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Abstract

Can we reduce the damage from climate change by investing in seawalls, stilts, or other

forms of adaptation? Focusing on the case of severe storms in the US, I develop a macro

heterogeneous-agent model to quantify the interactions between adaptation, federal disas-

ter policy, and climate change. The model departs from the standard climate-damage func-

tion and incorporates the damage from storms as the realization of idiosyncratic shocks.

I find that while the moral hazard effects from disaster aid reduce adaptation in the US

economy, federal subsidies for investment in adaptation are more than sufficient to correct

for the moral hazard. I introduce climate change into the model as a permanent increase

in either the severity or probability of storms, or both. Adaptation reduces the damage

from this climate change by approximately 30 percent, and reduces the associated welfare

costs by approximately 5 percent. Finally, I show that modeling the idiosyncratic risk com-

ponent of climate damage has quantitatively important implications for adaptation and for

the welfare cost of climate change.

Email: sdfried@asu.edu. I thank seminar and conference participants at Arizona State University, UC Berkeley,

CBO, Iowa State, Colorado School of Mines, The Occasional Workshop on Environmental and Resource Economics,

CESifo Conference on Energy and Environmental Economics, CESifo conference on Heterogeneous Agents and the

Macroeconomics of Climate Change, and SURED for their helpful insights. Additionally, I thank Alex Bick, Greg

Casey, Betty Daniel, Matt Goldman, Garth Heutel, Bart Hobijn, Nick Kuminoff, Will Peterman, Dan Silverman,

Tamra Sheldon, Tony Smith, Gustavo Ventura, and four anonymous referees for their many helpful comments.

All errors are my own.

1



1. Introduction

Climate change creates damage for the global economy by causing severe storms, drought,

disease, crop loss, and other damages. Scientists predict that these damages will intensify as

carbon emissions continue to accumulate in the atmosphere (IPCC 2000; IPCC 2014). There

are two main channels through which countries can address the progression of climate change.

First, countries can introduce policies, such as a carbon tax, to slow or reverse climate change

itself. Second, countries can reduce the damage that individuals experience as a result of

climate change by investing in adaptation or providing aid for disaster relief.

Recent macro models of climate change focus on the first channel, and analyze policies to

reduce carbon emissions, see e.g. Acemoglu, Aghion, Bursztyn, and Hémous (2012), Golosov,

Hassler, Krusell, and Tsyvinski (2014), and Barrage (2019). However, the second channel is

becoming increasingly important, as carbon emissions continue to rise in the absence of global

climate policy (USGCRP, 2018). This paper focuses on the second channel and develops a

dynamic, general equilibrium model to quantify the effects of adaptation in response to climate

change and the role of disaster aid. I focus on severe storms and federal disaster policy in the

US as a prominent example of these effects.

The model modifies the macro heterogeneous-agent framework (e.g, Aiyagari, 1994) to

incorporate storms and adaptation. The economy is divided into different regions which are

distinguished by their weather distributions. Each region is populated by heterogeneous house-

holds that experience idiosyncratic storm shocks in addition to the standard labor-productivity

shocks. Households derive utility from the consumption of a non-durable good and from hous-

ing services (either rental or owner-occupied). Each household endogenously chooses whether

to be a homeowner or a renter, based on their preferences and on a minimum size for owner-

occupied housing. A “bad” storm shock destroys a portion of the household’s housing capital,

generating a utility loss from the reduction in housing services, and, in the case of homeown-

ers, a wealth loss from the reduction in housing capital. Like households, firms in the model

also experience idiosyncratic storm shocks, which destroy a portion of their productive capital.

Both households and firms can invest in adaptation capital to reduce the storm damage. Exam-

ples of such adaptation capital include seawalls, storm drains, and wind-proof garage doors.

Additionally, households can partially smooth consumption following a storm by purchasing

insurance and saving in a risk-free asset.

A federal government taxes households and uses the revenue to provide aid for disaster

relief and also subsidies for adaptation investment, analogous to the functions of the Fed-

eral Emergency Management Agency (FEMA) in the US. There is an inherent tension between

disaster aid and adaptation; since disaster aid compensates the affected households, it disin-

centivizes investment in adaptation. To offset these moral hazard effects, US federal disaster
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policy includes subsidies for adaptation investment in addition disaster aid. Note that the

only role for the government in the model is to implement disaster policy; it does not directly

make investment decisions in public capital (either adaptive or productive). Consistent with

much of the macroeconomic literature, I abstract from the market or coordination failures that

would necessitate the public provision of capital, assuming instead that all capital is privately

determined by households’ and firms’ investment decisions.

An important feature of the heterogeneous agent framework is that it allows me to model

the damage from climate change (in this case storms) as the realization of idiosyncratic shocks.

This differs from the standard approach in the environmental literature which typically assigns

all households and firms within a region the average value of damage in each period. The

climate damage functions used in many integrated assessment models, e.g., DICE, (Nordhaus,

1992, 2017), FUND, (Anthoff and Tol, 2014), etc., are one common example of this approach.

However, some types of damage from climate change, such as storms or extreme heat, are the

realization of idiosyncratic shocks; in any given period, some households experience damage

and lose a lot (e.g., they are hit by a storm), while other households don’t experience any

damage and thus don’t lose anything (e.g., they are not hit by a storm). Since utility is concave,

the welfare cost of receiving the expected value of the shock in every period (i.e., a climate

damage function) is less than the welfare cost of receiving a large negative shock realization in

some periods and a neutral shock realization in other periods (i.e., idiosyncratic storm shocks).

As a result, idiosyncratic storm risk can have important implications for adaptation incentives

and the welfare cost of climate change.

A challenge for calibrating the model is to determine the effectiveness of adaptation capital

at reducing the damage from a storm. We do not observe this relationship directly because

we do not have comprehensive data on adaptation capital (USGCRP, 2018). Such data would

require cost estimates of all adaptation investments, ranging from seawalls and city drainage

systems to the extra capital required to flood-proof a home or business.1 To calibrate the

main structural parameters in the model, I borrow insights from an empirical literature which

treats adaptation as a latent variable. This literature looks for evidence of adaptation from the

frequency with which an area experiences an extreme weather event, such as a hurricane or a

very hot day, and a measure of the associated damage per event, such as mortality or crop loss.2

1The Fourth National Climate Assessment Report stresses that “it remains difficult...to tally the extent of adap-
tation implementation in the United States because there are no common reporting systems and many actions
that reduce climate risk are not labeled as climate adaptation” (USGCRP 2018, Chapter 28).

2A negative relationship between frequency and damage per event suggests that adaptation has occurred.
Barreca, Clay, Deschenes, Greenstone, and Shapiro (2016), Gourio and Fries (2020), Heutel, Miller, and Molitor
(2017), Hsiang and Narita (2012), Keefer, Neumayer, and Plumper (2011), and Sadowski and Sutter (2008) find
evidence of a negative relationship, and thus suggest there is potential for adaptation. Dell, Jones, and Olken
(2012), Schlenker and Roberts (2009) and Burke and Emerick (2016) do not find strong evidence of this negative
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Many of these papers find a negative relationship between frequency and damage, generating

the important empirical inference that adaptation has occurred. I calibrate the parameters in

the structural model so that it is consistent with this same type of reduced-form evidence.

One advantage of the structural model is that I can use it to quantify the level of adaptation

in the US economy, the latent variable in the empirical literature, and its effect on storm dam-

age. I find that adaptation capital is a little over one percent of the total US capital stock. The

model predicts that storms destroy approximately 0.1 percent of the capital stock on average

each year. Thus, adaptation capital is over ten times the amount of capital destroyed by storms.

I use the model to understand the moral-hazard effects of disaster aid and the ability of the

adaptation subsidy to correct those effects. Specifically, I compute a set of counterfactual sta-

tionary equilibria with different components of federal disaster policy. I find that the provision

of disaster aid without a counteracting subsidy reduces adaptation capital by 5 percent.3 This

reduction in adaptation capital increases the damage from storms by an average of 3.2 billion

per year in 2018 dollars. To put this value in perspective, storm-related disaster aid from FEMA

averages 7.7 billion per year.4 Hence, the increase in damage from moral hazard is approxi-

mately 40 percent of the disaster aid provided by FEMA each year. Yet, the federal subsidy for

adaptation more than offsets the moral hazard effects from the disaster aid. Adaptation capital

in the baseline equilibrium with both components of federal disaster policy is actually slightly

higher than in the counterfactual equilibrium with no policy.

One of the paper’s key findings is that adaptation reduces the damage and welfare cost of

climate change. I focus on one specific aspect of climate change, the shift in the distribution

of idiosyncratic storm shocks. I analyze a set of climate-change outcomes in which I increase

either the probability or severity of storms, or both, in line with scientific projections for the

effects of climate change on storms. For each climate change outcome, I calculate two station-

ary equilibria, one in which adaptation can respond to the climate change, and one in which

it cannot. Climate change generates a substantial increase in adaptation capital, which, in

turn, reduces the damage from climate change by approximately 30 percent, and reduces the

welfare cost of climate change by approximately 5 percent.

Adaptation also has important implications for the distributional effects of climate change.

Households’ adaptive capacity, loosely defined as their level of protection from storms, is rel-

relationship. Hsiang (2016) provides an overview of this literature.
3Consistent with these results, Cohen and Werker (2008) find that expectations of international aid following

a disaster reduce countries’ investments in disaster preparedness. Similarly, Lewis and Nickerson (1989) show
theoretically that federal aid for disaster relief reduces individuals’ expenditures to protect their property from
harm. Federal aid can also create adaptation-related moral hazard in other contexts. For example, Annan and
Schlenker (2015) demonstrate that federally subsidized yield guarantees reduce farmers’ incentives to adapt to
extreme heat.

4The average is taken over the period for which complete FEMA data are available, 2004-2018.
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atively constant across the wealth distribution. However, meaningful differences in adaptive

capacity arise for the subgroup of households who are just barely able to afford to own their

house. To satisfy the minimum house size constraint, these households shift resources away

from adaptation towards productive housing capital, leaving them more exposed to damage

from storms. Adaptive capacity among this subgroup is 27 percent smaller than adaptive ca-

pacity among homeowners with houses only slightly bigger than the minimum house size,

resulting in larger welfare costs from climate change.

A final contribution of the paper is to highlight the importance of modeling climate damage

as the realization of idiosyncratic shocks instead of using a climate-damage function in which

agents experience the same damage in every period. To quantify the role of idiosyncratic storm

risk, I specify an average-damage version of the model in which I eliminate the idiosyncratic

storm risk. Instead, I assume that households and firms experience the expected value of the

storm shock in every period, analogous to the climate damage functions used in the environ-

mental literature. Comparing the baseline equilibrium under the idiosyncratic-storm-risk and

average-damage specifications reveals that the average-damage specification reduces adaptive

capacity among homeowners by approximately two thirds. Homeowners are risk averse, and

thus they value adaptive capacity both because it reduces the realized damage from a storm

and because in reduces the variance in the realized levels of housing services and wealth.

The average-damage specification eliminates the latter motive, reducing homeowners’ incen-

tives to invest in adaptation. In addition to affecting homeowner’s adaptation incentives, the

average-damage specification also meaningfully affects the predicted welfare costs from cli-

mate change. However, the direction of the effect depends how climate change differentially

affects the probability and the severity of storms.

The paper is designed to quantify adaptation incentives in response to storm risk and ex-

isting federal disaster policy. The quantitative model allows us to predict the intersecting roles

of adaptation and federal disaster policy going forward as climate change progresses. The pa-

per stops short of designing optimal disaster policy because doing so would require taking on

the many different market failures that disaster policy could be designed to correct. Modeling

existing disaster policy allows for realistic predictions about the current and future effects of

adaptation and its associated welfare implications.

This paper contributes to the growing literature which uses macro models to study en-

vironmental policy.5 The existing literature focuses on aspects of climate change other than

adaptation. Perhaps most closely related is Bakkensen and Barrage (2018) who study the ef-

fects of cyclones on growth by introducing country-level cyclone shocks, which destroy physical

5Hassler et al. (2016), Heutel and Fischer (2013), and Hassler and Krusell (2018) provide overviews of this
literature.

4



and human capital, into a stochastic growth model. Like the present paper, Krusell and Smith

(2017) also extend the heterogeneous agent macro framework to study climate change. Focus-

ing on how the effects of climate change vary around the world, they develop a global model

in which agents in many tiny heterogeneous regions experience deterministic damage along a

transition path to a zero carbon equilibrium.

This paper also relates to an environmental literature that analyzes the role of adaptation

as a component of climate-change policy.6 These papers typically model adaptation as a mech-

anism through which a country can use economic resources to reduce all types of damage

from climate change, ranging from extreme weather, to species loss, to disease. However, the

estimates used to determine the costs and benefits of adaptation in these models are highly

uncertain (Bosello et al., 2011). One goal of the present paper is to calibrate the parameters

governing the costs and benefits of adaptation from US data on severe storms and disaster aid.

To do this, I make an important simplification relative to earlier work and model only one type

of adaptation, capital investment, and one type of climate damage, the destruction caused by

storms.

The paper proceeds as follows: Section 2 describes the macro heterogeneous-agent model

with storm shocks and adaptation. Section 3 discusses the calibration, with a particular empha-

sis on the parameters determining the effectiveness of adaptation. Section 4 discusses several

approaches to validate the calibration. Section 5 reports the quantitative results on the current

level and distribution of adaptation capital, the interaction of adaptation capital with federal

disaster policy and climate change, and the effects of idiosyncratic storm risk. Finally, Section

6 concludes.

2. Model

Time is discrete and infinite. The economy is composed of N regions which are differenti-

ated by their risk of a storm and by the severity of the storm if it occurs. I use the term storm

to refer to severe storm-related weather including hurricanes, tornadoes, and other heavy rain

or high wind events. Each region contains a unit mass of infinitely-lived heterogeneous house-

holds, a unit mass of firms that produce the final good, and a unit mass of firms that produce

rental-housing services.

Households derive utility from the consumption of a non-durable good and housing ser-

vices. Households can self-produce housing services by investing in housing capital (home-

owners) or they can purchase housing services from the rental-housing firms in their region

6See for example Agrawala, Bosello, Carraro, Bruin, Cian, Dellink, and Lanzi (2011), Barrage (2015), Bosello,
Carraro, and Cian (2010), Brechet, Hritonenko, and Yarsenko (2013), DeBruin, Dellink, and Tol (2009), Felgen-
hauer and Bruin (2009), Felgenhauer and Webster (2014), Kane and Shogren (2000), and Tol (2007). Bosello,
Carraro, and Cian (2011) provides an overview.
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(renters). In addition to housing, households can own financial assets held in mutual funds,

which earn a risk-free rate of return. The mutual funds own equity shares of the final-good

and rental-housing firms. The mutual funds can also purchase international bonds, which earn

an exogenous rate of return determined by world financial markets. Households supply labor

in a competitive regional labor market, and their labor productivity is subject to persistent,

idiosyncratic shocks, as in Aiyagari (1994).

At the start of each period, a fraction of households and firms in each region experiences

a storm. Storms damage the households’ productive housing capital, used to produce housing

services, and the firms’ productive capital, used to produce the final good and rental-housing

services. Households and firms can invest in adaptation capital to reduce the damage they

experience if they are hit by a storm. All storm risk is idiosyncratic; there is no aggregate

uncertainty in a region.7

A federal government taxes households and uses the revenue to provide households and

firms with aid for disaster relief from storms and subsidies for investment in adaptation. The

only connections between regions are through the federal tax system and through the mu-

tual funds, which hold equity shares in firms across regions. There is no migration between

regions.8

All capital in the model is privately provided by households and firms; all disaster aid and

adaptation subsidies are distributed directly to households and firms. In practice, market and

coordination failures often necessitate the public provision of capital, both adaptive, like a

seawall, and productive, like a road. Consequently, local governments receive federal disaster

aid to repair damaged public capital and subsidies for investment in public adaptation capital.

As is standard in the macro literature, I abstract from any market or coordination failures that

would require the public provision of capital and assume instead that all capital is privately

determined by households’ and firms’ investment decisions. Every unit that the household or

firm invests in adaptation in the model could correspond in the data to a unit of tax payments

for public adaptation capital (such as a seawall) or a unit of private adaptation capital (such

as stilts), whichever is the most cost-effective investment on the margin.

7The regions are large in the calibrated model, equal to half of the US economy. I abstract from aggregate
uncertainty because storms do not typically generate substantial risk at this large regional scale. For example, the
average hurricane to make landfall in the US from 2004-2018 caused damage equal to less than 0.1 percent of
US GDP.

8In practice, households can also adapt by moving away from storm-prone areas. While migration could be-
come an important response to climate change in the future (Desmet et al., forthcoming), the US Fourth National
Climate Assessment reports that “communities are currently focused more on capacity building and on making
buildings and other assets less sensitive to climate impacts. Communities have been less focused on reducing
exposure through actions such as land-use change (preventing building in high-risk locations) and retreat.” (US-
GCRP 2018, Chapter 28). To simplify the model, I focus only on adaptation capital; I do not allow migration.
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2.1. Households

Preferences. Households have heterogeneous preferences over non-durable consumption and

owner-occupied and rental housing services. The utility function is given by:

U(ci t , h̃
so
i t , h̃sr

i t ) =

�

cζi t(h̃
s
i t)

1−ζ
�1−σ

1−σ
, where h̃s

i t ≡φ
o
i h̃so

i t +φ
r
i h̃sr

i t . (1)

Variable ci t denotes non-durable consumption for household i in period t. Variables h̃so
i t and h̃sr

i t

denote household i’s values of owner-occupied and rental-housing services after the realization

of the period t storm shock. I se the ‘tilde’s’ throughout the paper to denote the value of a

variable after the realization of the storm shock. Parameter σ is the coefficient of relative

risk aversion. Households discount the future with discount factor β and maximize expected

lifetime utility.

Households can self-produce housing services from housing capital that they own and they

can rent housing services from rental-housing firms at price pr
n, where subscript n denotes the

household’s region. Preference parameters φo
i ≤ 1 and φr

i ≤ 1 reflect whether household i

has an inherent preference for owner-occupied or rental housing. I assume that fraction χ of

households prefer owner-occupied housing, and therefore have parameter values φr
i = φ̄

r < 1

andφo
i =1, as posited by much of the macro-housing literature (e.g., Fisher and Gervais, 2011;

Kiyotaki, Michaelides, and Nikolov, 2011). The intuition is that, compared to a homeowner,

a renter has limited ability to modify the house according to her tastes, implying that rental

housing services generate a smaller utility flow than owner-occupied housing services. The

remaining fraction 1−χ of households prefer rental housing and therefore have parameter

values, φr
i = 1 and φo

i = φ̄
o < 1. Intuitively, these households place a high value the ease,

flexibility, and mobility that rental housing provides relative to owner-occupied housing.

Owner-occupied housing. Households can invest in two types of housing capital, productive

and adaptive. Productive housing capital, hp
it , is used to produce owner-occupied housing

services and is susceptible to storm damage. Adaptive housing capital, ha
it , reduces the damage

to productive capital from a storm. Households produce owner-occupied housing services from

productive housing capital that is not damaged by a storm, h̃p
it , (defined formally below) using

a linear production technology, h̃so
i t =Ahh̃p

it . Variable Ah denotes total factor productivity in the

production of housing services.

I assume that owner-occupied housing is not perfectly divisible, which I model using a

minimum house size, hp
it > hp, as in Gervais (2002). In contrast, rental-housing services are

perfectly divisible, with no minimum size. For the fraction χ of households with an inherent

preference for homeownership, the minimum size for owner-occupied housing implies that the
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household will choose to rent only if it desires a house smaller than the minimum house size.

