this term is negative whenever the spread lowers value, i.e.,
whenever ∂v∗/∂pd(τ) < 0. Hence, in the empirically relevant case where pd(τ) reduces
valuation, the log transformation adds an additional negative component on top of the
already-negative level interaction, making

∂2 ln v∗

∂ p̄(τ) ∂pd(τ)
< 0.

2.3. Summary of testable implications

We have proved the following proposition, which summarizes the main testable implications
of the model.

Proposition 6 (Testable implications for probability pricing of disaster risk). Fix a horizon
τ ≥ 0. Under the common-kernel and constant-loss assumptions, the robust value v∗

satisfies:

(i) Negative risk sensitivity:

∂v∗

∂pi(τ)
< 0,

∂v∗

∂ p̄(τ)
< 0.

Higherdisaster probability at any horizon τ reduces house value. Furthermore, the
sensitivity features a declining term structure: its absolute value declines in τ (near-
term disaster risk has a larger price impact than distant risk).

(ii) Negative ambiguity interaction: Under robust control with α > 0 and ordered
damages ℓ1 < · · · < ℓN,

∂2v∗

∂ p̄(τ) ∂pd(τ)
< 0,

∂2 ln v∗

∂ p̄(τ) ∂pd(τ)
< 0.
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Greater scenario dispersion amplifies the negative effect of disaster risk on value.
Under ambiguity neutrality (α = 0), this cross-partial equals zero.

In the subsequent empirical analysis, we will test these predictions by:

• Mapping v∗ to transaction prices of coastal real estate,

• Mapping p̄(τ) to the average inundation probability across RCP scenarios 2.6, 4.5,
and 8.5 at, say, 100 years from the transaction date,

• Mapping pd(τ) = p8.5(τ)− p2.6(τ) to the spread between pessimistic and optimistic
scenario probabilities,

3. Data construction

We assemble a property-level dataset by combining proprietary deed transactions from
CoreLogic with high-resolution coastal inundation layers from the National Oceanic and
Atmospheric Administration (NOAA). Building on Bakkensen et al. (2025), our analysis
substantially expands both the scope and the precision of the data. We extend geographic
coverage to all single-family homes located within five miles of the U.S. ocean coastline,
lengthen the sample period to 2001–2024, and exploit newly released NOAA Sea Level
Rise Viewer layers that report inundation thresholds at half-foot increments. Crucially,
these data improvements enable a new probability-based construction of SLR exposure
defined at arbitrary horizons (e.g., the probability of permanent inundation within 100

years), rather than the elevation- or threshold-based measures commonly used in the prior
literature (such as indicators for inundation at a given number of feet of SLR). This shift
from physical thresholds to horizon-specific probabilities allows us to measure long-run
climate risk in economically meaningful time units and plays a central role in the empirical
analysis that follows.

Transaction data Our primary data source is CoreLogic, which is a large propriety
database that links the universe of deed transactions to property tax assessor (“tax roll”)
records in the United States. For each transaction, we observe the sale date and price,
along with property characteristics including property size (square feet), number of stories,
building age, and ground elevation. CoreLogic also provides precise parcel-level geographic
coordinates (latitude and longitude). These coordinates allow us to compute each property’s
distance to the nearest ocean coastline and, critically, to assign property-specific exposure
to SLR inundation.
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We restrict attention to the universe of arm’s-length transactions of single-family proper-
ties located within five miles of the ocean coast. We exclude transactions with sale prices
below $100,000. We winsorize the data at the 1 and 99 percentiles. The sample spans the
period 2001–2024.

NOAA inundation maps To measure each property’s exposure to future SLR, we use
state-of-the-art inundation layers from NOAA’s Sea Level Rise Viewer. This database
provide high-resolution maps indicating areas that would be permanently inundated under
alternative hypothetical SLR amounts.9 For each property i, we overlay its exact coordinates
on NOAA’s inundation polygons and record whether the parcel would be inundated under
each SLR increment

x ∈ {0, 0.5, 1.0, . . . , 9.5, 10.0} feet.

The resulting parcel-level inundation profile forms the basis for the SLR risk and ambiguity
measures used in the empirical analysis.

Figure 2 illustrates the spatial structure of these inundation layers for three major coastal
housing markets—New York City, Miami, and Charleston—at SLR levels of 0, 5, and 10 feet.
The figure highlights the sharp spatial heterogeneity in exposure that arises from micro-
topography and hydrologic connectivity. Even within narrow geographic areas, neighboring
parcels can differ substantially in their inundation thresholds. This fine-grained variation
underlies our identification strategy: the econometric specifications exploit comparisons
among properties that are otherwise highly similar in location and physical characteristics,
but differ in predicted long-run exposure to permanent coastal inundation.

[Figure 2 about here.]

Constructing horizon-specific inundation probabilities A central contribution of our
analysis is a shift from elevation-based SLR exposure measures to horizon-specific proba-
bilities of permanent inundation that are directly interpretable in economic time. Rather
than asking whether a property is exposed at a particular SLR threshold, we ask how likely
it is to be permanently inundated within a given time horizon (for example, 50 or 100

years) under alternative climate scenarios. This probability-based approach aligns long-run
climate risk with the time horizons relevant for asset pricing and allows us to separately
quantify risk within scenarios and ambiguity across scenarios.

We convert NOAA’s parcel-level inundation thresholds (in feet) into horizon-specific
probabilities of inundation under alternative SLR scenarios.

9Retrieved from https://coast.noaa.gov/slrdata/Sea_Level_Rise_Vectors/index.html in February
2025.
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Step 1: Parcel-level inundation threshold. Using the NOAA Sea Level Rise Viewer vector
inundation layers (available at half-foot increments), we assign to each property i a minimum
inundation threshold,

minSLRi ∈ {0, 0.5, 1.0, . . . , 9.5, 10.0},

defined as the smallest SLR amount (in feet) that would permanently inundate the parcel
given local elevation and hydrologic connectivity. Intuitively, minSLRi summarizes each
parcel’s physical exposure to permanent coastal inundation on a vertical scale.
Step 2: Local SLR projections by scenario. To translate vertical exposure into timing and
probability, we combine minSLRi with local SLR projections based on the well-known
SLR simulation framework of DeConto and Pollard (2016). These projections provide
distributions of future relative SLR under three Representative Concentration Pathways
(RCPs): RCP2.6 (low emissions), RCP4.5 (moderate emissions), and RCP8.5 (high emis-
sions).10 For each U.S. tide gauge location, the projections deliver an uncertain SLR path
over long horizons (extending to year 2300), which we summarize using percentile bands
(e.g., 10th–90th percentiles).11

