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Abstract

We evaluate how anticipation and adaptation shape the aggregate and local costs of climate change.
We develop a dynamic spatial model of the U.S. economy and its 3,143 counties that features costly
forward-looking migration and capital investment decisions. We leverage the ‘Master Equation’ rep-
resentation of the economy to make the model tractable. We propose reduced-form estimates of the
county-level impact of severe storms and heat waves over the 20*" century on local income, employ-
ment, and investment. We match these effects in the model by estimating migration and investment
elasticities, capital depreciation shocks for storms, and a combination of productivity and amenity
shocks for heat waves. Our counterfactuals show, first, that the impact of climate on capital depre-
ciation magnifies the U.S. aggregate welfare costs of climate change twofold to 2.8% in 2025 under a
business-as-usual warming scenario. Second, anticipation of future climate damages amplifies climate-
induced worker and investment mobility, thereby significantly reducing the losses of workers in the
most affected locations. Third, migration offsets 25-40% of aggregate losses and reduces substantially
the spatial variance in the welfare impact of climate change.

1 Introduction

The accumulation of COs in the atmosphere is affecting the climate of our planet. Some of these effects
are evident today, but many others, including the increased frequency and intensity of storms and heat
waves (IPCC, 2022), are expected over the next century as the Earth’s average temperature increases
further. The ability of humans to anticipate these future climate effects can have profound implications on

their adaptation efforts to reduce the worst consequences. What is the importance of these anticipatory
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and adaptive responses in determining the aggregate and local costs of climate change? In this paper, we
answer this question using a general equilibrium dynamic quantitative spatial model of the 3,143 counties
in the U.S. economy. In our framework, agents anticipate the effect of climate change on productivity
and capital depreciation and make forward-looking migration and local capital investment decisions. We
quantify climate damages using novel empirical estimates of the local impact of storms and heat waves
on economic activity.

The analysis of anticipatory and adaptation responses to climate change at this level of spatial res-
olution has previously been hindered by the dimensionality of the resulting state space. In a dynamic
model with costly forward-looking migration and local capital investment decisions, the whole distribution
of employment and capital are state variables in the dynamic problem of individual workers and local
capital investors. Connecting such a framework with micro-level estimates of the impact of storms and
heat waves requires a fine level of spatial disaggregation. To make progress, we use analytic first-order
perturbations around a long-run steady-state that allow us to solve for quantitative general equilibrium
counterfactuals in heterogeneous agent models with aggregate shocks (Bilal, 2023). With this technique
in hand, we develop a framework to evaluate the impact of climate change on the U.S. economy.

Our starting point is a standard forward-looking dynamic migration model as in Caliendo et al.
(2019). Forward-looking workers decide where to live and work. They earn an equilibrium wage in their
location that they use to consume and lease housing at equilibrium rents. They receive random preference
shocks for locations that motivate them to migrate subject to bilateral migration costs. We enrich this
environment along several dimensions. First, as in Kleinman et al. (2023), we introduce local capitalists
who own the capital stock in the location where they live. They face a dynamic consumption-investment
decision subject to adjustment costs that accounts for the future expected path of the economy and its
climate. The evolution of the local paths of capital depreciation rates, productivities, and amenities
depends on climate change through its effect on storms and heat waves. Capitalists rent out their capital
stock to developers who use it to produce housing and commercial structures, and can trade bonds with
capitalists across locations. Local firms produce consumption goods using labor and commercial structures
with productivity that is heterogeneous across locations and varies with global temperatures.

An essential part of the quantification of this model is our estimation of damage functions that map
global temperature changes into local changes in capital depreciation rates, productivity, and amenities.
We collect daily data on mean and extreme temperature, precipitation, and windspeed for every county
in the U.S. since 1900. We use these data to construct county-level indicators of 1-in-50-years storms,
and 1-in-20-years heat waves. We document that the probability of storms in coastal counties, and heat
waves in warm (above-median) counties in the U.S. has risen fourfold and twofold, respectively, with the
1°C of global warming the planet experienced in the last century. We confirm these trends in storm count
information from the National Oceanic and Atmospheric Administration (NOAA).

We then estimate the impact of these extreme events on economic activity from the year 1990 onwards



using an event study design. Specifically, we use a distributed lag specification to estimate how income
per capita, employment, and investment respond to extreme events conditional on a rich set of controls.
We find that storms reduce income per capita by over 2.5% and employment by 5%, while investment
rises to peak at a 20% increase. These effects are concentrated in coastal counties, precisely where storms
are becoming more frequent. Together, these patterns are consistent with a capital depreciation shock
in the model. Heat waves reduce income per capita and population by 1.5%, while investment declines
modestly, in counties with temperatures above the median where their frequency is rising. These results
are consistent with a combination of negative productivity and amenity shocks in the model.

We use these reduced-form estimates to quantify our framework. We first estimate the migration
and investment elasticities. Given a guess for these elasticities, and a standard calibration of the rest of
the model parameters, we can invert the model in steady-state, and obtain all the local characteristics,
including local productivities, amenities, and the level of local capital investment costs. To estimate the
two elasticities, we leverage a key property of the first-order approximation of changes in our economy
around the steady state, namely, that the relative response of economic outcomes to shocks is independent
of the magnitude of the shock. Hence, we estimate these elasticities by matching the estimated reduced-
form response of employment, relative to income per capita and investment, to storms and heat waves. We
leverage the computational efficiency of our solution method to propose global identification guarantees.

To estimate the damage functions, we first recover the magnitude of the capital depreciation, pro-
ductivity, and amenity shocks corresponding to a 1-in-50-years storm and a 1-in-20 years heat wave by
matching the level of the cumulative impulse response of employment and income in the model to the
one we estimated in the data over a 25-year period. We then interact damages from a given event with
changes in the empirical probability of that event for each location in response to changes in temperature.

Storms and heat waves have large effects on capital depreciation, productivity, and amenities. Through
the lens of our model, storms generate a 30% capital depreciation shock, while heat waves generate a
2% productivity shock together with a 0.6% amenity shock. The resulting structural damage functions
imply that the South-Eastern Atlantic coast should expect a 2 to 6 p.p. increase in the annual capital
depreciation rate for every 1°C increase in global mean temperatures because of rising storm activity.
Southern Florida should expect a 5% reduction in productivity, and a 1.6% reduction in amenities, for
every 1°C increase in global mean temperature.

We use the quantified model to evaluate the social cost of climate change in the U.S. economy. Our
central scenario is a gradual increase of global mean temperature from 1°C to 4°C above pre-industrial
levels by 2100, consistent with the IPCC’s business-as-usual scenario. In our baseline counterfactual, the
consumption-equivalent present discounted welfare of workers falls by 2.8% on average in 2025 ($1,717
per year per worker). Our solution method enables us to construct standard errors efficiently. The 95%
confidence interval for the aggregate worker welfare loss in 2025 ranges from 1.1% to 4.6%, after accounting

for standard errors around our estimated damage functions.



Despite the ability of workers to migrate away from affected areas, there is substantial dispersion
across counties. The spatial standard deviation of welfare losses for workers is 0.8 p.p. Capitalists lose
1.2% on average but face much larger inequality: a spatial standard deviation of losses of 10.1 p.p in
2025 and of 24.3 p.p. by 2100. Losses to capitalists are more dispersed because physical capital cannot
be moved directly: it is left to depreciate in impacted areas such as southern Florida and accumulate
through investments in less affected areas such as inland Maine. By 2100, average welfare losses reach
4.2% for workers ($2,575 per year per worker) and 3.7% for capitalists. These welfare losses occur despite
sizable population and capital flows. By 2100, the population has changed by 28% on average across all
counties due to climate change; the aggregate capital stock of the U.S. economy has declined by 7.9%.

Given the magnitude of the changes in capital depreciation, productivity, and amenities that we
consider and the substantial population and capital reallocation that ensues, it is important to assess
the accuracy of our first-order perturbation approach. We do so using standard methods for checking
value function and distributional errors (Haan and Marcet, 1994; Santos, 2000) across multiple model
specifications. To do so, we hold either decisions or allocations fixed along a transition, and compare
the perturbation of the other to their fully nonlinear counterpart. We find that expanding the law of
motion of capital in logs rather than in levels improves accuracy because it is already log-linear. Most
importantly, expanding around the final steady-state is much more accurate because it constrains the
perturbation and the nonlinear solution to coincide at the initial and final periods for allocations, and
at the final time for decisions. By contrast, perturbation around the initial steady-state only constrains
initial allocations to coincide. Intuitively, expanding around the final steady-state allows agents’ decisions
to adapt properly to the long-run consequences of climate change on the economy.

Having established the accuracy of our approach, our main goal is to gauge the importance of antici-
pation and adaptation responses in determining the impact of climate change. To do so, we perform three
distinct exercises in which we shut down particular channels in the model. First, we shut down the effect of
storms on capital depreciation. This allows us to assess the relevance of incorporating capital in a climate
assessment model. The effect of changes in global temperature on capital depreciation alone accounts for
60% of welfare losses to workers, 66% of welfare losses to capitalists, and 83% of the aggregate reduction
in capital by 2100. The destruction created by storms through changes in local capital depreciation rates
at a high degree of spatial granularity is a novel feature of our analysis, and this channel turns out to be
quantitatively critical to account accurately for expected losses from climate change.

In a second exercise, we shut down climate change anticipation by workers and capitalists. In this
counterfactual, agents experience the effect of the current and past changes in temperatures but they
believe that in the future temperatures will remain as in the current period for a prolonged period. Hence,
their actions incorporate no anticipation effects: their behavior reacts neither to short-run changes in the
climate (by shutting down expectations of future increases in temperature) nor to long-run changes in the

climate (by using the initial steady-state as a point of expansion). Our results indicate that anticipation



plays a crucial role for mobility and investment. Without anticipation, mobility drops by 41% by 2050.
There are two main reasons. First, workers fail to out-migrate enough from locations that will become less
attractive as the climate worsens. Second, capitalists keep investing in these same locations, raising the
incentives for workers to stay there. Without anticipation, local losses for workers are 38% more dispersed
across locations. For example, workers in Florida lose an additional 1% of consumption equivalent welfare.
Nevertheless, gains in some locations offset losses in others, yielding similar aggregate welfare losses.

In the third and final exercise, we measure the importance of adaptation through migration for the
spatial distribution of county losses from climate change. To do so, we simply prevent people from moving
in response to climate change, while capital can adjust as in the baseline. Without migration, aggregate
welfare losses rise to 4%. Excess losses take place despite our first-order perturbation approach because
we use the final steady-state as a point of expansion, thereby capturing long-run behavioral changes to
permanent climate change. Thus, the envelope theorem does not apply with respect to private migration
decisions and migration delivers sizable benefits. When we use an expansion around the initial steady-state
instead, we cannot capture these benefits by construction.’

