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1. Introduction

Our approach combines engineering estimates of physical flood protection with consumption-
based asset pricing theory to value mangrove coastal protection. Building on prior work showing
that mangroves reduce storm-surge damages ([1], [2], and [3]), we estimate building-level flood
protection directly from SFINCS (Super-Fast INundation of CoastS) flood maps, generated with
and without mangroves across storm return periods and climate scenarios, coupled with the
Federal Emergency Management Agency (FEMA) Flood Assessment Structure Tool (FAST)
and Hazus depth-damage functions (FEMA’s flood loss-estimation methodology). We incorpo-
rate both intensive-margin (reduced flood depths) and extensive-margin (reduced probability
of flooding) protection effects via a flood-probability adjustment to the structural damage ratio
in mangrove scenarios. These engineering-based damage and probability inputs serve as inputs
to our state-dependent valuation framework, generating risk-adjusted values that reflect the
amplified marginal utility of protection in disaster states. Storm risk is modeled using return-
period-based annual probabilities in Monte Carlo simulations, and climate-change scenarios
incorporate sea level rise and associated changes in flood hazard while holding mangrove pro-
tective capacity constant. We then aggregate property-level protection values to counties using
a consistent at-risk exposure base and compare these theory-based values to market valuations
derived from hedonic analysis [4], providing a perspective on market efficiency.

SOCIOECONOMIC DATA

• Building footprint
• Occupancy type
• Content and struc-
ture value
• Foundation type

HAZARD DATA

Flood raster represents
water depth above
ground surface. Sce-
narios incorporate
hydrodynamic and
morphodynamic ef-
fects and long-term
shoreline change across
multiple storm return
periods.

DAMAGE FUNCTIONS

Depth

Damage %

Vulnerability functions
map flood depth to per-
cent damage by occupancy
type, foundation type, and
number of stories.

IMPACTS

$
Direct building dam-
age
(structure and con-
tents)

Figure S1. Flood damage assessment workflow. Building-level socioeconomic
data and flood hazard maps are combined using depth–damage vulnerability func-
tions to estimate direct economic impacts. Adapted from FEMA FAST [5].
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2. Data Sources and Damage Calculation Methodology

This section describes the data sources and methods used to estimate flood damages
and the flood-protection value of mangroves. We couple hydrodynamic flood modeling —
which produces flood-depth maps under each mangrove and climate scenario from elevation,
land-cover, and extreme sea-level and wave data — with building-level exposure data and
FEMA Hazus depth–damage functions to compute direct damages for every affected structure
(Figure S1) [6].

2.1. Flood Risk Maps and Modeling. Our flood maps are produced by hydrodynamic
modeling of current and future coastal flooding and of the flood-risk reduction provided by
mangroves (Figure S1); we do not use FEMA flood-zone maps to determine which properties
are exposed. This modeling yields a high-resolution, regional assessment of coastal flooding
and the benefits of mangroves. These 10-m resolution flood maps cover two habitat scenarios
(with and without mangroves), four storm return periods (10, 25, 50, 100-year) and two climate
scenarios (current and future 2050s).

2.1.1. Flood modeling. The SFINCS model is used to calculate flood extent and inland water
depths for all the different scenarios and produce flood maps representing the maximum depth
at each location during each simulated storm [7]. SFINCS is suitable for large-scale modeling
as it allows high computational efficiency while maintaining adequate accuracy. The model is
fed with water level time series by scaling the shape of the storm hydrograph with the local tide
and the extreme water levels that result from the set-up and run-up analysis. The boundary
conditions are one kilometer resolution across each region.

2.1.2. Flood model surface. The surface flooded by SFINCS is created using elevation data from
a composite of federal products, prioritized for each location from most to least accurate and
granular. Native resolutions range from 1 m to ∼450 m: USGS 3DEP lidar [1 m, land; 8],
NOAA CUDEM [ ∼ 3 m, nearshore topobathymetry; 9], the 2008 National Elevation Dataset
[∼ 3 m, land gap fill; 10], NOAA BlueTopo [∼4–16 m, offshore; 11], and ETOPO 2022 [∼450
m, deep-offshore gap fill only; 12]. All sources are merged onto a common 10 m grid in NAD83
UTM zone 17N (EPSG:26917), using average resampling for sources finer than 10 m and bilinear
interpolation for coarser sources.

The surface roughness varies spatially depending on the classification of the land cover.
This classification is based on a combination of the USGS Annual National Land Cover Database
(NLCD) [13] overlaid with the 2020 Global Mangrove watch data [GMW, 14]. The Manning
coefficients are selected for NLCD using the land-cover lookup table of Kalyanapu et al [15].
Mangroves are given a Manning coefficient of n = 0.14 [16]; in the mangrove-degraded scenario,
mangrove cells are instead assigned n = 0.02. Offshore areas beyond NLCD coverage are
assigned open-water roughness (n = 0.025).

2.1.3. Extreme events. Extreme sea level and ocean wind wave events are estimated from pre-
existing datasets. For the sea level, extreme events are characterized by the maximum water
level and time evolution of the storms inside each study area both in the past and in the pro-
jected future. These extreme sea level values are extracted from the COAST-RP database [17]
that uses a sea level hindcast of 38 years of ECMWF Reanalysis v5 (ERA5) climate data along
with the STORM dataset of synthetic tropical cyclones [18].
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2.1.4. Ocean waves. For the ocean waves, extreme values of significant wave height are esti-
mated and then related to wave period. These extreme values serve as inputs for the hydro-
dynamic models for assessing the impact of different climate scenarios on flood risk. For the
ocean waves, two datasets of offshore wave conditions are used. First, an ocean wave reanalysis
from the ERA5 dataset [19] covers the period between 1940 and 2023. Second, a climate change
dataset produced by USGS using the latest Coordinated Model Intercomparison Project Phase
6 (CMIP6) GCMs information for historical (1979–2014) and projected (2020–2050) periods,
under the SSP5-8.5 emissions scenario [20].