Hence, in equilibrium, low-income households choose to rent and high income-households

choose to own. Empirically, while renters have lower incomes than homeowners on average,

there exists a substantial fraction of higher income renters.9 The assumption that only fraction

χ of households prefer owner-occupied housing allows the model to generate higher-income

renters. In particular, the fraction 1−χ of households that prefer rental housing will always

choose to rent, regardless of their income.

Labor endowment and productivity. Each household is endowed with one unit of labor

which it supplies exogenously to firms in its region. The household earns labor income wntzi t ,

where wnt denotes the market wage in region n and zi t is the household’s idiosyncratic labor

productivity draw. The log of the household’s idiosyncratic labor productivity is the sum of two

components:

log(zi t) = νi t+ξi. (2)

Component νi t is an idiosyncratic persistent productivity shock which follows a finite-state

Markov chain with transition probabilitiesπ(νi,t+1|νi t), and unique invariant distributionΠ(νi t).10

Component ξi ∼ N(0,σ2
ξ
) is a household-specific fixed effect (i.e., ability) that is constant

over time. The household’s ability is uncorrelated with its other time-invariant characteris-

tics, namely its housing preference parameters, φr
i and φo

i , and its region, n.

Storm shocks and adaptation. At the start of period t, each household experiences an id-

iosyncratic storm shock eh
it ∈ {0,1}. I interpret eh

it = 1 as a storm occurs and eh
it = 0 as a storm

does not occur. The storm shocks are i.i.d across households within a region. Parameter γn is

the region-specific probability that a household is hit by a storm. Let Γn denotes the vector of

storm-shock probabilities in region n, where Γn(0)= 1−γn and Γn(1)= γn. By the law of large

numbers, γn corresponds to the fraction of households in region n that are hit by storms in any

period t.

Among households that are homeowners, the realization of a storm (eh
it = 1) destroys a

9For example, 21 percent of the renters surveyed in the 2018 Current Population Survey had income greater
than the mean income (see CPS 2018 Table PINC-01).

10The household’s realizations of the labor-productivity and storm shocks are uncorrelated. In practice, I find
some evidence that storms could depress wages in the year they occur, but the magnitude of the effect is so small
that it is not likely to have a quantitatively meaningful impact on the paper’s results. In particular, estimating
a simple regression of county-level wages (from the Census’s Quarterly Workforce Indicators) on an indicator
variable for storms (defined using Presidential Disaster Declarations as described in Section 3) and county and
year fixed effects reveals that a storm reduces wages in the county-year that it occurs by only 0.1 percent. Similarly,
Deryugina (2017) estimates at the effects of hurricane strikes on average wages in US counties between 1979
and 2002 and finds no systematic effect.
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fraction of the household’s productive housing capital. For example, consider a cyclone or

tornado destroying the houses, buildings and other infrastructure in its path. The amount of

household i’s productive housing capital that is destroyed by a storm in period t equals:

hd
it = eh

it F
�

ah
it

�

Ωh
nhp

it . (3)

Parameter Ωh
n determines the severity of the storm in region n; all else constant, increases

in Ωh
n imply that the storm destroys a larger fraction of the house. Variable ah

it denotes the

household’s adaptive capacity, equal to the ratio of its adaptive housing capital relative to

its productive housing capital: ah
it ≡ ha

it/h
p
it . The intuition for the ratio is that households

with larger amounts of productive-housing capital require more adaptation-housing capital to

achieve a given level of protection.

Function F(ah
it) governs the process through which adaptive capacity reduces damage. I

assume that F(ah
it) satisfies the standard Inada conditions. In particular, it is decreasing and

convex in adaptive capacity, implying that there are diminishing returns to adaptation. Ad-

ditionally, the marginal product of the first unit of adaptive capacity is infinite, and hence all

households find it beneficial to invest in at least a small amount of adaptation. For example,

rain gutters and levees are common throughout the US, even in areas where severe rain storms

are relatively rare. I use a simple functional form for F(ah
it) that satisfies these properties:

F(ah
it) = exp

�

−θ (ah
it)

1
θ

�

. (4)

Parameter θ >1 determines the effectiveness of adaptive capacity at reducing the damage from

a storm. In particular, the magnitude of the marginal product of adaptive capacity, ∂ F/∂ ah
it , is

increasing in θ , implying that higher values of θ increase the effectiveness of adaptive capac-

ity. After the realization of the storm shock, the household produces owner-occupied housing

services from its non-damaged productive housing capital, h̃p
it ≡ hp

it−hd
it .

In addition to owner-occupied housing capital, storms also destroy rental housing capital.

If a renter is hit by a storm, it only receives the rental housing services that the rental-housing

firm can produce from its non-damaged capital, h̃sr
i t , which is less than the amount of rental

housing services the household originally purchased, hsr
i t . Importantly, the household only pays

for the housing services it actually receives, h̃sr
i t , implying that the rental-housing firms absorb

the financial loss from the destroyed rental housing capital.

In sum, being hit by a storm leads to a direct utility loss for both homeowners and renters

from the decrease in housing services.11 Additionally, households who are homeowners lose a

11While the model includes the main sources of utility loss from storms, it abstracts from others such as damage
to belongings or personnel injury. However, the number of injuries and deaths from storms is relatively small
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portion of their wealth when part of their house is destroyed by the storm. In particular, the

law of motion for productive housing capital depends on the non-depreciated and non-damaged

productive housing capital:

hp
i,t+1= (1−δ

h)h̃p
it+ ihp

it . (5)

Parameter δh is the depreciation rate of productive housing capital and variable ihp
it denotes

the household’s investment in productive housing capital.

Financial assets. Households can save by investing in housing capital and by making deposits,

fi,t+1, in a mutual fund. Mutual-fund deposits earn risk-free rate of return 1+ rt+1. Assets

markets are integrated across regions, implying that the rate of return does not depend on the

household’s region.

Insurance. Homeowners can purchase insurance,x i,t+1, against next period’s storm damage.

If a homeowner experiences a storm in period t +1, then it receives the value of its insur-

ance, subject to the constraint that its insurance payout cannot exceed the damage, hd
i,t+1. If

the homeowner does not experience a storm, then it receives zero. Households purchase in-

surance from perfectly-competitive insurance intermediaries. It costs the intermediary λ to

disburse each unit of an insurance claim. This cost captures the transaction and assessment

costs associated with the distribution of insurance claims. The insurance premium per unit of

insurance in region n, px
n , equals the expected payout, γn, plus the expected cost of disbursing

the insurance claim, γnλ: px
n ≡ γn+γnλ. Summing across households within a region in any

period, the law of large numbers implies that the insurance premiums equal insurance claims

plus the cost of providing the insurance.

The insurance premium does not depend on the household’s adaptive capacity, ah
it . The

household (and the insurance intermediary) know the amount of damage the household will

experience if it is hit by a storm, and the household optimally chooses a level of insurance

that is less than the damage. Thus, regardless of its level of adaptive capacity, the household’s

expected claim equals the probability of a storm multiplied by its level of insurance, γnx i,t+1.

However, the household’s level of adaptive capacity does affect its chosen level of insurance,

x i,t+1. All else constant, a household with higher adaptive capacity experiences less storm

damage, and thus will choose to purchase less insurance.12

(NOAA, 2020), and are often preventable by heeding evacuation warnings. Furthermore, consumer durables are
only one quarter of the value of residential fixed assets (NIPA Table 1.1) and many consumer durables are stored
inside a house or garage and thus somewhat protected from storms. Hence, the damage to belongings is likely
small compared to damaged housing capital.

12This model of insurance abstracts from many of the complexities of insurance markets. For example, home-
owners’ insurance policies have widely varying deductibles, flood insurance premiums are below the actuarially
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Federal policy. The US federal government provides aid to assist both homeowners and renters

with disaster recovery. This aid is primarily provided through FEMA’s Individuals and House-

holds Program, though other federal agencies also participate. I assume that the federal gov-

ernment in the model provides disaster aid to homeowners in proportion to their damaged

owner-occupied housing capital, hd
it , subject to the constraint that the aid cannot exceed the

damage net of insurance claims. This constraint ensures that disaster aid does not duplicate

insurance claims, as required by federal law. Specifically, federal disaster aid for a homeowner

i equals, min[ψhohd
it , hd

it− x i t], where parameterψho ∈ [0,1] denotes the fraction of damaged

owner-occupied housing capital covered by federal disaster aid.13

Parallel to the specification for homeowners, I assume that renters receive disaster aid in

proportion to the damaged rental-housing capital. The production function for rental-housing

services, defined formally below, is identical to the one for owner-occupied housing services,

except that the rental-housing firms own the capital. Hence, damaged rental-housing capital

equals the difference between the housing services the renter planned to purchase, hsr
i t , and the

housing services she actually received, h̃sr
i t , divided by the total factor productivity, Ah, in the

production of housing services. Specifically, disaster aid for renter i equals, ψhr(hsr
i t − h̃sr

i t )/A
h,

where parameter ψhr ∈ [0,1] denotes the fraction of damaged rental-housing capital covered

by federal disaster aid to renters.

In addition to the disaster aid, the US federal government also subsidizes investment in

adaptation. Federal grants for adaptation capital often require cost-sharing between the federal

government and the grant recipient, effectively reducing the relative price of adaptation capital

funded through the grant. For example, FEMA hazard mitigation grants require that 25 percent

of the project be financed with non-federal dollars (FEMA, 2019a). Similarly, US Army Corps

financed flood-control and hurricane damage projects require the grant recipient to finance

35-50 percent of the overall cost (USACE, 2020).

In line with US policy, the adaptation subsidy in the model, η, reduces the relative price of

fair rates in some areas and above them in others (NRC, 2015), and agents might not internalize the true prob-
ability of a disaster when they make their insurance decisions (Gallagher 2014; Bakkensen and Barrage 2017).
The model is not sufficiently detailed to incorporate these many nuances. However, the model does capture the
household’s realized level of consumption-smoothing in response to a storm, which most important for quantifying
adaptation incentives.

13 Note that this specification implies that homeowners can receive payments from both FEMA and insurance
providers, as long as the sum of the payments is less than the total damage. In practice, homeowners often do
receive payments from both FEMA and insurance providers, if they experience multiple types of damage from
a storm and not all types of damage are covered by their insurance policies. For example, the majority of US
homeowners have homeowners’ insurance but do not have flood insurance, implying that if they experience wind
and flood damage from a storm, then they would receive compensation from FEMA for the flood damage and
compensation from their insurance providers for the wind damage.
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adaptation investment. The law of motion for a household’s adaptive-housing capital equals:

ha
i,t+1= (1−δ

a)ha
it+(1+η)i

ha
it , (6)

where parameter δa denotes the depreciation rate of adaptation capital and variable iha
it de-

notes the household’s investment in adaptation housing. One additional unit of adaptation

housing only costs the household 1/(1+η)< 1 units of final good. The government finances

the disaster aid and the adaptation subsidy with a flat tax on labor income, τ. Consistent with

US policy, the labor-income tax does not vary with the household’s expected receipts of disaster

aid or adaptation subsidies. In equilibrium, the level of the labor-income tax, τ, is determined

so that the government budget constraint clears in each period.

Recursive formulation of the household’s problem. I describe the optimization problem for

a generic household i that could endogenously choose to be a homeowner, a renter, or both

a homeowner and a renter (though this later choice is never optimal in equilibrium). Let m̃i t

denote household i’s cash at hand:

m̃i t(h
p
it ,h

a
it ,h

sr
i t , fi t , x i t ,e

h
it ,νi t ;Υi) = (1−τ)wntzi t+(1+ rt) fi t+(1−δh)h̃p

it (7)

+(1−δa)

�

ha
it

1+η

�

+ eh
it min[x i t , hd

it]+min[ψhohd
it , hd

it− x i t]+ψ
hr(hsr

i t − h̃sr
i t )/A

h

− px
n x i t− pr

nh̃sr
i t ,

which I define as the value, after the period t storm and labor-productivity shocks have ma-

terialized, of all income plus all assets brought into the period, plus insurance claims, plus

disaster aid receipts, minus insurance premiums, and minus payments for rental-housing ser-

vices. Vector Υi in equation (7) denotes the vector of time-invariant household characteristics,

containing the household’s region, ability, and preference parameters: Υi ≡{n,ξi,φ
r
i ,φo

i }. The

household’s individual state variables are its cash at hand, m̃i t , its persistent labor-productivity

shock, νi t , and its preference-weighted level of housing services after the realization of the

storm shock, h̃s
i t .

Following the realization of the storm and labor-productivity shocks, each household chooses

period t consumption and period t +1 levels of productive and adaptation housing capital,

rental-housing services, insurance, and financial assets to maximize expected lifetime welfare.

The dynamic programing problem for household i equals:

12



V h(h̃s
i t ,m̃i t ,νi t ;Υi) = max

ci t ,h
a
i,t+1,hp

i,t+1,hsr
i,t+1, fi,t+1,x i,t+1

�

U(ci t , h̃s
i t) (8)

+β
∑

νi,t+1

π(νi,t+1|νi t)
∑

eh
i,t+1

Γn(e
h
i,t+1)V

h(h̃s
i,t+1,m̃i,t+1,νi,t+1;Υi)

�

subject to the constraints: the evolution of cash at hand (equation (7)), the household budget

constraint:

ci t = m̃i t−
ha

i,t+1

1+η
−hp

i,t+1− fi,t+1, (9)

the evolution of the preference-weighted, post-storm-damage housing services:

h̃s
i,t+1(h

p
i,t+1,ha

i,t+1,hsr
i,t+1,ei,t+1;Υi) =φ

o
i Ahh̃p

i,t+1+φ
r
i h̃sr

i,t+1, (10)

the minimum owner-occupied house-size:

hp
i,t+1 ∈

�

0, [hp,∞)
	

, (11)

and the non-negativity constraints on next period’s wealth (in the absence of a storm), produc-

tive housing capital, adaptive housing capital, rental housing services, and insurance:

ha
i,t+1+hp

i,t+1+ fi,t+1≥ 0, hp
i,t+1≥ 0, ha

i,t+1≥ 0, hsr
i,t+1≥ 0, and x i,t+1≥ 0. (12)

2.2. Firms

Each region contains a continuum of measure one of perfectly competitive final-good firms,

denoted with superscript y , and a continuum of measure one of perfectly competitive rental-

housing firms, denoted with superscript, r. The final-good firms hire effective labor from

households and both types of firms invest in capital, which they own, to maximize the expected

value of their firm. Firms are subject to idiosyncratic storm shocks with the same region-specific

probabilities as households. The storm shocks realize at the start of each period, before pro-

duction takes place, and before the firms decide how much labor to hire for use in the current

period and how much to invest in capital for use in the next period.

If a firm is hit by a storm, it destroys some of its productive capital stock. As with house-

holds, the firm can invest in adaptation capital to reduce the amount of productive capital

destroyed by a storm. The damaged productive capital in each period for a final-good, k yd
i t ,
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and a rental-housing, krd
i t , firm i in region n equal:

k yd
i t = e y

i t F
�

a y
i t

�

Ωy
n k yp

i t , and krd
i t = er

i t F
�

ar
i t

�

Ωh
nkrp

i t , (13)

paralleling the specification for damaged owner-occupied housing capital in equation (3). Vari-

able e j
i t denotes the realization of the storm shock for firm i of type j ∈ {y, r}. Variable a j

i t de-

notes the adaptive capacity for firm i of type j, equal to the ratio of the firm’s adaptive capital

relative to its productive capital: a j
i t ≡ k ja

i t /k
jp
i t . Storm-severity parameters Ωy

n and Ωh
n denote

the respective region-specific fractions of final-good and rental-housing productive capital de-

stroyed by storms. The storm severities for housing and final-good capital differ to reflect the

fact that residential and industrial centers often have different locations (e.g., on the coast

versus inland) and therefore can have different susceptibility to storms.

As with households, each firm i of type j collects disaster aid in proportion to the amount of

its productive capital damaged by the storm,ψk jkd j
i t . Additionally, firms also receive the federal

subsidy, η for investment in adaptation capital. The law of motion for adaptation capital for

firm i of type j equals:

k ja
i,t+1= (1−δ

a)k ja
i t +(1+η)i

ja
i t (14)

where variable i ja
i t denotes the firm’s adaptation investment. I assume that the adaptation

subsidy, η, is the same for households and firms because the two main funding sources for

adaptation subsidies, FEMA’s Hazard Mitigation Grant Program and the US Army Corps of

Engineers, subsidize adaptation investment designed to protect both households and firms.

The final-good firm produces output, ỹi t , from its non-damaged productive capital stock,

k̃ yp
i t ≡ k yp

i t −k yd
i t , according to the Cobb-Douglas production function:

ỹi t = Ay(k̃ yp
i t )

αl1−α
i t . (15)

Parameter α denotes capital’s share, parameter Ay is total factor productivity in the production

of the final good, and variable li t denotes the firm’s demand for effective labor. Similarly, the

rental-housing firm produces rental-housing services, h̃sr
i t , from its non-damaged productive

capital, k̃rp
i t ≡ krp

i t − krd
i t , using the same linear production technology as households use to

produce owner-occupied housing services: h̃sr
i t = Ahk̃rp

i t .

Firms make all decisions to maximize the expected present discounted value of their future
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cash flows. The dynamic-programming problem for final-good firm i in region n is:

V y(k yp
i t ,k ya

i t ,e y
i t ;n) = max

i yp
i t ,i ya

i t ,li t

�

Ay(k̃ yp
i t )

αl1−α
i t −wnt li t+ψ

k y k yd
i t − i yp

i t − i ya
i t (16)

+
�

1
1+ rt+1

�

∑

e y
i,t+1

Γn(e
y
i,t+1)V

y(k yp
i,t+1,k ya

i,t+1,ei,t+1;n)
�

,

subject to the law of motion for adaptive capital (equation (14)) and the law of motion for

productive capital:

k yp
i,t+1= (1−δ

y)k̃ yp
i t + i yp

i t , (17)

where parameter δ y denotes the depreciation rate of final-good capital.14

The dynamic-programming problem for rental-housing firm i in region n is:

V r(krp
i t ,kra

i t ,er
i t ;n) = max

irp
i t ,ira

i t

�

pr
ntA

hk̃rp
i t +ψ

kr krd
i t − irp

i t − ira
i t (18)

+
�

1
1+ rt+1

�

∑

er
i,t+1

Γn(e
r
i,t+1)V

r(krp
i,t+1,kra

i,t+1,er
i,t+1;n)

�

,

subject to the law of motion for adaptive capital (equation (14)) and the law of motion for

productive capital:

krp
i,t+1= (1−δ

h)krp
i t + irp

i t . (19)

Following Favilukis (2013), firms finance investment entirely through earnings; they do not

issue new shares or debt. I normalize the number of shares of each firm to unity. The dividends

to the shareholders of a final-good firm i, d y
i t , and a rental-housing firm i, d r

i t , equal:

d y
i t = Ay(k̃ yp

i t )
αl1−α

i t −wnt li t− i yp
i t − i ya

i t +ψ
k y k yd

i t , and (20)

d r
i t = pr

ntA
hk̃rp

i t − irp
i t − ira

i t +ψ
kr krd

i t . (21)

The value of firm i of type j, V j(k jp
i t ,k ja

i t ,e j
i t ;n), is the cum-dividend value, meaning that it

is measured before the dividend is paid out. To calculate the expected rate of return from

purchasing a share in the firm, it is useful to define the ex-dividend value of the firm as

14Alternatively, one could specify the firm’s optimization problem so that it discounts future profits using the
household’s stochastic discount factor instead of 1/(1+ rt+1). Such a specification is equivalent to equation (16)
because the idiosyncratic risk implies that the covariance between the stochastic discount factor and the firm’s
realized marginal product of capital is zero.
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V je(k jp
i t ,k ja

i t ,e j
i t ;n) = V j(k jp

i t ,k ja
i t ,e j

i t ;n)−d j
i t . Using this definition, the expected return to pur-

chasing a share of firm i of type j equals the sum of the expected value of capital gains and

dividends divided by the price of the share:

Et(R
j
i,t+1) = Et





V je(k jp
i,t+1,k ja

i,t+1,e j
i,t+1;n)+d j

i,t+1

V je(k jp
i t ,k ja

i t ,e j
i t ;n)



 . (22)

Observe from the firm’s value function (equations (16) or (18)) and the expression for divi-

dends (equations (20) or (21)) that the ex-dividend value of firm i of type j equals:

V je(k jp
i t ,k ja

i t ,e j
i t ;n) =

�

1
1+ rt+1

�

∑

e j
i,t+1

Γn(e
j
i,t+1)V

j(k jp
i,t+1,k ja

i,t+1,e j
i,t+1;n). (23)

Rearranging equation (23) to solve for the expected return yields:

1+ rt+1=

∑

e j
i,t+1
Γn(e

j
i,t+1)V

j(k jp
i,t+1,k ja

i,t+1,e j
i,t+1;n)

V je(k jp
i t ,k ja

i t ,e j
i t ;n)

= Et(R
j
i,t+1), (24)

implying that the expected return from purchasing a share of any final-good or rental-housing

firm equals 1+ rt+1.