The distribution of welfare losses for workers spreads out from 9.4 p.p to 16.3 p.p in 2100. Workers in
particularly adversely affected areas, such as coastal counties in Florida and Louisiana, experience losses
ranging from 25% to 50% in 2025 instead of 5% to 9%, corresponding to an additional loss of $26,375 per
year per capita. In contrast, since capital stocks are not mobile, the lack of mobility of workers insures
local capitalists in affected areas. Hence, the dispersion in capitalist welfare declines more than threefold
in 2025 and by half in 2100. Our results point to a dynamic complementarity between migration and
investment decisions that shapes the spatial distribution of winners and losers of climate change.

The methodology that allows us to reach these conclusions is related to the literature on mean-field
games. Together, the elements of our framework represent a heterogeneous agent environment with
aggregate shocks in which the full distribution of workers and capital stocks across counties matters for
the evolution of the economy. Standard solution methods are not well-suited for the dimensionality of
this framework. To make progress, we leverage the ‘Master Equation’ representation of the economy
(Bilal, 2023), itself introduced in the mathematics mean field games literature (Cardaliaguet et al., 2019).
It coincides with the state space representation of our framework in which the distribution is a state
variable (Reiter, 2009). We take analytic first-order perturbations of the Master Equation in aggregate
temperature shocks and in the underlying distribution around the final deterministic steady-state to
obtain low-dimensional Bellman equations for the directional derivatives of individual value functions
with respect to the underlying distribution and aggregate shocks.

Our paper is also related to the literature on dynamic spatial models. Relative to Desmet et al. (2018),

our methodology allows us to introduce forward-looking decisions in migration and capital investments,

 In previous drafts, where we used the initial steady-state as a point of expansion, migration had only negligible effects
on the aggregate cost of climate change. The difference illustrates how allowing agents to consider the long-run consequences
of climate change in their decisions is crucial for an accurate description of the role of migration as an adaptation mechanism.



although we abstract from agglomeration effects in productivity and technology innovations, and focus our
analysis on the U.S. Caliendo et al. (2019) introduces forward-looking migration decisions and Kleinman
et al. (2023) adds local capital investments. Both of them also introduce costly trade, which we abstract
from. Relative to these papers, we compute counterfactuals for a much larger number of locations (all
counties in the U.S. v.s. 50 states). Perhaps more important, our computation method allows us to
estimate the two key elasticities, the climate damage functions, and the associated confidence intervals
around counterfactuals by precisely matching the model results with the reduced-form local responses
that we estimate in the data.

Of course, the main contribution of our paper is to evaluate the economic losses due to the capital
depreciation generated by storms, together with the productivity and amenity losses due to heat waves.
We aim to analyze the role of anticipation and adaptation in determining aggregate and local losses as
well as the resulting migration flows and geography of investments. In doing so, we also contribute to
the reduced-form literature that estimates the impact of storms (Deryugina, 2013, Hsiang and Jina, 2014,
Roth Tran and Wilson, 2023, Phan and Schwartzman, 2023, Bakkensen and Barrage, 2025) and extreme
heat (Deschénes and Greenstone, 2011, Dell et al., 2012, Dell et al., 2014, Leduc and Wilson, 2023) by
providing comprehensive county-level estimates for the U.S. of the effect of storms on coastal counties
and heat waves in warm counties.

We use our reduced-form estimates to quantify a general equilibrium dynamic spatial climate as-
sessment model. A recent literature has proposed related frameworks. Many of those papers focus on
other issues and abstract completely from capital investments or anticipation effects (Desmet and Rossi-
Hansberg, 2015, Desmet et al., 2021, Cruz and Rossi-Hansberg, 2023, and Conte et al., 2022). Cruz
(2021) and Balboni (2021) study the effect of temperature changes and flooding, respectively, in models
with forward-looking migration but abstract from local capital accumulation.” Rudik et al. (2022) also
incorporates forward-looking migration and trade and calculates the impact of climate change in the U.S.
on productivity and welfare using trade and migration flows, but also abstract from capital investments
and capital depreciation shocks. In contrast, Krusell and Smith (2022) propose a model of the effect of
climate change on local capital investments for the entire world but abstract from migration or the capital
destruction shocks generated by floods and storms. Fried (2022) evaluates the impact of storms in an
incomplete credit market model with adaptation across two regions. Relative to this literature, we are
the first to quantify the effect of climate-change-induced storms and heat waves by proposing a spatially
disaggregated dynamic model with forward-looking migration and capital investments, and use it to gauge
the role of anticipation and adaptation in determining the size and spatial distribution of these losses.

The rest of this paper is organized as follows. Section 2 lays out the model. Section 3 characterizes

our solution method. Section 4 describes our reduced-form results. Section 5 details our quantification

2We abstract from local industry specialization, unlike Costinot et al. (2016), Nath (2022), Cruz (2021), and Conte et al.
(2022).



procedure. Section 6 presents our three main results. Section 7 concludes.

2 A model of location and investment choices in a warming world

This section presents the setup of our dynamic spatial model. We model an economy with many locations
and two types of agents: workers and capitalists. Workers can move subject to mobility costs and earn a
wage that they consume each period. Capitalists are xed in a location, earn the returns on their capital

investments, and face a dynamic consumption-savings decision.

2.1 Agents and preferences

There is a unit mass of in nitely-lived workers who choose in which locationi 2 f 1;:::;1g to live. Workers

living in location i have CRRA preferencesAj + u(C) = Ay + Cll L over amenitiesA; in the loca-

tion where they live at time t and a Cobb-Douglas aggregatoiC of a freely traded nal good, used as
the numeraire, and housing. Namely,C = = ' h - where denotes the share of housing in
expenditure. Workers discount the future at rate . Workers are allowed to move at rate , in which
case they draw type-I generalized extreme value distributed idiosyncratic preference shocks for potential
destinations, with dispersion parameter . governs the migration elasticity with respect to changes in
a location's value. If they move, they pay a bilateral moving cost . We de ne the long-run (A;) and
time-varying (aj;) components of amenities in locationi asAj; = A + ai.

Each location is populated by a unit measure of capitalists. They are immobile and have risk-neutral

preferencesu®®(C) = C over the nal consumption good. They do not consume housing.

2.2 Technology

Workers in location i are employed by a representative nal good rm that produces using commercial
structures and labor and faces constant returns to scale. Locations are endowed with a local productivity
Zi; and a local stock of landL;. A representative rm is endowed with a production function for the
nal good given by Yt = Zjt S (Nif’ 1 whereS; denotes local commercial structures and\lif> the local
number of workers employed in nal good production. We denote byNj; the total number of workers in i
at time t. We de ne the long-run, Z;j, and time-varying, i, components of productivity asZj = Zje .
In every location, there is an equilibrium capital stock Kj;. Capital can be combined with land
Li and construction labor N2 to produce buildings By according to the production function By =
L (NitE‘)$ Ki% b§ Buildings Bj; can be costlessly repurposed between residential housing and commercial
structures, so that Bj; = Sj; + Hi;. Denote byr;; the common rental rate of buildings to rms and workers.
Capitalists decide how much to invest in every location subject to constant returns to scale investment
fifll:: |'<— 'S represents the investment elasticity with respect

to changes in the value of capital. These costs are paid in the nal good whose price is normalized to

costs, convex inl, ¢(I=K)K =




1. To nance investment, capitalists borrow or save in a risk-free national bond market which carries
an equilibrium interest rate R;. Capital is not mobile across locations. We denote byRx.; the return
on a unit of capital. The local capital stock depreciates at rate ;. We de ne the long-run ( ;) and
time-varying ( it) components of capital depreciation rates as i = i+ j.

Capitalists are endowed with an equal number of non-traded shares of a national mutual fund. This
mutual fund owns all the land in the economy. Denote by ;i the payment from the mutual fund to

capitalists in location i at time t.

2.3 Climate change

The path of global mean temperature T; is exogenous. Going forward, the vast majority of carbon
emissions is expected to stem from developing economies and is thus largely exogenous to U.S. economic
activity. Global mean temperatures relative to reference|for instance, pre-industrialllevels TP satisfy:
Tt TP = z+ TP . TP is a deterministic path corresponding to a central climate scenario.z is a
mean-zero shock that captures natural climate variability. is a scaling parameter that clari es notation
for our solution method.®

Local productivity j, amenities a;;, and capital depreciation j depend on time only through the

path of global mean temperatures. We parameterize these shifters through the following functions:
=i Tt T ar=a T, TP ; k= Tt TP (1)
where (0) = &(0) = (0) = 0. Even though these damages functions take global temperature as an

argument, they capture exibly the possible dependence of damages on local temperature through their

location index i.*

2.4  Static equilibrium

The maximization problem of rms implies that the wage w; in location i satis es the rm's rst-
order condition wy; = (1 )Zit (Sit :Nif . Similarly, the rental rate for structures satises rj =
Z it (Sit =Nif) (@ ), since depreciation is not covered by the users of buildings. The optimal choice
of labor in building production implies $r j; Bt =Ni? = wj; . Furthermore, the local demand for housing by
workers implies that an equilibrium in the housing market satises w i Nj; = riiHj;.

We determine equilibrium prices and quantities as functions of the local capital stockk; and local
number of workers Nj;:. We show that labor is allocated to goods and buildings production in constant

shares:NF = xNj and Hy = yBj, wherex;y are combinations of parameters described in equation (18),

3We could introduce uncertainty in the long-run path of temperatures by writing T, TP = z +=% TP for some process
#. Since our solution method relies on a rst-order perturbation of the economy, such uncertainty would be immaterial for
our results. Uncertainty matters for higher-order perturbations.

“For instance, they are equivalent to positing that damages are a function of local temperature deviations (e.g. i =
F(T: T:)) and that local temperature is related to global temperature according to T = T; + (Tt TP).



Appendix A.1. Using these shares and the production function of buildings, the wage and the rental rate
of buildings become:wiy = wioZxL! (KI' ®N$ by andry = riozgL, ' ¢ (kI SN$ L @ )
where wiq, rig are combinations of parameters and local fundamentals expressed in Appendix A.1.

The rental rate of capital depends on the rental rate of buildings. Prot maximization by developers
implies that it satises: Rgi = Roie "K; Nj Ri( it;Kit;Njt), where Rg; is a location-specic
constant that depends on the permanent component of productivity and available land, and and are
combinations of parameters detailed in Appendix A.1.

We can now solve for consumption given prices. Consumption by workers in location is equal
to the real wage. It satises Cy = wy=r, = Coel )it K1 ' $=N!1%  whereCy is a location-
speci c constant, and a combination of parameters detailed in Appendix A.1. Finally, ow utility of
workers in location i at time t is: Ay + U wg=r, = Aj+ay+u Coed )it K1' $=N1S9
Ui(ai; it Kit; Nit):

2.5 Migration decisions

Workers solve a forward-looking dynamic migration decision problem. We denote by/; the value of being
located ini at time t. V; satis es the Hamilton-Jacobi-Bellman (HJB) equation given by:

8 0 1 9
< Z

Liog@ o 1) )
MilVl . Zlog@ e® WA v ;o (2
. ,- ;

E[d: Vit ].
dt ’

Vit = Ui(ait; it;Kit;Nig) + M[V]+

where we used standard discrete choice results and denotdd ;[V ] the continuation value from migration.
The last term in the worker's HIB equation represents the continuation value from changes in the aggregate
state, where the notation d; denotes the time increment due to changes in aggregates only and not due
to individual migration. Standard discrete choice results then imply migration shares as a function of the

vector of valuesV given by:

e Vi i)
m; (V) = € M) (3)
The population distribution evolves according to the Kolmogorov Forward (KF) equation:
!
dN: X
e mii (Vi)Nkt Ni m (V) 1d Ne )

k

In equation (4), m denotes the matrix of migration sharesmjj (V;). m denotes the matrix transpose

of the matrix m. We also denote byM (V)= m (V) Id a matrix that collects migration shares

and the identity matrix, so that (4) becomes, in matrix notation, dd% = M (V)N¢: We denoteM (V) =
(m(V) Id)) the transpose of M (V) for future reference.