The shape of the evolution in time of the sea level during a storm (i.e., storm hydrograph)
is determined by analyzing the extended version of the same reanalysis based on ERA5 from
1950 to 2018 [21] and following the method described by Dullaart et al. [22]. This extended
dataset also contains historical (1979–2014) and projected (2020–2050) sea levels for different
Global Climate Models (GCMs) under the SSP5-8.5 emissions scenario. These have been used
to estimate the projected changes in extreme sea levels by 2050 (SLR and surge).

An extreme value analysis is used to determine the extreme wave events. This analysis
estimates wave heights and periods for 10, 25, 50, and 100-year return periods for current sea
level conditions and future conditions. The only future wave data assessed under the CMIP6
GCMs are those modeled by USGS, which assess waves to 2050 and use the SSP5-8.5 scenario as
an upper bound for storm damages. However, differences in sea level and other climate metrics
by mid-century among emissions scenarios are minimal [23]. Significant divergence in sea level
and other ocean dynamics does not occur until late in the century. By 2050, the difference in
sea level between scenarios will only be a few centimeters.

2.2. Direct Damages to Infrastructure. The analysis calculates flood damages at the build-
ing level by spatially joining building attributes from the National Structure Inventory (NSI)
[24] with building footprint data from Microsoft Open Buildings [25]. Values in the NSI data
are at 2021 price levels, and the value of structure and content is updated to 2025 prices using
a cumulative price ratio of 1.19 [26].

2.2.1. Building data. We intersect each NSI data point with Microsoft building footprint poly-
gons to create a model of the building landscape. Most NSI data intersect exactly one building
polygon, except for some structures that are missing building footprints, and so are joined to
the nearest building within 50 meters. Several NSI values are associated with a single building
polygon (e.g., multi-use space or large condominiums), each sharing the same flood depth. To
ensure damages are comparable across scenarios, we restrict the sample to the set of buildings
flooded (depth >0) in every scenario.

2.2.2. Damage functions. We use the FEMA FAST tool, updated with damage functions from
Hazus 7.0, to estimate flood damage types, extent, and associated economic losses [5, 6, 27,
28, 29, 30, 31]. For each building, maximum flood depth is calculated from the intersection
of the flood map and the building footprint. A damage function is then selected from Hazus
based on the building’s combination of occupancy type, foundation type, and number of sto-
ries [6, 32, 28]. Economic damages are calculated by inputting the maximum flood depth into
the corresponding damage function, yielding both percent and total damage for each struc-
ture. Hazus damage functions are provided as tabulated depth–damage relationships rather
than closed-form equations: for each building type k, Hazus specifies a discrete set of pairs
{(di, Dk(di))}Ni=0 where di denotes flood depth relative to the first finished floor (tabulated at
1 ft intervals, typically from −2 to +16 ft relative to the first finished floor) and Dk(di) ∈ [0, 100]
is the percent structural damage. For an observed flood depth d at a given building, we estimate
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damage by piecewise-linear interpolation between the two nearest tabulated depths (equation
S1), implemented via numpy.interp. These analyses are repeated across all flood depth maps
for each adaptation scenario, return interval, and climate scenario. We refer to the sum of these
damages as “direct damages.”

(S1) Dk(d) = Dk(di) +
d− di

di+1 − di

[
Dk(di+1)−Dk(di)

]
, di ≤ d ≤ di+1,

For each building, the percent structural damage Dk(d) gives a per-structure loss ratio
(damage as a share of total building value). We average these ratios, unweighted, across all
buildings flooded in each county, return period, and scenario to obtain the county-level direct
loss parameter ξh shown in Figure S2.

Figure S2. Direct loss parameter. Unweighted average share of building
value lost (ξh) among buildings affected by flooding, by county, return period, and
scenario. Values are the raw (unadjusted) damage ratios; the flood-probability
adjustment is applied downstream. The structure value-weighted version is re-
ported in Appendix B.

2.2.3. Flood probability adjustment (extensive margin). To reflect that mangroves can reduce
not only flood depths (intensive margin) but also the likelihood that a property floods at all
(extensive margin), we apply a flood-probability adjustment to the structural damage ratio ξh
in scenarios where mangroves are present. For each county–return period–climate scenario, we
compute a flood probability factor as the ratio of the number of flooded buildings (depth >
0) in the “with mangroves” scenario to the number of flooded buildings in the corresponding
“without mangroves” scenario, Nm

flood/N
0
flood. We then scale the mangrove damage ratio by this

factor, ξm,adj
h = min{1, ξmh · (Nm

flood/N
0
flood)}.
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2.2.4. Summarization at the County-level. We summarized all damages and building value at-
tributes at the county-level to focus on overall trends. All building data was assigned a county
by intersecting their locations with county boundaries for the seven counties in this study [33].
Summarizing at the county level allowed us to simultaneously evaluate the benefits of mangroves
to building-level direct-damage protection and to housing sale price impacts [4].

2.3. Key Model Limitations and Assumptions. All regional and global flood models have
limitations and are heavily influenced by available data particularly on elevation, bathymetry
and economic assets. The digital elevation model used in this analysis is a composite of fed-
eral elevation products resampled to a 10-meter grid. Despite adjustments, “noise” from land
features such as trees and buildings can be misidentified as base elevation, which can inflate
the actual terrain height, creating artificial barriers that lead to an underestimation of flooded
areas. To mitigate this in mangrove-covered regions, elevations above mean sea level (MSL)
were manually reset to MSL.