Figure 3 illustrates the local projections for Miami under the three RCPs, based on
our implementation of the DeConto and Pollard (2016) simulation outputs. This figure
also clarifies the conceptual distinction between risk and ambiguity that motivates our
empirical design. Holding a scenario fixed (e.g., RCP4.5), the projection delivers a well-
defined distribution of future local SLR at each horizon—and thus a known inundation
probability for any parcel-specific threshold minSLRi; this within-scenario uncertainty
corresponds to risk. By contrast, the appropriate scenario itself is not known ex ante.
We therefore treat the scenario dimension as ambiguous and quantify ambiguity at each
horizon by the dispersion in implied inundation probabilities across scenarios, with RCP2.6
representing a slow-SLR benchmark and RCP8.5 representing a fast-SLR benchmark. In
the empirical analysis, this risk–ambiguity decomposition maps naturally into (i) horizon-
specific inundation probabilities computed within a given scenario and (ii) a horizon-specific
ambiguity measure constructed from cross-scenario divergence.

10Each pathway is defined by a target level of additional radiative forcing (in W/m2) by year 2100 relative to
preindustrial conditions; for example, RCP2.6, RCP4.5, and RCP8.5 correspond to approximately 2.6, 4.5, and
8.5 W/m2 in 2100, respectively. RCPs are widely adopted by the IPCC and the climate-science community as
standardized scenarios for producing long-run climate and SLR projections.

11Relative SLR is location-specific: the same global forcing can translate into different local sea levels due to
factors such as vertical land motion (subsidence/uplift), ocean circulation and dynamic sea level, gravitational
and rotational “fingerprints” from ice mass loss, and local tidal/hydrologic conditions. Using a dense set
of all tidal gauges across the US coastline, we match each transaction to the local SLR projection at the tide
gauge geographically closest to the transacted property.
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[Figure 3 about here.]

Step 3: Probability of inundation by horizon. Consider a transaction for property i in sale year t.
Fix an RCP scenario r ∈ {2.6, 4.5, 8.5} and a horizon H (in years since sale). Let g(i) denote
the nearest tide gauge to property i. Let SLRg,r,t+H be the (random) projected relative
sea level at gauge g in calendar year t + H under scenario r, with cumulative distribution
function Fg,r,t+H(·). We define the probability that property i is permanently inundated by
horizon H as

pr,H(i | t) := Pr
(

SLRg(i),r,t+H ≥ minSLRi

)
= 1 − Fg(i),r,t+H(minSLRi) .

In practice, we compute pr,H(i | t) using the simulated distribution of SLRg(i),r,t+H for the
nearest tide gauge, evaluating the fraction of simulation draws (or equivalently, the implied
quantile) that exceed minSLRi. The half-foot resolution of minSLRi reduces discretization
error in this mapping and will later allow us to construct probability-based risk measures
at arbitrary horizons.

Figure 4 provides a concrete illustration for RCP4.5. For a property with minSLRi = 5
feet sold in year t = 2020, the horizon H = 100 corresponds to calendar year 2120; the
figure shows how we read off the implied probability of exceeding 5 feet by 2120 from the
local (Miami) RCP4.5 projection distribution.

[Figure 4 about here.]

Summary statistics Table 1 reports summary statistics for the transaction-level analysis
dataset, which comprises more than 13.6 million arm’s-length transactions of single-family
homes located within five miles of the U.S. coastline. To our knowledge, this is among
the largest datasets used to study the capitalization of long-run climate risk into housing
prices. The scale and breadth of the sample span a wide range of housing characteristics
and SLR exposures—from properties with essentially zero inundation risk within 100 years
to those facing near-certain inundation under high-emissions scenarios—allowing us to
exploit fine-grained spatial variation while maintaining substantial statistical power in
highly saturated fixed-effects specifications.

The homes in the sample are broadly representative of single-family housing in U.S.
coastal markets, with prices that are higher than inland averages but not unusually extreme
for these locations. Median properties are approximately 1,700 square feet, predominantly
one-story, and about 40 years old. Consistent with the long-run nature of SLR, inundation
risk is highly right-skewed: most transactions have near-zero projected inundation proba-
bility at horizons up to 120 years, but the upper tail becomes economically meaningful and
grows quickly with the horizon.
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Figure 5 summarizes the term structure of projected inundation probabilities. Scenario-
specific probabilities rise monotonically with the horizon, with the increase steepest under
RCP8.5. The gap between high- and low-emissions scenarios widens with H, which is
reflected in an increasing disagreement measure pd(H) over this range. In parallel, the
average risk measure p̄(H) also increases with H, capturing the growing long-run exposure
of coastal properties to SLR in the sample.

[Table 1 about here.]

[Figure 5 about here.]

[Figure 6 about here.]

Remark 3 (Concentration of real estate sales near the coast). Figure 6 reveals an extremely
right-skewed spatial distribution of transactions: activity is heavily concentrated at the
shoreline and then declines smoothly with distance, with a long tail out to five miles. In
the first 0.1-mile bin alone, there are about 1.0 million transactions; summing the first ten
bins implies roughly 6 million transactions within one mile of the coast (Panel (a)). This
concentration is also where exposure is most acute: within the first 0.1 mile, about 0.43
million transactions involve properties that would be permanently inundated at 6 ft of SLR
(a common benchmark in the literature). Panel (b) shows that the same narrow coastal band
also concentrates housing wealth: in the more recent 2010–2024 subsample, total nominal
sale volume exceeds $500 billion in the first 0.1-mile bin alone. Taken together, the figure
highlights that both coastal market activity and housing wealth are disproportionately
located in the narrow band where long-run SLR risk is highest.

Remark 4 (RCP 8.5 truncation). NOAA’s high-resolution inundation layers are available only
up to 10 feet of sea-level rise. Consequently, for many locations the implied cumulative
inundation probability under RCP8.5, prcp8.5(H), increases with the horizon H but mechan-
ically plateaus once projected SLR exceeds 10 feet—on average around H ≈ 130 years in
our sample. This censoring can attenuate or distort long-horizon estimates, particularly
for disagreement measures that rely on RCP8.5 (e.g., pd(H) = prcp8.5(H)− prcp2.6(H)) and
for the simple average p̄(H). We therefore avoid using RCP8.5-based spread measures for
horizons beyond 130 years. For very long-run horizons, scenario measures that are less
affected by truncation—such as prcp4.5(H)—provide a more reliable proxy for long-run SLR
risk than p̄(H).
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4. Empirical evidence

4.1. Pricing of SLR risk

Table 2 evaluates the first implication of the model, that house prices declining in the
probability of SLR inundation. Throughout, we measure SLR risk using horizon-specific
probabilities of permanent inundation. Panel A uses sale price levels (so coefficients are in
dollars), whereas Panel B uses log sale price (so coefficients are semi-elasticities and can be
read as percent changes for a unit change in the probability).