2.6 Investment decisions

Capitalists solve a forward-looking dynamic investment decision problem. We denotd;; (K; b) the value
of being located ini at time t and holding K units of local capital together with bunits of bonds. Pj; (K; b)
satis es the HIB equation:

@it
@b

@it Et[dtpit]:

+ .
' K @K dt

Pit(K;b)=m|%xC+ Rib+ Rkit K+ i c(I=K)K C (5)

The rst term in the capitalist HIB is the ow utility from consumption. The second term is the
continuation value from net savings. Net savings are given by returns on bonds and capital, proceeds

from the land-holding mutual fund, minus expenditures on investment adjustment costs and consumption.

Net savings are valued at the marginal value%‘b. The third term represents the continuation value from

net investment, namely, gross investment minus depreciation multiplied by the marginal value of capital

%’;t(. The nal term in the capitalists' HJB is the continuation value from changes in the aggregate state.
We show in Appendix A.2 that Py (K;b) = QK + b+ i, where | is the present value of transfers

from the mutual fund, and Qj; satis es:

1+
B KN GioQj; ~, E[diQit],
Qit = Ri( it; Kit; Nit) + T+ |tQ|t+T- (6)
The investment policy of capitalists then satises I;; = ¢oQ; Kit: The law of motion of capital in every
location becomes:
dKit
gt = (GoQy it ) Kit - (7)

2.7 Steady-state

In steady-state at baseline temperatures, = 0. All time derivatives are equal to zero. The HIB equation

of workers (2) and capitalists (6) become:

Cio(QFS)H :

V% = Ui(0;0, K N) + M [V, P = Ri(0;K{®;Nf) T+

(8)
The steady-state population distribution N = fNg; and capital distribution K% = fKg; satisfy:
0=M (VS)NSS; i = Go(Q®) : 9)

Appendix B describes a simple algorithm to solve for the steady-state that leverages equations (8)-(9).

3 The Master Equation, the FAME, and transitional dynamics

3.1 Strategy

Our economy is a dynamic general equilibrium economy in which the distributions of workersN; = f Nj; g;

and capital K; = fKj g are aggregate state variables that determine local prices. The distribution of
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workers and capital evolves slowly according to the laws of motions (4) and (7). These laws of motion in
turn depend on the values of workers given by the HIB equations (2) and (6).

Solving for this dynamic xed point is challenging in our high-dimensional environment with over
3,000 counties. We make progress by leveraging the "Master Equation' representation of the economy
developed in Bilal (2023).

The Master Equation approach is structured in two steps. First, we merge the individual decision
problems with the laws of motion of the population and capital distributions into a single Bellman
equation: the Master Equation. The Master Equation is a state-space representation of the equilibrium.
Second, we take a local perturbation of the Master Equation in the scale parameter around a steady-
state of the economy. The key insight from the local perturbation is to simplify the dynamic xed point to
a set of simple and standard Bellman equations that we solve rapidly with entirely standard techniques.
This approach delivers an analytic counterpart to the approach in Reiter (2009). For clarity, we present

a self-contained description of our approach that closely follows the steps in Bilal (2023).

3.2 The Master Equation

We start with the Master Equation for workers. We combine the HIB equation (2) with the laws of
motion (4) and (7) with a simple change of variables. We index value functions by the population and
capital distributions instead of calendar time alone. The core idea is that the population and capital
distributions are no more than large-dimensional state variables from the perspective of any given worker.
Of course, we need to keep calendar time as a separate index because of climate change embedded in
global mean temperaturesTP .

Speci cally, we change variables by writing Vii = Vit (z;; N¢; K¢) and Qit = Qit (zi; N¢; K¢), where now
the time subscript t only captures dependence on deterministic temperaturé. Recall that Ny = fNjt g
denotes the vector of population across locations at timd, and K; = fKj; g; similarly denotes the capital
distribution. Leveraging this change of variables, we use the chain rule to express the continuation value

from changes in aggregate states as:

d Vit @y X @VdNi X @V dKj
E = _ + A Vi + 1 + ; 10
| {z} | —{z—} | —{z—} | {z—}
change in TtD change in z: change in N¢: change in K¢:
continuation value chain rule chain rule

where A (z) is an operator that embeds the continuation value arising from natural climate variability.

For instance, if z; follows a continuous-time AR(1) processdz; = z{+ dW , the operator A (z) is given
22
by A 2[V]= z &+ -Gy

5If the evolution of temperature was determined by current temperature and the evolution of the economy through its
emissions, as in a integrated assessment models of the world economy, we would simply add temperature as a state variable
and eliminate time dependence in the value function altogether.
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The last two components encode how the value of workers changes with the population and capital
distributions across locations. When workers reallocate across locations in equilibrium, or when the
distribution of capital shifts in equilibrium, the distribution of local wages, building rental rates, and
capital rental rates change. Changes in these three distributions of prices a ect residents of location

We then use the laws of motion of the population and capital distributions (4) and (7) to express the
time change of population and capital in (10). After this substitution into the continuation value (10)

and into the HJB (2), we obtain the Master Equation for workers:®

Vit(z;N;K) = IUi a( (z+ TP)); {Iz( (z+ TP)) Ki;N; + I\/l{p_/ﬂ (11)
. ow payo y o ot

@y @v D @V

+ —— (M (V)Np); + =~ GoQ i j((Z+T7) Kj+A @Viel+ —

continuation values from aggregate changes

The Master Equation for workers depends on the value of capitalist9Q because the latter a ects invest-
ment, capital accumulation, prices, and, ultimately, worker welfare.

A similar logic delivers the Master Equation for capitalists, which is given by:

ot
Qu(@NiK) = Ri i@+ TON:KiiNi, + C';?r' i@+ TO) Qu (12)
y ow payo « | continuation values E:rf)m own investment )
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continuation values from aggregate changes

Our equilibrium de nition is standard and therefore omitted. The main advantage of the Master
Equations (11)-(12) is that they provide a parsimonious representation of the general equilibrium of the

economy. The derivations above prove our rst result.

Proposition 1.  (Equilibrium)
A solution (V; Q) to the Master Equations (11)-(12) together with a solution to the population and capital

distributions fN¢; Kg; to the KF equations (3) and (7) is an equilibrium of our economy.

3.3 The FAME

Despite providing a parsimonious representation of the equilibrium, the nonlinear Master Equations (11)-
(12) are challenging to solve numerically because they depend on large-dimensional distributions. Tra-
ditional global numerical techniques would rapidly run into the curse of dimensionality. Instead, we use

an analytic approach to gain economic insights and substantially simplify the computational burden. We

5We omit the full dependence of the value function and its derivatives on ( K;N;t; ) on the right-hand-side for brevity.
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seek a local solution to the Master Equations (11)-(12) when the scale parameteris small enough. That
is, we solve the First-order Approximation to the Master Equations (FAME).

The FAME is a rst-order Taylor expansion of the Master Equations (11)-(12) in  around the initial
steady-state. We consider distributions and shocks that are close enough to steady-state. Namely, denote

N = N+ n and K = K*5+ k, where the vectorsn; k denote scaled deviations of the population and
capital distributions from steady-state.

We then seek a solution of the form:

8 9

<X =
Vit (Z;NSS+ n;K S+ k) = V+ : vilng + vk +vEzH v+ O( D)

g ' : 9

=X X 7 T 2
Qi(z;N*+ mK =+ k) = QF+ . agn+ gk+qz+g, +O0(): (13)

i j
The additive separability follows from the rst-order Taylor expansion in
Thus, instead of seeking full functionsV;Q as solutions to the Master Equations, the rst-order
approach lets us seek a restricted number of coe cients: the directional derivativesv); v\ ;v/;v{ of
the value function with respect to the population and capital distributions, temperature shocks and
temperature trends, called “impulse values'. We substitute the rst-order Taylor expansions (13) into the
Master Equations (11)-(12) and obtain a set of restrictions on these directional derivatives: the FAME.

These restrictions constitute our second key set of results, proven in Appendix C.

Proposition 2. (Deterministic and trend FAME)

The matrices VN ;vK gV ;q<;v{;q satisfy the generalized Sylvester matrix equation irv¥ = ‘C’],Z' ‘c"i
T
and the Ordinary Di erential Equation systems in v| = ‘(;[‘T and p; = Ef

vi=Dd+Mva+viM +vipye,

@y
vi = Df +(M+v P/ + —@tt;
—dlt =DP+P(v] + zv¥)+ (M  +PvYp;
dt ~— ¢ t t ’

where the matricesDY: M: P and vectorsDtT : Df only depend on parameters, steady-state objects, aﬁlqo.
They are speci ed in Appendix C together with the stochastic FAME forv4 and o .

The deterministic FAME for v ¢ in Proposition 2 is a Bellman equation that is satis ed by the deter-
ministic impulse values VN ;vK ;g ;¢ . This Bellman equation takes the form of a nonlinear Sylvester
matrix equation.’ The right-hand-side of the deterministic FAME has four components. Each one encodes
a particular force that a ects how the value of workers and capitalists in location i changes in equilibrium

when an additional worker enters locationj or an additional unit of capital is added in location j .

A standard Sylvester matrix equation is a matrix equation in an unknown matrix X such that AX + XB + C = 0.
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The rst component in the deterministic FAME is the direct price impact matrix D 9. When population
and capital distributions change, prices and thus ow payo s also change. The upper left block of the
price impact matrix D9, Dyy = (1 $)diag uqCSS)CSS=NSs | encapsulates how changes in the
population distribution a ect workers in location i. The combination of parameters (1 $) summarize
the e ect on real wages. The diagonal marginal utility matrix converts real wage changes into utility
changes. Similarly, the upper right block of the impact matrix D¢ encapsulates how changes in the
capital distribution a ect workers in location i through their e ect on real wages. The lower half of the
price impact matrix D ¢ re ects how changes in the population and capital distributions a ect the return
on capital.

The second component in the deterministic FAME, M9, encodes the partial equilibrium option value
of migration. The FAME reveals that workers only need to evaluate this option value using their steady-
state migration matrix M included in M. This property arises because of the envelope condition: migration
decisions are already optimal before the economy moves out of steady-state.

The third component in the deterministic FAME, v M , represents a rst general equilibrium force.
When contemplating the e ect of an additional worker in location j, workers and capitalists in location
i expect this additional worker in location j to migrate going forward, which they need to keep track of.
The FAME shows that this expectation is summarized by the steady-state migration matrix M .°

The fourth component in the deterministic FAME, v 9Pvd, encodes a second general equilibrium force.
It represents how workers and capitalists in locationi value changes in the law of motion of the population
and capital distributions that arise because of an additional worker or capital unit in location j .