Even high-resolution elevation data typically do not capture local flood defenses like sea-
walls or dikes. This is a common challenge not only for global models but also for high-resolution
industry models used in highly developed areas such as Florida, USA. When there are no data
on existing defenses, models tend to overestimate flooding. Consequently, future analyses would
benefit from updated bathymetry, explicit representation of coastal defense structures, and re-
fined economic asset data.
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3. Net Present Value of Housing Framework: Model and Calibration

This section describes the asset-pricing framework used to value housing as the discounted
present value of future housing services and to quantify how climate-driven flood risk affects
those cash flows. We first establish the household optimization problem with Constant Relative
Risk Aversion (CRRA) utility and derive the stochastic discount factor (pricing kernel) that
reflects households’ elevated marginal utility during consumption shocks. We then use this
discount factor to derive the housing price equation under disaster risk, which incorporates
both flood-induced consumption shocks (ξc) and structural housing damages (ξh). We then
describe how we simulate disaster arrivals and calibrate key parameters used to map physical
flood scenarios into net present value impacts.

3.1. Conceptual Framework.

3.1.1. Setup. Preferences: Representative household with CRRA utility:

(S2) U(ct) =
c1−γ
t

1− γ

where γ is the coefficient of relative risk aversion

Consumption:

(S3) ct = yt + dt

where yt is non-housing consumption and dt are housing services/consumption.

3.1.2. Consumption growth with climate disasters. Following the literature on consumption-
based asset pricing and rare disasters [34, 35, 36, 37], we decompose consumption growth into
normal and disaster states st:

st =

{
0 no disaster
1 disaster

with
Pt(st = 1) = pt

(S4) Et

[
ct+1

ct

]
= (1 + gc)(1− pt+1 ξc)

where ξc is the consumption impact of the hurricane disaster.

Assuming CRRA utility function with risk aversion coefficient γ and discount rate β, the
stochastic discount factor is time-varying and state-dependent:

(S5) mt+1 = β

(
ct+1

ct

)−γ

(1− st+1 ξc)
−γ = β (1 + gc)

−γ(1− st+1ξc)
−γ.

In the disaster case in t + 1, consumption drops and therefore we discount that period’s
assets by less.
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Housing services:

(S6) dt = δHt

where δ is rental yield (or equivalent cash flow derived from housing value), and Ht is house
value.

Note the disaster state affects housing prices through two distinct channels: ξh captures
physical damage to housing stock, while ξc captures the broader consumption impact that
affects valuation.

Housing asset pricing equation:

(S7) Ht =

{
Et [mt+1(dt+1 +Ht+1)(1− st+1ξh)] , If no disaster at t

Et [mt+1(dt+1 +Ht+1)(1− st+1ξh)] (1− ξh), If disaster at t

or, collapsing and substituting dt = δHt

(S8) Ht = Et [mt+1 (1 + δ)(1− st+1 ξh)Ht+1] (1− stξh).

When iterating forward, equation S7 becomes1

(S9) Ht = Et

[
∞∑
j=1

(1 + δ)j

(
j∏

k=1

mt+k (1− st+k ξh)

)]
(1− stξh).

Mangroves reduce disaster losses to housing, but not to consumption

(S10) ξmh = ξh(1− a(d, w)),

where ξh represents baseline property-level damage ratio in the absence of mangrove pro-
tection (equivalently denoted ξh(·, 0) when emphasizing the functional dependence on mangrove
width), ξmh is the damage ratio with mangrove protection, and a(d, w) is the mangrove adap-
tation benefit for a property located d kilometers from mangroves of width w meters. The
protection function satisfies ∂a/∂d < 0 (protection decays with distance) and ∂a/∂w > 0
(wider forests provide greater protection).

For the county-level representative property simulation, we use the distance-weighted
average protection ā(w) across flooded properties in each county. At the individual property
level, protection varies with distance according to a(d, w), but for computational tractability
we simulate a representative property experiencing the county-mean protection benefit.

Critically, mangroves affect only housing damages (ξh), not consumption shocks (ξc).
Disaster consumption shocks arise from income disruption, business closures, and evacuation
costs—effects that occur regardless of structural damage to the home.

3.2. Key Parameters. This subsection documents the core parameters that govern prefer-
ences, discounting, housing-market dynamics, and disaster-related shocks in the model. For
transparency and replicability, we report baseline values, symbols, and data sources (or standard
calibrations) used throughout the quantitative exercises, and we indicate where assumptions
are made. Table S1 summarizes all calibrated parameters used in our analysis.

1The disaster state st+1 enters twice: once reducing physical payoffs via (1− st+1ξh) (cash flow effect), and
once increasing the SDF via (1− st+1ξc)

−γ (discount rate effect).
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Table S1. Baseline Parameter Calibration

Parameter Symbol Value Source

Housing Market
Rental yield δ 7.0% Florida market data (Table S2)

Preferences & Discounting
Discount factor β 0.95 Standard calibration
Risk aversion γ 2.0 Consensus estimatea

Consumption growth gc 2.5% US long-run average adjusted for Florida

Consumption Shocks
RP10 consumption drop ξ10c 1.0% Conservative calibrationb

RP25 consumption drop ξ25c 2.0% (see Section 3.2.3)
RP50 consumption drop ξ50c 4.0%
RP100 consumption drop ξ100c 8.0%

Storm Probabilities (Baseline)
10-year event p10 10% Annual exceedance probability
25-year event p25 4%
50-year event p50 2%
100-year event p100 1%

Simulation
Time horizon T 77 years 2024–2100
Monte Carlo paths N 1,000

a Standard in consumption-based asset pricing literature; see Mehra and Prescott[38].
b Calibrated below developing economy estimates (7–11%) and comparable to Norwegian evidence with full

insurance (3–5%); see main text Section 3.2.3.