The final good is the numeraire. I assume that the final-good can be costlessly transformed

into the non-durable consumption good, or into any type of capital for use by any firm or

homeowner. Consequently, the prices of consumption and each type of capital all equal unity.

2.3. Mutual funds

There is a measure one of perfectly-competitive and risk-averse mutual funds. The repre-

sentative mutual fund uses household deposits to purchase equity shares in the final-good and

rental-housing firms in any region and to purchase international bonds. International bonds

earn exogenous rate of return 1+ r?. Let Q t+1 (defined formally in Appendix A) be a function

that describes the mutual fund’s allocation of household deposits across equity shares in the

measure 2N of firms in the economy. All firm equities are held domestically.

At the end of period t, the mutual fund chooses next period’s bonds, bt+1, and equity

shares, described by function Q t+1, to maximize the expectation of any strictly increasing and

concave function of the value of its portfolio at the end of period t +1. Appendix A solves

the optimization problem for the representative mutual fund and shows that even though the

return on any particular equity is stochastic, the mutual fund’s optimal portfolio earns rate

of return 1+ rt+1 with certainty. The intuition is that since the mutual fund is risk averse, it
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allocates an infinitesimally small share of household deposits to each of the infinitely many

equities in its portfolio. The variance in the return on the resulting equity portfolio is zero

because all equities have the same expected return, the return realizations are independent,

and there is no aggregate risk. A simple no-arbitrage argument implies that the return on

the mutual fund’s optimal equity portfolio, 1+ rt+1, equals the return on international bonds,

1+ r?.

When rt+1= r?, the mutual fund is indifferent between equities and bonds. In equilibrium,

the mutual fund’s allocation between equities and bonds is determined so that the asset market

clears. Asset market clearing requires that the total value of all equity held by mutual funds

equals the total value of the 2N firms in the economy:

ft+1− bt+1=

∫ 2N

0
V e

i,t di. (25)

Variable ft+1 denotes the mutual fund’s level of household deposits, hence ft+1− bt+1 is the

total value of all equity held by the mutual fund. Variable V e
i,t refers to the ex-dividend value

of firm i in period t, equal to V ye(k yp
i t ,k ya

i t ,e y
i t ;n) if firm i is a final-good firm in region n or

V re(krp
i t ,kra

i t ,er
i t ;n) if firm i is a rental-housing firm in region n.

2.4. Definition of a stationary equilibrium

I define a stationary recursive competitive equilibrium. Throughout the definition of an

equilibrium, I use primes to denote the next period’s value of a variable and I suppress the

individual firm and household subscripts. Let gh=(h̃s,m,ν,Υ ) denote the vector of household

state variables and household characteristics. Let µh be the invariant cross-sectional distri-

bution over the household states and characteristics. Similarly, let g j = (k jp,k ja,e j) denote

the vector of firm state variables for firms of type j ∈ {y, r} and let µ j be the invariant cross-

sectional distribution over the firm states.

Given an adaptation subsidy, η, disaster aid parameters, ψho, ψhr , ψk y , and ψkr , and an

international interest rate, r?, a stationary recursive competitive equilibrium consists of the time-

invariant value and policy functions for the households, {V h, hp′ , ha′ , hsr′ , x ′, f ′}, value and

policy functions for firms, {V j, k jp′ , k ja′ , l,} for j ∈{y, r} policies for the mutual fund, {b′, Q′},
prices, {r, wn, pr

n, px
n} for each n∈ {1,...,N}, labor-income tax, τ, and stationary distributions

{µh, µy , µr} such that:

1. Given prices, the labor-income tax, and government policies, the household value func-

tion, V h, solves the optimization problem in equation (8) and hp′ , ha′ , hsr′ , f ′, x ′ are the

associated policy functions.
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2. Given prices and government policies, the final-good firm value function, V y , solves the

optimization problem in equation (16) and k yp′ , k ya′ and l are the associated policy

functions.

3. Given prices and government policies, the rental-housing firm value function, V r , solves

the optimization problem in equation (18) and krp′ and kra′ are the associated policy

functions.

4. Given prices and government policies, the mutual fund policies, b′, Q′ solve the mutual

fund’s optimization problem.

5. The market for rental-housing services clears in each region n:

∫

hsr′(gh) dµh
gh|n= Ah

∫

hrp′(g r) dµr
g r |n.

6. The federal government budget constraint clears:

∫

τwz dµh=
N
∑

n=1

�

Λ′n+(ψ
hr+ψkr)K rd′

n +ψk y K yd′
n +η

�

Iah′
n + Ia y ′

n + Iar′
n

��

where Λ′n denotes disaster aid for homeowners in region n:

Λ′n≡ γn

∫

min
¦

ψhoΩh
nF[ah′(gh|n)]hp′(gh|n), Ωh

nF[ah′(gh|n)]hp′(gh|n)− x ′(gh|n)
©

dµh
gh|n,

ah′ , is the implied policy function for homeowner adaptive capacity,

ah′(gh|n) =
ha′(gh|n)
hp′(gh|n)

,

K yd′
n and K rd′

n denote the damaged final-good and rental-housing capital in region n,

respectively:

K yd′ = γnΩ
y
n

∫

F[a y ′(g y |n)]k yp′(g y |n)dµy
g y |n

K rd′ = γnΩ
h
n

∫

F[ar′(g r |n)]krp′(g r |n)dµr
g r |n,
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a j′ is the implied policy function for adaptive capacity for a firm of type j ∈ {y, r},

a j′(g j|n) =
k ja′(g j|n)
k jp′(g j|n)

,

and Iha′
n , I ya′

n and I ra′
n denote the levels of adaptation investment in region n:

Iha′
n =δa

∫

ha′(gh|n)dµh
gh|n I ya′ =δa

∫

k ya′(g y |n)dµy
g y |n and I ra′

n =δa

∫

kra′(g r |n)dµr
g r |n.

7. The asset market clears:
∫

V ye dµy +

∫

V re dµr = f ′− b′.

8. The labor market clears in each region n:

∫

z dµh
gh|n=

∫

l(g y |n) dµy
g y |n.

2.5. Incentives for adaptation

To build intuition for how climate change and federal disaster policy affect adaptation in-

centives, I analyze the returns to adaptation capital implied by the households’ and firms’ first

order conditions (reported in Appendix A). Adaptation capital increases realized household

utility in the event of a storm by increasing cash at hand, m̃, and by increasing housing ser-

vices, h̃s. The realized returns to adaptation capital from its effects on cash at hand, Rm, and

housing services, Rh, for a household i in region n equal:

Rm
i,t+1(e

h
i,t+1) =







1−δa : eh
i,t+1= 0

1−δa+(1+η)(1−δh−ψho)Ωh
n

�

−∂ F
∂ ah

i,t+1

�

: eh
i,t+1= 1

(26)

Rh
i,t+1(e

h
i,t+1) =







1−δa : eh
i,t+1= 0

1−δa+(1+η)φo
i AhΩh

n

�

−∂ F
∂ ah

i,t+1

�

: eh
i,t+1= 1

(27)

If the household is not hit by a storm, eh
i = 0, then the realized returns to adaptation capital

beyond its non-depreciated value, 1−δa, are zero. For example, if it does not rain, then

elevating a house on stilts generates no benefit beyond the resale value of the stilts. In contrast,
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if the household is hit by a storm, eh
i = 1, then the realized returns to adaptation capital from

both channels exceed the non-depreciated value of the adaptation capital. Adaptation capital

increases the household’s non-damaged productive housing capital, which in turn increases

its consumption of housing services, Rh
i (1)> 1−δa, and its wealth, Rm

i (1)> 1−δa, (in the

empirically relevant region of parameter space in which δh+ψho < 1).

In addition to investing in adaptation capital, households can also increase their cash-at-

hand in the event of a storm by purchasing financial assets. I show in Appendix A that the ex-

pected return to adaptation capital from increased cash at hand, γnRm
i,t+1(1)+(1−γn)Rm

i,t+1(0),
is less than the expected return on financial assets, 1+ rt+1. The intuition is that since house-

holds are risk averse and since adaptation capital pays out in the states of the world with

higher marginal utilities of consumption, it generates a negative risk premium. In contrast,

financial assets pay out equally in all states of the world, and thus garner the risk-free rate.

Furthermore, unlike financial assets, adaptation capital generates direct utility benefits through

increased housing services in the event of a storm, implying a lower return from increased cash

at hand, all else constant.
The firm’s first order conditions imply that the expected return to adaptation capital equals

1+ rt+1, the opportunity cost of investment. Unlike households, firms are risk neutral, and thus
adaptation capital for firms does not garner a negative risk premium. The returns to adaptation
capital for final-good, Ry , and rental-housing, Rr , firms equal:

Ry
i,t+1(e

y
i,t+1) =







1−δa : e y
i,t+1= 0

1−δa+(1+η)
�

α(Ay)
1
α

�

1−α
wn,t+1

�
1−α
α +1−δ y −ψk y

�

Ω
y
n

�

−∂ F
∂ a y

i,t+1

�

: e y
i,t+1= 1

(28)

Rr
i,t+1(e

r
i,t+1) =







1−δa : er
i,t+1= 0

1−δa+(1+η)
�

pr
n,t+1Ah+1−δh−ψkr

�

Ωh
n

�

−∂ F
∂ ar

i,t+1

�

: er
i,t+1= 1

(29)

As with households, the return to adaptation capital beyond its non-depreciated value is zero

if the firm does not experience a storm. If the firm does experience a storm, adaptation capital

reduces the firm’s loss of productive capital (captured by the 1−δ y term in equation (28) and

the 1−δh term in equation (29)). Adaptation also reduces the loss in output in the period of

the storm, raising current period profits (captured by the term α(Ay)
1
α

�

1−α
wnt+1

�
1−α
α in equation

(28) and the term pr
n,t+1Ah in equation (29)).

The returns to adaptation in equations (26)-(29) highlight the moral hazard effects of dis-

aster aid and the potential for the adaptation subsidy to offset those moral hazard effects. By

partially compensating households and firms for the damaged capital, disaster aid reduces the
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return to adaptation; theψ parameters enter negatively in equations (26)-(29). Offsetting this

moral hazard, the adaptation subsidy in equations (26)-(29) magnifies the return to adaptation

beyond its non-depreciated value by factor 1+η.

Climate change is predicted to increase the severity or frequency of storms (or both). The

expected return to adaptation in equations (26)-(29) is increasing in storm severity, Ω, and in

the storm probability, ρ. Thus, the progression of climate change creates stronger incentives

for agents to make investments to reduce the accompanying damage.

3. Calibration

Table 1: Parameter Values: External Calibration

Parameter Value

Storms and Adaptation

Low-risk region storm probability: γ1 0.002

High-risk region storm probability: γ2 0.022

Preferences and housing

Coefficient of relative risk aversion: σ 2

Production
Depreciation rate of final-good capital: δ y 0.07

Depreciation rate of housing capital: δh 0.02

Depreciation rate of adaptation capital: δa 0.03

TFP in final-good production: Ay 1

TFP in housing services: Ah 0.14

Capital share in final-good production: α 0.26

Mutual fund

International interest rate: r? 0.04

Labor productivity

Persistent shock persistence: ρ 0.97

Persistent shock innovation variance: σ2
ε 0.02

Fixed-effect variance: σ2
ξ

0.66

The time period in the model is one year. I divide the US economy into two risk regions,

low and high, denoted with subscripts 1 and 2, respectively.15 I calibrate some of the parame-

15One could include a finer level of geographic detail by breaking the US into more than two regions. How this
would impact the amount that adaptation reduces storm damage depends on the magnitudes of two opposing
effects. First, introducing more regions results in a more unequal distribution of adaptive capacity, which, all else
constant, reduces dF/da and hence decreases the reduction in storm damage from adaptation. Offsetting this
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ters directly from the data or the existing literature. Given these parameters, I jointly calibrate

the remaining parameters internally so that a set of moments in the model match their corre-

sponding empirical targets. Tables 1 and 2 report the values of the externally and internally

calibrated parameters, respectively.

Table 2: Parameter Values: Internal Calibration

Parameter Value

Storms and Adaptation

Low-risk, housing, storm severity: Ωh
1 0.15

High-risk, housing, storm severity: Ωh
2 0.30

Low-risk, final-good, storm severity: Ωy
1 0.11

High-risk, final-good, storm severity: Ωy
2 0.21

Effectiveness of adaptation: θ 3.78

Federal policy

Subsidy for adaptation investment: η 0.09

Disaster aid fraction for homeowners: ψho 0.10

Disaster aid fraction for renters: ψhr 0.04

Disaster aid fraction for rental-housing firms: ψkr 0.01

Disaster aid fraction for final-good firms: ψk y 0.23

Preferences, housing, and insurance

Discount factor: β 0.94

Non-durable consumption exponent: ζ 0.85

Preference discount from renting: φ̄r 0.79

Preference discount from owning: φ̄o <1

Fraction of HHs that prefer homeownership: χ 0.79

Disbursement cost of insurance: λ 0.005

Much of the calibration approach is standard in the macro literature. The important nov-

elty is determining the set of moments that pin down the structural parameter governing the

effectiveness of adaptation capital, θ . Section 3.1 details the calibration of this key parameter

and Sections 3.2 - 3.7 calibrate the remaining model parameters. Appendix B describes the

data sources and reports additional details including all regression estimates. Complete data

on FEMA aid and the other relevant variables is available from 2004-2018. Unless otherwise

specified, all targets are computed as annual averages over the 2004-2018 time period. All

monetary values are reported in 2018 dollars.

effect, introducing more regions concentrates adaptive capacity in the regions with the most frequent and severe
storms, increasing the reduction in storm damage from adaptation.
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The ideal data to calibrate the model would include a comprehensive measure of adaptation

capital, a meteorological measure of the occurrence and damage potential of storms, and direct,

county-level damage estimates from the storms themselves. To the best of my knowledge, these

ideal data are not available. Instead, my approach is to use the data that are available to try and

obtain the best possible calibration. This process necessarily involves a degree of speculation,

and the quantitative results should be interpreted with this in mind.

3.1. Calibration of the effectiveness of adaptation, θ

The empirical literature cited in the introduction treats adaptation as a latent variable and

looks for evidence of adaptation from the relationship between the frequency with which an

agent (e.g., household, firm, region) experiences an extreme weather event and the associated

damage per affected agent. The intuition is that when agents more frequently experience

extreme weather events, they face stronger incentives to invest in adaptation to reduce the

damage. Hence, all else constant, the ability to adapt should result in a negative relationship

between event frequency and damage per affected agent.

To calibrate the effectiveness of adaptation, θ , I apply the intuition from the empirical

literature to the probability that a household experiences a storm and the associated disaster

aid per affected household. I use disaster aid instead of damage because there is no reliable

county-level data on damage from severe storms in the U.S.16 Substituting disaster aid for

damage is justifiable as long as disaster aid is positively correlated with damage and the fraction

of damage covered by disaster aid is uncorrelated with damage. I verify these requirements

empirically by analyzing the storm-level correlations between storm damage and disaster aid

provided through FEMA, the main source of federal disaster aid following storm. A pair of

simple regressions reveals that FEMA aid is positively correlated with storm damage and that

the fraction of storm damage covered by FEMA aid is uncorrelated with storm damage. Hence,

the empirical literature’s insight to infer adaptation from the relationship between probability

and damage should also apply to the relationship between probability and FEMA aid.

Importantly, the empirical literature estimates the relationship between damage per af-

fected agent and event frequency, holding the severity of the event constant. However, storm

severity varies across the different regions in the model. With zero adaptation, disaster aid per

affected household will be larger in the region with more severe storms because the storms

destroy a larger fraction of the capital stock in that region. Hence, I can only infer adaption

16The Spatial Hazards and Losses Database for the United States (SHELDUS) reports county-level damage
information for extreme weather events in the US. However, these data are not suitable for the calibration because
they are severely incomplete. The primary source of the data are self-reports by individual weather stations and
as a result, many observations are missing. In particular, Gallagher (2014) reports that only 8.6 percent of
flood-related PDD events from 1960-2007 are included in SHELDUS and many of those events have no reported
damage.
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from the ratio of disaster aid per affected household across regions after accounting for the

ratio of storm severity across regions.

To implement this calibration strategy, I first divide US households into a low- and high-

risk region based on the probability that a household experiences a storm. Second, I calculate

relative aid, defined as the ratio of disaster aid per affected household in the high-risk region

relative to the low risk region. Third, I calculate relative severity, defined as the ratio of storm

severity in the high-risk region relative to the low-risk region. Finally, given the storm proba-

bilities in each region and the relative severity between regions, I choose θ (jointly with the

other parameters) so that the value of relative aid in the model matches that in the data.

Low- and high-risk regions. I divide US counties into the low- and high-risk region based

on the annual probability that a household in the county experiences a storm (parameter γn

in the model). Following Gallagher (2014) and Wilson (2017), I use Presidential Disaster

Declarations (PDDs) as a source for severe storms. A storm receives a PDD when the damage

is so large that it is beyond state and local capabilities to address (FEMA, 2003). I say that

a county experiences a storm in year t if it experiences at least one storm-related weather

incident in year t that received a PDD. Storm-related weather includes all storms that involve

high winds and heavy rain or flooding, such as tropical cyclones and tornadoes.

When a storm hits a county, not all households in the county necessarily experience damage

from the storm. I measure the probability that a household experiences a storm in each county

as the average annual fraction of households in the county that experience a storm. Federal aid

programs provide one measure of the number of households affected by a storm. In particular,

households can apply for federal assistance to cover any uninsured damages through FEMA’s

Individuals and Households (IH) program. I measure the fraction of households affected by

the storm as the of the fraction of eligible (e.g. uninsured) households that registered for IH

aid, implicitly assuming that the fraction of eligible households affected by the storm equals the

fraction of ineligible households affected by the storm.17 Using the probability that a household

in each county experiences a storm, I assign the counties to the low- and high-risk regions. The

cutoff probability for the high-risk region is such that the US population is approximately equal

across the two regions.

Figure 1 shows a map of US counties shaded according to their risk region. The high-

risk counties are predominately located in coastal areas that are susceptible to hurricanes and

tropical storms, and in the Midwest where severe storms are also common. GDP per capita is

similar across the low- and high-risk regions, equal to 63,274 in the low-risk region and 61,822

in the high-risk region in 2018. Approximately 50.0 percent of the 2018 US population lives

17If data on IH program registrations are not available for a particular storm, I use the average fraction of
households affected, where the average is taken over similar storms.
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in each region.