The structure of the trend FAME in Proposition 2 is similar to the deterministic FAME. The rst
componentD{ in the trend FAME is the direct climate impact and depends linearly on the product of
damage coe cients a  a%0), | %0); i  Y0) and global mean temperature T°. The remaining
components in the trend FAME represent partial and general equilibrium forces analogous to the ones in
the deterministic FAME.

Proposition 2 highlights the three key properties of the deterministic FAME that are direct con-
sequences of the analytic local perturbation. First, the deterministic FAME is a standard Bellman
equation in nite dimension. The dimensionality of the impulse value v? is (21 )2, instead of being
in nite-dimensional like the nonlinear Master Equations (11)-(12). Second, all the objects entering in
the FAME are steady-state objects with closed form expressions. Third, the FAME is block-recursive.
The deterministic FAME does not depend on the trend or stochastic FAMEs. The trend and stochastic
FAMEs do not depend on allocations. Hence, one can solve for the deterministic FAME in a rst step. In
a second step, given the deterministic impulse value ; one solves for the trend and stochastic impulse

values V' and v#. In a third step, one can solve for the equilibrium path of allocationsp; from a single

8The corresponding component for capital drops out because there is no gross capital growth in steady-state in any
location.
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time iteration given the deterministic, trend and stochastic impulse values.

Proposition 2 indicates a straightforward algorithm to compute the deterministic impulse value.
Indeed, all the known inputs into the deterministic FAME can be directly constructed given steady-
state objects. Thus, given steady-state objects, we directly construct the B 2| matrices Dgq; M
and P. We then seek a 2 21 matrix v¢ that satis es the nonlinear Sylvester matrix equation:
0=Dg+M Idyvd+vIM +vdpyd

Two methods are available to solve this equation. The rst one is a simple iterative algorithm that
leverages standard numerical packages solving standard Sylvester equations of the form. The second
method is to recast this nonlinear Sylvester equation as a largerl4 4l linear rational expectation system
(Blanchard and Kahn, 1980; Reiter, 2009) and use standard rational expectations solution methods. Both
methods exhibit comparable performance in our setting. We provide more details for both approaches in
Appendix C.6.

Once we have solved for the deterministic impulse value%; we solve for the trend impulse value with a
simple backward iteration leveraging Proposition 2. Once we have solved for the deterministic and trend
impulse values, we compute any impulse response to a shock or initial conditions with a simple forward

iteration as per Proposition 2.

3.4 Accuracy

To operationalize the FAME, we must make two additional choices. First, we must choose whether to
expand around the initial steady-state|prior to climate change|or around the nal steady-state|after
climate change materializes.

Using the nal steady-state o ers two advantages. The rst one is that it captures how the sensitivity
of migration and investment decisions to changes in the economy depends on long-run climate change. By
contrast, using the initial steady-state xes this sensitivity. Thus, expanding around the nal steady-state
let us capture the bene ts from adaptation more comprehensively.

The second advantage of using the nal steady-state is that it improves accuracy. Expanding around
the nal steady-state constrains allocations|population and capital|to coincide with their exact, non-
linear counterparts at datest = 0 and t = + 1 . In addition, decisions and welfare also coincide with
their exact, nonlinear counterparts att =+ 1 . By contrast, using the initial steady-state only constrains
allocation at date t = 0. Therefore, expanding around the nal steady-state imposes substantially more
discipline on the FAME.

The second choice we must make is whether to consider perturbations in population and capital
levels|as we did so farjor whether to consider perturbation in log population and log capital. The
capital law of motion is log-linear, and thus a perturbation in log capital is likely to be more accurate.
Similarly, utility and the interest rate are log-linear in capital and population. Thus, a perturbation in

log population may further improve accuracy. In those cases, we only need to appropriately rescale the
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Figure 1. Accuracy in the FAME.

(a) Aggregate worker welfare in 2050 (b) Aggregate capital in 2050

Note: Panel (a): aggregate worker welfare. Panel (b): aggregate capital. Both panels shown as a function of global mean temperature
in 2100 relative to global mean temperature in 2025 in degrees Celsius. Green dash-dot line: using the FAME expanded around the
initial steady-state, with capital and population in level deviations. Green dotted line: using the FAME expanded around the initial
steady-state, with capital and population in log deviations. Solid blue line: using the FAME expanded around the nal steady-state,
with capital and population in log deviations. Dashed orange line: using the nonlinear value function (in panel a) or the nonlinear law
of motion (in panel b) given allocations (in panel a) or decisions (in panel b) from the FAME.

matrices D% M; P and the vectorsD{ ; D by K and N 5.

To assess accuracy of our perturbation approach under these choices, we draw on standard tools
developed in Haan and Marcet (1994) and Santos (2000). Given the allocations computed in the FAME,
we solve for decisions and welfare with the exact, nonlinear HIJB equation and compare it to the FAME
solution. Conversely, given the decisions computed in the FAME, we can solve for the path of allocations
with the exact, nonlinear KF equation and compare it to the path of allocations from the FAME.

Figure 1 illustrates this comparison for various ways of specifying the FAME. Figure 15 in Appendix
C.6.1 displays additional statistics. Anticipating on our estimation in Section 5, Panel 15(a) displays 2050
aggregate worker welfare in our estimated model as a function of long-run warming. Panel 15(c) displays
2050 aggregate capital as a function of long-run warming. Using the initial steady-state incurs a larger
approximation error relative to the nonlinear solution for warming scenarios above 1C, in particular when
specifying allocations in levels rather than in logs.

When we expand around the nal steady-state and specify allocations in logs, the FAME and the
nonlinear solution nearly coincide for warming scenarios up to 4C. Crucially, using the nal steady-state
as the point of expansion captures nonlinearities in welfare and aggregate capital. This feature arises
despite our solution method being a rst-order perturbation because we compute the nal steady-state
nonlinearly. This property is central to our ability to capture the bene ts from adaptation in Section 6.
Hence, in what follows, we use perturbations in log population and capital and the nal steady-state as

a point of expansion in all our exercises, except when considering cases with limited anticipation.
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3.5 Condence intervals

In addition to counterfactuals, the FAME o ers a practical approach to constructing con dence intervals
around them. Consider uncertainty in the damage functions ;;a;; i. Inspecting the equations in Propo-
sition 2 reveals three observations. First, the deterministic FAME is independent from damage functions
conditional on the steady-state. Second, the trend FAME and the path of allocations are linear functions
of damage functions throughD{ and D}.

We thus leverage the Delta method to construct con dence intervals around counterfactuals given
uncertainty around damage functions. Holding the steady-state xed for now, we only need to calculate
the derivatives of the trend impulse values ¥ and allocations p; with respect to damage functions. We
collect them asV; = f@ V{g:f@vig;f@vig and P = (f@ pg;:f@ p:g;f @ ptgi), which are a
2l 3l matrices for eacht. Proposition 2 implies that these derivatives satisfy standard di erential
equations that we solve with a similar algorithm to the one described in Section 3. We present this result

for a path z; = 0 for simplicity, but our results immediately generalize to z; 6 O.

Proposition 3.  (Con dence intervals)

When z; = 0, V; and P; satisfy the Ordinary Di erential Equation system:

dP
Vi = Di +M V; +VIPV, + %/tt; d—tt=Df+(M +PVP + PV

where the matricesDy; D only depend on the parameters and steady-state objects given in Appendix C.

Proposition 3 allows us to obtain the derivatives of counterfactuals with respect to damage functions
necessary for the Delta method, conditional on the steady-state. When we expand around the initial
steady-state, these derivatives are su cient for the Delta method because the initial steady-state does
not depend on the damage functions. When we expand around the nal steady-state, the Delta method
additionally requires the derivative of the nal steady-state with respect to damage functions. In that
case, we leverage our e cient steady-state calculation together with parallelization to obtain these deriva-
tives numerically.” Having established an e cient and accurate solution method for counterfactuals and

con dence intervals, we turn to our reduced-form estimates and estimation strategy.

4 Reduced-form trends in natural disasters and their impact

In order to quantify our model in a way that accounts well for the economic impact of climate change, we
start by estimating the reduced-form impact that climate change has had on economic outcomes. In the
next section we use these results to estimate the climate damage functions, as well as the mobility and

investment elasticities.

“We do not need to consider the derivative of the deterministic FAME with respect to damage functions even when using
the nal steady-state because the resulting terms would be second order and thus irrelevant for the Delta method.
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4.1 Data

We combine data of two types. First, we use economic data from several sources by county and year.
We collect data on employment, wages and related statistics from the Bureau of Economic Analysis. We
obtain investment data at 5-year intervals from the Census of Manufactures. These data span the years
1960 to 2019. We provide more details in Appendix E.1.

Second, we use weather data. We obtain daily information on surface temperature, windspeed, and
precipitation for a raster at the 0:5 by 0:5 since 1901 from the inputs to the Inter-Sectoral Impact Model
Intercomparison Project (ISMIP). This information consists of reanalysis data: it combines historical
station-level weather measurements with a climate model to produce high-resolution weather information.
We convert this information into a dataset that tracks annual extremes for every county and year in the
U.S. We provide details in Appendix E.2.

We seek to capture the impact of extreme weather events. To that end, we construct indicator variables
that capture whether local weather realizations are above a pre-speci ed threshold. Speci cally, we rst
consider weather variablesX; for county i at time t in the following list: (i) maximum daily windspeed in
the year, (i) maximum daily precipitation in the year, and (iii) fraction of days with temperature above
the 95" percentile of the national annual mean temperature distribution in 1901-1910. We provide more
details in Appendix E.3.

Our weather variables are designed to capture salient features of (i-ii) storms and ooding, which we
combine into “storms' and (iii) heat waves. Of course, the physical processes leading to and de ning such
events are necessarily more complex than the speci ¢ metrics available in large-scale datasets covering the
entire U.S. for over a century. For our purposes, it only matters that these variables correlate strongly
enough with actual storms, oods, and heat waves. Ultimately, the impact of our weather-related variables
on economic activity determines climate damages regardless of their speci c interpretation. We refer to
our variables as storms and heat waves for expositional simplicity but acknowledge that our variables
necessarily are a stylized measurement of the underlying phenomenia.

Di erent locations may be di erentially adapted to natural disasters. To capture this adaptation and
not overstate damages, we residualize our three weather variables;; before constructing the indicator
of extreme realizations. Therefore, we capture storm and heat wave realizations that are particularly
severe relative to county-speci ¢ and annual conditions. Speci cally, we strip out county and year xed
e ects by estimating the linear regression: Xit = ;+ ¢+ Xit; Ei[Xit] = E:[Xit] = 0: We then use the
estimated residual X; to construct our indicator of extreme value for Xi;: Di = l[X\it p(>€)]; where
p(X) denotes a given percentile ofX; across all countiesi and yearst. We choose realizations above
the 99" percentile for windspeed and precipitation. This choice is guided by meteorological estimates of

wind and concentrated precipitation measures that lead to property damages. It also coincides with the

12 0ur measures also have the advantage of being objective physical measures, rather than human-made reports of storms
or oods that are likely to be endogenous to economic activity or population density.
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Figure 2: Global mean temperature and natural disasters: ISIMIP.