3.2.1. Storm occurrence probabilities. We model hurricane occurrence using discrete storm cate-
gories based on return period (RP ) thresholds. Rather than converting the Annual Exceedance
Probabilities (AEP ) into mutually exclusive severity bins, we utilize the marginal probabilities
directly.

Standard exceedance probabilities. The return period definitions provide the follow-
ing annual probabilities of equaling or exceeding a given intensity:

• RP10: 10% probability (P = 0.10)
• RP25: 4% probability (P = 0.04)
• RP50: 2% probability (P = 0.02)
• RP100: 1% probability (P = 0.01)

Independent storm draws. In each simulation year, we draw storm occurrences inde-
pendently for each category using Bernoulli trials. This modeling choice reflects the fact that
return periods measure intensity thresholds, not mutual exclusivity—a single year can experi-
ence multiple storm types. In the event that multiple storms occur within the same simulation
year, the model applies the macroeconomic and structural damage shocks associated solely with
the most severe storm drawn for that period.

3.2.2. Climate change scenarios. We model climate change through the hydrodynamic flood
maps, which for the climate scenarios (S1CC and S2CC in our internal classification) are gener-
ated using future extreme sea levels under sea level rise. Extreme water levels are re-estimated
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for mid-century conditions under the SSP5-8.5 scenario [20, 21], and the flood map for each
return period is extracted from this future hazard distribution.

Crucially, this future hazard distribution already reflects that damaging water levels are
reached more frequently under sea level rise. As the baseline sea level rises, the water level
associated with each return period increases, so that a water level that is rare today (e.g.,
a present-day 100-year level) corresponds to a more frequent event in the future (a shorter
return period). This redistribution of the hazard-probability curve is therefore embedded in
the future flood maps: at each fixed return period, the future maps represent a more severe
event than their present-day counterparts. For this reason, we hold the storm return-period
probabilities fixed across the baseline and climate scenarios and apply no separate adjustment to
storm frequency. Sampling storms at fixed return-period probabilities while applying the future
flood maps captures the increased frequency of damaging conditions; applying an additional
frequency scaling on top of this would double-count the effect already contained in the future
hazard maps.

Climate change thus enters the damage calculation entirely through the future flood maps,
in two ways:

Deeper inundation. Elevated water levels increase flood depths for properties that
flood under both present-day and future conditions, raising the structural damage ratio ξh. As
in the baseline, ξh is the mean ratio of structural damage to property value across all buildings
that flood in a given county, scenario, and return period:

(S11) ξcounty, scenario, RP
h =

1

N county, scenario, RP
flooded

∑
i∈floodedcounty, scenario, RP

damagei
valuei

,

computed conditional on flooding occurring, where the set of flooded properties Nflooded is
determined separately for each county, return period, and climate scenario from the scenario-
specific flood depths.

Expanded flood extent. Higher water levels also extend flooding into previously unaf-
fected areas, so more properties flood under the climate scenario (NCC

flooded > Nbaseline
flooded ). Because

the flooded set is scenario-specific, this expansion carries through to the county-level aggrega-
tion, where the at-risk exposure base grows under climate change.

Both effects are generated within the same future hydrodynamic flood maps, so they
are internally consistent: the maps describe the depth and extent of flooding for each return
period under future sea levels, and the return-period probabilities are held unchanged between
scenarios.

3.2.3. Consumption shocks. A critical parameter in our analysis is the consumption shock ξc
that households experience when a hurricane strikes. While the rare disaster literature in asset
pricing [39, 40, 36] calibrates consumption drops of 10–60% for macroeconomic catastrophes
like the Great Depression or World War II, regional natural disasters produce substantially
smaller consumption effects. Bakkensen and Barrage[41] show that even in the most vulnerable
countries climate-related cyclone damages reduce consumption by 5% relative to the balanced
growth path.

Empirical evidence from developing economies. To the best of our knowledge,
the most comprehensive household-level evidence on consumption responses to tropical cy-
clones comes from developing countries. Anttila-Hughes and Hsiang[42] analyze typhoons in
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the Philippines and find that household consumption declines by an average of 7.1%, with in-
come falling by 6.6%. In India, Agarwal et al.[43] document an 11% consumption drop during
the Chennai flood, with only 65% recovery thereafter. Similarly, Bui et al.[44] find that natural
disasters in Vietnam reduce household income and expenditure by approximately 7%, with
limited evidence of consumption smoothing. These large consumption responses reflect lim-
ited insurance coverage, constrained credit markets, and weak social safety nets in developing
economies.

Evidence from advanced economies with direct consumption measurement.
Espegren et al.[45] provide rare direct evidence on household consumption responses to natural
disasters in an advanced economy. Using Norwegian administrative data linked to electronic
transaction records, they exploit a unique institutional setting: universal natural disaster insur-
ance that fully compensates direct property damages with minimal deductibles (approximately
2% of damages). Despite this comprehensive coverage, households in disaster-affected munic-
ipalities experience cumulative consumption declines of $1,460 over four years—representing
33% of direct damages. This consumption response substantially exceeds the concurrent in-
come decline of $720 (16% of direct damages), with the gap driven primarily by steep falls
in housing wealth (peak decline: $13,000 in year two). The consumption drop is concentrated
among homeowners, consistent with estimated marginal propensities to consume out of housing
wealth shocks of approximately 3% [46].