Column (1): Naive cross section. Column (1) relates sale price to prcp4.5(100) with baseline
controls but without granular coastal fixed effects. The coefficient is positive and precisely
estimated, reflecting spatial sorting: high-amenity coastal locations tend to have both
higher prices and higher modeled long-run inundation probabilities, so raw cross-sectional
correlations confound risk with coastal desirability.

Columns (2)–(3): Stringent fixed effects and the sign flip. Columns (2) and (3) add
progressively stringent fixed effects. Column (2) introduces ZDEY (ZIP5 × distance-to-
coast bin × elevation bin × year-of-sale), and Column (3) further tightens time controls
by replacing year-of-sale with year×month-of-sale (ZDEM). Once these high-dimensional
fixed effects absorb local amenity and time variation, the coefficient on prcp4.5(100) flips
sign and becomes economically and statistically negative in Panel A and Panel B. A literal
unit-change interpretation is mechanically large (moving from p(100) = 0 to p(100) = 1), so
a more informative scaling is a marginal change in risk: using Column (2), a 10 percentage-
point increase in prcp4.5(100) (i.e., ∆p = 0.1) is associated with a price decline of about
$5,100 in levels (Panel A) and about 0.35% (35 basis points) in logs (Panel B).12

It is tempting to interpret the log estimate in Column (2) as the “tail” contribution of
housing services beyond 100 years—i.e., as the effect of truncating the continuation value
after 100 years. However, that reading relies on extrapolating a linear regression far beyond
typical empirical variation in p(100); we therefore treat it as a suggestive model-mapping
heuristic rather than a literal truncation experiment. The marginal-change interpretation
above is the safer economic summary.

Column (4): Window risk and the Gateaux-derivative mapping. Column (4) includes
both prcp4.5(100) and the window probability prcp4.5(100, 110) := prcp4.5(110)− prcp4.5(100).

12The sample size declines once we add high-dimensional fixed effects because the estimator drops singleton
observations within the absorption structure.
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This specification more closely matches the Gateaux derivative emphasized by the model:
the coefficient on prcp4.5(100, 110) captures the incremental price effect of increasing the
probability of inundation specifically in the (100, 110] window, holding fixed the probability
of inundation by year 100 (and hence holding fixed earlier-horizon risk). Empirically, the
window coefficient is negative in both levels and logs, consistent with markets discounting
risk that arrives in the far tail even after accounting for baseline 100-year risk.

Columns (5)–(6): Cross-scenario average risk. Columns (5) and (6) repeat the Column (2)
and Column (4) exercises using the cross-scenario average risk measure p̄ in place of
prcp4.5. The resulting coefficients are again negative in both panels, indicating that the
capitalization of long-run inundation risk is not driven by reliance on a single emissions
scenario. Column (6) additionally includes the window probability p̄(100, 110), delivering
the analogous “window” mapping under the averaged risk measure. Overall, across
specifications and risk definitions, the results support the model prediction that higher
long-run inundation risk is capitalized into lower house prices once local amenity and time
variation are absorbed.

[Table 2 about here.]

4.1.1 Term structure

Figure 7 tests the model’s term-structure prediction that the price impact of SLR risk should
decline as the relevant horizon moves farther into the future. In Panel (a), we estimate
a sequence of hedonic regressions using window risk p(H, H+10) := p(H+10)− p(H).
The coefficient β̂H,H+10 maps to the Gateaux derivative associated with shifting probability
mass into the window (H, H+10] (holding earlier-horizon risk fixed). In the model, this
derivative is proportional to the negative of the “annuity weight”

−A(H, H+10) := −
∫ H+10

H
K(t) dt,

which can be interpreted as the t=0 price of a claim that pays a safe unit flow over
t ∈ [H, H+10]. Because discounting makes distant cash flows cheaper today, A(H, H+10)
should decay with H, implying that β̂H,H+10 should become smaller in magnitude as H
increases.

Panel (b) makes this decay pattern transparent by plotting ln |β̂H,H+10| against H.
Let r(t) be the effective discount rate defined by E0[m(t)] = exp

(
− r(t) t

)
. If r(t) is

approximately constant over long horizons, then annuity prices (and hence |β̂H,H+10|)
decline approximately exponentially in H, so ln |β̂H,H+10| should be close to linear in H;
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systematic departures from linearity would instead suggest a non-flat long-run discount-
rate term structure. Empirically, the coefficients decay strongly with horizon, and the
log-linear fit in Panel (b) is tight, implying that an approximately flat long-run discount
rate is a good approximation in this range. The estimated slope is about −0.028, i.e., an
exponential decay rate of roughly 2.8% per year, consistent with discounting in the pricing
kernel process m(t) being well summarized by a constant long-run rate near 2.8%.

[Figure 7 about here.]

4.2. Ambiguity amplifies the price effect of risk

This section tests the model’s amplification mechanism: ambiguity (cross-scenario disagree-
ment) makes a given amount of SLR risk more negatively capitalized into house prices. The
clean empirical object to map to the theory is the level of the value function v∗ (dollars), not
ln v∗. The reason is conceptual: even if the cross-partial of v∗ were zero, the cross-partial
of ln v∗ need not be, purely due to the curvature of the log transformation. Accordingly,
Table 3 (price levels) is our main test, while Table 4 (log price) is a robustness check.

Null: Ambiguity neutrality. Proposition 6 delivers a crisp null hypothesis. Under am-
biguity neutrality (α = 0), the optimal tilted beliefs collapse to the baseline beliefs and
ambiguity does not distort pricing, implying

∂2v∗

∂risk ∂ambiguity
= 0.

In our empirical implementation, we operationalize risk by p(H) (either p̄(H) or prcp4.5(H))
and ambiguity by spread(H) := prcp8.5(H)− prcp2.6(H). Consider the level regression

Price = βp p(H) + βs spread(H) + βps p(H)× spread(H) + controls + FE.