Figure 1: Map of US Counties By Risk Level

One potential concern with using PDDs to indicate severe storms is that politics could affect

the declaration of a presidential disaster (Davlasheridze et al. 2014; Garrett and Sobel 2007;

Reeves 2011). However, for politics to affect the calibration, there would need to be systematic

differences in the political power across the low- and high-risk region over the 2004-2018 time

period. The location of the low- and high-risk counties in Figure 1 suggests that this is not the

case. The high-risk counties are primarily in areas with a high meteorological risk of severe

storms (e.g. the Gulf Coast) and in states that span the political spectrum from Texas on the

right to New York on the left. Additionally, there was considerable political turmoil during

the 2004-2018 time period with presidents and house and senate majority leaders from both

parties, and substantial turnover on the congressional FEMA oversight committees (Davlash-

eridze et al., 2014). Such turmoil makes it difficult for any particular county to consistently

receive political favors in the form of PDDs over this period. Furthermore, while large storms,

such as hurricanes Katrina and Sandy, receive PDDs, many smaller storms that are less likely

to be political targets also receive PDDs. On average, the federal government issues over 50

storm-related PDDs each year, which, combined, cover more than one quarter of all US coun-

ties. Thus, from the perspective of the US as a whole, the typical PDD is simply part of the

regular country weather patterns, and not an extremely rare, politically-motivated event.

A second concern is that using PDDs to indicate severe storms could understate the true

probability of a storm. In particular, a county with high adaptive capacity could be struck by

a severe storm but experience relatively little damage, and thus not receive a PDD. The NOAA

data on storm tracks provide a meteorological measure of which counties experience cyclones,

allowing me to evaluate the magnitude of this downward bias for the case of cyclones. I find
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that 94 percent of counties that experienced a Category 1 or higher cyclone over the 2004-

2018 time period received a PDD. Thus, while using PDDs does slightly underestimate the true

probability of a cyclone, it provides a very close approximation to the true probability.

Relative aid. I first define relative aid in the stationary equilibrium of the model. Following the

empirical cyclone literature’s approach to damage (e.g., Nordhaus, 2010; Hsiang and Narita,

2012), I normalize aid in each region by the amount there is to destroy, in this case, the region’s

stock of productive capital (including both housing and non-housing capital). The intuition is

that, all else equal, a storm will cause more damage, and thus result in more aid, if there is

more to destroy. Equation (30) reports average normalized aid per household hit by a storm

in region n:
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The numerator equals total aid per household hit by a storm, where by the law of large num-

bers, γn is the number of households (or firms) hit by a storm in region n. The denominator

equals the total productive capital stock in region n. Relative aid in the model equals nor-

malized aid per household hit by a storm in the high-risk region divided by the corresponding

value in the low-risk region, (AI D)2/(AI D)1.

To measure relative aid in the data, I calculate the average disaster aid from FEMA per

household affected by a storm, for each county-storm pair. FEMA primarily provides disaster

aid through two programs: (1) the Individuals and Households (IH) program provides aid

to homeowners and renters and (2) the Public Assistance (PA) program provides aid to local

governments, communities and non-profit organizations. Many PA grants are used to repair

damaged public infrastructure, such as roads and utilities. In the model, I assume that final-

good firms are responsible for all non-residential productive capital investment, including roads

and utilities. Consistent with the model assumption, I allocate all non-housing related PA aid

to the final-good firms. I compute relative aid from the data on FEMA aid, as opposed to all

federal disaster aid, because it is the only data on federal aid reliably available at the county-

storm level and it constitutes the majority of all federal aid for storms (CBO, 2019).

I normalize average FEMA aid per affected household by the county’s GDP per capita, a

proxy for the amount there is to destroy. Relative aid equals the average of normalized aid

per affected household across all counties and storms in the high-risk region divided by the

corresponding average in the low-risk region. The resulting ratio equals 1.16, implying that

normalized aid per affected household is 16 percent larger in the high-risk region than in the

low-risk region.
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Relative severity. The measure of relative severity must be independent of the level of adap-

tation; I cannot use data whose value is affected by adaptation. For example, suppose I naively

calculated the relative severity as the ratio of average normalized FEMA aid per affected house-

hold in the high-risk region relative to the low-risk region. If households and firms in the high-

risk region have more adaptation capital, then this ratio would be smaller than the true value

of relative severity.

To ensure that the measured value of relative severity is independent of adaptation, I mea-

sure the severity of a cyclone in each affected county using the cube of the cyclone’s maximum

sustained wind speed at the point that the storm strikes the county (e.g., Emanuel 2005, Strobl

2011). By construction, this meteorological severity measure depends only on the weather

characteristics of the storm, and thus I can use it to compare the severity of cyclones across the

low- and high-risk regions where quantities of adaptation capital could differ. Note that coun-

ties that experience cyclones do not necessarily experience the storm at its maximum strength;

rather they could be at any point along the storm’s path. What differentiates cyclone storms

from non-cyclone storms is that I have a meteorological measure of the severity of the cyclone

at the point that it hits the county. I have no corresponding measure for non-cyclone storms.18

To incorporate the severity of non-cyclone storms, I exploit within-county variation in the

damage from cyclones compared to non-cyclones. This within-county comparison measures

the severity of a non-cyclone compared to a cyclone, as long as the county’s adaptation capital

is the same for cyclones as it is for non-cyclones. For example, a drainage system reduces flood

damage regardless of whether the flooding is caused by a cyclone or a non-cyclone storm. To

measure the ratio of cyclone to non-cyclone damage, I use the data on disaster aid for home-

owners from FEMA’s IH program. Consistent with the model assumptions, I view IH aid per

homeowner that received aid as proportional to the damage that the homeowner experienced

from the storm.19 I calculate the damage ratio of cyclones compared to non-cyclones as the

18While the assumption that damages are proportional to the cube of maximum sustained wind speed is com-
mon in integrated assessment models of climate change (e.g., Narita, Tol, and Anthoff, 2009), it is important to
acknowledge that it abstracts from any heterogeneity in the damage wind-speed relationship due to differences
in county geography. For example, counties located along the coastline are more susceptible to flooding from a
storm surge and counties located inland on floodplains or near mountainous terrain (which increases the rainfall
potential of a cyclone) are more susceptible to freshwater flooding from heavy rains. However, it is not clear how
the average geography of a low-risk county, accounting for coastline, floodplains, rivers, and mountains, com-
pares to that of a high-risk county in terms of its impact on the severity of the storm. Thus applying the average
severity measure to all counties does not obviously bias the results in any particular direction.

19In principle, statuary limits on the minimum and maximum aid a homeowner can receive from FEMA could
invalidate the proportionality assumption. However, in practice these limits rarely bind. The minimum aid re-
quirement is very low, equal to 50 dollars (FEMA, 2019b); zero homeowners in the sample received aid less than
100 dollars. The maximum aid limit equals 34,900 (FR document 2018-22884), which is considerably larger the
median value of disaster aid, approximately 4000 dollars. Less than two percent of all homeowners that received
IH aid received the maximum grant. Even for large storms, relatively few homeowners received the maximum
grant. For example, less than five percent of homeowners that received aid following Hurricanes Katrina or Sandy
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ratio IH aid per homeowner recipient for cyclones relative to non-cyclones in each county.

Since the calculation of relative severity uses the data on IH aid for homeowners, it implic-

itly measures the relative severity for households, Ωh
2/Ω

h
1. The data on IH aid has the advantage

that it provides a direct measure of the number of homeowners that received aid, allowing me

to compare aid per homeowner-recipient across storm types. There is no corresponding mea-

sure of the number of firms or structures that received PA aid, making it difficult to directly

compute relative severity for final-good firms. Instead, I assume that the relative severity is the

same for households and final-good firms: Ω2/Ω1≡Ωh
2/Ω

h
1=Ω

y
2/Ω

y
1 .

In sum, to calculate the empirical value of relative severity, I divide the storms in the data

into cyclones and non-cyclones. I normalize the severity of a non-cyclone in the low-risk region

to unity. (I postpone the calibration of the actual levels of severity to later in the text). Con-

ditional on this normalization, I use county-level data on the maximum sustained wind-speed

for cyclones and the IH aid per homeowner recipient for cyclones and non-cyclones, to deter-

mine the severity of the average cyclone and non-cyclone storm in each region. The severity of

the average storm in each region equals the weighted average of the cyclone and non-cyclone

storm severities, with weights given by the region-specific fractions of cyclone and non-cyclone

storms. The results imply that storm severity in the high-risk region is 98 percent larger then in

the low-risk region, resulting in the relative severity target, Ω2/Ω1=1.98. Appendix B provides

a detailed discussion of this calculation.

Calibration of θ . The difference between the relative aid and the relative severity is indicative

of the effectiveness of adaptation and thus pins down θ . The above discussion implies that

storms in high-risk counties are on average 1.98 times as severe as those in low-risk counties,

but they only receive 16 percent more aid per affected household. The value of θ that allows

the model to match this variation (jointly with the other parameters and moments) is 3.78 (see

Table 2).

3.2. Federal policy

I choose the fractions of damage covered by disaster aid,ψho,ψhr ,ψk y , andψkr , to match

four targets: (1)-(3) federal aid to homeowners, renters, and final-good firms as fractions of

total federal aid and (4) total federal aid as a fraction of storm damage. To measure federal

disaster aid, I adjust the level of FEMA aid to account for other sources of federal assistance.

In particular, CBO (2019) finds that FEMA provides 73 percent of federal aid to households

(homeowners and renters) for damaged housing services and 76 percent of aid to final-good

firms. The remaining aid is supplied by other agencies, such as the Department of Housing and

Urban Development and the Department of Transportation. I inflate IH aid to homeowners and

received the maximum grant.
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to renters by 1/0.73 and PA aid to final-good firms by 1/0.76 to compute federal disaster aid to

each group. Total federal disaster aid equals the sum of federal disaster aid to each group. The

resulting targets imply that 17 percent of federal disaster aid is provided to homeowners, 3

percent is provided to renters, and 79 percent is provided to final-good firms. (The remaining

1 percent is provided to rental-housing firms.) Finally, I calculate the ratio of total federal aid

to storm damage for the storms with NOAA damage estimates. Averaging across storms yields

a calibration target of 0.17, implying that federal aid covers 17 percent of the damage from a

storm.

I calibrate the adaptation subsidy using data on federal funding for adaptation investment.

The two major sources of federal adaptation funding are the Hazard Mitigation Assistance

program, administered by FEMA, and the US Army Corps of Engineers. I include expenditures

from these two programs that fund capital to reduce damage from storms. I choose the size

of the subsidy, η, to target average annual subsidy expenditures relative to output, equal to

1.0e−4. Subsidy parameter η=0.09 matches this target, implying that the federal government

finances approximately 8 percent of adaptation investment.

3.3. Storm probability and severity

I set the probability parameters γ1 and γ2 equal to the average probability of a storm (as

described in Section 3.1) in the low- and high-risk regions, 0.002, and 0.022, respectively. I

choose the levels of storm severity for housing capital, Ωh
1 and Ωh

2, and final-good capital, Ωy
1

and Ωy
2 , in each region to match four targets: (1) the ratio of federal disaster aid to output, (2)

the fraction of total storm damage in the residential sector, and (3)-(4) the relative severities for

final-good and rental-housing capital equal the estimate from Section 3.1: Ωy
2/Ω

y
1 =Ω

h
2/Ω

h
1=

Ω2/Ω1= 1.98.

CBO (2019) estimates that storms cause 34 billion in damage to the residential sector, 9

billion in damage to the commercial sector, and 12 billion in damage to the public sector.

However, the industries included in the commercial sector in the CBO study only account for

approximately one quarter of private, non-residential fixed assets. Scaling up the commercial

sector damages to account for the remaining three-quarters of private non-residential fixed

assets implies that damage to the residential sector is 43 percent of total storm damage.

Referring to the first four rows of Table 2, the calibrated value of the storm severity for

housing capital is larger than for final good capital in each region, implying that, all else con-

stant, a storm destroys a larger fraction of housing than final-good capital. This difference

could be due to different locations of industrial and residential neighborhoods within a county.

For example, residential neighborhoods could be more likely to locate in areas that are pretty

but also with higher potential for storm damage, such as along the coast.
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The relatively small values of storm probability and the relatively large values of storm

severity in the calibrated model imply that the storm shocks in the present paper are similar to

“rare disasters” (Barro, 2006) or “catastrophes” (Pindyck and Wang, 2013) for an individual

household or firm. However, while a storm could constitute a rare disaster for a household or

firm, they are not rare or disastrous for the aggregate economy. For example, tornadoes occur

almost every year in the Midwest and each tornado creates damage that is far less than one

percent of US GDP. For the US economy as a whole, these storms are part of the regular weather

patterns, as opposed to very rare and destructive macro events (like the Great Depression or a

pandemic), studied in the literature on rare disasters and catastrophes.

3.4. Insurance

Parameter λ is the unit cost of disbursing an insurance claim. Using data from the Insurance

Information Institute, I calculate that the average annual value of insured losses divided by

total damages for thunderstorms, floods, and cyclones from 2014-2018 (the time period over

which the relevant data are available) equals 0.57. Note that this target applies to all storm

damage. However, homeowners are the only agents in the model that can purchase insurance

for their capital; renters do not own any risky capital and firms are risk-neutral, implying that

they would only purchase insurance in the model if it is priced below the actuarially fair value.

I assume that the empirical ratio of insured losses to damage is the same for homeowners and

firms, and choose λ so that the ratio of insured losses to homeowners divided by total damage

to homeowners equals 0.57. Consistent with this target, CBO (2019) finds that approximately

50 percent of damage to the residential sector is covered by insurance.

3.5. Final-good production

I set productive capital’s income share in the production of the final good, α, equal to 0.26

(Kiyotaki et al., 2011; Nakajima, forthcoming). This value is lower than the typical value of

capital share in a single-asset model (between 0.3 and 0.4) because final-good production

excludes the capital-intensive housing sector. I set the depreciation rates on final-good capital,

δ y , housing capital, δh, and adaptation capital, δa, equal to the average depreciation rates

for non-residential fixed assets, residential fixed assets, and structures (NIPA Tables 1.1 and

1.3), respectively. I use the depreciation rate for structures for adaptation capital since most

adaptation capital is part of a building or structure (e.g., stilts, seawalls, etc.). I normalize total

factor productivity in the production of the final good to unity. I choose total factor productivity

in the production of housing services to equal the ratio of housing services divided by residential

capital (NIPA Tables 2.3.5 and 1.1).
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3.6. Mutual fund

I set the exogenous interest rate on international bonds, r?, equal to 4 percent.

3.7. Preferences and housing

The coefficient of relative risk aversion equals 2. I choose the exponent on non-durable con-

sumption in the composite of non-durable consumption and housing services, ζ, to match the

ratio of private residential assets to non-residential assets, 0.88 (NIPA Table 1.1). I determine

the discount rate, β , to match the average ratio of U.S. net wealth to output, 3.1, where net

wealth equals the sum of fixed assets, consumer durables and net foreign assets (NIPA Tables

1.1, 1.1.5, BEA International Data Table 1.1.). I pin down the preference-discount for rental

housing, φ̄r , the minimum owner-occupied house size, hp, and the fraction of households with

a preference for homeownership, χ, to match the fraction of the population living in owner-

occupied housing, 0.67, the fraction of residential assets that are owner-occupied, 0.78 (NIPA

Table 5.1), and the ratio of mean homeowner income relative to mean renter income, 1.5 (CPS

Table PINC-01). Finally, I set the preference discount for owner-occupied housing, φ̄o, equal

to any number less than one. As long as φ̄o < 1, all households with φo
i = φ̄o will choose to

rent, implying that the exact value of φ̄o has no impact on the model’s results.

3.8. Labor productivity process

The persistent component of labor-productivity process, νi t , follows an AR(1) process of

the form:

νi,t =ρνi,t−1+εi t , with εi,t ∼ N(0,σ2
ε), (31)

where parameter ρ denotes the persistence and εt is a white noise process with variance σ2
ε . I

take the values for ρ, σ2
ε , and the variance of household-specific fixed effect, σ2

ξ
from Kaplan

(2012). I use the Rouwenhorst method to approximate the AR(1) process in equation (31)

with a five-state Markov chain. Kopecky and Suen (2010) show that this method is well-suited

for discretizing a highly persistent process with a small number of states. Appendix B reports

the Markov transition matrix, π, and the invariant distribution, Π.

Table 3 reports the empirical and model values of the moments. The model matches the

empirical targets quite closely.
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Table 3: Targeted Moments

Moment Model value Empirical value

Relative aid 1.16 1.16

Relative severity 1.98 1.98

(Disaster aid)/GDP 5.8e-04 5.8e-04

(Adaptation subsidy)/GDP 1.0e-04 1.0e-04

(Aid to homeowners)/(total disaser aid) 0.17 0.17

(Aid to renters)/(total disaser aid) 0.03 0.03

(Aid to final-good firms)/(total disaser aid) 0.79 0.79

(Damaged housing capital)/(damaged capital) 0.43 0.43

(Insurance claims)/(owner-occupied housing damage) 0.57 0.57

(Residential assets)/(non-residential assets) 0.88 0.88

(Owner-occupied housing)/(total housing) 0.78 0.78

(Avg. income homeowners)/(avg. income renters) 1.5 1.5

Homeowner fraction 0.67 0.67

(Net wealth)/GDP 3.1 3.1

4. External validation

I take three approaches to validate the calibration: (1) I compare the elasticity of damage

with respect to the probability of a storm in the model with empirical estimates from the liter-

ature, (2) I compare the elasticity of disaster aid with respect to the probability of a storm with

empirical estimates from the disaggregated data on FEMA aid used for the calibration, and (3)

I analyze the model’s performance on several moments that I do not target in the calibration.

Appendix C provides additional details on the construction of the targets and data sources.

I compare the empirical and model estimates of the elasticity of damage with respect to the

probability of a storm. On the empirical side, Bakkensen and Mendelsohn (2016) use annual,

country-level data on tropical cyclones to estimate that the elasticity of property damage with

respect to a country’s long-run frequency of high-intensity cyclones equals −0.19.20 Their

regression estimates measure the effect of a marginal change in the probability of a storm,

holding constant the severity of the storm, GDP, and population. To compute the analog of

these estimates in the model, I re-solve the model with equal storm-severities across regions,

20Using similar data, Hsiang and Narita (2012) estimate the partial elasticity of property damage with respect
to the country’s long-run cyclone exposure. Evaluating the partial elasticity at the US value of cyclone exposure
yields an elasticity between −0.16 and −0.2, depending on the specification. Hsiang and Narita (2012) measure
cyclone exposure as the average annual maximum sustained wind speed. However, it is not clear whether this
measure corresponds to the probability or the severity of a storm, or both, making it difficult to compare with the
damage-probability elasticity in the model.
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analogous to controlling for storm-severity in the regression. I make the storm probabilities

almost identical across regions, to allow me to capture the effect of a marginal change in the

storm probability. Finally, I normalize damage by GDP in each region, to control for differences

in GDP across model regions. The resulting damage-probability elasticity in the model (defined

formally in Appendix C) equals −0.12, slightly smaller but generally similar to the empirical

estimate of −0.19.