The Norwegian evidence establishes a critical benchmark for US hurricane calibration.
Even with full insurance coverage eliminating direct property loss risk, indirect channels—
particularly housing wealth effects—generate substantial consumption contractions. The 3–
5% consumption decline observed in Norway over four years likely represents a lower bound
for US hurricane impacts, for three reasons. First, US flood insurance coverage is far from
universal, with take-up rates below 50% even in high-risk coastal areas [47], leaving many
households exposed to uncompensated property losses. Second, federal disaster assistance,
while substantial, covers only a fraction of uninsured losses [48]. Third, Norwegian disasters
were primarily localized floods and landslides, whereas major US hurricanes like Katrina or Ian
generate region-wide destruction simultaneously affecting labor markets, housing markets, and
local amenities across entire metropolitan areas.

Limited direct consumption evidence from US hurricanes. Despite extensive
study of US hurricane impacts on income and employment [49, 50], direct household consump-
tion measurements remain limited in the literature. Existing studies consistently find that fed-
eral disaster assistance, insurance markets, and credit access enable substantial consumption
smoothing [48, 51]. Deryugina et al.[49] document that Hurricane Katrina victims experienced
only transitory income losses with full recovery within two years, suggesting effective smoothing
of short-run income shocks.

However, the absence of consumption data leaves unresolved whether housing wealth ef-
fects documented by Espegren et al.[45]—which operated despite full insurance—similarly affect
US hurricane victims. The Norwegian evidence suggests that even when direct property dam-
ages are fully compensated, indirect channels operating through housing wealth, local labor
markets, and amenity values generate substantial consumption contractions. Given that US
flood insurance coverage is substantially less comprehensive than Norway’s universal scheme,
and that major US hurricanes generate broader regional disruptions than the localized Norwe-
gian events, actual US consumption effects may well exceed the Norwegian baseline of 3–5%
over four years.
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Calibration. Given this empirical evidence and substantial parameter uncertainty, we
adopt a conservative calibration that reflects consumption smoothing mechanisms available in
the United States while acknowledging the potential for significant consumption effects through
housing wealth and regional disruption channels. We assign consumption shocks that increase
with storm severity:

(S12) ξc =



0.00 No storm
0.01 10-year return period
0.02 25-year return period
0.04 50-year return period
0.08 100-year return period

These values are positioned conservatively relative to all available empirical benchmarks:

• Below developing country estimates (7–11%): US households have greater access
to credit, insurance, and federal disaster assistance than households in the Philippines,
India, or Vietnam.

• Spanning the Norwegian baseline (3–5%): Our values range from 1% for moderate
storms to 8% for catastrophic events. The lower end reflects that many US households
have access to consumption smoothing mechanisms, while the upper end acknowledges
that major hurricanes may exceed Norwegian disaster impacts due to incomplete insur-
ance coverage and broader regional disruption.

• Far below rare disaster benchmarks (10–60%): Hurricane impacts remain regional
and temporary, unlike macroeconomic catastrophes modeled in the rare disaster litera-
ture.

This calibration reflects: (1) extensive disaster relief infrastructure in the United States,
including FEMA assistance for major hurricanes [48]; (2) widespread private insurance mar-
kets, though with significant coverage gaps in flood insurance; (3) household access to credit for
consumption smoothing; and (4) the temporary and regional nature of hurricane impacts com-
pared to macroeconomic disasters. Importantly, even this conservative calibration generates
substantial present value differences between protected and unprotected properties through the
state-dependent discount factor mechanism (Section 3.1.1), as the SDF amplifies the value of
protection benefits that accrue in disaster states.

3.2.4. Rental yield. We impute implied rental yield using Bureau of Economic Analysis (BEA)
personal consumption expenditures (PCE) data. Following equation S6 and Piazzesi et al. [35],
the yield δ is effectively the housing services flow divided by housing stock value.

We compute the national housing share from BEA data as 16.67% ($3,603.6B housing
PCE divided by $21,615.1B total PCE in 2024). Applying this share to Florida’s total PCE
of $1,463.5B yields an estimated $244.0B in Florida housing services. Combined with Florida’s
housing stock value of $3,500B (10.0M units at $350K median value), this yields:

δ = $244.0B
$3,500B = 0.0697

Our Florida estimate of δ = 0.07 is consistent with the Piazzesi et al. [35] framework.
Although they do not report δ explicitly, their calibration implies a national rental yield. From
Piazzesi et al. [35] Table 1, housing services represent 17.4% of total consumption expenditure.
In their model, the housing expenditure share equals δH/(δH + c) where c is non-housing con-
sumption and H is housing value. Using their reported average housing value-to-consumption
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ratio and expenditure share, this implies a national δ of approximately 5.0–5.5%. Our Florida
estimate of 7.0% therefore represents a 1.5–2.0 percentage point premium over the national
average, which we attribute to state-specific factors.

We validate our methodology using observed market price-to-rent ratios (the rental yield
δ, defined as annual rent divided by property value) in major Florida metropolitan areas. For
example, Miami’s median rent of $3,285/month and median home value of $535,000 imply
δ = 7.37%. Across the three Florida metro areas in Table S3, the yield averages 6.82%.