(a) Global temperature over time (b) 1-in-50-years storm (c) 1-in-20-years heat wave

Note: Panel (a): global mean temperature by decade relative to 1920, in Celsius. Linear regression lines for 1900-2019 and 1970-2019.
Panel (b): annual probability that a county experiences a storm event. For coastal counties, inland counties, and all counties in the
U.S. Linear regression slopes of probability on global mean temperature. Panel (c): annual probability that a county experiences a heat
wave event. For warm (above-median annual average temperature) counties, cold (below-median annual average temperature) counties,
and all counties in the U.S. Linear regression slopes of probability on global mean temperature.

threshold at which we detect signi cant economic damages. We de ne our storm indicator asD '™ =

maxf D i\;vmdspeed; D i[irempltatlon

g. A similar logic leads us to choose realizations above the 85 percentile
for heat waves. Finally, we also construct event indicators that do not account for local adaptation and

instead use the raw, unresidualized variables to de ne D. We provide details in Appendix E.3.**

4.2 Trends in natural disasters

We start by documenting salient trends in natural disasters over the course of the 28 century for the
U.S. Figure 2(a) rst shows the well-known fact that global mean temperatures have risen by over iC
since 1900. The rate of warming has accelerated in the last decades, reaching nearly @2y decade.
Figure 2(b) presents a binned scatterplot of the relationship between global mean temperature and
the annual probability of a 1-in-50-years storm and a 1-in-20-years heat wave: We start with severe
storms, which occur every 50 years on average in the middle of the century according to our de nition.
The frequency of severe storms, presented in panel (b), rises substantially and approximately linearly
with global mean temperatures across the U.S., consistently with the conclusions of the IPCC (2022).
Figure 2(b) reveals that the frequency of severe storms rises particularly fast in coastal counties|
counties that have a coast along the Atlantic or Paci c oceans. A warming of 2C over the course of the
20th century implies that the frequency of severe storms more than quadruples in coastal counties, from
less than 2% to nearly 8%. These probabilities imply that severe storms used to occur less than every 50
years at pre-industrial temperatures in coastal counties. They now occur every 12 years. If global mean

temperatures increase by 4C by 2100 as in the business-as-usual scenario, severe storms would occur

1\We also choose realizations below the &' percentile for cold waves when we introduce them in Appendix F.6.
2\\e focus on observations post-1920 to have precisely one century of data.
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every 3 years in coastal counties. In contrast, the frequency of severe storms rises only modestly in inland
areas|which we de ne as any county that does not have a coast along the Atlantic or Paci c oceans.

We present the frequency of heat waves in Figure 2(c). We split our analysis between warm counties
that have above-median average annual temperatures, and cold counties that have below-median average
annual temperatures. Consistent with the conclusions of the IPCC (2022), we nd that a heat wave that
occurred every 20 years on average at 1920 global temperatures occurs every 5 years on average in 2025
in warm counties.”® If global mean temperatures increase by #C by 2100 as in the business-as-usual
scenario, a heat wave that happened only every 20 years in 1920 would happen every 2 years by 2100. By
contrast, the frequency of heat waves in cold counties remains largely constant and close to zeto.

The marked increase in the frequency of coastal storms may be surprising in light of the lack of
scienti ¢ consensus on changes in storm activity due to climate change. We reconcile these views with
two arguments. First, we underscore changes in coastal storm activity in the U.S., while scienti ¢ studies
often study worldwide or country-wide storm activity. Consistent with scienti ¢ consensus, Figure 2
shows only a modest increase in storm activity across the U.S. as a whole, but a concentrated rise in the
coastal U.S. In fact, the trends in our data are similar to those documented in Klink (1999) for maximum
windspeed in coastal and inland locations in the U.S.

Second, we validate our measure against direct storm counts from NOAA in Figure 3. Panel (a) shows
that occurrences of tropical storms and hurricanes have been steadily rising with global mean temperature
in the North Atlantic. Of course, not all NOAA storms make landfall, and those that do a ect multiple
counties. Thus, we estimate the number of counties a ected by the average NOAA storm based either on
presidential disaster declarations or on average storm size.

Figure 3(b) displays how the (estimated) probability that a county experiences a NOAA storm evolves
with global mean temperature. This probability changes virtually identically to our measure of 1-in-50
year storms in Figure 2(b) for coastal, inland, and all counties. This result supports the view that our
de nition of storms is highly correlated with occurrences of tropical storms and hurricanes, and displays
similar trends over time.

Which locations experience more natural disasters? Figure 2 illustrates the extent to which coastal
and warm counties have been more exposed in the last decades. We map out the detailed geography of
exposure in Figure 4. The South-East Atlantic coast is particularly exposed to storms. For instance,
counties in Texas, Louisiana, Florida, Georgia, North Carolina, and Virginia have experienced over 4

severe storms since 1990. However, inland counties in states such as Nebraska and New York have also

3 The prevalence of extreme heat is subject to important natural variability. For instance, the second square from the left
corresponds to Dust Bowl years.

We also show that the frequency of cold waves declines markedly with global temperature in Figure 21, Appendix F.6.
51n either case, we nd that the typical NOAA storm a ects 50 counties on average conditional on landfall. Out of those
50 counties, about 7 are coastal. 10 to 20% of NOAA storms make landfall. Using the upper bound for coastal counties
that are more likely to be a ected, and the lower bound for inland counties that are less likely to be a ected, we obtain that
the typical NOAA storm a ects 2 coastal counties and 4 inland counties on average, which we use to convert NOAA storm

counts into the number of a ected counties.
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Figure 3. Global mean temperature and natural disasters: NOAA.

(a) NOAA raw storm counts (b) NOAA storms

Note: Panel (a): number of North Atlantic tropical storms and hurricanes per year from NOAA, and linear regression slopes. Panel (b):

change in estimated probability of a given county experiencing a NOAA tropical storm or hurricane per year. Every tropical storm or

hurricane estimated to a ect 2 coastal counties and 4 inland counties on average after taking storm size and landfall rate into account.
Linear regression slopes.

experienced several severe storms. Heat waves are prevalent across the South of the U.S. Many counties
in Florida, Louisiana, Texas, Kansas, New Mexico, and Arizona are among the most exposed, with over

5 heat waves since 1990°

4.3 Event study design

The next step is to estimate the e ect of a given natural disaster on economic activity. We use a standard

distributed lag speci cation given by:

Yi = it tF X hDit h+ A 1Dix A 1+ B+1Digg+1 + siye ¥ Wi %+ "ie;  (14)
h= A

wherei denotes counties and denotes calendar yearsyj; denotes the logged outcome of interest: income
per capita, employment, or investment. ; is a county xed e ect, is ayear xed eect. Dt p isour
indicator that an extreme event occurred h years before calendar yeat in county i. We include individual
horizonsh up to A =5 years prior to and B = 10 years after the event. We also control for the average
e ect before A and after B: Dit. A 1= A 1Dit n»andDitg+1 = | g+1 Dit nh- sy denotes
a set of trends by state, local mean temperature decile, local maximum daily windspeed and maximum
precipitation deciles, population and income per capita decilesW;; denotes a time-varying county-speci ¢

controls that includes local government expenditures lagged by 5 years. "j; is a mean-zero residual. Our

coe cients of interest are ,, the e ect of an event h periods ago on outcomes today.

8 Figure 16, Appendix F.1, depicts the spatial distribution of natural disasters de ned without residualizing.
Tncluding or excluding government expenditures does not a ect our conclusions.
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Figure 4. Natural disasters across counties.

(a) Storm counts since 1990 (b) Heat wave counts since 1990

Note: Panel (a): total count of 1-in-50-years storms summed over 1990-2015 for each county in the U.S. Panel (b): total count of
1-in-20-years heat waves summed over 1990-2015 for each county in the U.S. White: missing data. Natural disasters based on our
de nition after residualizing.

We focus on years after 1990. Given that we includd8 = 10 lags and A = 5 leads, we use calendar
yearst after 2000. Restricting the data to focus on the post-1990 period lets us capture the most recent
severity of extreme events in case it is time-varying. To the extent that not only the frequency but also
the intensity of extreme events is projected to grow over time, our estimates represent a lower bound on
expected damages going forward.

We allow the e ect of storms and temperature to di er depending on the characteristics of locations.
Namely, we allow the impact of storms to dier in coastal counties and inland counties. This split is
natural given that severe storms on the coast may concur with coastal storm surges that worsen damages.
In line with the literature that has found nonlinear e ects of temperature on mortality and productivity
(e.g. Deschénes and Greenstone, 2011 and Cruz and Rossi-Hansberg, 2023, respectively), we allow the
e ect of temperature to di er depending on the average temperature of a given location. We operationalize
these ideas by running our analysis separately for coastal, inland, warm and cold counties as de ned in
Section 4.2.

Our identi cation condition is that treatment is randomly assigned conditional on our controls. Cru-
cially, we include rich controls for location-speci ¢ trends g(). These state-specic and county-group-
speci ¢ trends absorb potentially important confounds to our exercise. For instance, demographic and
income shifts have pushed high-income households to move to states such as Florida over the last 20
years. Florida also happens to be more exposed to severe storms and heat waves. As a result, omitting an
adjustment to these background trends may lead to inferring that storms and heat waves increase income
and employment.

Another concern for identi cation is whether the Stable Unit Treatment Value Assumption (SUTVA)
is satis ed, namely that the control group remains una ected by the treatment. This concern is valid

given that in our model, untreated locations may respond to shocks in other regions because of general

22



Figure 5: The impact of 1-in-50-years-storms on economic activity in coastal counties.

(a) Income per capita (b) Employment (c) Investment

Note: Point estimates of coe cients n from distributed lag regressions (14) for 1-in-50-years storms, and 95% con dence bands clustered
by county. Coastal counties only. Panel (a): log income per capita. Panel (b): log employment. Panel (c): log investment. Years 1990-
2015. Controls: county and year xed e ects; nonparametric trends by state, local annual mean temperature decile, local maximum
daily windspeed and maximum precipitation deciles, population decile, and income per capita decile; 5-year lag of local government
expenditures. Weighted by average county population in 1960-1980. Standard errors clustered by county.

equilibrium e ects. Thus, our empirical estimates may be biased by these general equilibrium e ects. Our
structural approach addresses this concern since we estimate our model by indirect inference. Namely,
we replicate the same regression in the model accounting for the spatial correlation pattern of storms and
heat waves, and match the empirical coe cient|thus accounting for general equilibrium e ects and the

spatial distribution of extreme events directly.

4.4 Results

Storms.  We nd that severe storms have a signi cant impact on economic activity in coastal counties.
Figure 5 displays the impact of 1-in-50-year storms on three indicators of economic activity. Each panel
shows year-by-year point estimates together with 95% con dence intervals.