I next compare the elasticity of disaster aid with respect to the probability of a storm in

the model with corresponding estimates from the disaggregated FEMA data used for the cal-

ibration. I estimate the aid-probability elasticity by running the following regression for each

cyclone i in county j in state k:

log
�

FEMA Aid
Affected households

�

i jk
= β0+β1 log

�

prob jk

�

+αXi jk+δi+θk+εi jk, (32)

where the dependent variable is the log of total FEMA aid for cyclone i in county j divided by

the number of households affected by the storm. Variable prob is the probability of a storm in

county j and variable X denotes a vector of control variables which includes the maximum wind

speed, per capita GDP, and the fraction of households with flood insurance coverage. Variables

δi and θk denote storm and state fixed effects, respectively. I focus exclusively on cyclones

because they are the only storm for which I have a direct measure of severity, the maximum

sustained wind speed. Table 4 reports the coefficient estimates with standard errors, clustered

at the county level, in parentheses. The coefficient of interest, β1, measures the elasticity of

FEMA aid per affected household with respect to damage. The estimated elasticity is −0.098,

implying that a one percent increase in the probability leads to a 0.098 percent decrease in

FEMA aid per affected household.
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Table 4: Regression Estimates

Coefficient Estimate

Probability: β1
−0.098
(0.045)

Maximum sustained wind speed: α0
0.015
(0.0019)

GDP per capita: α1
2.81e−6
(1.33e−6)

Fraction of HHs with flood insurance: α3
−1.23
(0.45)

Constant: β0
7.36
(0.44)

R-square 0.54

Number of observations 964

As with the damage-probability elasticity, to compute the aid-probability elasticity in the

model, I re-solve the model with equal storm-severities across regions and nearly equal storm

probabilities. The dependent variable in equation (32), FEMA aid per affected household,

corresponds to disaster aid in the model divided by number of affected households. Again, to

control for differences in GDP across regions, I normalize disaster aid per affected household

by GDP in each model region. The aid-probability elasticity in the model (defined formally in

Appendix C) equals −0.13, similar to the empirical estimate of −0.098.

The similarity between the estimated aid-probability elasticity and the model value is per-

haps not surprising because the underlying data used for the calibration is the same as the data

for the elasticity estimate. However, specifying and calibrating a model and then computing

the elasticity is a very different process then estimating a regression. As discussed at the be-

ginning of Section 3, the calibration necessarily involves a certain degree of speculation. The

fact that the calibrated model’s aid-probability elasticity is similar to the regression estimate

from the same data provides some assurance that the assumptions underlying the calibration

are reasonable.

The coefficient estimates on the control variables in Table 4 are all statistically significant

with the expected signs, providing additional verification of some of the calibration assump-

tions. In particular, increases in the maximum sustained wind speed increase FEMA aid per

affected household, suggesting that storm severity and wind speed are positively correlated,

as assumed in the calibration. Similarly, increases in GDP per capita also increase FEMA aid

per affected household, consistent with the notion that GDP per capita serves as a proxy for
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the amount to destroy. Finally, increases in the fraction of households with flood insurance

coverage reduces FEMA aid per affected household, highlighting the importance of using in-

formation on insurance coverage to determine the population eligible for aid, a key input to

calculating the storm probability in each region.

Table 5: Model Fit: Non-Targeted Moments

Moment Model value Empirical value

(High-risk GDP)/(Low-risk GDP) 0.995 0.98

Share of income held by top 40 percent 77.3 74.6

Share of wealth held by top 40 percent 92.3 96.8

Finally, I evaluate the model’s performance on several moments that I do not target in the

calibration. The first row of Table 5 reports the ratio of GDP per capita in the high-risk region

relative to the low-risk region in the model and the data. Since the high-risk region experiences

more frequent and severe storms, the model predicts that GDP per capita in the high-risk region

should be smaller than in the low-risk region. This prediction holds in the data as well, though

the magnitude of the difference is larger in the data.

The bottom two rows of Table 5 report the shares of income and wealth held by households

in the top 40 percent of the income and wealth distributions, respectively, in the model and in

the data. The model values are reasonably close to the empirical targets; 77 percent of income

and 92 percent of wealth is held by the top 40 percent in the model, compared to 75 percent

and 97 percent, respectively in the data. Appendix C further disaggregates these statistics and

reports the shares of income and wealth held by each quintile of the distribution in the model

and the data. As is common in these types of models, the model does not match the high

concentrations of wealth at the very the top of the distribution. The model’s quantitative re-

sults reveal that adaptive capacity is relatively constant across the wealth quintiles, suggesting

that missing the very top of the wealth distribution is not likely to be critical for quantifying

adaptation incentives.

5. Results

I begin by using the calibrated model to quantify the level and distribution of adaptation

capital in the current US economy. I then run three counterfactual experiments. In the first

experiment, I quantify the moral hazard effects of disaster aid and the ability of the subsidy

to correct the moral hazard. In the second experiment, I analyze the potential for adapta-

tion to reduce the damage and welfare cost of climate change. Finally, the third experiment
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highlights the importance of modeling the idiosyncratic risk component of climate damage for

understanding adaptation incentives and the welfare costs of climate change.

5.1. Quantifying adaptation

Table 6 reports the values adaptation capital, storm damage, insurance claims, and federal

spending, measured as percents of the relevant variables, in the low- and high-risk regions and

in the aggregate economy. Total capital equals all capital in the economy, including adaptive

and productive owner-occupied housing capital, rental housing capital, and final-good capital.

Similarly, adaptation capital equals the sum of adaptation capital used for owner-occupied

housing, rental housing, and the final good.

Beginning with the first row of Table 6, adaptation capital is larger in the high-risk region

where it equals 1.76 percent of the total capital stock, than in the low-risk region, where it

equals 0.59 percent of the capital stock. The expected benefit from investment in adaptation

capital is primarily determined by the probability and the severity of a storm (see equations

(26) - (29)). Storms are more frequent and more severe in the high-risk region, creating

stronger incentives to invest in adaptation. In the aggregate US economy, adaptation capital

equals 1.17 percent of the total capital stock. The replacement value of the US capital stock

in 2018 is approximately 68.4 trillion dollars (NPIA Table 1.1), implying that the replacement

value of adaptation capital is approximately 800 billion dollars.

Relative to the total capital stock, the level of adaptation capital in the economy appears

small. However, the denominator of the total capital stock can understate its importance. In

the aggregate economy, storms destroy 0.09 percent of the capital stock each year (second

row of Table 6). Thus, adaptation capital is over ten times the amount of capital destroyed by

storms (1.17 percent of the capital stock compared to 0.09 percent).

Table 6: Macro-Aggregates: Baseline

Low-risk High-risk
Aggregateregion region

Adaptation capital
0.59 1.76 1.17(percent of total capital)

Damaged capital
0.01 0.18 0.09(percent of total capital)

Damage
0.07 0.79 0.42(percent of output)

Insurance claims
52.9 61.3 57.0(percent of damaged owner-occupied housing capital)

Disaster aid + subsidy
23.1 205.1 100.0(percent of model tax payments)
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The total damage from storms (third row of Table 6) includes the destroyed housing and

final-good capital as well as the values of the forgone output and the forgone owner-occupied

and rental-housing services. Damage (measured as a percent of output) is considerably larger

in the high-risk region than in the low-risk region, even though the high-risk households invest

in more adaptation capital. In the aggregate, the results imply that storms cause damage equal

to 0.42 percent of US output each year.

The fourth row of Table 6 reports the percent of damaged owner-occupied housing capital

covered by insurance claims. Insurance claims are 57 percent of damage in the aggregate

economy, the calibration target. High-risk households insure a slightly larger fraction of their

damage than low-risk households (61.3 percent compared to 52.9 percent). Storms are more

severe in the high-risk region, implying that the marginal utility cost of the disaster is larger for

high-risk households than for low-risk households, leading them to purchase more insurance.

Federal disaster policy leads to substantial transfers from the low- to high-risk region. The

last row of Table 6 reports receipts of disaster aid and the adaptation subsidy, as a percentage

of the region’s tax payments for disaster aid and adaptation subsidies. Households in the low-

risk region only receive 23.1 percent of their tax payments in disaster aid and subsidies while

households in the high-risk region receive 205.1 percent.

While Table 6 reports the aggregate levels of adaptation capital, there is considerable vari-

ation in adaptation across homeowners, rental-housing, and final-good firms. Table 7 reports

the average value of adaptive capacity for each group in the low- and high-risk regions and

in the aggregate economy. Adaptive capacity is substantially higher among homeowners (first

row of Table 7) than among firms (second and third rows of Table 7). Unlike firms, homeown-

ers are risk averse. Thus, they value adaptation not only because it reduces the damage from

the storm, but also because it reduces the variance in the realized levels of housing services

and cash at hand. Adaptive capacity is larger for rental-housing firms than for final-good firms

because housing capital is more prone to storm damage than non-housing capital, Ωh
n>Ω

y
n .

Table 7: Adaptive Capacity

Low-risk High-risk
Aggregateregion region

Homeowners: ha/hp 1.5e-02 3.7e-02 2.6e-02

Rental-housing firms: kra/krp 4.3e-04 1.1e-02 5.7e-03

Final-good firms: k ya/k yp 2.2e-04 6.1e-03 3.2e-03

Recall that homeowners can decrease the utility cost of a storm by investing in adaptation

capital, which reduces the storm damage, and by purchasing insurance, which reduces the
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welfare cost of storm risk. How much a homeowner relies on each option partially depends

on her wealth. To understand how wealth heterogeneity impacts adaptation and insurance

decisions, I divide all households (including homeowners and renters) into wealth quintiles

based on the total value of their housing and financial wealth at the start of the period, before

the realization of the storm shock. Quintile one corresponds to the poorest households and

quintile five corresponds to the richest.

The first row of Table 8 reports insurance claims as a percent of damaged housing capital

averaged across homeowners in each wealth quintile. The homeowner’s optimal level of insur-

ance coverage decreases substantially with wealth, equal to 83.5 percent in the first quintile,

but only 46.0 percent in the fifth quintile. The intuition stems from the fact that poorer house-

holds are in a steeper region of their utility functions. As a result, storms generate a larger

increase in marginal utility for poor households, raising the expected benefits from insurance

relative to their richer counterparts.

The second row of Table 8 reports the value adaptive capacity (ah≡ha/hp) averaged across

homeowners in each wealth quintile. Adaptive capacity is relatively constant across the differ-

ent wealth quintiles as a result of two offsetting forces. One the one hand, housing services

are a normal good. A higher level of adaptive capacity enables the household to consume

more housing when it is hit by a storm, implying that adaptive capacity increases with wealth.

The insurance mechanism described above works in the opposite direction. The larger utility

cost of a storm for poorer households creates stronger incentives for adaptation, implying that

adaptive capacity decreases with wealth.

Finally, the third row of Table 8 reports adaptive capacity among the subgroup of homeown-

ers for which the minimum house-size constraint binds. In every quintile, adaptive capacity for

this subgroup is smaller than for the average homeowner in the in the quintile, with the largest

proportional differences in the lower wealth quintiles.21 The intuition is that these households

are just barely able to afford to own a house. To meet the minimum house size constraint, they

shift resources away from adaptation capital to productive capital, leaving them more exposed

to damage from storms.

21In the fourth quintile, adaptive capacity for all homeowners quintile equals 0.0272 and for homeowners with
hp = hp equals 0.0267.
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Table 8: Homeowner Adaptive Capacity and Insurance By Wealth Quintile

Quintile

1 2 3 4 5

Insurance claims
83.5 67.1 54.8 49.6 45.9(percent of damaged housing capital)

Adaptive capacity: all homeowners 0.024 0.023 0.025 0.027 0.028

Adaptive capacity: hp = hp 0.012 0.019 0.023 0.027 -

5.2. Federal disaster policy

Federal aid for disaster relief decreases the damage households and firms experience from

a storm, reducing their incentives to invest in adaptation capital. Federal subsidies for adap-

tation mitigate this moral hazard by increasing households’ and firms’ incentives to invest in

adaptation capital. To quantify these effects of federal policy, I solve for an “aid-only” and for a

“no-policy” counterfactual stationary equilibrium. In the aid-only equilibrium, I set the adap-

tation subsidy equal to zero (η= 0) and in the no-policy equilibrium, I set both the disaster

aid and the adaptation subsidy equal to zero (ψ=η= 0). Table 9 reports adaptation capital,

damage and insurance claims, measured again as percents of the relevant variable, in both

counterfactual equilibria and in the baseline.

Table 9: Effects of Federal Policy on Adaptation, Storm Damage, and Insurance

No policy Disaster aid only Baseline
(ψ=η= 0) (ψ> 0, η= 0) (ψ> 0, η> 0)

Adaptation capital
1.14 1.09 1.17(percent of total capital)

Damage
0.42 0.43 0.42(percent of output)

Insurance claims
67.4 57.8 57.0(percent of damaged owner-

occupied housing capital)

Beginning from the counterfactual equilibrium with no federal policy, the provision of dis-

aster aid alone reduces adaptation capital by 5 percent, from 1.14 percent of the capital stock

in the no-policy equilibrium to 1.09 percent of the capital stock in the aid-only equilibrium

(first row of Table 9). The decrease in adaptation implies that the provision of disaster aid

increases storm damage from 0.42 percent of output in the no-policy equilibrium to 0.43 per-

cent of output in the aid-only equilibrium. To put these moral hazard effects in perspective,

storm-related disaster aid from FEMA averages 7.7 billion per year over the 2004-2018 period.
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Scaling the model results by US GDP each year from 2004-2018 implies that the damage from

storms is on average 3.2 billion higher per year as a result of the moral-hazard from the disaster

aid. This increase in damage from moral hazard is approximately 40 percent of FEMA aid each

year, suggesting large moral hazard consequences from disaster aid.

The federal subsidy for adaptation is designed to mitigate the moral hazard effects by reduc-

ing the relative price of adaptation investment. Indeed, the addition of the subsidy increases

adaptation capital from 1.09 percent of the productive capital stock in the aid-only equilibrium

to 1.17 percent of the capital stock in the baseline (first row of Table 9). Furthermore, the value

of adaptation capital in the baseline exceeds its value in the no-policy equilibrium (1.17 com-

pared to 1.14), Thus, the adaptation subsidy more than offsets the moral-hazard effects of

disaster aid, implying that the net effect of federal disaster policy is to increase adaptation

capital in the US.

The third row of Table 9 reports insurance claims, measured as a percent of damaged owner-

occupied housing capital. Insurance claims in the aid-only equilibrium are slightly larger than

in the baseline (57.8 percent compared to 57.0 percent) because the removal of the subsidy in-

creases the price of adaptive capacity relative to insurance, causing homeowners to substitute

some insurance for adaptation. The removal of disaster aid leads to a much larger increase in

insurance coverage; insurance claims equal 67.4 percent of damage in the no-policy equilib-

rium compared to 57.8 percent of damage in the aid-only equilibrium. Eliminating disaster aid

increases the household’s exposure to risk by increasing the variance in the realized value of

cash at hand. The household’s optimal response to the increase in risk is to purchase additional

insurance.

To measure the welfare effects of federal disaster policy, I use the consumption equiva-

lent variation (CEV). The CEV is the percent increase in non-durable consumption, c, that a

household would need in the counterfactual equilibrium with no federal disaster policy so that

it is indifferent between the no-policy equilibrium and either the aid-only equilibrium or the

baseline equilibrium with current federal disaster policy. A positive value of the aid-only CEV

indicates that expected welfare is higher in the aid-only counterfactual than in the no-policy

counterfactual. Similarly, a positive value of the baseline CEV indicates that expected welfare

is higher the baseline than in the no-policy counterfactual.

Table 10 reports the CEV in each region and in the aggregate economy. The welfare effects

of federal disaster policy for the aggregate economy are essentially zero (second row, third col-

umn of Table 10). However, the model does not take a stand on why government intervention

through disaster aid and adaptation subsidies is necessary. There are no large inefficiencies in

the model that such intervention is designed to correct, and hence it seems reasonable that the

welfare effects in the model are near zero.
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Table 10: Welfare Effects of Federal Disaster Policy: CEV (percent)

Low-risk High-risk
Aggregateregion region

Aid only (ψ> 0, η= 0) -0.09 0.07 -0.011

Baseline (ψ> 0, η> 0) -0.10 0.09 -0.005

Comparing the aggregate welfare effects from the provision of disaster aid alone (first row,

third column of Table 10) with those from the provision of the aid combined with the subsidy

(second row, third column of Table 10) reveals that using the adaptation subsidy to correct the

moral hazard from the disaster aid reduces the welfare cost of federal disaster policy. However,

as discussed in the context of Table 9, the economy over-corrects for the moral hazard, creating

the small welfare costs from federal disaster policy in the baseline. Additionally, the federal

disaster policy has opposite welfare implications in each region; the CEV is positive in the

high-risk region, implying welfare gains, and negative in the low-risk region, implying welfare

losses. The opposite directions of the welfare effects are entirely driven by the transfers from

the low- to the high-risk region that result from the policy (see last row of Table 6).

5.3. Climate change

Scientific models predict that climate change will affect the intensity and frequency of se-

vere storms in the US (USGCRP, 2017). To simulate the effects of climate change in the model,

I solve for new stationary equilibria with larger storm severities (the Ω parameters), or larger

storm probabilities (the γ parameters), or both. I choose the magnitudes of the changes in

storm severity and probability to align with the scientific projections of the effects of climate

change on storm intensity and frequency, respectively. The projections, and the uncertainty

surrounding them, vary considerably by the type of storm (USGCRP, 2017). Given this, I use

three different methods to incorporate climate change into the model, based on the projected

changes in (1) cyclones, (2) extreme-precipitation events, and (3) severe floods. Using each

method, I determine the increases in storm severity and probability that would occur in 2100

under two different emissions scenarios: a moderate-emissions scenario, corresponding to rep-

resentative concentration pathway (RCP) 4.5 and a high-emissions scenario, corresponding to

RCP 8.5. To put these scenarios in perspective, RCP 4.5 would imply approximately a doubling

of atmospheric CO2 by the end of the century and RCP 8.5 would lead to a quadrupling of

atmospheric CO2.

The first method of modeling climate change measures the changes in the storm distribu-

tion based on the projected effects of climate change on cyclones. Cyclones have the advantage

that they are the most widely-studied storm. There is considerable agreement across scientific

models that climate change will lead to an increase in cyclone intensity (Knutson et al., 2019).
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In particular, Villarini and Vecchi (2013) use the output from 17 Global Climate Models (GCMs)

produced under phase 5 of the Coupled Model Inter-comparison Project (CIMP5) to simulate

the increase in the power dissipation index (PDI) for different emissions scenarios. Their pro-

jections imply that the PDI will increase by 50 percent under RCP 4.5 and by 100 percent

under RCP 8.5. The predicted increases in the PDI are driven by increases in cyclone intensity

(measured using the cube of the maximum sustained wind speed) and in the amount of time

that the cyclone is at its maximum intensity, both of which correspond to an increase in storm

severity in the model.22 Furthermore, using the same GCMs, Villarini and Vecchi (2012) find

no impact on cyclone frequency in the North Atlantic Basin.23 Viewing the cyclone projections

as representative of the climate change projections for all storms, I model the impact of climate

change as a 50 and 100 percent increase in the storm severity parameters under RCP 4.5 and

8.5, respectively, with no change in the storm probability under either emissions scenario.

The second method of modeling climate change incorporates the climate-change projec-

tions for extreme-precipitation events more broadly, since not all severe storms are cyclones.

Specifically, I aggregate localized estimates of the projected changes in extreme precipitation

under RCP 4.5 and 8.5 from the fourth National Climate Assessment, into projections for the

low- and high-risk regions in the model.24 I find that the probability of an extreme precipi-

tation event (defined as over 2 inches of precipitation in one day) increases by 77 percent in

the low-risk region and by 59 percent in the high-risk region under RCP 4.5, and increases

by 143 percent in the low-risk region and by 107 percent in the high-risk region under RCP

8.5. Additionally, the one-day-maximum precipitation increases by 9 and 15 percent in both

regions under RCPs 4.5 and 8.5, respectively.