Table S2. Data Sources for Florida Rental Yield Calibration

Variable Source Value Year

Florida Total PCE FRED FLPCEa $1,463.5B 2024

National Housing &
Utilities PCE

FRED
DHUFRC1A027NBEAb

$3,603.6B 2024

Florida Housing Units Census ACSc 10.0M 2023

Florida Median Home
Value

Market Datad $350K 2023–
24

Housing Share (Na-
tional)

BEA / Piazzesie 16.67% 2024

a Federal Reserve Economic Data, https://fred.stlouisfed.org/
series/FLPCE. Source: U.S. Bureau of Economic Analysis.

b Federal Reserve Economic Data, https://fred.stlouisfed.org/
series/DHUFRC1A027NBEA. Personal consumption expenditures:
Housing, utilities, and fuels.

c American Community Survey 2024 estimates, https://data.census.
gov/profile/Florida?g=040XX00US12.

d Zillow Home Value Index, CoreLogic HPI, Miami Realtors monthly
reports.

e BEA NIPA Table 2.5.5; validates Piazzesi et al. (2007) [35] estimate
of 17.4%.

https://fred.stlouisfed.org/series/FLPCE
https://fred.stlouisfed.org/series/FLPCE
https://fred.stlouisfed.org/series/DHUFRC1A027NBEA
https://fred.stlouisfed.org/series/DHUFRC1A027NBEA
https://data.census.gov/profile/Florida?g=040XX00US12
https://data.census.gov/profile/Florida?g=040XX00US12


SUPPLEMENTARY INFORMATION – MANGROVE COASTAL PROTECTION 15

Table S3. Market-Based Rental Yield Estimates

Metro Area Median Rent Median Home Value δ

Miami-Dade County $3,285/montha $535,000d 7.37%
Tampa-St. Petersburg $2,195/monthb $390,000e 6.75%
Orlando $2,050/monthc $387,500f 6.35%

Average 6.82%

Access Date: Feb 6, 2026.
To calculate the annualized rental yield (δ), we utilize publicly available Zillow
market data from June 2024 for both median rents and home values. This timing
captures stabilized market conditions at the onset of the Atlantic hurricane season,
a period of high coastal risk salience.
While our core analysis focuses on seven coastal counties with significant mangrove
coverage, we calibrate δ using major Florida metropolitan hubs (including inland
Orlando) to reflect broader regional market dynamics.

a Zillow Rental Manager, Miami median rent, June 2024. https://www.zillow.
com/rental-manager/market-trends/miami-fl/

b Zillow Rental Manager, Tampa median rent, June 2024. https://www.zillow.
com/rental-manager/market-trends/tampa-fl/

c Zillow Rental Manager, Orlando median rent, June 2024. https://www.zillow.
com/rental-manager/market-trends/orlando-fl/

d Zillow Home Value Index (ZHVI), Miami-Dade County, June 2024. https://www.
zillow.com/home-values/2964/miami-dade-county-fl

e Zillow Home Value Index (ZHVI), Tampa, June 2024. https://www.zillow.com/
home-values/41176/tampa-fl

f Zillow Home Value Index (ZHVI), Orlando, June 2024. https://www.zillow.com/
home-values/13121/orlando-fl

https://www.zillow.com/rental-manager/market-trends/miami-fl/
https://www.zillow.com/rental-manager/market-trends/miami-fl/
https://www.zillow.com/rental-manager/market-trends/tampa-fl/
https://www.zillow.com/rental-manager/market-trends/tampa-fl/
https://www.zillow.com/rental-manager/market-trends/orlando-fl/
https://www.zillow.com/rental-manager/market-trends/orlando-fl/
https://www.zillow.com/home-values/2964/miami-dade-county-fl
https://www.zillow.com/home-values/2964/miami-dade-county-fl
https://www.zillow.com/home-values/41176/tampa-fl
https://www.zillow.com/home-values/41176/tampa-fl
https://www.zillow.com/home-values/13121/orlando-fl
https://www.zillow.com/home-values/13121/orlando-fl
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3.2.5. County-specific hedonic loss parameters. Our market-based valuation uses the hedonic
loss parameters from Liu et al. [4], which measure the effect of mangrove proximity on housing-
price responses to hurricanes from a difference-in-differences design over more than one million
transactions. In addition to the pooled statewide effect, that specification yields county-specific
interaction estimates; we report them in Table S4. We use the county-specific parameter where
it is consistent with a protective mechanism, and the pooled statewide estimate otherwise.

For Hillsborough, Manatee, Miami-Dade, and Pinellas, the county-specific estimates are
correctly signed—near-mangrove properties experience smaller storm-related price declines—
and statistically significant, and we use them directly (Table S4). For Charlotte, Collier, and
Lee, the county-specific coefficients carry the opposite sign, implying that near-mangrove prop-
erties appreciate following storms; this is economically implausible for a flood-protection mech-
anism and most plausibly reflects county-specific confounders that a single-county subsample
cannot separate from the protection effect (for example, waterfront amenity capitalization or
post-storm redevelopment). For these three counties we therefore adopt the pooled statewide
estimate (ξ̂100h = 0.074), which is the well-identified average effect in Liu et al. [4].

Relative to applying the pooled estimate to all counties, this refinement leaves the statewide
comparison unchanged while modestly reallocating value across counties: the market-based
mangrove value is slightly larger in Hillsborough, slightly smaller in Manatee and Miami-Dade,
and substantially larger in Pinellas.

Table S4. Hedonic loss parameters used in the market-based valuation. Co-
efficients are the county × post-hurricane mangrove-proximity interactions from
the headline specification in Liu et al. [4] (standard errors in parentheses); a
negative interaction corresponds to mangrove flood protection. County-specific
parameters are used where correctly signed; Charlotte, Collier, and Lee produced
opposite-signed estimates and are assigned the pooled statewide estimate. Mar-
ket value is mangrove protection as a percentage of property value in the baseline
scenario (as shown in the main text of this paper).