The null of ambiguity neutrality corresponds to βps = 0 in levels (up to the regression’s
scaling of p and spread), because βps is precisely the empirical analog of the cross-partial
of v∗ with respect to risk and ambiguity.

We robustly reject ambiguity neutrality. Table 3 shows that the interaction coefficient
is negative and highly statistically significant across the main specifications. Using p̄(100)
as the risk measure, the interaction estimate is β̂ps = −133,198 (SE 24,356) in Column (1),
β̂ps = −151,999 (SE 32,679) in Column (2) with the more stringent ZDEM fixed effects,
and β̂ps = −136,584 (SE 20,880) in the centered specification of Column (3). All three reject
βps = 0 with t-statistics well in excess of conventional thresholds. This is direct evidence
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against α = 0: empirically, ambiguity systematically steepens the (negative) marginal price
of risk.

In the interaction regression, the marginal price of risk is

∂ Price
∂p(H)

= βp + βps spread(H).

Because β̂ps < 0, the capitalization of risk becomes more negative as ambiguity increases.
Figure 8 makes this rotation concrete by plotting the fitted marginal effect over the support
of spread(100), along with confidence bands. The figure provides a numerical illustration
of the amplification channel: moving to more ambiguous locations shifts the implied dollar
price of risk sharply downward, even when βp by itself is modest.

Column (6) implements the window design using p(H, H+10) and spread(H, H+10).
This specification is useful because it maps most tightly to the Gateaux derivative associated
with moving probability mass into the window (H, H+10], holding earlier-horizon risk
fixed. Consistent with the amplification mechanism, the window interaction term remains
negative and statistically significant: β̂ps = −111,908 (SE 41,784).

Robustness: log-price specifications. Table 4 repeats the same designs with ln(Price) as
the dependent variable. The interaction term remains negative and statistically significant
in the main columns, consistent with amplification. However, we interpret these log
results as corroborating evidence rather than the primary test, because the model’s sharp
null concerns the cross-partial of v∗ and because ln(·) can mechanically induce nonzero
cross-effects even when the level cross-partial is zero.

Remark 5 (On the direct effect of ambiguity.). The model does not generally sign ∂v∗/∂spread:
its sign depends on whether buyers are sufficiently “optimistic” in the sense that the tilted
weight on the good scenario dominates the bad one (e.g., whether q∗1ℓ1 is large relative
to q∗3ℓ3). Empirically, the coefficient on spread(H) is mixed across specifications (and less
robust than the interaction term), with some columns suggesting a positive direct association
(a pattern consistent with local optimism) and others suggesting the opposite once risk
is summarized differently or horizons shift. The robust and central fact is instead the
interaction: regardless of the level effect of ambiguity, higher ambiguity reliably amplifies
the negative capitalization of risk, strongly rejecting ambiguity neutrality.

[Table 3 about here.]

[Table 4 about here.]

[Figure 8 about here.]
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5. Conclusion

This paper develops and empirically evaluates a stylized robust-control framework to study
how long-run climate risk and ambiguity are capitalized into housing prices. The model
distinguishes between risk—unknown realizations for known probabilities conditional on a
given climate scenario—and ambiguity—not knowing which potential model or scenario
from a set of possible climate scenarios will ultimately prevail. Within this framework,
risk and ambiguity jointly shape asset prices, with ambiguity amplifying discounting of
long-horizon climate risk.

We test the model’s core implications using transaction-level data from U.S. coastal hous-
ing markets. Exploiting high-resolution spatial variation in exposure to permanent coastal
inundation, we construct horizon-specific probabilities of inundation under alternative
Representative Concentration Pathways and an ambiguity measure based on cross-scenario
divergence. The empirical analysis documents three robust patterns consistent with the
model: housing prices decline with long-run inundation risk; prices decline further with
greater ambiguity holding expected risk fixed; and ambiguity amplifies the capitalization
of risk through a negative interaction effect.

To our knowledge, this paper provides one of the first concrete mappings from a
robust-control model of risk and ambiguity to observed market prices in a large asset
market. A key contribution is the disciplined translation of physical climate projections into
economically meaningful, horizon-specific probabilities that can be taken directly to the
data. This mapping allows us to evaluate the theory of risk and ambiguity using observed
prices rather than stylized experiments or calibration alone.

Empirically, the analysis leverages a uniquely large and carefully constructed dataset,
combining more than 13.6 million coastal housing transactions with parcel-level inundation
thresholds and local SLR projections. The scale of the data allows us to estimate highly satu-
rated specifications that exploit fine-grained spatial variation while maintaining substantial
statistical power.

This paper is a work in progress. Our ongoing and future work will explore broader
implications of the estimated risk and ambiguity premia, including how they relate to
households’ willingness to invest in SLR adaptation. More generally, the framework
developed here provides a foundation for studying how markets price long-run climate
risks when both probabilities and models themselves are uncertain.
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Figure 1: Linearity of the valuation functional. Left panel: A perturbation δ(t) = 1{t ≥ τ}
shifts the probability curve upward for all t ≥ τ, increasing the cumulative disaster
probability p(τ) by ε. Right panel: Because v(p) = vsafe − ⟨ℓK, p⟩ is affine in p, the value
v(p + εδ) responds linearly in ε, with slope −ℓA(τ) where A(τ) =

∫ ∞
τ K(t)dt is the

continuation value.
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Figure 2: High-resolution SLR inundation maps. This figure illustrates NOAA Sea Level
Rise Viewer inundation layers for three major coastal housing markets: New York City
(panel A), Miami (panel B), and Charleston, South Carolina (panel C). Shaded areas indicate
permanent inundation under hypothetical SLR amounts of 0, 5, and 10 feet. The maps
highlight substantial within-neighborhood spatial heterogeneity in exposure driven by local
elevation and hydrologic connectivity.