I map the changes in the frequency of extreme precipitation events and in the one-day-

maximum precipitation to proportional changes in the model’s storm probability and severity

parameters, respectively. Both of these mappings involve considerable uncertainty. For exam-

ple, it is unclear how to translate inches of rainfall into the storm’s severity (e.g., its damage

potential). While both FEMA and the USACE produce detailed flood-depth-damage curves,

22Storm severity in the model is the average of the severity of storms experienced by all households in a region.
Storm severity could increase because the storms are more intense (e.g. the maximum sustained wind speed of
the cyclone increases) and also because they remain at their maximum intensity for longer, implying that more
households experience the highest wind speeds. Hence, the predicted changes in combined measures, such as
the PDI, are better suited to measure changes in severity in the model than predicted changes in the maximum
intensity alone.

23Note that the scientific evidence is mixed on the impact of climate change on the frequency and areal size
of North Atlantic cyclones (Knutson et al., 2019), both of which would affect the storm probability in the model.
To maintain consistency with the storm severity projections from Villarini and Vecchi (2013), I use their results
for storm frequency as well. Both the extreme-precipitation and the flood-methods incorporate changes in storm
probability.

24The data underlying the scenarios for the National Climate Assessment are based on statistically downscaled
CMIP5 models and are available for download from: https://scenarios.globalchange.gov/loca-viewer/
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mapping inches of rainfall into feet of flood water requires knowledge of the areal extent of

the rainfall and the characteristics of the drainage basins of nearby rivers at the time of the

storm. I use the extreme-participation method in spite of the uncertainties because it provides a

broader measure of the effects of climate change on storms then the climate change projections

for cyclones alone. To address the uncertainties over the damage from extreme-precipitation

events, the third method focuses explicitly on projected changes in one of the primary sources

of extreme-precipitation damage, flooding.

To implement the flood method, I use scientific projections of the effects of climate change

on inland flooding. Wobus et al. (2017) combine precipitation projections from an ensemble

of 29 CMIP5 GCMs with hydrological models to forecast the effect of climate change on the

probability of and damage from severe floods in the US (defined as 100-year floods), holding

adaptation and the distribution of the population constant at their historical values. They find

that the probability of a severe flood increases by 50 percent under RCP 4.5 and by 150 percent

under RCP 8.5. Furthermore, they find that the changes in flood damage under both emissions

scenarios broadly mimic the changes in flood probability, implying that the damage per flood is

unaffected by climate change. Therefore, I model the effects of climate change as a 50 and 150

percent increase in the storm probability parameters under RCP 4.5 and 8.5 respectively, with

no change in the storm severity parameters under either emissions scenario. Table 11 reports

the storm probability and severity parameters for each method of modeling climate change.25

Table 11: Parameter Values for Climate Change Experiments

Storm probability Storm Severity

γ1 γ2 Ωh
1 Ω

y
1 Ωh

2 Ω
y
2

Baseline 0.002 0.02 0.15 0.11 0.30 0.21

Cyclone method

RCP 4.5 0.002 0.02 0.23 0.16 0.45 0.32

RCP 8.5 0.002 0.02 0.30 0.21 0.60 0.42

Extreme-precipitation method

RCP 4.5 0.004 0.03 0.17 0.12 0.33 0.23

RCP 8.5 0.005 0.05 0.17 0.12 0.34 0.24

Flood method

RCP 4.5 0.003 0.03 0.15 0.11 0.30 0.21

RCP 8.5 0.005 0.06 0.15 0.11 0.30 0.21

25The only parameters that change between the baseline and the climate change equilibria are the probability
and the severity of storms; there is no change in TFP. Under minimal assumptions, the model is consistent with
balanced growth, implying that changes in TFP have no effect on the welfare cost of climate change.
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5.3.1. Response of adaptation to climate change

For each method of modeling climate change, Table 12 reports the average value of adapta-

tion capital, measured as a percent of the total capital stock, in the low- and high-risk regions

and for the aggregate economy. Climate change leads to a substantial increase in adaptation

capital in both regions. For example, under the cyclone method for RCP 4.5, adaptation capital

increases by 48 percent in the low-risk region, from 0.59 percent of the capital stock to 0.87

percent, and by 43 percent in the high-risk region, from 1.76 to 2.53 percent of the capital

stock. The proportional increase in adaptation capital is larger in the low-risk region because

of the diminishing returns to adaptive capacity in equation (4). Since the baseline level of adap-

tive capacity is lower in the low-risk region, its marginal product, in terms of the proportional

reduction in damage, is higher.

Across all three methods of modeling climate change, the increase in adaptive capacity is

larger under RCP 8.5 than under RCP 4.5. Recall that climate change increases the incentives

to invest in adaptation capital by increasing the severity or probability of storms (see equations

(26) - (29)). As climate change progresses, the magnitudes of the increases in the severity and

probability parameters grow (see Table 11), creating stronger incentives to invest in adapta-

tion.

Table 12: Adaptation Capital as a Percent of the Total Capital Stock

Low-risk High-risk
Aggregateregion region

Baseline 0.59 1.76 1.17

Cyclone method

RCP 4.5 0.87 2.53 1.69

RCP 8.5 1.14 3.25 2.18

Extreme-precipitation method

RCP 4.5 0.67 2.32 1.48

RCP 8.5 0.73 2.77 1.73

Flood method

RCP 4.5 0.61 2.09 1.34

RCP 8.5 0.64 2.72 1.66

Comparing across the three methods reveals that climate change leads to the biggest in-

creases in adaptation capital under the cyclone method for each emissions scenario. The cy-

clone method has the largest increases in storm severity (see Table 11). The concavity of the

utility function implies that the loss in expected welfare from a proportional increase in storm
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severity is larger than from the same proportional increase in storm probability. Hence, the in-

crease in storm severity generates stronger incentives to invest in adaptation. One can see this

result directly from the model by comparing adaptation capital under the cyclone and flood

methods for RCP 4.5; the cyclone method under RCP 4.5 corresponds to a 50 percent increase

in severity while the flood method corresponds to a 50 percent increase in probability. Adap-

tation capital is larger under the cyclone method, where it equals 0.87 percent of the capital

stock, then under the flood method, where it only equals 0.61 percent of the capital stock.

This difference is driven entirely by homeowners’ adaptation decisions. Rental-housing and

final-good firms are risk neutral and, as a result, choose identical levels of adaptive capacity

for the cyclone and flood methods under RCP 4.5.

5.3.2. Effects of adaptation

To quantify the effects of adaptation on the damage and welfare cost of climate change, I

compute a set of no-adaptation climate-change equilibria, in which adaptation cannot respond

to the increases in storm severity and probability. Specifically, I fix adaptive capacity for final-

good and rental-housing firms at their baseline values in each region, and I fix adaptive capacity

for homeowners at its average value in the baseline in each region. To avoid conflating changes

in the distribution of adaptive capacity across homeowners with the effects of adaptation, I

measure the impact of climate change in the no-adaptation equilibria from a modified baseline

equilibrium in which all homeowners have the average adaptive capacity in the region. Since

homeowner adaptive capacity is relatively constant across the wealth distribution (see Table

8), the modified baseline equilibrium is very similar to the baseline, and, in the discussion

that follows, I refer to both equilibria as the baseline.26 Comparing climate change outcomes

under the no-adaptation equilibria with the corresponding outcomes under the climate change

equilibria discussed in Section 5.3.1 isolates the effects of adaptation.

The left and right panels of Figure 2 plot the effects of adaptation on the increase in damage

under RCPs 4.5 and 8.5, respectively. Specifically, for each method of modeling climate change

on the x-axis, the green and blue bars plot the percent increase in damage from the baseline in

the no-adaptation and adaptation climate-change equilibria. In the no-adaptation equilibria,

the percent increase in damage approximately equals the percent increase in the expected

severity of the storm shock, ρΩ; since households cannot adapt, they have no way to reduce

the rise in damage from more frequent and more severe storms.27

26The differences in welfare and storm damage between the baseline and the modified baseline equilibria are
less than 0.1 percent.

27The proportional increase in damage is slightly less than the proportional increase in the expected severity of
the storm shock because climate change decreases the expected marginal product of productive capital, reducing
incentives for productive capital investment. All else constant, less productive capital reduces the realized damage
because there is less for the storm to destroy.
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Figure 2: Effects of Adaptation on the damage from climate change under RCPs 4.5 and 8.5
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When households can adapt, the proportional increase in damage is considerably less than

the proportional increase in the expected severity of the storm shock. For example, referring

to the cyclone method in the left panel of Figure 2 the ability to adapt implies that a 50 per-

cent increase in the expected severity of the storm shock only causes damage to increase by

approximately 31.6 percent, instead of by 49.4 percent. Averaging across all three methods,

adaptation reduces the increase in damage from climate change by approximately one third.

To measure the welfare effects of climate change, I use the consumption equivalent varia-

tion (CEV). The CEV measures the expected percent increase in non-durable consumption that

the household would need in every period in the baseline, such that it is indifferent between

the baseline and the climate-change equilibria. Table 13 reports the CEV in the adaptation and

no-adaptation equilibria for each climate-change modeling method and emissions scenario.

All values of the CEV are negative, indicating that climate change makes households worse off.

Furthermore, the magnitude of the CEV increases considerably with the emissions scenario.

For example, referring to the cyclone method, the magnitude of the CEV increases from −0.5

under RCP 4.5 to −0.97 under RCP 8.5.

Comparing the CEVs across the adaptation and no-adaptation climate change equilibria,

implies that adaptation reduces the welfare cost of climate change. For example, referring to

the cyclone method, adaptation reduces the welfare cost of climate change from−0.53 without

adaptation to −0.52 with adaptation under RCP 4.5. Averaging across all the methods of

modeling climate change reveals that adaptation reduces the welfare costs of climate change

by approximately 5 percent. Overall, the effect of adaptation on welfare is smaller than its

effect on damage in Figure 2 because households must pay for the adaptation capital.
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Table 13: Welfare Effects of Climate Change With and Without Adaptation

With adaptation Without adaptation

Cyclone method

RCP 4.5 -0.52 -0.53

RCP 8.5 -0.97 -1.03

Extreme-precipitation method

RCP 4.5 -0.48 -0.52

RCP 8.5 -0.90 -0.95

Flood method

RCP 4.5 -0.28 -0.31

RCP 8.5 -0.90 -0.99

5.3.3. The implications of adaptation for the distributional effects of climate change

The interaction between adaptation and a household’s homeownership status has implica-

tions for the distributional effects of climate change. The first two columns of Table 14 report

the welfare effects of climate change among households who are renters and homeowners in

the baseline. Renters and homeowners differ along two dimensions that are important for

understanding the welfare costs of climate change. First, climate change directly affects a

homeowner’s wealth by destroying a portion of their housing capital, but it has no effect on a

renter’s wealth because renters do not own housing capital.

Second, the adaptive response of risk-averse homeowners to climate change differs from

that of risk-neutral rental-housing firms. To understand why, consider a given increase in the

expected value of the storm shock, defined as the probability of the storm shock multiplied by

the severity, ρnΩ
h
n. Due to the concavity of the utility function, homeowners increase adaptive

capacity more in response to an increase in severity, Ωh
n, than in response to an increase in

probability, ρn. This is because the increase in severity moves a homeowner that experiences a

storm to a steeper portion of the utility function, while the increase in probability does not. In

contrast, the risk-neutral rental-housing firms increase adaptive capacity by the same amount,

regardless of whether the increase in ρnΩ
h
n is caused by an increase in severity or probability.

Appendix Table 23 reports the increase in adaptive capacity from its baseline value among

homeowners and rental-housing firms in each climate change equilibrium.

Given that homeowners suffer both a wealth and a utility loss from a storm, and renters just

suffer a utility loss, the welfare costs of climate will only be larger for renters if they experience

a much bigger increase in the utility cost of a storm. Indeed, this is the case under the cyclone

method, in which climate change is modeled as a large increase in storm severity. The increase

in storm severity causes homeowners to increase adaptive capacity substantially more than
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rental-housing firms, resulting in lower welfare costs for homeowners than for renters (first two

rows of Table 14). The opposite result holds when climate change is modeled as an increase in

storm-probability, as it is under the flood method (bottom two rows of Table 14). The extreme-

precipitation method is in between these two extremes, including both an increase in storm

probability and severity. The increase in storm severity implies the average homeowner adapts

slightly more than the average rental-housing firm. Yet, the smaller increase in the utility cost

of a storm for homeowners is not enough to dominate the increase in the wealth loss, and the

welfare costs are still higher for homeowners (middle two rows of Table 14).

Table 14: Welfare Effects of Climate Change by Baseline Homeownership Status

Homeowners

Renters
All Constrained

Barely
unconstrained

Cyclone method

RCP 4.5 -0.97 -0.74 -0.81 -0.70

RCP 8.5 -1.85 -1.41 -1.54 -1.33

Extreme-precipitation method

RCP 4.5 -0.38 -0.43 -0.45 -0.42

RCP 8.5 -0.68 -0.76 -0.80 -0.75

Flood method

RCP 4.5 -0.16 -0.23 -0.24 -0.23

RCP 8.5 -0.52 -0.64 -0.68 -0.64

The subgroup of homeowners for which the minimum house size constraint binds in the

baseline is particularly vulnerable to climate change. The third column of Table 14 reports

the welfare costs of climate change among these constrained homeowners. For comparison,

the fourth column of Table 14 reports the welfare costs of climate change among barely un-

constrained homeowners, defined as homeowners with a house that is barely larger (up to 5

percent) than the minimum house size in the baseline. In every climate change equilibrium,

the welfare costs of climate change are higher for constrained homeowners than for barely

unconstrained homeowners. To satisfy the minimum house size constraint, the constrained

homeowners shift resources away from adaptive capacity toward productive capital (see Table

8), leaving them more exposed to the damage from a storm. Consequently, they experience

higher welfare costs from increases in storm severity and probability as a result of climate

change.28

28The third and fourth column of Appendix Table 23 reveal that the increase in adaptive capacity in response
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Understanding how the welfare costs of climate change interact with adaptation through

a household’s homeownership status matters for interpreting the differential affects of climate

change across the wealth distribution. Table 15 reports the CEV in each climate change equilib-

rium, conditional the household’s wealth quintile in the baseline. Consistent with the intuition

for insurance coverage in Table 8, the marginal utility cost of the shock falls as the household’s

wealth rises. All else constant, this diminishing-marginal-utility effect reduces the welfare costs

of climate change for richer households. Indeed, the large increases in storm severity under

the cyclone method cause the diminishing-marginal-utility effect to dominate, and the welfare

cost of climate change decreases monotonically with wealth.

Changing patterns of homeownership across the wealth quintiles complicate this relation-

ship under the extreme-precipitation and flood methods. Recall from Table 14 that under both

of these methods, the welfare costs of climate change are lower for renters than for home-

owners, and the welfare costs are lower for unconstrained homeowners than for constrained

homeowners. The fraction of households who choose to rent falls with wealth, pushing up

the welfare costs of climate change. Additionally, the minimum house size constraint binds for

relatively more households in the second and third quintiles than in the first quintile, where

most households are renters, and than in the fourth and fifth quintiles, where households are

generally too wealthy for the minimum house size to matter. Hence, all else constant, the

higher fractions of constrained homeowners pushes up the welfare costs of climate change

in the second and third quintiles. To account for both of these factors, Appendix Tables 24

and 25 report the CEV conditional the household’s wealth quintile among households who are

renters and unconstrained homeowners, respectively, in the baseline. The welfare costs of cli-

mate change decrease monotonically with wealth for both of these subgroups in every climate

change equilibrium.

to climate change is smaller for the constrained homeowners than for the barely unconstrained homeowners in
all of the climate change equilibria.
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Table 15: Welfare Effects of Climate Change by Wealth Quintile

Quintile

1 2 3 4 5

Cyclone method

RCP 4.5 -0.93 -0.90 -0.81 -0.72 -0.70

RCP 8.5 -1.78 -1.71 -1.53 -1.37 -1.32

Extreme-precipitation method

RCP 4.5 -0.39 -0.44 -0.40 -0.37 -0.35

RCP 8.5 -0.70 -0.79 -0.71 -0.65 -0.62

Flood method

RCP 4.5 -0.17 -0.22 -0.20 -0.18 -0.17

RCP 8.5 -0.54 -0.65 -0.58 -0.53 -0.50

5.4. The effects of idiosyncratic storm risk

Some types of climate damage, such as the damage caused by storms, is the realization of

idiosyncratic shocks. In any given period, some agents are hit and directly experience damage

while others are not hit, and thus do not directly experience damage. Yet, the standard ap-

proach in the environmental literature is to abstract from idiosyncratic risk and instead model

climate change using a damage function that directly affects utility, output, or both. These

damage functions assume that all agents within a region experience the average damage in

every period.

To evaluate the importance of modeling the idiosyncratic risk component of climate dam-

age, I specify a version of the model in which I eliminate idiosyncratic storm risk and assume

instead that every agent experiences the expected severity of the storm shock in every period, as

would be implied by a climate damage function. In particular, I assume that each homeowner

and rental-housing firm in region n experiences a storm shock with severity ρnΩ
h
n in every pe-

riod. Similarly, each final-good firm in region n experiences a storm shock with severity ρnΩ
y
n

in every period. I refer to this specification as the average-damage specification because every

agent experiences the average value of the storm shock multiplied by the severity from the

specification with idiosyncratic storm risk.

Focusing first on the effects of idiosyncratic storm risk on adaptation incentives, I find

that adaptive capacity among homeowners in the average-damage specification of the base-

line equilibrium is less than a third of its value in the idiosyncratic-storm-risk specification,

equal to 0.0004 and 0.01 in the low- and high-risk regions, respectively. As discussed in the

context of Table 7, homeowners are risk averse, and thus they value adaptive capacity both

because it reduces the realized damage from a storm and because it reduces the variance in
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the realized levels of housing services and cash at hand. This second motive is absent in the

average-damage specification, reducing homeowners’ incentives to invest in adaptation. Adap-

tive capacity among rental-housing and final-good firms in the average-damage specification

of the baseline is exactly the same as in the idiosyncratic-storm-risk specification. Firms are

risk-neutral, and thus idiosyncratic storm risk has no direct impact on their decisions.

The average-damage specification can also substantially affect the predicted welfare costs

of climate change. Table 16 reports the welfare costs of climate change, measured using the

CEV, under the idiosyncratic-storm-risk (first column) and average-damage (second column)

specifications. The average-damage specification decreases the predicted welfare costs of cli-

mate change under the cyclone method and increases them under the extreme-precipitation

and flood methods.

Table 16: Welfare Effects of Climate Change:
Idiosyncratic Storm Risk Compared to Average Damage

Idiosyncratic Storm Risk Average Damage

Cyclone method

RCP 4.5 -0.52 -0.39

RCP 8.5 -0.97 -0.74

Extreme-precipitation method

RCP 4.5 -0.48 -0.57

RCP 8.5 -0.90 -0.94

Flood method

RCP 4.5 -0.28 -0.39

RCP 8.5 -0.90 -1.06

Whether the average-damage specification increases or decreases the predicted welfare

costs of climate change, depends on how climate change differentially affects the probability

and the severity of storms. For concreteness, compare the cyclone and flood methods under

RCP 4.5. Recall that under RCP 4.5, the cyclone method corresponds to a 50 percent increase

in storm severity and the flood method corresponds to a 50 percent increase in storm proba-

bility. Both methods translate to a 50 percent increase in average damage, ρnΩn, under the

average-damage specification. When climate change is modeled as a 50 percent increase in

severity, the magnitude of the increase in storm severity is larger than the increase in average

damage. Consequently, the curvature of the utility function implies that the increase in the

utility cost of a storm under the idiosyncratic-storm-risk specification is much larger than the

increase in the utility cost from higher average damage. Hence, the average-damage speci-

fication underestimates the welfare cost of climate change. Parallel, but opposite reasoning
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implies when climate change is modeled as 50 percent increase in probability, the average-

damage specification overestimates the welfare cost.

