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The World Continues to Warm

Source: IPCC (2021)



Quantifying Climate Damages

� Historical correlations between weather shocks and economic outcomes using TWFE

Deschênes & Greenstone (2007); Dell, Jones & Olken (2012); Deryugina & Hsiang (2014); Burke, Hsiang &

Miguel (2015)

� Structural general equilibrium models calibrated with micro-level elasticities

Costinot et al.,(2016); Nath, (2025).

=) New method for quantifying the effects of climate change, accounting for general
equilibrium effects due to trade
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Road Map

� General Framework for Causal Effects with Spillovers

{ Reduced-Form Estimators

- TWFE
- Heterogeneous Robust (HR) (de Chaisemartin et al. (2024))
- Upstream/Downstream (Das et al. (2022); Feng et al. (2023); Zappal�a (2024))
- Global Aggregate (Bilal & K�anzig (2024))

{ What do we learn from TWFE?

- TWFE picks up the slope of the Best Linear Approximation
- Hence, TWFE identi�es relative e�ects, but rarely the level of e�ects

� Structural Approach based on Trade Theory

� Monte Carlo Experiments

� Quantifying the Effect of Warming

{ Observed Warming (1991 - 2019)
{ Future Warming (2019 - 2100)
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Di�erence-in-Di�erences (With Spillovers)
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A General Framework For Studying Spillovers

� Model
ln yt = f (zt ; �t)

{ zit observed shock, �it unobserved shock

{ f (�) allows for arbitrary spillovers from zjt , �jt to ln yit

� Estimands

{ Individual Overall Causal E�ect (IOCE)

� ln y†
i (z1; z0; ϵ1) � fi (z1; ϵ1)� fi (z0; ϵ1)

{ Best Linear Approximation (BLA):

(�BLA; �BLA) � arg min
a;b

NX
i=1

�
� ln y†

i � a� b�zi

�2

:

BLA vs ASIOCE



Best Linear Approximation (BLA) to the Individual Overall Causal E�ect (IOCE)
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A General Framework For Studying Spillovers
� Taylor expansion around f (z0; �0),
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Reduced-Form Estimator 1: TWFE

∆ ln yi = �FE + �FE∆zi +∆�i ;
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Reduced-Form Estimator 2: Heterogeneous-Robust Estimator
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Reduced-Form Estimator 3: Upstream and Downstream Spillovers
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Reduced-Form Estimator 4: Global spillovers
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Is It That Bad to Miss the Intercept?
There could be sign reversals. Either Partially
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Quantitative Trade Model Set Up

� N countries endowed withLit worker-consumers, mobile acrossS sectors

� Nested preferences: Cobb-Douglas overS sectors (� C
ns), and CES over a continuum of

varietiesj 2 � nst within s (� s > 0)

� Output Qist obtained with C-D technology (CRS) with labor (� is) and intermediate inputs
(1 � � is), where output from each sector is combined in C-D (� M

ish, with
P

h � M
ish = 1)

� Total expenditure ons in i , Xist , is the sum of �nal expenditures, purchases from �rms,
recycled tari� revenue

� Country-sector-time-speci�c Productivity

Aist = exp
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Structural Gravity

� Trade Flows
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� What we need to compute counterfactualsDetails :

{ Trade frictions � nist

{ Multilateral Resistance 
 ist , � ist

{ Structural parameters

- trade elasticity � s

- elasticity of productivity to climate � s



Gravity

� Calibrated approach (Similar to Egger & Nigai 2015)

{ Residualize trade 
ows
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{ Solve MR system using�� nist and normalize bym1st
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� Parametric Gravity Details
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Rudik et al Missing Tari� Data



Estimating�

� Residualize output
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� Estimate structural damage function:
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Data

� Sources

{ Trade and Production Datasets:

- UNIDO INDSTAT2 + UN ComTrade + FAOSTAT for trade 
ows (incl. self-trade) for agriculture
and manufacturing for 162 countries over 1966-2019 (manuf) or 1991-2019 (ag)