(a) New York City, NY (b) Miami, FL

(c) Charleston, SC
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Figure 3: Local sea-level-rise projections for Miami (author’s calculations). This figure
plots projected relative SLR for the Miami tide gauge under three Representative Concen-
tration Pathways (RCP2.6, RCP4.5, and RCP8.5). Solid lines show median (50th percentile)
projections and shaded regions depict uncertainty bands (10th–90th percentiles). The series
are constructed by the authors from simulation outputs in the replication materials of
DeConto and Pollard (2016).
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Figure 4: Illustration: computing p45100 from local RCP4.5 projections (author’s calcu-
lations). This figure illustrates the construction of the 100-year inundation probability
under RCP4.5 for a representative transaction. The example considers a sale in year 2020

(t = 2020) and horizon H = 100, corresponding to calendar year t + H = 2120. The
property’s NOAA-based inundation threshold is minSLRi = 5 feet (horizontal dashed
line). Using the local RCP4.5 projection distribution for the nearest tide gauge (Miami),
we compute p45100 = Pr(SLRg,4.5,2120 ≥ 5) as the share of projected outcomes exceeding
5 feet at year 2120 (equivalently, one minus the CDF evaluated at 5 feet). The plotted
percentiles and uncertainty band are constructed by the authors from simulation outputs in
the replication materials of DeConto and Pollard (2016).
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Figure 5: Projected SLR inundation probabilities in the transaction-level sample. The
top panel plots cross-sectional mean inundation probabilities under RCP2.6, RCP4.5,
and RCP8.5. The bottom panel plots the corresponding average risk measure p̄(H) :=
1
3(prcp.26(H) + prcp4.5(H) + prcp8.5(H)) and disagreement measure pd(H) := prcp8.5(H)−
prcp2.6(H). Horizons H are measured in years from the transaction date.
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Figure 6: Sales activity and housing wealth by distance to the coast (bin width 0.1 mile).
Panel (a) plots transaction counts for all single-family home sales from January 2001 to
December 2024 within 5 miles of the U.S. coastline (after dropping outliers with sale price
< $100,000). Panel (b) plots the corresponding dollar volume per bin, computed as the
sum of transaction prices within each distance bin (nominal, not inflation-adjusted) for the
2010–2024 subsample. In both panels, colored overlays indicate transactions for properties
that would be permanently inundated at x feet of sea-level rise (SLR), for x ∈ {3, 6, 9}.

(a) Count of sales in full 2001-2024 sample.

(b) Total volume of sales (in nominal dollars) in 2010-2024 subsample.
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(b) Log absolute coefficients and linear fit across horizons.

Figure 7: Window-by-window SLR capitalization and decay with horizon. Panel (a)
plots coefficient estimates β̂H,H+10 from regressions of residualized sale price on window
risk p(H, H+10) for H ∈ {60, 70, . . . , 140}, with 95% confidence intervals based on ZIP5-
clustered standard errors. Panel (b) plots ln |β̂H,H+10| and a fitted line ln |β̂H,H+10| = â+ b̂H
with b̂ = −0.02797 (SE 0.00203).
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Figure 8: Marginal Effect of Inundation Risk by Ambiguity Level. This figure plots the
marginal effect of mean inundation probability p̄(100) on sale price as a function of cross-
scenario disagreement pd(100). The regression specification corresponds to Column (1)
of Table ??, Panel A: Price = β1 p̄(100) + β2pd(100) + β3 p̄(100)× pd(100) + controls + FE.
The marginal effect is ∂Price/∂ p̄(100) = β̂1 + β̂3 · pd(100) = −10,504 − 133,198 × pd(100).
Shaded region shows 95% confidence interval.
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Tables

Table 1: Summary statistics. This table reports summary statistics for key variables in the
transaction-level analysis dataset, constructed by combining proprietary deed transactions
from CoreLogic with high-resolution SLR inundation maps from NOAA and local SLR
projections based on DeConto and Pollard (2016). The sample consists of the universe
of arm’s-length transactions of single-family homes located within five miles of the U.S.
ocean coastline over the period 2001–2024. sale amount is the transaction price in dollars;
sqft is building square footage; stories is the number of stories; and prop age is property
age in years at the time of sale. For each property and horizon H, prcp2.6(H), prcp4.5(H),
and prcp8.5(H) denote the probability that the property is permanently inundated due
to SLR within H years of the sale date under RCP2.6, RCP4.5, and RCP8.5, respectively.
We define the average risk measure p̄(H) := 1

3

(
prcp2.6(H) + prcp4.5(H) + prcp8.5(H)

)
and

the disagreement (ambiguity) measure pd(H) := prcp8.5(H)− prcp2.6(H). Panel A reports
prices and property characteristics. Panel B reports SLR risk measures at horizons H ∈
{80, 100, 120}.

Variable Mean SD Median P90 Max N

Panel A. Prices and property characteristics
sale amount 455,898.1 482,334.2 305,000 867,000 3,025,000 13,658,396
sqft 1,900.2 823.0 1,703 2,977 5,018 13,166,384
stories 1.4 0.5 1.0 2.0 3.0 11,983,632
prop age 41.6 29.9 38.0 84.0 124.0 12,527,485

Panel B. SLR risk measures at selected horizons
prcp2.6(80) 0.005,0 0.053,5 0.000,0 0.000,0 0.900,0 13,758,322
prcp4.5(80) 0.014,0 0.090,4 0.000,0 0.000,0 0.900,0 13,758,322
prcp8.5(80) 0.038,3 0.146,7 0.000,0 0.100,0 0.900,0 13,758,322
p̄(80) 0.019,1 0.089,0 0.000,0 0.033,3 0.900,0 13,758,322
pd(80) 0.033,3 0.125,7 0.000,0 0.000,0 0.900,0 13,758,322

prcp2.6(100) 0.007,5 0.063,3 0.000,0 0.000,0 0.900,0 13,758,322
prcp4.5(100) 0.029,6 0.126,4 0.000,0 0.000,0 0.900,0 13,758,322
prcp8.5(100) 0.086,4 0.226,9 0.000,0 0.250,0 0.900,0 13,758,322
p̄(100) 0.041,2 0.125,3 0.000,0 0.083,3 0.900,0 13,758,322
pd(100) 0.078,9 0.208,0 0.000,0 0.250,0 0.900,0 13,758,322

prcp2.6(120) 0.011,0 0.075,3 0.000,0 0.000,0 0.900,0 13,758,322
prcp4.5(120) 0.053,1 0.165,1 0.000,0 0.250,0 0.900,0 13,758,322
prcp8.5(120) 0.138,3 0.311,3 0.000,0 0.900,0 0.900,0 13,758,322
p̄(120) 0.067,5 0.164,6 0.000,0 0.383,3 0.900,0 13,758,322
pd(120) 0.127,3 0.292,9 0.000,0 0.800,0 0.900,0 13,758,322
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Table 2: Capitalization of Inundation Risk. Estimates from hedonic regressions of sale price
(Panel A) and log sale price (Panel B) on SLR risk: prcp4.5(H) denotes the probability that a
property is permanently inundated by horizon H years from the transaction date under
RCP4.5; p̄(H) := 1

3

(
prcp2.6(H) + prcp4.5(H) + prcp8.5(H)

)
; and p(H1, H2) := p(H2)− p(H1).