Under the cyclone method, climate change leads to a large increase in severity and no

change in probability, causing the average-damage specification to underestimate the welfare

costs. In contrast, under the extreme-precipitation and flood methods, the increases in proba-

bility are much larger than the increases in severity, causing the average-damage specification

to overestimate the welfare costs. In sum, modeling climate damage as the realization of id-

iosyncratic storm shocks has meaningful effects on the adaptation and the predicted welfare

costs of climate change. The direction of the effects for the predicted welfare costs depend on

how climate change affects the probability and severity of storms.

6. Conclusion

The welfare costs of climate change will partially be determined by households’ abilities to

adapt to the new weather patterns. Understanding the incentives for adaptation and its effects

on damage is thus important for the design of climate policy and weather-related disaster poli-

cies more generally. This paper takes one step forward in this research agenda and quantifies

the interactions between adaptation capital, federal disaster policy, and the increases in storm

severity and probability brought about by climate change.

To obtain quantitative results, I calibrate the key parameters in the heterogeneous agent

macro model from the empirical data on US storms, disaster aid, and cyclone wind speed. The

calibration strategy exploits variation in the frequency with which US households experience

severe storms and the relative damage from a storm. The intuition borrows from the empirical

adaptation literature that treats adaptation as a latent variable. The calibrated model yields

estimates of the size of this latent variable. Specifically, the results reveal that adaptation

capital is slightly over 1 percent of the US capital stock.

The results examine the interactions between adaptation, federal disaster policy, climate

change, and idiosyncratic storm risk. I find that while disaster aid reduces adaptation in the

US economy, the subsidy for adaptation more than offsets this moral hazard effect. Further-

more, the increases in storm severity and probability as a result of climate change generate

a substantial increase in adaptation, reducing both the damage and the welfare cost of the

climate change. Lastly, the model demonstrates the importance of including the idiosyncratic

risk component of climate damage. Abstracting from idiosyncratic storm risk using an average-

damage specification can have substantial implications for both adaptation incentives and the

welfare cost of climate change.

The paper studies adaptation in the context of existing federal disaster policy. Adaptation

could also have interesting implications for optimal disaster policy. Optimal policy might in-

52



clude disaster aid and adaptation subsides, as well as other types of government intervention to

reduce the welfare costs of climate-change related disasters. For example, non-disaster-specific

government programs, such as unemployment insurance, can indirectly provide disaster assis-

tance (Deryugina, 2017). Additionally, market and coordination failures can necessitate the

public provision of capital (both adaptive and productive), which creates its own set of inter-

esting public finance and moral hazard issues.29 Understanding the optimal amount and type

of government intervention in the context of storms and other climate-change related disasters

is an interesting area for future work.

In sum, the analysis highlights the quantitative importance of adaptation in response to

climate change for the case of severe storms in the US. The substantial effects of adaptation

on the damage from storms and the associated welfare cost suggests that exploring different

avenues for adaptation in response to different types of climate change is potentially important.

Moreover, climate change is a global problem and adaptation incentives and technologies can

across countries with different climates and income levels (Bakkensen and Mendelsohn, 2016).

Modeling and quantifying different adaptation responses and understanding how these effects

vary across countries is a promising avenue for future work.
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Appendix

A. Model

A.1 Mutual Funds

The representative mutual fund divides household deposits among equities and bonds. Let

si,t+1 denote an equity share in firm i and let qi,t+1 be the weight on equity i in the mutual

fund’s equity portfolio:

qi,t+1=
si,t+1V e

i,t

ft+1− bt+1
, where

∫ 2N

0
qi,t+1 di= 1. (33)

The numerator in equation (33) is the mutual fund’s expenditure on equity i and the denom-

inator is the mutual fund’s total equity expenditure, equal to its value of household deposits,

ft+1, minus its international bond holdings, bt+1. I use the notation V e
i,t to refer to the ex-

dividend value of firm i in period t, equal to V ye(k yp
i t ,k ya

i t ,e y
i t ;n) if firm i is a final-good firm in

region n or V re(krp
i t ,kra

i t ,er
i t ;n) if firm i is a rental-housing firm in region n. The integral, taken

over the measure 2N of firms in the economy, requires that the equity weights sum to unity.

Define function Q t+1 : [0,2N]→ [0,1] to equal the “cumulative-weight” function:

Q t+1(i) =

∫ i

0
qk,t+1dk, for i ∈ [0, 2N], (34)

analogous to a cumulative distribution function in probability theory. It follows from equation

(34) that dQ t+1(i)=qi,t+1. The mutual fund chooses next period’s cumulative weight function,
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Q t+1, and bonds, bt+1, to maximize the expectation of any strictly increasing and concave

function, H, of the value of its portfolio at the end of period t+1:

max
Q t+1,bt+1

Et

�

H

�

∫ 2N

0
Ri,t+1( ft+1− bt+1)dQ t+1(i)+(1+ r?)bt+1

��

. (35)

Consider first the mutual fund’s choice of Q t+1. I classify a cumulative-weight function

as either continuous, QC
t+1, or discrete QD

t+1, where a discrete cumulative-weight function is

any cumulative-weight function that is not everywhere continuous. Lemma 1 (below) proves

that the realized return to the equity portion of the mutual fund’s portfolio under any con-

tinuous cumulative-weight function equals 1+ rt+1 with certainty. The intuition is that under

a continuous cumulative-weight function, the mutual fund allocates an infinitesimally small

share of household deposits minus bond holdings to each of the infinitely many stocks in its

portfolio. Since the return realizations are independent and all stocks have the same expected

return, the variance in the return on the equity portfolio is zero. In contrast, the variance in

the return on the equity portfolio formed using a discrete cumulative-weight function is not

zero. Under a discrete cumulative-weight function, the mutual fund allocates a positive point

mass of household deposits to at least one stock, the variance of which is then inherited by the

portfolio.

Lemma 2 (below) shows that an equity portfolio formed at the end of period t under any

continuous cumulative-weight function, QC
t+1, second-order stochastically dominates an equity

portfolio formed under any discrete cumulative-weight function, QD
t+1. It follows that since

the mutual fund is risk-averse, it will always choose a continuous cumulative-weight function,

earning return 1+ rt+1 with certainty. The choice of the particular cumulative-weight function,

or any variation in that choice across mutual funds, has no impact on the model’s equilibrium

outcomes, since all continuous cumulative-weight functions earn generate portfolios that earn

return 1+ rt+1 with certainty. Hence, focusing on a symmetric equilibrium with a representa-

tive mutual fund is without loss of generality.

I next show that the return on the representative mutual fund’s optimal equity portfolio,

1+ rt+1, equals the return from investing in international bonds, 1+ r?. Substituting the con-

tinuous cumulative-weight function into the optimization problem in equation (35) and taking

the first order condition with respect to bt+1 yields:

Et

�

H ′(·)

�

−
∫ 2N

0
Ri,t+1dQC

t+1(i)+1+ r?
��

= 0. (36)

Under the continuous cumulative-weight function, the variance of the period t +1 portfolio
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value equals zero, implying that the argument H ′(·) is known in period t. Moving H ′(·) out-

side of the expectation and evaluating the integral reveals that the return on the equity portfolio

equals the return to bonds: rt+1= r? ∀t.

Lemma 1 The variance in the realized value (and hence in the return) of the mutual fund’s equity

portfolio formed under a continuous cumulative-weight function is zero, and the corresponding

variance for an equity portfolio formed under a discrete cumulative-weight function is not zero.

Proof: Define X C
t+1 and X D

t+1 to equal the period t+1 value of the representative mutual fund’s

equity portfolio, formed at the end of period t under continuous, QC
t+1, and discrete, QD

t+1,

cumulative-weight functions, respectively:

X C
t+1=

∫ 2N

0
Ri,t+1( ft+1− bt+1) dQC

t+1(i) and X D
t+1=

∫ 2N

0
Ri,t+1( ft+1− bt+1) dQD

t+1(i). (37)

From the perspective of the mutual fund choosing investments at the end of period t, X C
t+1 and

X D
t+1 are random variables, whose distributions depend on the distribution of storm shocks

across the measure 2N of firms in the economy. I show that the variance of X C
t+1 equals zero,

implying that the realized value of X C
t+1 always equals its expectation, Et(X C

t+1).
The expectation of X C

t+1 equals:

Et(X
C
t+1) = Et

�

∫ 2N

0
Ri,t+1( ft+1− bt+1) dQC

t+1(di)

�

= (1+ rt+1)( ft+1− bt+1). (38)

The variance of X C
t+1 is given by the formula, Var(X C

t+1) = Et
�

(X C
t+1)

2
�

− E
�

X C
t+1

�2
. From

equation (38), the second term in the variance formula equals: E
�

X C
t+1

�2
= (1+ rt+1)2( ft+1−
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bt+1)2. I show Et
�

(X C
t+1)

2
�

= E
�

X C
t+1

�2
, implying that the variance of X C

t+1 equals zero:

Et
�

(X C
t+1)

2
�

= Et

�

∫ 2N

0
Ri,t+1( ft+1− bt+1) dQC

t+1(i)

∫ 2N

0
R j,t+1( ft+1− bt+1) dQC

t+1( j)

�

= ( ft+1− bt+1)
2Et

�

∫ 2N

0

∫ 2N

0
Ri,t+1R j,t+1 dQC

t+1( j) dQC
t+1(i)

�

= ( ft+1− bt+1)
2

∫ 2N

0

∫ 2N

0
Et(Ri,t+1R j,t+1) dQC

t+1( j) dQC
t+1(i)

= ( ft+1− bt+1)
2

∫ 2N

0

∫ 2N

0
Cov(Ri,t+1R j,t+1)+ Et(Ri,t+1)Et(R j,t+1) dQC

t+1( j) dQC
t+1(i)

= ( ft+1− bt+1)
2(1+ rt+1)

2= E
�

X C
t+1

�2
.

Note that Cov(Ri,t+1R j,t+1) = 0 in the second to last line of the above derivation because the

storm shock realizations are independent across firms.

Similarly, I show that the variance of X D
t+1 is not equal to zero. Let X ⊆ [0,2N] denote

the finite subset of equities at which the cumulative-weight function, QD
t+1, is discontinuous,

indicating that these equities received a discrete point mass of household deposits. Let qd
i,t+1

denote the equity weight for each equity i ∈X. Define Q̂D
t+1 to be the continuous component of

QD
t+1 such that dQ̂D

t+1(i)= 0 if i ∈X and dQ̂D
t+1(i)= dQD

t+1(i) if i /∈X. Using these definitions,

rewrite the random variable, X D
t+1 as:

X D
t+1=

∑

i∈X
qd

i,t+1Ri,t+1( ft+1− bt+1)+

∫ 2N

0
Ri,t+1( ft+1− bt+1) dQ̂D

t+1(i). (39)

Since Q̂ t+1 is continuous, the same reasoning that showed that Var(X C
t+1)=0 also implies that

Var
�

∫ 2N
0 Ri,t+1( ft+1− bt+1) dQ̂D

t+1(i)
�

=0. However, the variance of the first term in equation

(39) is not equal to zero:

Var

�

∑

i∈X
qd

i,t+1Ri,t+1( ft+1− bt+1)

�

= ( ft+1− bt+1)
2
∑

i∈X
(qd

i,t+1)
2Var(Ri,t+1)> 0. (40)

Therefore, it follows that the variance of X D
t+1 must be greater than zero.

Lemma 2 An equity portfolio formed using a continuous cumulative-weight function second-order

stochastically dominates one formed using a discrete cumulative-weight function.

Proof: Let X C
t+1 and X D

t+1 be defined as in Lemma 1. To show that X C
t+1 second-order stochas-
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tically dominates X D
t+1, I must show that X D

t+1 is a mean-preserving spread of X C
t+1. Define

∆t+1 = X D
t+1− X C

t+1. Then X D
t+1 is a mean-preserving spread of X C

t+1 if Et(∆t+1|X C
t+1) = 0.

Since the variance of X C
t+1 = 0, the conditional expectation of ∆t+1 equals the unconditional

expectation: Et(∆t+1|X C
t+1)= Et(∆t+1). I show that the unconditional expectation equals zero:

Et(∆t+1) = ( ft+1− bt+1)Et

�

∫ 2N

0
Ri,t+1 dQC

t+1(i)−
∫ 2N

0
Ri,t+1 dQD

t+1(i)

�

= ( ft+1− bt+1)

�

∫ 2N

0
Et(Ri,t+1) dQC

t+1(i)−
∫ 2N

0
Et(Ri,t+1) dQD

t+1(i)

�

= ( ft+1− bt+1)(1+ r)

�

∫ 2N

0
dQC

t+1(i)−
∫ 2N

0
dQD

t+1(i)

�

= 0.

A.2 Incentives for adaptation

The first order condition for adaptation capital for household i in region n yields the
consumption-Euler equation:

∂ U(ci t , h̃
s
i t)

∂ ct
= (41)

(1−γn)β
∑

νi,t+1

π(νi,t+1|νi t)

��

∂ U(·|νi,t+1,0)

∂ ci,t+1

�

(Rm
i,t+1(0)+1−δa)+

�

∂ U(·|νi,t+1,0)

∂ h̃s
i,t+1

�

Rh
i,t+1(0)

�

+γnβ
∑

νi,t+1

π(νi,t+1|νi t)

�

�

∂ U(·|νi,t+1,1)

∂ ci,t+1

�

�

Rm
i,t+1(1)+1−δa

�

+

�

∂ U(·|νi,t+1,1)

∂ h̃s
i,t+1

�

Rh
i,t+1(1)

�

.

U(·|νi,t+1,eh
i,t+1) denotes the value of next period’s utility when shocks νi,t+1 and eh

i,t+1 mate-

rialize. Rm
i,t+1 and Rh

i,t+1 denote the returns to adaptation capital and from increased cash at

hand and housing services, respectively, defined in equations (26) and (27) in the main text.

To simplify the notation, I take the first order condition assuming an interior solution in which

ψhohd
it <hd

it− x i t . In equilibrium, it is never optimal to choose a level of insurance that violates

this inequality.

The first order conditions for adaptation capital for a final-good firm i and a rental-housing

firm i in region n equal:

1+ rt+1= (1−γn)R
y
i,t+1(0)+γnRy

i,t+1(1) and 1+ rt+1= (1−γn)R
r
i,t+1(0)+γnRr

i,t+1(1),

where Ry
i,t+1 and Rr

i,t+1 denote the returns to adaptation for a final-good and rental-housing

firm, respectively, defined in equations (28) and (29) in the main text.
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I show that the household’s expected return to financial assets is less than the expected

return to adaptation capital from increased cash at hand. The household’s first order condition

for financial assets yields the consumption-Euler equation:

∂ U(ci t , h̃
s
i t)

∂ ct
= (1−γn)β

∑

νi,t+1

π(νi,t+1|νi t)

��

∂ U(·|νi,t+1,0)

∂ ci,t+1

�

(1+ rt+1)

�

(42)

+γnβ
∑

νi,t+1

π(νi,t+1|νi t)

��

∂ U(·|νi,t+1,1)

∂ ci,t+1

�

(1+ rt+1)

�

.

Letting E(Uci t+1
) denote the expected marginal utility of consumption:

E(Uci t+1
)≡ (1−γn)

∑

νi,t+1

π(νi,t+1|νi t)

�

∂ u(·|νi,t+1,0)

∂ ci,t+1

�

+γn

∑

νi,t+1

π(νi,t+1|νi t)

�

∂ U(·|νi,t+1,1)

∂ ci,t+1

�

,

one can rewrite equation (42) as:

∂ U(ci t , h̃
s
i t)

∂ ct
= β(1+ rt+1)E(Uci t+1

) (43)

Equating the consumption-Euler equation for financial assets (equation (43)) with the consumption-

Euler equation for adaptation capital (equation (41) implies that:

1+ rt+1=
(1−γn)

∑

νi,t+1
π(νi,t+1|νi t)

�

∂ u(·|νi,t+1,0)
∂ ci,t+1

�

(1−δa)

E(Uci t+1
)

+
γn
∑

νi,t+1
π(νi,t+1|νi t)

�

�

∂ U(·|νi,t+1,1)
∂ ci,t+1

�
�

Rm
i,t+1(1)+1−δa

�

+
�

∂ U(·|νi,t+1,1)
∂ h̃s

i,t+1

�

Rh
i,t+1(1)

�

E(Uci t+1
)

.

Exploiting the assumption that the marginal utility of housing services is positive, and factoring

out the 1−δa yields the inequality:

1+ rt+1> 1−δa+
γn
∑

νi,t+1
π(νi,t+1|νi t)

�

∂ U(·|νi,t+1,1)
∂ ci,t+1

�

Rm
i,t+1(1)

E(Uci t+1
)

.

In the empirically relevant region of the parameter space, the disaster aid and insurance pay-

ments do not fully compensate the household for the destroyed housing capital. Hence, the

marginal utility of consumption is higher in a storm and the ratio of the marginal utility of

consumption in a storm to the expected marginal utility of consumption exceeds unity. Thus
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we have:

1+ rt+1> 1−δa+





∑

νi,t+1
π(νi,t+1|νi t)

�

∂ U(·|νi,t+1,1)
∂ ci,t+1

�

E(Uci t+1
)



γnRm
i,t+1(1)> 1−δa+γnRm

i,t+1(1).

It follows that the return to financial assets, 1+ rt+1, exceeds the expected return to adaptation

capital from increased cash-at-hand, 1−δa+γnRm
i,t+1(1).

B. Calibration

B.1 Data

Data on Presidential Disaster Declarations, Housing Assistance to homeowners and renters

(through FEMA’s Individuals and Households Program), Public Assistance, National Flood In-

surance Program policies, and the Hazard Mitigation Grant Program are available from FEMA.gov

(https://www.fema.gov/data-sets). Data on each cyclone’s location, maximum sustained wind

speed, and wind radii at six hour time steps are available from NOAA’s best track dataset and

extended best track dataset for Atlantic and Pacific cyclones. The NOAA best track dataset

contains all information except the wind radii for the maximum sustained wind speed. The

NOAA extended best track data includes the radii for the maximum sustained wind speed, as

well as all the information in the NOAA best track data.30 Storm-level damage estimates for

tropical cyclones are from NOAA’s tropical cyclone reports and estimates of damage for large

non-cyclone storms (those with more than one billion dollars in estimated damage) are from

the Billion-Dollar Weather and Climate Disasters database assembled by NOAA’s National Cen-

ter of Environmental Information (NOAA, 2020). Combined, the NOAA damage data cover

approximately 44 percent of the PDDs in my sample. Data on USACE adaptation expendi-

tures are from the USACE civil works budget reports.31 Data on county population and GDP

are from the BEA regional accounts. County-level data on household size and the number of

homeowners and renters are from Census ACS Tables DP04 and B25008, respectively.

Following a severe storm, each affected state can request a PDD from the federal govern-

ment. The PDD authorizes the federal government to provide aid through FEMA. The PDD

data include a description of the event, the date, and the affected counties within the state. I

include all PDDs that involve heavy rain, flooding, and/or strong winds. I drop observations

for which the county is coded as an American Indian reservation because the reservations do

not directly map to US counties. I also drop PDDs that are emergency declarations (equal to

30The NOAA best track data can be downloaded from: www.nhc.noaa.gov/data/. The NOAA extended best
track data set can be downloaded from: rammb.cira.colostate.edu/research/tropical_cyclones/tc_extended_best_track_dataset/.

31USACE budget reports can be downloaded from: www.usace.army.mil/Missions/Civil-Works/Budget/.
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approximately 2 percent of the total number of PDDs). Emergency declarations are a type of

PDD that can be made before the storm actually occurs, and are often used to prepare for the

coming storm instead of to mitigate the damage following the storm (FEMA, 2020).