County Coef. (SE) Parameter used Market value (%)

Hillsborough −0.065∗∗∗ (0.007) County-specific 8.8
Manatee −0.036∗∗∗ (0.009) County-specific 4.5
Miami-Dade −0.032∗∗∗ (0.004) County-specific 4.6
Pinellas −0.116∗∗∗ (0.007) County-specific 20.0

Charlotte, Collier, Lee opposite-signed Pooled (0.074) 6.9
∗∗∗p < 0.01. The pooled statewide estimate is applied to counties whose county-specific interaction is not

consistent with a protective sign.
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3.2.6. Sensitivity to the return-period scaling rule. The hedonic loss parameter ξ̂h is identified
only for 100-year storms in [4], so we scale it to the shorter return periods. Our baseline applies
a linear rule, ξ̂h(RP) = (RP/100) ξ̂100h , reflecting the assumption that market-perceived losses
scale in proportion to storm rarity. Because our results could in principle depend on this choice,
we test two more aggressive alternatives: a square-root rule, ξ̂h(RP) =

√
RP/100 ξ̂100h , and an

engineering-proportional rule that borrows the return-period shape of the engineering damage
ratios, ξ̂h(RP) = (ξeng

RP /ξ
eng
100) ξ̂

100
h . Both alternatives assign more weight to frequent, smaller

storms than the linear rule (Figure S3).

(a) (b)

Figure S3. Sensitivity of the market-based valuation to the return-period scal-
ing rule. (a) Fraction of the 100-year hedonic loss applied at each return period
under the linear (baseline), square-root, and engineering-proportional rules; both
alternatives load more of the 100-year loss onto smaller, more frequent storms.
(b) Resulting market-based mangrove protection value by county under each rule.

Figure S3 reports the resulting market-based mangrove protection value by county under
each alternative, relative to the linear baseline. In every county, both alternatives raise the
market estimate, confirming that the linear rule is the most conservative choice. Statewide,
both the square-root and engineering-proportional rules substantially increase the market-based
value and therefore further widen the already large gap between the market-based and avoided-
damage estimates. Because every plausible alternative only increases the market estimate,
one of our conclusions—that market-based values generally exceed avoided-damage values—is
robust to, and if anything understated by, the choice of scaling rule.
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3.3. Comparing to hedonic measure. To compare to the empirical results in Liu et al. [4],
we consider only 100-year storms. Suppose a 100-year storm occurs at time t0 but not in a
previous year: st0−1 = 0, st0 = 1. We split the infinite sum in Equation S9 by pulling out the
j = 1 term explicitly:

Ht0−1 = Et0−1 [(1 + δ)mt0(1− st0ξh)] + Et0−1

[
∞∑
j=2

(1 + δ)j
j∏

k=1

mt0−1+k(1− st0−1+kξh)

]

Re-indexing the second term with j = i + 1, the product from k = 1 to j splits into the
t0 factor times the product from k = 1 to i of post-t0 terms:

(S13) Ht0−1 = Et0−1

[
(1 + δ)mt0(1− st0ξh)

(
1 +

∞∑
i=1

(1 + δ)i
i∏

k=1

mt0+k(1− st0+kξh)

)]

Since storms are i.i.d. and mt0+k depends only on st0+k, the post-t0 continuation is mea-
surable with respect to Ft0 . By the law of iterated expectations Et0−1[Et0 [·]] = Et0−1[·], we can
write:

(S14) Φt0 ≡ Et0

[
∞∑
j=1

(1 + δ)j
j∏

k=1

mt0+k(1− st0+kξh)

]

Since Φt0 is measurable at t0, it is a constant with respect to Et0−1[·] conditional on it
being realized, giving:
(S15) Ht0−1 = Et0−1 [(1 + δ)mt0(1− st0ξh)] (1 + Φt0)

At t0, the storm st0 = 1 is realized, so (1− st0ξh) = (1− ξh) is known and comes outside
the expectation:
(S16) Ht0 = Φt0(1− ξh)

Dividing Ht0 by Ht0−1:

(S17)
Ht0

Ht0−1

=
Φt0(1− ξh)

Et0−1 [(1 + δ)mt0(1− st0ξh)] (1 + Φt0)

Since storms are i.i.d. and binary, taking value 1 with probability p̄ and 0 otherwise, we
have the continuation value given by a geometric series:

(S18) Φt0 =
∞∑
j=1

(1 + δ)jµj =
(1 + δ)µ

1− (1 + δ)µ
,

so that 1 + Φt0 =
1

1− (1 + δ)µ
, where µ ≡ E[m(s)(1− sξh)] for periods after t0.

Substituting into the ratio:

(S19)
Ht0

Ht0−1

=
(1 + δ)µ(1− ξh)

Et0−1 [(1 + δ)mt0(1− st0ξh)]
=

µ(1− ξh)

Et0−1 [mt0(1− st0ξh)]

which simplifies to Ht0

Ht0−1
= (1− ξh) with full rational expectations.
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3.4. Comparison with the expected-damages valuation. To isolate the contribution of
the risk-based (catastrophic) asset-pricing framework, we compare our present-day catastrophic
asset-pricing values with a conventional, risk-neutral expected-damages valuation computed
from the same damage inputs and the same set of storms. For the expected-damages benchmark,
we integrate the avoided-damage exceedance curve over only the four modeled return periods
(10, 25, 50, and 100 years), with no extrapolation of damages below the 10-year storm, and
discount the resulting annual expected benefit over 2024–2100 (77 years) at a constant 5% per
year (Figure S4A). The catastrophic county totals (Figure S4B) are those reported in the main
text, restricted to the same four return periods and shown on a common color scale. Because
both approaches use identical damage inputs and identical storm coverage, the only difference
between them is the valuation method.