ZDEY fixed effects correspond to ZIP5×distance-to-coast bin (p5)×elevation bin (p5)×year
of sale; ZDEM replaces year with month-year. All specifications include standard property
controls (square footage, number of stories, and property age). Standard errors clustered
by ZIP5 reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

(1) (2) (3) (4) (5) (6)
Fixed effects ZDEY ZDEM ZDEY ZDEY ZDEY

Panel A: Dependent variable is Sale Price ($)

prcp4.5(100) 330,940
∗∗∗ −50,738

∗∗∗ −73,894
∗∗∗ −54,723

∗∗∗

(28,911) (10,836) (15,599) (11,320)

prcp4.5(100, 110) −42,667
∗∗∗

(7,725)

p̄(100) −59,511
∗∗∗ −61,405

∗∗∗

(13,168) (13,343)

p̄(100, 110) −25,386
∗∗

(12,174)

Observations 11,418,736 10,504,699 6,103,086 10,504,699 10,504,699 10,504,699

Adj. R2
0.26 0.78 0.80 0.78 0.78 0.78

Prop. Controls Y Y Y Y Y Y

Panel B: Dependent variable is ln(Price)

prcp4.5(100) −0.035
∗∗ −0.038

∗∗

(0.016) (0.017)

prcp4.5(100, 110) −0.030
∗∗

(0.012)

p̄(100) −0.040
∗∗ −0.042

∗∗

(0.020) (0.020)

p̄(100, 110) −0.017

(0.016)

Observations 10,504,699 10,504,699 10,504,699 10,504,699

Adj. R2
0.83 0.83 0.83 0.83

Prop. Controls Y Y Y Y Y Y
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Table 3: Ambiguity Amplification of Risk Capitalization (Price Levels). Estimates
from hedonic regressions of sale price on SLR risk and ambiguity. The risk mea-
sure p(H) denotes either the cross-scenario average inundation probability p̄(H) :=
1
3

(
prcp2.6(H) + prcp4.5(H) + prcp8.5(H)

)
or the scenario-specific probability prcp4.5(H), as

indicated in the table. spread(H) := prcp8.5(H)− prcp2.6(H) measures cross-scenario dis-
agreement (ambiguity), and p(H1, H2) := p(H2)− p(H1) denotes the probability of inun-
dation in window (H1, H2]. ZDEY fixed effects correspond to ZIP5×distance-to-coast bin
(p5)×elevation bin (p5)×year of sale; ZDEM replaces year of sale with year×month of sale.
Specifications marked centered use mean-centered regressors. All specifications include
standard property controls. Standard errors clustered by ZIP5 are reported in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

(1) (2) (3) (4) (5) (6)

Risk measure p̄ p̄ p̄ prcp4.5 p̄ p̄
Centering Y
Horizon H=100 H=100 H=100 H=100 H=80 H=100
Fixed effects ZDEY ZDEM ZDEY ZDEY ZDEY ZDEY

Dependent variable: Sale Price ($)

p(H) −10,504 −38,138
∗ −29,475

∗∗ −11,172 21,459 −43,083
∗∗∗

(13,903) (20,574) (13,733) (13,913) (14,155) (14,723)

spread(H) 21,811
∗∗

32,302
∗∗

48,443
∗∗∗ −10,062 −42,515

∗∗∗ −18,143
∗∗∗

(10,306) (13,354) (8,844) (6,347) (11,020) (6,532)

p(H)× spread(H) −133,198
∗∗∗ −151,999

∗∗∗ −136,584
∗∗∗ −73,566

∗∗∗ −92,734
∗∗∗

(24,356) (32,679) (20,880) (18,417) (26,186)

p(H, H+10) −53,818
∗∗∗

(17,151)

spread(H, H+10) 38,825
∗∗∗

(9,573)

p(H, H+10)× spread(H, H+10) −111,908
∗∗∗

(41,784)

Observations 10,504,699 6,103,086 10,504,699 10,504,699 10,504,699 10,504,699

Adj. R2
0.78 0.80 0.78 0.78 0.78 0.78

Prop. Controls Y Y Y Y Y Y
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Table 4: Ambiguity Amplification of Risk Capitalization (Log Price). This table reports
log price specifications corresponding to Table ??. All variable definitions, fixed effects, and
controls are identical.

(1) (2) (3) (4) (5) (6)

Risk measure p̄ p̄ p̄ prcp4.5 p̄ p̄
Centering Y
Horizon H=100 H=100 H=100 H=100 H=80 H=100
Fixed effects ZDEY ZDEM ZDEY ZDEY ZDEY ZDEY

Dependent variable: ln(Price)

p(H) 0.004 −0.027 −0.006 0.003 0.032
∗ −0.025

(0.018) (0.027) (0.018) (0.018) (0.019) (0.020)

spread(H) 0.019 0.025 0.014 −0.006 −0.035
∗ −0.017

∗∗

(0.013) (0.018) (0.012) (0.009) (0.018) (0.009)

p(H)× spread(H) −0.119
∗∗∗ −0.112

∗∗ −0.119
∗∗∗ −0.073

∗∗∗ −0.084
∗∗

(0.036) (0.048) (0.036) (0.025) (0.033)

p(H, H+10) −0.038

(0.024)

spread(H, H+10) 0.032
∗∗

(0.015)

p(H, H+10)× spread(H, H+10) −0.099

(0.064)

Observations 10,504,699 6,103,086 10,504,699 10,504,699 10,504,699 10,504,699

Adj. R2
0.83 0.85 0.83 0.83 0.83 0.83

Prop. Controls Y Y Y Y Y Y
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A. Proofs

A.1. Proof of Lemma 1

Proof. Fix a horizon τ ≥ 0. An increase in the cumulative disaster probability p(τ) by
ε > 0 corresponds to an increase in probability mass for all t ≥ τ. To define an admissible
perturbation within the space of probability functions, fix L > τ and define the perturbed
probability curve

p(ε,L)(t) := p(t) + ε 1{t ≥ τ} − ε 1{t ≥ L}.

For sufficiently small ε, this perturbation preserves monotonicity and ensures p(ε,L)(t) ∈
[0, 1] for all t. Moreover, p(ε,L)(τ) = p(τ) + ε, so p(τ) increases by ε.