Panel 5(a) shows that a 1-in-50-years storm lowers income per capita of employed workers by about
2.5% over 10 years. Despite our rich set of controls, our estimated e ects for income per capita display
somewhat of an upward pre-trend. If we accounted for this di erential trend, the estimated e ect would
be even larger. Panel 5(b) shows that employment drops by 5% after 10 years in coastal counties that
experience a severe storm. Panel 5(c) reveals that investment booms after a severe storm, with a peak at
20% in the third year after the storm. To the extent that storms destroy capital, this positive investment
response is natural given the need for reconstruction.

Taken together, these results indicate that severe storms in coastal counties are well captured by a
capital depreciation shock. Indeed, in our model|as in a standard Real Business Cycle model|a capital
depreciation shock lowers wages and employment but increases investment, as the local economy rebuilds
its capital stock. Key to this interpretation is the positive sign of the investment response. A negative
investment response would, instead, suggest a negative productivity shock.

We gauge the robustness of our results with four additional exercises. First, since our measure of
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Figure 6: The impact of 1-in-20-years heat waves on economic activity in warm counties.

(a) Income per capita (b) Employment (c) Investment

Note: Point estimates of coe cients n from distributed lag regressions (14) for 1-in-20-years heat waves, and 95% con dence bands
clustered by county. Warm (above-median average annual temperature) counties only. Panel (a): log income per capita. Panel (b): log
employment. Panel (c): log investment. Years 1990-2015. Controls: county and year xed e ects; nonparametric trends by state, local
annual mean temperature decile, local quantile of fraction of hot days, population decile, and income per capita decile; 5-year lag of
local government expenditures. Weighted by average county population in 1960-1980.

investment only accounts for manufacturing investment, we reproduce our main result in Figure 17,
Appendix F.2, rescaling the manufacturing investment by the manufacturing employment share in the
same year. This adjustment has virtually no e ect on our results. Second, since we interpolated our
investment measure to trace out annual impulse response functions, we reproduce our main results in
Figure 18, Appendix .2, where we use investment aggregated at 5-year intervals to account for infrequent
Census years. We nd similar, or even somewhat more pronounced, e ects. Third, we verify whether
accounting for adaptation using residualized maximum windspeed and precipitation a ects our results.
We reproduce our results using raw maximum windspeed and precipitation to de ne storm events in
Figure 19, Appendix F.3. We nd virtually identical results, suggesting that adaptation to severe storms

is weak. Fourth, we investigate the impact of severe storms on inland counties in Figure 19, Appendix

F.3. We nd no statistically signi cant or economically meaningful e ect.

Heat. Having established the e ect of severe storms on economic activity, we turn to the impact of
temperature. We start with the e ect of heat waves on counties with temperatures above the median
(warm counties). Figure 6 displays the impact of heat waves on the same three indicators of economic
activity as for storms. Panel 6(a) shows that income per capita drops by 1.5% and remains persistently
low. Employment falls by 1.5% over the course of 10 years following a 1-in-20-years heat wave. Investment
shows a moderate and negative response following a heat wave.

Together, these results suggest that heat waves in warm counties are well captured by a negative
productivity shock. Crucially, the moderate negative investment response allows us to di erentiate the
e ect of a heat wave from the e ect of a storm. Given the sizable employment response, heat waves may
also be associated with a negative local amenity shock. Our structural estimation in Section 5 allows for
both.
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As for storms, we gauge the robustness of our results with four additional exercises. First, we re-
produce our main result in Figure 17, Appendix F.2, where we rescale manufacturing investment by
the manufacturing employment share in the same year. We nd virtually identical results. Second, we
reproduce our main result in Figure 18, Appendix F.2, where we use investment aggregated at 5-year
intervals to account for infrequent Census years. We nd similar, although more pronouncedly negative,
e ects. Third, we verify whether accounting for adaptation using the residualized fraction of days above a
temperature threshold a ects our results. We reproduce our results using the raw fraction of days above
a temperature threshold to de ne heat wave events in Figure 20, Appendix F.4. We nd attenuated
statistically insigni cant results, suggesting that adaptation to heat is important. Since climate change
is likely to bring about stronger heat waves in the future than in the past, we view our residualized
estimates as most relevant for climate change counterfactuals. Nevertheless, in Section 6, we report how
our counterfactuals change when we estimate our model using raw storms and heat waves. Fourth, we
investigate the impact of heat waves in cold counties in Figure 20, Appendix F.4. We nd statistically
insigni cant and economically inconclusive e ects there, and thus do not attempt to use these estimates

in the rest of our analysis.

Cold. We also estimate the impact of cold waves on economic activity in Figure 22, Appendix F.6. We
do not detect statistically signi cant or economically consistent e ects of cold waves in cold counties.
Thus, we exclude cold waves from our main structural analysis in Sections 5 and 6. We report sensitivity
analysis when we include cold waves, but their e ect is quantitatively small relative to storms and heat.
With these reduced-form estimates of the impact of extreme events on economic activity in hand, we

now turn to estimating the underlying damage functions and quantifying our model.

5 Model Quanti cation

5.1 Baseline parameters

We start by determining baseline preference and technology parameters. Importantly, we estimate the
two key migration and investment elasticities in Section 5.3 below. Throughout the rest of the paper, we
interpret an interval [ t;t + 1) as one year.

Preference parameters are determined as follows. We use a pure rate of time preference 0:02, a
value that is standard in the climate change literature (Rennert et al., 2022). We analyze the impact of
di erent choices of the discount rate on our results in Section 6. We set the housing expenditure share
for workers to the common value of = 0:3 (Davis and Ortalo-Magre, 2011). We set the risk-aversion
parameter to =1 since we do not analyze the role played by climate risk.

The next step is to determine the parameters governing migration decisions. We set = 2:30 so

that 90% of workers have the option to migrate within a year. We estimate bilateral migration costs
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j consistent with the empirical migration rate at baseline, as described in more detail below. Local
amenities are estimated using the model inversion as described in the next section.

The parameters in the production function of goods and buildings are set to standard values. The share
of commercial structures in goods production in the model includes both capital and physical structures
in the data. Typical estimates put the rst share at 0.3, and the second at 0.1, so = 0:4. To obtain
the share of labor$ in the production function of buildings, we measure the fraction of labor in the
structures production sector x from the BEA input-output data. We obtain x = 0:95. Thus, we recover
$ = W = 0:05. To obtain the share of land in the building production function ! , we use common
estimates from the real estate literature. For a typical urban property, the value of land represents around
35% of the property value, while the building value represents the other 65% (Davis et al., 2021). Hence,
we set! =0:35. Local productivities are the result of the model inversion, as described below.

The nal set of parameters is related to investment choices. We impose a common capital depreciation
rate of ;= =0 :08 for all counties at baseline. Of course, climate change a ects the depreciation rate
heterogeneously across locations. We estimate the investment elasticity and the local investment costs as

described below.

5.2 Inversion of fundamentals

Our second step is to estimate time-invariant fundamentals for every location. Suppose for now that we
have estimates of the migration elasticity and the investment elasticity

We use 2012 data for wages;, employment Nj, investment I, and migration ows ny for every pair
of countiesi;j . We interpret 2012 as the initial stead-state of the economy. We use a recursive scheme to
recover the time-invariant fundamentals in every location, Zj; Aj; cio, and jj . The following proposition,

proven in Appendix D, shows that given the observed data we can uniquely recover these fundamentals.

Proposition 4.  (Inversion of fundamentals)
Given data w;; Nj; I7; ny , there exists a unique set of vectors of fundamentalgZ;; Ai; cio), and a unique

symmetric migration cost matrix, jj .

The proof of Proposition 4 is constructive and thus provides an algorithm to recover fundamentals.
The proof extends standard static inversion arguments to our fully forward-looking dynamic setting. We

can only recover symmetric migration costs because we invert them non-parametrically’

5.3 Migration and investment elasticities

Our inversion argument relies on knowledge of the migration and investment elasticities and . We

estimate those internally using our reduced-form estimates of the impact of extreme events on economic

Bwithout symmetry, they are not separately identi ed from local amenities. If we imposed instead that migration costs
depend on some distance metric, we could, of course, estimate this dependence exibly.
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activity. Thus, we nest our inversion procedure in an outer loop in which we search over candidate values
for and

Consistently with our reduced-form results, we assume that storms only generate a capital depreciation
shock in coastal counties. We denote its scalar magnitude by 9€P. Heat waves generate a productivity
shock together with an amenity shock in warm counties. We denote by P9 the scalar value of the
productivity shock, and by prod the magnitude of the amenity shock!®

We leverage a key property of the FAME to estimate the migration and investment elasticities without
having to specify the magnitude of shocks. The response of the economy to shocks is linear in the
magnitude of the shock by construction. Hence, relative impulse responses are independent from the
magnitude of a common shock. For instance, in the FAME, the impulse response of employment relative
to the response of income per capita following a productivity shock is independent from the magnitude of
this productivity shock. If we target relative impulse responses, we can thus use a shock of an arbitrary
magnitude. This property allows us to estimate ; , and independently of the magnitude of the
underlying shocks ¢ap dep; prod

We then proceed by indirect inference. Our approach is similar to a standard grid search, although
the details of our implementation di er for e ciency. In a rst step, we populate our parameter space
using parameter vectors (;; ) froma Sobol sequence. This approach covers the multivariate space
more e ciently than with a standard tensor product grid. We chose the range of this parameter space to
be wide enough to include a broad range of possible values and of course to include our point estimates.

In a second step, we invert fundamentals as in Section 5.2 and solve for the steady-state following
Section 2.7 and Appendix B. Next, we solve the steady-state and the FAME of our economy. We further
simulate the dynamic response of the entire economy to a 1% transitory productivity shock, together
with a % amenity shock. We also simulate the dynamic response of the entire economy to a 1% capital
depreciation shock. It suces to consider a 1% shock for our purposes because of the the FAME is
linear and we consider relative responses to estimate elasticities, a point to which we return below. From
these counterfactual responses, we construct model analogs of the event study estimates from Section
4. We account for the empirical spatial correlation of storms and heat waves by treating each location
proportionally to the empirical number of extreme events from Figure 4. We then use these model-based
event study estimates to construct target moments that inform (; ; ).

In a third step, we nd the parameter vector ( ; ; ) among our set that best matches the data. Then,
starting from this parameter vector, we use a standard minimum distance solver to adjust the parameters
(;; ) and close any remaining discrepancy relative to the data.

Speci cally, we denote by irfy.s. the model impulse response function corresponding to the event study

estimates for outcome variablev, shocks, and parameters . The outcomev denotes either income per

®We set the persistence of the productivity shock P to match a half-life of 5 years. As we show below, this persistence
aligns with the mean-reversion patterns in the data.
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capita, employment, or investment.”’ The shocks denotes either a joint productivity-amenity shock or

a capital depreciation shock. We denote by IRF:s its counterpart in the data. We also denote by cir.s:
and CIRy.s the model and data cumulative impulse responses. That is, for any impulse response irf and
horizon h, we de ne cirp = i Moo irfho.

What moments are best t for our purposes? Our strategy estimates the three parameters =( ; ; )
jointly, but we discuss how we select each moment to provide intuition for identi cation. We provide
numerical con rmation that these parameters determine the relevant moments below.