With storm coverage held fixed, the catastrophic asset-pricing values exceed the expected-
damages present value in every county. The difference reflects the risk adjustment that defines
the asset-pricing framework: whereas the expected-damages calculation applies a constant dis-
count rate to average losses, the catastrophic (risk-based) approach values each avoided loss
through a stochastic discount factor that places greater weight on consumption in the high-
marginal-utility states that follow storms. This state-dependent discounting adds a risk pre-
mium that a risk-neutral expected-damages valuation, by construction, omits. We note that
the two approaches also differ in their effective discount rate—the asset-pricing model implies a
risk-free rate above 5%—so the gap reflects the net of this higher base rate and the risk premium;
that the catastrophic values are nonetheless larger indicates the risk premium dominates.

A B

$0 $1.5B $3B $4.5B

Figure S4. Risk-based (catastrophic) asset pricing compared with ex-
pected damages. Both panels use the four modeled return periods (10, 25,
50, and 100 years), with no extension of the damage curve below the 10-year
storm. (A) Present value of the annual expected benefit of mangroves computed
directly from expected damages under a risk-neutral, constant discount rate, over
2024–2100 (77 years) at 5% per year. (B) Risk-based (catastrophic) asset-pricing
county totals using the same loss input under present climate, as in the main
text. The catastrophic asset-pricing values exceed the expected-damages present
value, reflecting the state-dependent discounting in the risk-based framework.
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Figure S5. Mangrove protection value by county (unweighted loss pa-
rameter). A: share of property value; B: per-property mean (USD); C: county
aggregate (USD); D: share of total housing (market) value. Baseline and climate-
change bars use the risk-based (catastrophic) loss parameter; market bars use the
hedonic loss parameter.

3.5. County-level protection values. The per-county values summarized in the main text
are shown in full in Figure S5, across both dollar and normalized (share-of-value) metrics under
the risk-based and market-based loss parameters.
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Appendix A. Derivation of Eq. (S9)

This appendix derives the infinite-horizon sum–product representation in Eq. (S9) by
forward-iterating the recursive pricing equation in Eq. (S8).

Let the pre-storm fundamental value of the asset be Vt. The recursive price-to-dividend
equivalent is
(S20) Vt = Et [mt+1(1 + δ)(1− st+1ξh)(1 + Vt+1)] .

Distributing terms separates the next-period service flow from the continuation value:
(S21) Vt = Et [mt+1(1 + δ)(1− st+1ξh) +mt+1(1 + δ)(1− st+1ξh)Vt+1] .

By recursion,
(S22) Vt+1 = Et+1 [mt+2(1 + δ)(1− st+2ξh)(1 + Vt+2)] .

Substituting into Eq. (S21) and applying the law of iterated expectations yields
(S23)

Vt = Et

[
mt+1(1 + δ)(1− st+1ξh) +mt+1mt+2(1 + δ)2(1− st+1ξh)(1− st+2ξh)(1 + Vt+2)

]
.

Iterating forward and imposing the standard transversality condition limT→∞ Et[. . . Vt+T ] = 0
produces

(S24) Vt = Et

[
∞∑
j=1

(1 + δ)j

(
j∏

k=1

mt+k (1− st+k ξh)

)]
.

Finally, the post-storm realized house value multiplies by the contemporaneous damage real-
ization (1− stξh),

(S25) Ht = Et

[
∞∑
j=1

(1 + δ)j

(
j∏

k=1

mt+k (1− st+k ξh)

)]
(1− stξh),

which matches Eq. (S9).
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Appendix B. Results obtained with structure value-weighted average loss
ratio

As a robustness check, we recompute the county-level structural damage ratio ξh using
an alternative aggregation method. Specifically, we recreate an earlier iteration of the engi-
neering module in which the county-level loss ratio is computed as the ratio of mean damage
to mean building value, rather than the mean of individual property-level loss ratios. Because
high-value structures contribute more to both the numerator and denominator, this ratio-
of-means approach effectively places greater weight on expensive properties. We then rerun
the full pipeline—engineering-based damage estimation and the subsequent market/valuation
assessment—using this alternative ξh. The purpose of this appendix is to verify that the esti-
mated mangrove protection values are not highly sensitive to the choice of aggregation method
and that the main qualitative conclusions remain unchanged.

Formally, the main-text aggregation in Equation S11 computes the unweighted mean of
property-level loss ratios (mean-of-ratios). In contrast, the alternative aggregation computes
the ratio of mean damage to mean value (ratio-of-means):
(S26)

ξcounty, scenario, RP
h, ratio-of-means =

1

Ncounty, scenario, RP
flooded

∑
i∈floodedcounty, scenario, RP damagei

1

Ncounty, scenario, RP
flooded

∑
i∈floodedcounty, scenario, RP valuei

=

∑
i∈floodedcounty, scenario, RP damagei∑
i∈floodedcounty, scenario, RP valuei

,

where N county, scenario, RP
flooded denotes the number of properties experiencing non-zero flood damage

in the given county-scenario-return period cell, and the 1/Nflooded terms cancel. This ratio-
of-means formulation is algebraically equivalent to a value-weighted average, as high-value
properties contribute proportionally more to both total damage and total value.
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Figure S6. Direct loss parameter (structure value-weighted). Structure
value-weighted average share of building value lost (ξh; ratio-of-means) among
buildings affected by flooding, by county, return period, and scenario. For sce-
narios with mangrove protection, the loss parameter is probability-adjusted (mul-
tiplied by the ratio of buildings flooded with mangroves to those flooded without).
This is the value-weighted counterpart to the unweighted (mean-of-ratios) direct
loss parameter reported in the main text.
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Figure S7. Mangrove protection value by county (structure value-
weighted). A: share of property value; B: per-property mean (USD); C: county
aggregate (USD); D: share of total housing (market) value. Baseline and climate-
change bars use the risk-based (catastrophic) loss parameter; market bars use the
hedonic loss parameter.
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