A PDD authorizes the federal government to provide disaster aid through FEMA. FEMA

aid includes both direct assistance to households through the Individuals and Households (IH)

program and assistance to local governments and communities through the Public Assistance

(PA) program. Data on the IH program begins in 2004. For each county-PDD with an autho-

rized IH program, the data include IH aid to renters, IH aid to homeowners, the the category of

aid, the number of maximum grants, the numbers of renters and homeowners who registered

for aid, and the numbers of renters and homeowners who were approved for aid. I include

all IH aid designed to relieve the financial and utility losses associated with damaged housing

capital. This aid is categorized as either rental assistance (which provides homeowners and

renters funds for temporary housing) or repair and replace assistance (which provides home-

owners funds to repair the damaged housing capital). I exclude IH aid categorized as other

needs assistance, because this aid is not directly tied to damaged housing capital and is instead

used for other disaster-related expenses such as child care and funeral costs (FEMA, 2019b).

Data on Public Assistance begin in 1998. For each county-PDD with an authorized Public

Assistance program, the data include the amount of Public Assistance, the application title, and

the applicant name and address. In some of the observations, the data code a portion of the

Public Assistance grants for a PDD as “statewide”, instead of assigning the grant to a particular

county. If the relevant county is obvious from the application title, the applicant name, or the

location of the applicant, I assign the Public Assistance grant to that county. If the relevant

county is not obvious, I divide the statewide Public Assistance grant among the counties that

received FEMA aid for the particular PDD in proportion to the county’s cube of the maximum

sustained wind speed if the PDD is for a cyclone, or in proportion to the amount of FEMA aid

each county received for the PDD, if the PDD is not for a cyclone.

In total, the data set includes 11,188 county-PDD observations with non-zero FEMA aid,

coming from 695 unique PDDs. Table 17 reports summary statistics on FEMA aid expenditures

per PDD. There is considerable variation in aid expenditures per PDD. The storms that cause

the PDDs vary significantly in their size, duration, and severity. At the extremes, the PDD with

the maximum FEMA aid expenditures is for Hurricane Katrina in Louisiana in 2005 and the

PDD with the minimum FEMA aid expenditures is for severe storms and tornadoes in Colorado

in May 2008.
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Table 17: Average Expenditures on FEMA aid for Disaster Relief From a PDD
(billions of 2018 dollars)

Mean Standard deviation Min Max

IH aid for renters 0.0072 0.099 0.0 2.53

IH aid for homeowners 0.026 0.24 0.0 5.91

PA aid 0.13 1.17 0.0 24.8

Total FEMA aid 0.17 1.48 2.03e−4 33.2

B.2 Calibration of the effectiveness of adaptation, θ

To calibrate the value of θ , I borrow the intuition from the empirical literature, but substi-

tute disaster aid for damage. Such a substitution is justifiable as long as disaster aid is positively

correlated with damage and the fraction of damage covered by disaster aid is uncorrelated with

damage. I run two simple regressions to support these assumptions for disaster aid provided

through FEMA.

First, I show that the total FEMA aid from a storm is positively correlated with the total

damage from a storm, for the subset of storms for which I have damage estimates. Specifically,

I run the following regression:

(FEMA aid)i = β0+β1damagei+εi. (44)

The dependent variable is the total FEMA aid for storm i and the independent variable is

the total damage from storm i. Table 18 reports the estimated values of the coefficients with

robust standard errors in parentheses. The coefficient on damage, β1 is positive and statistically

significant, implying that FEMA aid is positively correlated with storm damage.

Table 18: Correlation between total FEMA aid and storm damage

Coefficient Estimate

Damage: β1
0.15
(0.04)

Constant: β0
−4.9e8
(3.1e8)

R-square 0.77

Number of observations 50

Second, I show that the fraction of damage covered by FEMA aid is uncorrelated with the

total storm damage for the subset of storms for which I have damage estimates. Specifically, I
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run the following regression:

�

FEMA aid
damage

�

i
=α0+α1damagei+εi. (45)

The dependent variable is the total FEMA aid for storm i divided by the damage from storm

i. The independent variable is the total damage from storm i. Table 19 reports the estimated

values of the coefficients with robust standard errors in parentheses. The coefficient on dam-

age, α1, is statistically insignificant, implying that there is no statistically significant correlation

between the fraction of damage covered by FEMA aid and the total damage from the storm.

Table 19: Correlation between the fraction of storm damage covered by FEMA aid and total
storm damage

Coefficient Estimate

Damage: α1
5.8e−15
(3.8e−13)

Constant: α0
0.12
(0.016)

R-square 0.0

Number of observations 50

B.2.1 Low- and high-risk regions

The fraction of uninsured homeowners or renters for a county-PDD equals the fraction of

homeowners or renters in the county without the relevant insurance policy. I assume that the

relevant insurance policy is flood insurance if the PDD involves flooding and homeowners or

renters insurance if the PDD does not involve flooding. I use two criteria to determine whether

a PDD involves flooding, depending on the year of the event. For PDDs between 2006-2016,

FEMA specifically reports total IH aid for flood damage. I classify PDDs between 2006 and

2016 as flood events if there exists IH aid for flood damage; all cyclones received aid for flood

damage and thus are classified as flood events. I classify PDDs outside of the 2006-2016 period

as flood events if the PDD is for a cyclone or if the title of the PDD contains the word “flood”.

Using this second criterion to classify PDDs over the entire time period (2004-2018) does not

substantially change the results.

Next, I compute the fractions of homeowners and renters with flood insurance policies in

each county. Using the publicly available data on the start and end dates and policy character-

istics of all National Flood Insurance Program policies that begin in 2009 or later, I calculate

the number of flood insurance policies in force for homeowners and renters in every county
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in every month from 2010-2018. I assume that a residential flood-insurance policy holder is

a homeowner if the policy includes coverage for the actual structure (as opposed to just for

the contents) and a renter otherwise. For years prior to 2010, I use the average fraction of

homeowners or renters in the county with flood insurance policies from 2010 - 2018. Finally,

the Insurance Information Institute reports that 95 percent of homeowners have homeowners

insurance and 37 percent of renters have renters insurance. I assume that these percentages

are the same for all counties.

In sum, if the PDD does not involve flooding, then I assume that 5 percent of homeowners

and 63 percent of renters are eligible for aid. If a PDD does involve flooding, then I assume

that one minus the county-specific fraction of homeowners with flood insurance are eligible

for aid, and similarly for renters.

For each county-PDD, I measure the fraction of households affected by the storm as the

number of IH applicants divided by number of eligible households. However, some PDD-county

pairs only receive PA grants, there is no IH program and hence there are no applicants for IH

aid. For these observations, I assume that the fraction of households affected by the storm

equals the average fraction of households affected by a storm among similar county-PDDs

with IH programs. For cyclone events, I take this average over county-PDD pairs with similar

maximum sustained wind speeds and for non-cyclone events I take the average over county-

PDD pairs with similar amounts of PA aid.

B.2.2 Relative severity

For each cyclone-county pair, I calculate the wind speed that the county experienced during

each time step of the storm. Specifically, for every six hour time step in the storm track, I check

if the county intersects each of the four wind bands (maximum wind, 64 knots, 50 knots, and

34 knots). I take the maximum over all the time steps to calculate the maximum wind speed the

county experienced from the cyclone. If a county does not fall within any of the wind bands, I

assign it a wind speed equal to zero. I re-code the storm in that county as a non-cyclone storm

instead of a cyclone storm since I do not have information on the wind-speed of the storm at

the point it hit the county.

The procedure to compute the empirical value of relative severity is as follows. I divide the

storms in the data into cyclones and non-cyclones. I normalize the severity from a non-cyclone

storm in the low-risk region to unity. I compute the severity for the remaining three categories.

The first two rows of Table 20 report the severity in each category. I discuss how to compute

each box in turn.
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Table 20: Normalized Severity by Storm Type and Risk Region

Low risk High risk

Non-cyclone 1 2.03

Cyclone 1.44 2.09

Weighted average 1.03 2.05

To calculate the severity of a cyclone in the low-risk region, I analyze the subsample of

low-risk counties that experienced both cyclones and non-cyclones. I compute average IH aid

per homeowner-recipient for cyclones divided by the corresponding average for non-cyclones

within each of these counties. Taking the average of this ratio across all low-risk counties in the

subsample, yields a value of 1.44, implying that cyclones that strike low-risk counties are 1.44

times as severe as non-cyclones. I interpret this value as a primitive parameter that applies

to all low-risk counties, thus the severity of a cyclone for a low-risk county is 1×1.44= 1.44

(second row, first column of Table 20).

To determine the severity of a cyclone in the high-risk region, I use NOAA data on cyclone

storm tracks to calculate the maximum sustained wind speed for every county-cyclone pair.

The cube of the average maximum sustained wind speed for county-cyclones in the high-risk

region divided by the corresponding value in the low-risk region equals 1.45, implying that

the a cyclone that strikes a high-risk county is 45 percent more severe than one that strikes a

low-risk county. Thus, the severity of a high-risk cyclone is 1.45 × 1.44 = 2.09 (second row,

right column of Table 20).

I compute the severity of a non-cyclone in the high-risk region based on the severity of

a cyclone in the high-risk region and the within-county differences in IH aid per homeowner-

recipient for cyclones compared to non-cyclones in the high-risk region. Using the same process

as in the low-risk region, I find that cyclones are approximately 3 percent more severe than

non-cyclones in the high-risk region. This result implies that the severity of a non-cyclone in

the high-risk region is 2.09/1.03= 2.03 (first row, right column of Table 20).

Finally, the severity of the average storm in each region (third row of Table 20), equals the

weighted average of the severity values for the cyclones and non-cyclones, with the weights

given by the region-specific fractions of cyclones and non-cyclones. Approximately 8 percent

of storms in the low-risk region are cyclones and 30 percent of storms in the high-risk region

are cyclones, yielding the weighted averages of 1.03 and 2.05 in the low- and high-risk regions,

respectively. Thus, the average storm in the high-risk region is 2.05/1.03=1.98 times as severe

as in the low-risk region, resulting in the relative severity target, Ω2/Ω1= 1.98.
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B.3 Federal Policy

I allocate all PA aid that is not specifically targeted towards housing to final-good firms.

I use the applicant name and the application title to determine whether the PA grant is for

housing. Specifically, I code the grant as a housing grant if the applicant name or application

title contains one of the following phrases: housing, apartment, residence, nursing home,

assisted living, retirement home, retirement village, or retirement community.

CBO (2019) provides estimates of disaster aid from non-FEMA sources for hurricane winds

and storm-related flooding over the period from 2004-2016. In the model calibration, I al-

locate the residential-sector aid reported in the CBO (2019) to households; I don’t subdivide

this aid between renters and homeowners. I allocate 22 percent of public-sector HUD aid to

rental-housing firms, based on CBO (2019)’s estimates that 22 percent of HUD aid is used for

rehabilitation or construction of rental housing. I allocate all remaining aid reported in CBO

(2019) to the final-good firms.

B.4 Adaptation subsidy

I calculate the total federal expenditures for adaptation in each year. I count a USACE

expenditure as adaptation if it is categorized as construction or maintenance and the project

type code (also labeled business line depending on the year) relates to flooding. The 2015

budget and the 2004-2009 budgets do not separately report maintenance from operation and

maintenance. I multiply operation and maintenance in these years by the average of mainte-

nance expenditures as a fraction of total operation and maintenance expenditures in the other

years. I count an expenditure by FEMA’s Hazard Mitigation Assistance program as adaptation

if it is for capital investment to reduce damage from storms, such as retrofitting structures to

withstand high winds or flood-proofing buildings.

B.5 Labor income process

I use the Rouwenhorst method to calculate the Markov transition matrix for the persistent

shock:

π=





















0.9413 0.0573 0.0013 0.0000 0.0000

0.0143 0.9420 0.0430 0.0007 0.0000

0.0002 0.0287 0.9422 0.0287 0.0002

0.0000 0.0007 0.0430 0.9420 0.0143

0.0000 0.0000 0.0013 0.0573 0.9413





















.

The corresponding invariant distribution equals: Π=(0.0625, 0.2500, 0.3750, 0.2500, 0.0625).
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C. External validation

Data on the share of aggregate income received by each quintile of the income distribution

are from Table H-2 of the U.S. Census Bureau Current Population Survey (CPS). A household’s

income in the model equals their labor income plus their asset income. Data on the share of

aggregate wealth held by each quintile of the wealth distribution are from the Survey of Con-

sumer Finances, as reported in Kuhn and Rios-Rull (2016). A household’s wealth in the model

equals the sum of their productive housing capital, adaptive housing capital, and financial as-

sets. Table 21 and 22 report the model and empirical values of the shares of income and wealth

for each quintile of the income and wealth distributions, respectively. The model matches the

overall income and wealth distributions reasonably well, but, as discussed in the main text, it

does not capture the high concentrations of wealth at the top of the distribution.

Table 21: Share of Income Recieved by Each Qunitile of the Income Distribution

Quintile

First Second Third Fourth Fifth

Model 3.4 6.6 12.7 24.3 53.0

Data 3.1 8.3 14.1 22.6 52.0

Table 22: Share of Wealth Held by Each Qunitile of the Wealth Distribution

Quintile

First Second Third Fourth Fifth

Model 0.1 1.5 6.1 17.8 74.5

Data -0.7 0.6 3.2 9.8 87.0

To compute the damage-probability elasticity in the model, I re-solve the model with equal

storm severities across regions, analogous to controlling for storm severity in a regression. I

make the storm probabilities almost identical across regions, to allow me to capture the effect

of a marginal change in the storm probability. Letting parameters with bars denote the average

values from the calibrated model in Section 3, I set the storm severity for households and firms

in both regions equal to Ω̄h and Ω̄y , respectively, and I set the storm probability equal to 1.01ρ̄

in the high-risk region and 0.99ρ̄ in the low-risk region. Additionally, to control for differences

in GDP across model regions, I normalize damage by GDP in each region.

Importantly, the dependent variable in Bakkensen and Mendelsohn (2016) measures dam-

age for each storm. All else constant, an increase in storm probability does not increase dam-

age per storm. However, the model is specified at the annual level instead of the storm-level;
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all else constant, an increase in the storm probability does increase the annual damage from

storms in the model because more households and firms experience a storm. To ensure that

the model elasticity is comparable to the empirical estimates, I define a storm in the model

as any positive realization of the storm shock. The exact definition of a storm is not impor-

tant; what matters is only that increases in storm probability have no impact on damage per

storm, holding constant all adaptation, savings, insurance, investment, and hiring decisions.

The damage-probability elasticity in the model equals, [(B2−B1)/B2]/[(γ2−γ1)/γ1], where

Bn denotes normalized damaged per storm in region n (defined formally below). The numera-

tor is the percent change in normalized damage per storm and the denominator is the percent

change in the probability of a storm.

As with the damage-probability elasticity, to compute the aid-probability elasticity in the

model, I re-solve the model with equal storm severities across regions and nearly equal storm

probabilities. The dependent variable in equation (32), FEMA aid per affected household,

corresponds to disaster aid in the model divided by number of affected households. Again,

to control for differences in GDP across regions, I normalize disaster aid per affected house-

hold by GDP in each model region. The aid-probability elasticity in the model equals, [(G2−
G1)/G2]/[(γ2−γ1)/γ1], where Gn denotes normalized disaster aid per affected household in

region n (defined formally in below).

In the stationary equilibrium of the model, normalized damage per storm, Bn, and normal-

ized aid per affected household, Gn, equal:

Bn≡

∫

hd dµh
gh|n+

∫

k yd dµy
g y |n+

∫

krd dµr
g r |n

3γnGDPn

Gn≡
Λn+ψk y

∫

k yd dµy
g y |n+(ψ

hr+ψkr)
∫

krd(g r) dµr
g r |n

γnGDPn
,

where I define a storm as any positive realization of the storm-shock, implying that there are

3γn storms in region n each period. Quantities
∫

hd dµh
gh|n,

∫

k yd dµy
g y |n, and

∫

krd dµr
g r |n

denote aggregate damage to homeowners, final-good, and rental-housing firms, in region n

respectively:

∫

hd dµh
gh|n≡

∫

γnΩ
h
nF(ah′)hp′ dµh

gh|n
∫

k yd dµy
g y |n≡

∫

γnΩ
y
n F(a y ′)k yp′ dµy

g y |n
∫

krd dµr
g r |n≡

∫

γnΩ
h
nF(ar′)krp′ dµr

g r |n.
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Variable Λn denotes total aid to homeowners in region n (defined in Section 2.4). GDP in each

region n equals:

GDPn≡
∫

ỹ dµy
g y |n+ ph

n

�∫

h̃sr dµr
g r |n+

∫

Ahh̃p dµh
gh|n

�

,

where:

∫

ỹ dµy
g y |n≡

∫

[1−γnΩ
y
n F(a y ′)](k yp′)(Ay)

1
α

�

1−α
w′n

�
1−α
α

dµy
g y |n

∫

h̃sr dµr
g r |n≡

∫

[1−γnΩ
r
nF(ar′)]Ah(krp′) dµr

g r |n
∫

h̃p dµh
gh|n≡

∫

[1−γnΩ
h
nF(ah′)](hp′) dµh

gh|n.

D. Results

Table 23 reports the average increase in adaptive capacity from its baseline value among

homeowners and renters in each climate change equilibrium. The increases in storm severity

under the cyclone and extreme-precipitation methods cause homeowners to increase adaptive

capacity more than rental-housing firms (first four rows of Table 23). In contrast, the large

increase in probability under the flood method cause rental-housing firms to increase adaptive

capacity more than homeowners (last two rows of Table 23).

Table 23: Increase in Adaptive Capacity From the Baseline

Homeowners

Renters
All Constrained

Barely
unconstrained

Cyclone method

RCP 4.5 0.003 0.012 0.009 0.013

RCP 8.5 0.006 0.023 0.017 0.025

Extreme-precipitation method

RCP 4.5 0.004 0.005 0.003 0.005

RCP 8.5 0.008 0.008 0.007 0.009

Flood method

RCP 4.5 0.003 0.002 0.001 0.002

RCP 8.5 0.008 0.006 0.005 0.006
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For each climate change equilibrium, Tables 24 and 25 report the CEV conditional on the

household’s wealth quintile, among households who are renters and unconstrained homeown-

ers in the baseline, respectively. The welfare costs of climate change decrease monotonically

with wealth for both of these subgroups in every climate change equilibrium.

Table 24: Welfare Effects of Climate Change by Wealth Quintile: Renters

Quintile

1 2 3 4 5

Cyclone method

RCP 4.5 -0.98 -0.97 -0.96 -0.93 -0.92

RCP 8.5 -1.87 -1.85 -1.83 -1.79 -1.77

Extreme-precipitation method

RCP 4.5 -0.39 -0.38 -0.33 -0.28 -0.27

RCP 8.5 -0.70 -0.69 -0.61 -0.52 -0.50

Flood method

RCP 4.5 -0.17 -0.17 -0.13 -0.10 -0.09

RCP 8.5 -0.54 -0.53 -0.44 -0.34 -0.32

Table 25: Welfare Effects of Climate Change by Wealth Quintile: Unconstrained Homeowners

Quintile

1 2 3 4 5

Cyclone method

RCP 4.5 -0.69 -0.69 -0.65 -0.65 -0.64

RCP 8.5 -1.30 -1.29 -1.23 -1.22 -1.20

Extreme-precipitation method

RCP 4.5 -0.45 -0.45 -0.39 -0.38 -0.37

RCP 8.5 -0.80 -0.79 -0.69 -0.66 -0.65

Flood method

RCP 4.5 -0.25 -0.25 -0.21 -0.20 -0.20

RCP 8.5 -0.70 -0.70 -0.59 -0.56 -0.55
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