By linearity of v(·) in p,

v
(

p(ε,L)
)
− v(p)

ε
= −ℓ

∫ ∞

0
E0[m(t)]

(
1{t ≥ τ} − 1{t ≥ L}

)
dt

= −ℓ
∫ ∞

τ
E0[m(t)]dt + ℓ

∫ ∞

L
E0[m(t)]dt

= −ℓA(τ) + ℓA(L).

Taking the limit as ε → 0 and then letting L → ∞, using A(L) → 0, yields

∂v
∂p(τ)

= −ℓA(τ),

establishing (5).

A.2. Proof of Lemma 3

Proof. The Lagrangian for (11) is

L(q, λ) =
N

∑
i=1

qivi +
1
α

N

∑
i=1

πi f
(

qi

πi

)
+ λ

(
N

∑
i=1

qi − 1

)
.

For an interior optimizer (q∗i > 0), the first-order condition for each i is

vi +
1
α

f ′
(

q∗i
πi

)
+ λ = 0, i = 1, . . . , N. (32)

Equivalently,

f ′
(

q∗i
πi

)
= −α (vi + λ), i = 1, . . . , N. (33)

Since f is convex, f ′ is invertible on R+, and

q∗i = πi ( f ′)−1(− α (vi + λ)
)
, i = 1, . . . , N, (34)
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where λ is chosen so that ∑N
i=1 q∗i = 1. (Interior feasibility requires parameters such that

q∗i > 0 for all i.)

KL divergence. For KL, take

fKL(x) = x log x, ⇒ D fKL(q∥π) =
N

∑
i=1

qi log
qi

πi
.

Since f ′KL(x) = log x + 1, (33) gives

log
(

q∗i
πi

)
+ 1 = −α(vi + λ),

hence the exponential tilt

q∗i =
πie−αvi

∑N
k=1 πke−αvk

, i = 1, . . . , N. (35)

The minimized objective has the standard log-sum-exp form:

v∗ = −1
α

log

(
N

∑
k=1

πke−αvk

)
, (36)

which is the familiar entropic (or certainty-equivalent) aggregator: a smooth, ambiguity-averse
analogue of the minimum operator that interpolates between the Bayesian expected value
and the worst-case valuation as α increases.

The distorted expected value is v◦ := ∑N
i=1 q∗i vi.

χ2 divergence (interior solution). For χ2, take

fχ2(x) =
1
2
(x − 1)2, ⇒ D f

χ2 (q∥π) =
1
2

N

∑
i=1

(qi − πi)
2

πi
.

Since f ′
χ2(x) = x − 1, (33) yields

q∗i
πi

− 1 = −α(vi + λ), i = 1, . . . , N.

Imposing ∑N
i=1 q∗i = 1 gives λ = −v̄ with v̄ from (14), and therefore

q∗i = πi

[
1 − α (vi − v̄)

]
, i = 1, . . . , N. (37)

Define the prior variance Varπ(v) := ∑N
i=1 πi(vi − v̄)2. Then the distorted expected value

simplifies to

v◦ =
N

∑
i=1

q∗i vi = v̄ − α Varπ(v), (38)
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and the minimized objective value is

v∗ = v◦ +
1
α

D f
χ2 (q

∗∥π) = v̄ − α

2
Varπ(v). (39)

A.3. Proof of Lemma 4

Proof. Let N := (L2([0, ∞)))N with inner product

⟨a, b⟩N =
N

∑
i=1

∫ ∞

0
ai(t)bi(t)dt.

From (18), for any admissible direction δ = (δ1, . . . , δN) ∈ N ,

Dv∗(p)[δ] = −
N

∑
i=1

q∗i ℓi

∫ ∞

0
E0[m(t)] δi(t)dt. (40)

Step 1: Bounded linear functional on N . Linearity in δ is immediate from (40). To verify
boundedness, apply Cauchy–Schwarz in each coordinate:∣∣∣∣∫ ∞

0
E0[m(t)] δi(t)dt

∣∣∣∣ ≤ ∥E0[m]∥L2 ∥δi∥L2 .

Therefore,

∣∣Dv∗(p)[δ]
∣∣ ≤ N

∑
i=1

q∗i ℓi ∥E0[m]∥L2 ∥δi∥L2

≤ ∥E0[m]∥L2

( N

∑
i=1

q∗i ℓi

)( N

∑
i=1

∥δi∥2
L2

)1/2
,

where the last inequality uses Cauchy–Schwarz in RN together with ∑N
i=1(q

∗
i ℓi)

2 ≤
(

∑N
i=1 q∗i ℓi

)2.
Since ∑N

i=1 q∗i = 1 and ℓi ∈ (0, 1), we have ∑N
i=1 q∗i ℓi ≤ 1, hence∣∣Dv∗(p)[δ]

∣∣ ≤ ∥E0[m]∥L2 ∥δ∥N , ∥δ∥N := ⟨δ, δ⟩1/2
N .

Thus Dv∗(p) is a bounded linear functional on N .

Step 2: Riesz representation. Because N is a Hilbert space, the Riesz representation
theorem implies that there exists a unique element ∇pv∗(p) ∈ N such that

Dv∗(p)[δ] = ⟨∇pv∗(p), δ⟩N for all δ ∈ N .
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Define
∇pv∗(p)(t) := −

(
q∗1 ℓ1 E0[m(t)], . . . , q∗N ℓN E0[m(t)]

)
.

Then, for any δ ∈ N ,

⟨∇pv∗(p), δ⟩N = −
N

∑
i=1

∫ ∞

0

(
q∗i ℓi E0[m(t)]

)
δi(t)dt

= −
N

∑
i=1

q∗i ℓi

∫ ∞

0
E0[m(t)] δi(t)dt

= Dv∗(p)[δ],

where the last equality follows from (40). This verifies that the stated ∇pv∗(p) is indeed
the Riesz representer, and uniqueness follows directly from the Riesz theorem.

A.4. Proof of Lemma 5

Proof. Let Xi := ℓi and Yi := ℓ11{i = 1} − ℓN1{i = N} be scalar random variables on
{1, . . . , N} under probability mass function q∗. By definition,

Covq∗(Xi, Yi) = Eq∗ [XiYi]− Eq∗ [Xi]Eq∗ [Yi].