The gravity structure of migration indicates that the migration elasticity s related to the response
of local employment relative to the response of income per capita, holding amenities xed. Thus, we use
the response of employment relative to income per capita following a capital depreciation shock, which
leaves amenity unchanged.

Speci cally, we use the cumulative impulse response of local employment relative to the cumulative
impulse response of income per capita at 10 years after a productivity shockm%, to inform
the migration elasticity . We target the corresponding moment in the data following a storm in coastal
counties. Intuitively, if employment responds strongly relative to income per capita without any change
in amenities, the migration elasticity must be large”* We use cumulative impulse responses|or, equiva-
lently, average impulse responsesjrather than plain impulse responses because they are less sensitive to
short-term, slow adjustment mechanisms that we do not model (e.g. sticky wages).

To inform the amenity-productivity ratio , we use the cumulative impulse response of employment
relative to the cumulative impulse response of income per capita at 10 years after a productivity-amenity
shock, m% We target the corresponding moment in the data following a heat wave in warm
counties. Intuitively, if employment responds strongly relative to income per capita holding the migration
elasticity  xed, amenities must be a large component of the e ect of heat waves.

The cumulative impulse response of investment relative to employment 10 years after a capital depre-
ciation shock, m% informs the investment elasticity . Intuitively, the size of the employment
response encapsulates the overall magnitude of the shock. If investment responds strongly relative to
employment, the investment elasticity must be large. We target its counterpart in the data following
storms in coastal counties.

We invert fundamentals, solve for the steady-state of the model, the FAME, and impulse responses
for 2,000 triplets = (;; ). We construct our target moments and contrast them with their data
counterparts in Figure 7. Once we identify the triplet among the 2,000 that provides the closest t, we

use a standard Newton search to close the remaining gap between model and data moments. The gure

20\We use income per capita as the data counterpart of wages in the model to capture self-employment and business income
that is not explicitly modeled. The model does not feature non-employment so, in principle, we could use either employment
or population in the data as a counterpart of employment in the model. We use employment in the data as it is the most
natural counterpart of employment in the model and is measured at the annual frequency in the data.

Z11n the model, employment is related to the own migration share. Hence, our approach also resembles a gravity equation
regression in which we instrument for the origin income per capita with storm.
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Figure 7: ldenti cation of migration and investment elasticities and amenity-productivity ratio.

(a) Storms and capital depreciation (b) Heat waves and prod.-amenity  (c) Storms and capital depreciation
shocks: employment CIR relative  shocks: employment CIR relative  shocks: investment CIR relative
to income per capita CIR to income per capita to employment CIR

Note: Blue dots: 2,000 model simulations sequencing parameter vectors = (;; ) using a Sobol sequence in the cube [0:3;0:7]
[0;1] [2;8]. Dashed dark blue line: moment in the model when only the parameter on the x-axis varies, holding other parameters at
their point estimate. Horizontal solid orange line: moment in the data. Vertical dashed black line: parameter estimate.

con rms our global identi cation argument numerically. 7

Panel 7(a) displays the cumulative response of employment relative to investment following a productivity-
amenity shock. Each blue dot is the relative cumulative response in the model, for a given triplet of
parameter values (; ; ). We order results by the migration elasticity on the x-axis to highlight our
identi cation argument in a multivariate and univariate sense. The impact of  on the relative cumulative
response on the y-axis manifests clearly in the upward-sloping relationship visible in the scatterplot: on
average, across all possible values;( ), a higher value of increases the response of employment relative
to income per capita (multivariate identi cation). The impact of the migration elasticity on the rela-
tive cumulative response is also visible in the upward-sloping relationship between the moment and the
migration elasticity = when we hold the other parameters (; ) xed at their point estimate (univariate
identi cation). Panel 7(a) also reports the relative cumulative response in the data for storms in coastal
counties.

Panel 7(b) depicts the cumulative response of employment relative to income per capita following a
productivity-amenity shock on the y-axis. The x-axis represents the productivity-amenity ratio . This
ratio emerges visually as a key determinant of the response of income per capita relative to employment.
We contrast the results from the model with the data following heat waves in warm counties.

Panel 7(c) depicts the cumulative response of investment relative to employment following a capital

depreciation shock on the y-axis. The x-axis represents the investment elasticity. The investment

221n order to be able to cover the parameter space e ciently, we aggregate counties into 100 clusters for this exercise.
We choose these clusters with a k-means algorithm to group clusters based on latitude, longitude, population, income, and
coastal status. Our results vary only slightly when we increase the number of clusters.

29



elasticity emerges visually as a key determinant of the response of investment relative to employment.
We contrast the results from the model with the data following storms in coastal counties.

We estimate the migration elasticity to be = 0:56. Consistently with our county-level speci cation,
our value is somewhat above the value of 0.2 in the state-level speci cation in Caliendo et al. (2019).
We estimate that amenities respond = 0:32 times as much as productivity following heat waves. This
relative response is somewhat larger than the average one in Cruz and Rossi-Hansberg (2023) for the
entire world. The larger relative role of amenities in the context of the U.S. is consistent with production
being better shielded from extreme heat through adaptation, such as air conditioning, than in developing
nations. Our estimate of the investment elasticity =5:10 implies adjustment costs that are less convex

than quadratic, a common benchmark in the literature.

5.4 Damage functions

With the migration and investment elasticities in hand, we turn to estimating the damage functions for
productivity, amenities, and capital depreciation j;a;; . We do so in two steps. In the rst step, we
estimate common economic damages from a given realization of storm§2P 4¢P and heat waves P9 using
the cumulative impulse responses from Section 4.4. In the second step, we interact these damages from
single events with local changes in the probability that these events occur as global mean temperatures
rise, as shown in Figure 2.

In the rst step, we estimate economic damages from a given realization of storms @ 9P and heat

waves Prd py matching the magnitude of the cumulative impulse responses. As in Section 4, we leverage

the linearity of the FAME. It implies that the size of the shock is equal to 5= SRi%vs  where cir,
10;v;s;

denotes the 10-year cumulative impulse response of variabke to a 1% shock tos (productivity-amenity

ov;s;”

or capital depreciation) for the estimates of the triplet " we obtained above.

For heat waves in warm counties, we target the income per capita response. Given that we match
exactly the responses of employment relative to income per capita in Figure 7, we match exactly the
cumulative response of employment and income per capita 10 years out. We estimate storm damages
in coastal counties by targeting the cumulative impact of storms on employment 10 years out. Given
that we match exactly the investment response relative to employment in Figure 7, we match exactly the
cumulative investment response 10 years out.

In addition to matching exactly the cumulative response 10 years out, we ask whether the estimated
model provides a plausible account of the time path of the impulse response function of targeted moments.
Of course, our framework cannot be expected to match exactly the precise time path of income per capita,
employment, and investment responses jointly for each extreme event. Nevertheless, Figure 8 displays
impulse responses in the model and in the data for heat waves in warm counties.

Figure 8 displays the investment, employment, and income per capita impulse responses in the data

(circles and dotted line) and in the model (solid line) following heat waves in warm counties. Because
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Figure 8: Heat waves: impulse responses in model and in data.

(a) Income per capita (b) Employment (c) Investment

Note: Impulse responses for income per capita (a), employment (b), and investment (c) after a 1-in-20-years heat wave in a warm

county. For (a) we use the response of wages, wij; , in the model and income per capita in the data. Solid line: model. Dashed line with
circle markers: data point estimate. Shaded area: data 95% con dence band. The 10-year cumulative impulse responses for income per
capita (a) and employment (b) are targeted. The impulse response for investment (c) is untargeted.

we match the 10-year cumulative response, the areas under the impulse response in the model and in the
data match exactly. Figure 8 reveals that the model provides a reasonable account of the full time path
of the response of income per capita, employment, and wages to heat waves. The untargeted response
of investment is close to the data, too. For all three outcomes, the responses in the model lie within the
95% con dence interval around the empirical point estimates for nearly all horizons.

Our impulse response-matching exercise implies that a 1-in-20-years heat wave causes % = 2%
negative productivity shock to a warm county, accompanied by a P9 = 0:6% reduction in local
amenities. This impact is non-trivial. Yet, it is lower than the local e ects estimated for locations in the
entire world, including developing countries. For instance, Cruz and Rossi-Hansberg (2023) nd that the
productivity e ect in the warmest locations of a 1 °C increase in winter temperatures can exceed 15%.

Figure 9 displays the income per capita, employment, and investment impulse responses in the data
(circles and dotted line) and in the model (solid line) following storms in coastal counties. Figure 8 reveals
that the model provides a fairly good account of the full time path for employment and investment (within
the 95% con dence interval for most horizons). The tis less good for income per capita, where the model
response is too quick relative to the data:®

Our impulse response-matching exercise implies that a 1-in-50-years storm causes &P 9P = 30%
negative capital depreciation shock to a coastal county. This impact is substantial|it represents 4 years
worth of baseline capital depreciation|and, to the best of our knowledge, is a new estimate to the

literature at the county level. Our estimate is nearly identical to the one in Fried (2022) inferred from the

2 As is common in macro models, matching the dynamics of impulse response functions is hard without adding ad-hoc
adjustment costs that slow down income and investment responses (Christiano et al., 2018).
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Figure 9: Storms: impulse responses model and in data.

(a) Income per capita (b) Employment (c) Investment

Note: Impulse responses for income per capita (a), employment (b), and investment (c) after a 1-in-50-years storm in a coastal county.
For (c) we use the response of wages, wj; , in the model and income per capita in the data. Solid line: model. Dotted line with square
markers: data point estimate. Shaded area: data 95% con dence band. The 10-year cumulative impulse response for income per capita
(a), employment (b), and investment (c) are targeted.

amount of federal aid triggered by hurricanes, and comparable to the country-level estimates in Hsiang
and Jina (2014) and Bakkensen and Barrage (2025).

We now turn to the second step of our estimation strategy. To construct damage functions that
depend on global mean temperatures, we interact our estimates of shocks @ dep; prod.  prody ith
secular changes in the probability of the corresponding events. These changes are similar to those in
Figure 2, but we construct trends location by location.

To estimate secular changes in the probability of extreme events for each location, we leverage our long-
run historical data starting in 1901. We regress the change in the probability of an evene 2 f storm, heatg,

pf ., for each locationi on changes in global mean temperatures; over years 1901-2019:

dpf =cst+ o dTy + "it: (15)

Equation (15) delivers a statistical downscaling, a well-established procedure in the climate science
and economics literature (Cruz and Rossi-Hansberg, 2023) that projects the probability of local climatic
events onto global mean temperature. We use the historical record to estimate this relationship in our
main speci cation because of well-known limitations of global circulation models:* Nevertheless, we
examine the robustness of our counterfactuals when we instead use multiple global circulation models to

estimate the downscaling in (15).