- CEPII gravity dataset for other gravity variables

{ ERA-5 weather data (temperature and precipitation bins)

{ GTAP input-output tables

{ Country-sector-year labor data (ILO)

� After merging, 132 countries from 1991 to 2019, with Ag and Manuf



Warming Experienced between 1991 and 2019



Changes in Weather between 1991 and 2019



Monte Carlo Simulations

� Data Generating Process

{ 132 countries with their observed characteristics

{ Single treatment variable: number of days in the top two bins (> 30‰)

{ Draw random trade cost term, build trade costs

{ Draw random productivity term, compute exogenous component ofAist based on baseline
temperature and random walk process

{ Solve the system of equations year by year from 1991 to 2019

{ Counterfactual imposes treatment from �rst period: z0
i ;2019 = zi ;1991

� Estimators

{ TWFE
{ Heterogeneous-Robust
{ Upstream-Downstream
{ Global Aggregate
{ Structural Approach



Gravity Regressions

Agriculture Manufacturing

OLS IV OLS IV
ln (1 + tari� nist ) -1.004 -1.473 -2.358 -4.591

(0.590) (0.778) (0.452) (0.955)

ln (distanceni ) -1.448 -1.501 -1.353 -1.331
(0.104) (0.106) (0.070) (0.072)

Borderni -3.742 -3.635 -1.233 -1.104
(0.397) (0.411) (0.241) (0.240)

Contiguousni 0.880 0.795 0.698 0.680
(0.162) (0.167) (0.173) (0.170)

CommonLanguageni 0.514 0.564 0.776 0.758
(0.145) (0.148) (0.104) (0.103)

ColonialLinkni 0.259 0.204 0.845 0.849
(0.198) (0.201) (0.201) (0.202)

# Obs 39,843 27,447 88,098 59,967
# Importers 122 122 122 122
# Exporters 130 129 130 130
# Importers � Exporters 8,682 7,623 14,373 13,399



Trade Elasticities
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Simulation Results, Two Replications



Simulations, TWFEerrors



Simulations, Heterogeneous-Robust Estimatorerrors



Simulations, Upstream-Downstream Estimatorerrors



Simulations, Structural Estimator,� from Gravityerrors



Simulations, Global Output



Speci�cations

� Environmental variables

{ # days over 30 °C
{ annual average°C
{ # days over 30 °C and # days under 0°C

� Interaction - yes or no

� Include Manufacturing productivity e�ects - yes or no

� Trade elasticity

{ Preferred Speci�cation (� AG = 1 :4, � Manuf = 4 :6)

{ Shapiro (2016) (� AG = 3 :3, � Manuf = 8 :5)

{ Boehm et al. (2023) (� AG = 0 :8, � Manuf = 1 :1)

{ Fontagn�e et al. (2022): ( � AG = 6 :9,� Manuf = 8 :3)



Point Estimates,# days over 30°C
Agriculture Manufacturing Gross Output

(1) (2) (3)
Reduced-Form Models

TWFE -0.00198 -0.00033 -0.00052
( 0.00045 ) ( 0.00041 ) ( 0.00047 )

Heterogeneous-Robust -0.00099 -0.00042 -0.00012
( 0.00048 ) ( 0.00049 ) ( 0.00024 )

Upstream/Downstream -0.00633 0.00133
( 0.00226 ) ( 0.00077 )

Structural Model

Preferred Speci�cation ( � ag = 1 :5, � manuf = 4 :6) -0.00273 -0.00044
( 0.00052 ) ( 0.00065 )

Boehm et al (2023) (� ag = 0 :8, � manuf = 1 :1) -0.00306 -0.00065
( 0.00059 ) ( 0.00057 )

Shapiro (2016) (� ag = 3 :3, � manuf = 8 :5) -0.00335 -0.00095
( 0.00070 ) ( 0.00075 )

Fontagn�e (2022) ( � ag = 6 :9, � manuf = 8 :3) -0.00485 -0.00129
( 0.00117 ) ( 0.00076 )



Comparing Structural vs TWFE Estimates

Other estimators