We have

Eq∗ [Xi] =
N

∑
i=1

q∗i ℓi =: ℓ̄q∗ , Eq∗ [Yi] = q∗1ℓ1 − q∗NℓN,

and

Eq∗ [XiYi] =
N

∑
i=1

q∗i ℓi
(
ℓ11{i = 1} − ℓN1{i = N}

)
= q∗1ℓ

2
1 − q∗Nℓ

2
N.

Therefore,

Covq∗(Xi, Yi) =
(
q∗1ℓ

2
1 − q∗Nℓ

2
N
)
− ℓ̄q∗

(
q∗1ℓ1 − q∗NℓN

)
= q∗1ℓ1(ℓ1 − ℓ̄q∗) + q∗NℓN(ℓ̄q∗ − ℓN).

Because q∗i > 0 for all i and ℓ1 < · · · < ℓN, the weighted mean satisfies

ℓ1 < ℓ̄q∗ < ℓN.

Hence ℓ1 − ℓ̄q∗ < 0 and ℓ̄q∗ − ℓN < 0. Since q∗1ℓ1 > 0 and q∗NℓN > 0, both terms in the final
expression are strictly negative, so the covariance is strictly negative:

Covq∗
(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
< 0.

This proves (30).
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A.5. Derivations for Section 2.2.4

A convenient compensated-step direction. Fix τ ≥ 0 and L > τ. Define the compensated
tail step

φ(τ,L)(t) := 1{t ≥ τ} − 1{t ≥ L}.

Then φ(τ,L) ∈ L2([0, ∞)) and

⟨E0[m], φ(τ,L)⟩ =
∫ ∞

τ
E0[m(t)] dt −

∫ ∞

L
E0[m(t)] dt = A(τ)−A(L).

1) Derivation of ∂v∗/∂pi(τ). Fix i ∈ {1, . . . , N}. Consider the admissible direction
δ(τ,L;i) ∈ N defined by

δ
(τ,L;i)
i (t) := φ(τ,L)(t), δ

(τ,L;i)
j (t) ≡ 0 (j ̸= i).

For small ε > 0, the perturbed probability curve pε
i := pi + ε δ

(τ,L;i)
i raises probability by ε

on [τ, L) and restores it by ε for t ≥ L. Thus it increases the horizon-τ disaster probability
pi(τ) at first order, while remaining an admissible (square-integrable) perturbation.

Applying Lemma 4 gives

Dv∗(p)
[
δ(τ,L;i)] = −

N

∑
k=1

q∗k ℓk ⟨E0[m], δ
(τ,L;i)
k ⟩ = −q∗i ℓi ⟨E0[m], φ(τ,L)⟩ = − q∗i ℓi

(
A(τ)−A(L)

)
.

Taking L → ∞ and using A(L) → 0 yields

∂v∗

∂pi(τ)
= lim

L→∞
Dv∗(p)

[
δ(τ,L;i)] = − q∗i ℓi A(τ).

2) Derivation of ∂v∗/∂ p̄(τ). Define the common-shift direction δ(τ,L;com) ∈ N by

δ
(τ,L;com)
i (t) := φ(τ,L)(t), i = 1, . . . , N.

This raises each probability curve by ε on [τ, L) and restores the same mass at t ≥ L,
corresponding to a uniform first-order increase in horizon-τ risk across scenarios.

By Lemma 4,

Dv∗(p)
[
δ(τ,L;com)

]
= −

N

∑
i=1

q∗i ℓi ⟨E0[m], φ(τ,L)⟩

= −
( N

∑
i=1

q∗i ℓi

)(
A(τ)−A(L)

)
.

Letting L → ∞ yields
∂v∗

∂ p̄(τ)
= −

( N

∑
i=1

q∗i ℓi

)
A(τ).
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3) A useful identity for KL: cross partials and a covariance term. Under KL, q∗ is interior
and satisfies the standard derivative identity (a direct differentiation of the soft-min weights
from Lemma 3): for any scalar perturbation z,

∂q∗i
∂z

= −α q∗i
(∂vi

∂z
−

N

∑
k=1

q∗k
∂vk
∂z

)
.

Combining this with the envelope condition ∂v∗/∂vi = q∗i implies that for any pair (z, w),

∂2v∗

∂z ∂w
=

N

∑
i=1

q∗i
∂2vi

∂z ∂w
− α Covq∗

(∂vi

∂z
,

∂vi

∂w

)
.

In our application, vi is affine in (pi, ℓi), so the mixed second derivatives ∂2vi/(∂z ∂w) are
zero for the step perturbations used below. Hence, the cross partial of v∗ is entirely the
(negative) covariance term.

4) Cross partial ∂2v∗/(∂ p̄(τ) ∂pd(τ)). Use the (compensated) extreme-spread direction
that increases pN(τ) and decreases p1(τ) (holding 2, . . . , N − 1 fixed):

δ(τ,L;d)(t) :=
(
− φ(τ,L)(t), 0, . . . , 0, φ(τ,L)(t)

)
.

Under this direction, the scenario-level derivatives are

∂vi

∂ p̄(τ)
= −ℓi A(τ),

∂vi

∂pd(τ)
=


+ℓ1 A(τ), i = 1,

0, 2 ≤ i ≤ N − 1,

−ℓN A(τ), i = N.

Therefore, under KL,

∂2v∗

∂ p̄(τ) ∂pd(τ)
= −α Covq∗

( ∂vi

∂ p̄(τ)
,

∂vi

∂pd(τ)

)
= −α Covq∗

(
− ℓi A(τ), A(τ)

(
ℓ11{i = 1} − ℓN1{i = N}

))
= αA(τ)2 Covq∗

(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
.

Finally, assume q∗i > 0 for all i and ℓ1 < · · · < ℓN . Let ℓ̄q∗ := ∑N
i=1 q∗i ℓi, so ℓ1 < ℓ̄q∗ < ℓN .

Because the selector ℓ11{i = 1} − ℓN1{i = N} is nonzero only in states i = 1 and i = N,
the covariance reduces to

Covq∗
(
ℓi, ℓ11{i = 1} − ℓN1{i = N}

)
= q∗1(ℓ1 − ℓ̄q∗)ℓ1 + q∗N(ℓN − ℓ̄q∗)(−ℓN),
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which is strictly negative since the first term is (+) · (−) · (+) < 0 and the second term is
(+) · (+) · (−) < 0. Hence,

∂2v∗

∂ p̄(τ) ∂pd(τ)
< 0 for KL with α > 0.

Under ambiguity neutrality (α = 0), the robust weights collapse to the fixed prior (q∗ = π)
and do not respond to ( p̄, pd), so the covariance channel is shut down and the cross partial
equals 0.
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