24Climate models have di culty producing empirically accurate distributions of extreme rain and wind, as these are
outcomes that result from physical processes that occur at a much ner resolution than 0.5 ° 0.5° rasters used in leading
global circulation models. For instance, Kim et al. (2020) shows that CMIP6 model ensembles predict extreme temperatures
with over 5°C biases on the entire US East coast, the Paci c Northwest and in the US Midwest, in excess of +5 °C. Similarly,
Kim et al. (2020) show that CMIP6 ensembles exhibit extreme precipitation biases up to 50mm on the US East coast. Shen
et al. (2022) highlights similar limitations for windspeed.
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Figure 10: Damage functions from heat and storms in the United States.

(a) Change in log productivity (b) Change in annual capital depreciation

Note: E ect of a 1 °C increase in global temperature on productivity and annual capital depreciation rates across counties in the U.S.
Constructed according to equation (16). Panel (a): coe cients i such that dlogZ; = ;dT:. Panel (b): negative of coe cients
such that d j = dT;.

Finally, we construct damage functions according to:

prod prod

a; = 1fi warmgq® soas (16)

i = 1fi coastalggfo™ cap dep. i = 1fi warmgg"®® Srod
where Prd denotes the mean-reversion coe cient of productivity following heat-waves?®

Figure 10 maps our estimated damage functions, and Figure 23 in Appendix F.7 displays the un-
derlying slopespf. Panel 10(a) shows the impact of a IC increase in global mean temperatures on
productivity for every county in the U.S. The impact is highly heterogeneous across space. We nd that
southern Florida will experience productivity reductions in excess of 5% due to the rapidly rising occur-
rence of heat waves. For a 3 warming scenario, this reduction compounds to more than a 15% reduction
in productivity. Productivity losses of comparable magnitude are pervasive throughout the South of the
U.S. Northern Texas and Oklahoma gain moderately, as our historical data shows that they experience a
reduction in the frequency of heat waves. By construction, the change in amenities is proportional to the
change in productivity and thus we omit the corresponding map.

Panel 10(b) shows the impact of a 2C increase in global mean temperatures on capital depreciation for
every county in the U.S. The impact is highly heterogeneous across space and only imperfectly correlated
with the one for heat waves. Storms increase capital depreciation rates substantially in the South-
Eastern Atlantic coast. In Louisiana and North and South Carolina, a 1°C increase in global temperature
increases the capital depreciation rate by more than 4 p.p. This e ect amounts to more than a 12 p.p.

increase for a warming scenario of &, more than doubling the baseline capital depreciation rate. These

Bwe divide by P to cumulate lagged e ects of heat waves and convert our estimate into the e ect of a permanent
rise in extreme heat exposure. In addition, to have su cient statistical precision in practice, we construct 100 clusters of
contiguous counties based on coastal status, annual mean temperature, population, and income, and estimate the slopesy®
at the cluster level.
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capital depreciation e ects are substantial, but a ect a much smaller fraction of counties than heat waves.

Through the lens of our structural model, we can compare their relative importance.

6 The impact of climate change in the U.S.

We start the economy in steady-state. We use 2025 as the year in which individuals learn the path of
warming TP and start reacting to it. We use a warming scenarioT? that increases temperatures by SC

gradualy by 2100 and keep them constant afterwards®

6.1 Aggregate damages from climate change

We uncover substantial e ects of climate change on welfare. Figure 11(a) reports the impact of climate
change on workers and capitalists in 2025 and 2100. In 2025, workers lose 2.8% in consumption-equivalent
welfare on average. This impact represents an annual loss of consumption of more tha$1,500 to the
average resident of the U.S.” For comparison, estimates from the gains from trade for the U.S.|i.e. the
bene ts from moving from autarky to 2024 trade relations|are typically less than 3%. “°

Crucially, these losses arise because of anticipations of future climate change. In our evaluation in
2025, climate change is just starting. Workers anticipate that climate conditions will worsen in the future,
lowering productivity and amenities, depreciating capital, and ultimately a ecting future real wages and
the present value of future consumption streams, which are discounted at 2% annually. By 2100, climate
change has largely materialized and is not discounted any longer. Thus, welfare losses to workers grow to
4.2% in consumption equivalent terms, or more than$2,500 out of current consumption expenditures.

Capitalists are, on average, initially less exposed to climate change. In 2025, their welfare loss is
just above 1%. This average e ect masks a considerable amount of heterogeneity, with large o setting
gains and losses across locations. In 2025, valuation e ects in locations that expect to benet from a
future in ow of workers occur immediately, boosting capitalist welfare there. However, capitalist losses
in locations at risk are largely driven by the depreciation of capital that occurs only in the distant future.
This asymmetry implies that capitalist gains and losses closely balance in our quanti cation despite
worsening capital depreciation rates in the coastal U.S. By 2100, welfare losses for capitalists grow to
4.9% in the aggregate as capital has had time to depreciate in the Southeast Atlantic coast by then.
Welfare losses for capitalists grows more over time than welfare losses for workers because the stock of
capital is immobile, while workers are mobile. Capitalists can adapt less.

The structure of the FAME allows us to e ciently construct con dence intervals around our base-

line welfare results as described in Section 3.4. To construct these con dence intervals, we incorporate

% This path is consistent with the business-as-usual scenario of the IPCC and the slope of warming reported in Figure 2.
Given the warming of 1°C in 2025 relative to pre-industrial temperatures, this warming scenario corresponds to 4 °C warming
relative to pre-industrial temperatures by 2100.

2’The Bureau of Labor Statistics reports average annual expenditures of $61,334 in 2020.

B See for example Costinot and Rodrguez-Clare (2014).
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Figure 11: Welfare impact of ¥C additional warming by 2100.

(a) Aggregates. (b) 95% con dence intervals.
Workers Capitalists

2025 2100 2025 2100
Impact
Total -42,15) -(5.6,29) (-57,32) -(3.9, 3.4
Transiton -(2.8,2.8) -(4.2,42) (-5.9,34) -(4.2,32)
Frequency
Total -37,20) -(5.1,3.4) (-18.8,16.3) -(5.1,2.2)
Transiton -(2.8,2.8) -(4.2,4.2) (-18.7,16.2) -(4.1,3.2)
Both
Total -(4.6,11) -(6.0,2.5) (-21.3,18.8) -(5.5,1.9)

Transiton -(2.8, 2.8) -(4.2,4.2) (-21.2,18.7) -(4.4, 2.9)

Note: Panel (a): Aggregate welfare impact of a 3 °C warming scenario between 2025 and 2100, with constant temperature after 2100.
Welfare evaluated in 2025 and in 2100 separately for workers and capitalists. Left axis: equivalent variation per year, %. Right
axis: 2025 dollars per year. Total: contribution of capital depreciation (orange), productivity (blue), amenities (green) and interaction
(grey). Panel (b): 95% con dence intervals based on the Delta-method as described in Section 3.4. Impact: uncertainty associated
with damage estimates @ dep . prod  Fequency: uncertainty associated with relationship between extreme event frequency and
global mean temperature g*°™ ; gf'®a! | Transition: uncertainty associated with transition between initial and nal steady-state. Total:
additionally including uncertainty associated with nal steady-state.

uncertainty around our estimated event study coe cients in Section 4, namely, ( 2 dep. prod)  ag \yel|
as uncertainty in the local changes in the frequency of extreme events with global mean temperatures
(ptom; pheaty 29 Figure 11(b) indicates that our main conclusions for workers are robust to accounting
for standard errors around the estimated damage functions (;;a;, and ;). The 95% con dence interval
around aggregate worker welfare losses in 2025 excludes any losses smaller than 1%, and is almost entirely
driven by uncertainty around the nal steady-state around which we expand the FAME. For capitalists,

we obtained more nuanced results. Because of o setting gains in inland locations and losses in coastal
locations, capitalist welfare in 2025 is more sensitive to the speed of the transition which varies with
damage functions. The resulting con dence interval ranges from -5.7% to 3.2% when we incorporate
uncertainty due to the impact of extreme events. When we additionally incorporate uncertainty due to
the estimated relationship between extreme event frequency and global mean temperature, the con dence
interval widens considerably. This large uncertainty is natural since it includes variance around the in-
crease in the frequency of storms in each group of counties. By 2100, however, this uncertainty largely

resolves and capitalist welfare losses are more precisely estimated.

6.2 The spatial distribution of climate damages

How unequally distributed are the welfare losses from climate change? Figure 12 depicts the spatial

distribution of the impact of climate change on welfare and allocations, and Table 1, Appendix G, reports

2 For simplicity, we hold the elasticities , , and xed at their point estimates.
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the corresponding summary statistics. Panel 12(a) displays 2025 welfare losses to workers in each county.
Counties in red are counties that are lose, and counties in green are counties that gain.

We nd that workers in almost all counties lose from climate change in 2025. Workers in the South-
East of the U.S. are particularly exposed. The combination of more frequent heat waves and destructive
storms on the coast implies that residents of coastal Louisiana lose up to 9%$%,490 annually) because
of climate change in 2025. Losses above 3% in 20251(830 annually) occur in Texas, Florida, and North
and South Carolina. By 2100, the spatial distribution of welfare losses from climate change is similar to
the one in 2025, as evidenced by Figure 12(c). The overall magnitude, however, is larger. Residents of
coastal counties in Louisiana and North and South Carolina are 9% worse o in 2100.

Capitalists experience much more unequal impacts from climate change than workers, as shown in
panel 12(b). Owners of capital in coastal Louisiana, Georgia, and North and South Carolina experience
welfare losses between 24% and 49% in consumption-equivalent welfare in 2025 because of climate change,
while capitalists gain in most inland counties. By 2100, capitalists in coastal areas can lose between 46%
and 93% in consumption-equivalent welfare, while capitalists in inland counties can gain more than 50%.
The standard deviation of welfare losses for capitalists in 2100 (25 p.p.) is much larger than for workers
(1 p.p.), as shown in Table 1, Appendix G.

Welfare losses to capitalists are more unequally distributed than those for workers because capital
cannot move, while workers can. Migration provides an important adaptation strategy that spreads
losses from climate change more equally across workers. Owners of an immobile capital stock do not have
that option. As a group, capitalists can only let the capital stock depreciate in locations that experience
adverse climate change, and invest anew in the places where climate change is more benign.

We nd that migration responds substantially to climate change. Panel 12(e) reveals that Southeastern
states that are heavily exposed to extreme heat and storms in the South-East can lose more than half of
their population by 2100. These workers move to Midwestern and Northern counties that are shielded from
these adverse e ects, some of which grow by over 25%. These population movements re ect the relative
e ects of climate change across space. As workers reallocate, the rental rate of capital adjusts accordingly,
imposing additional losses to capitalists in locations that lose employment. Over time, changes in the
local stock of capital are highly correlated with population movements, as shown in panel 12(f). Capital
is no longer pro table once workers have left, and capitalists in Northern locations invest heavily to
accommodate higher demand for capital and housing.

Our results highlight that climate damages|and the ensuing reallocation of economic activity|are
substantial. Critically, we nd large economic damages because we constrain the model to match our
empirical event study results using a standard rate of time preference of 2%. We analyze how discounting
a ects climate damages in the "Discount rate' section of Table 1, Appendix G. Consistent with the

climate change literature,’” we nd that lower discount rates increase welfare losses from climate change

%0see, for example, Heal (2017) for a discussion of discount rates in the climate change literature.
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