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 A B S T R A C T

This study investigates the impact of climate shocks on economic activity, addressing the gap in the literature 
of climate change economics. Using data covering a time span of 59 years, from 1960 to 2019, we employ 
a new global model to examine the effects of temperature and precipitation shocks on real output across 33 
countries, accounting for more than 90% of the world’s gross domestic product. Our analysis reveals that 
hotter and less-developed countries are more exposed to temperature shocks. Moreover, only some colder and 
more developed countries show a contraction of output in the medium-long run. Our results highlight trade 
interconnections as the main channel of propagation of climate shocks into the economic system. This study 
offers new insights into the transmission mechanism of climate shocks and suggests the adoption of climate 
policies at both global and local levels.
1. Introduction

Earth’s climate is rapidly changing, and its impact on the economic 
environment is indisputable. Nevertheless, the measurement of losses 
and benefits triggered by climate shocks in terms of real economic 
activity is not a simple endeavor. The interpretation of the link between 
climate conditions and economic growth is crucial for designing effec-
tive policy responses to one of the biggest challenges of this century. 
However, the impact of climate shocks on economic activity is still 
unclear for some countries, including the majority of the most devel-
oped economies. Climate change can influence economic performance 
through various channels, including the destruction or degradation of 
ecosystems, damage to infrastructure, loss of human capital, reduced 
labor productivity, and increased macroeconomic instabilities (Bowen 
et al., 2012). The quantification of these effects is of paramount impor-
tance for policymakers to dampen the adverse economic implications 
of global warming.

∗ Correspondence to: Fondazione Eni Enrico Mattei, Corso Magenta 63, 20123 Milan, Italy.
E-mail address: chiara.casoli@feem.it (C. Casoli).

In recent years, many econometric analyses have focused on assess-
ing the relationship between climate variables and economic output. 
However, the different setups and methodologies adopted within this 
literature have led to very heterogeneous results, so it is hard to estab-
lish a clear picture of how climate variables affect economic activity 
in different geographical regions and at different time periods (see Dell 
et al., 2014; Tol, 2018; Kolstad and Moore, 2020, for recent surveys on 
the topic).

In this article, we present new evidence on how climate shocks 
affect economic activity across different regions of the world. Our anal-
ysis focuses on 33 countries over a 59 year period (1960–2019). Specifi-
cally, we disentangle the direct effects of temperature and precipitation 
shocks on real GDP from spillover effects transmitted through cross-
country trade. In fact, cross-country interdependence redistributes cli-
mate impacts across regions (see e.g. Jones and Olken, 2010; Kemfert 
et al., 2004; Reilly and Hohmann, 1993).
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To capture climate’s causal impact on economic activity while 
incorporating trade spillovers and feedback effects, we develop a novel 
Bayesian Structural Global Vector Autoregressive model (BS-GVARX) 
and provide new insights into the economic effects of climate shocks 
across world regions.

The literature on climate impacts on economic activity is rapidly 
evolving and highly heterogeneous in the variable selection, geograph-
ical focus, and modeling design. This diversity leads to varying findings, 
with few common conclusions.

From a methodological perspective, many studies rely on panel data 
models, reflecting the view that climate change impacts vary across 
space and exacerbate existing income disparities.

Although panel regressions lead to several advantages, such as the 
possibility to control for omitted variables bias and the relatively easy 
way to include non-linearities in the model, nevertheless the specifi-
cations adopted in climate econometrics literature suffer from several 
limitations.

First, most of the panel data models proposed on this topic lack 
proper structural dynamics to describe the propagation of climate 
shocks through time.1 On the contrary, structural models allow for an 
explicit identification of the shocks and provide a very useful tool to 
study climate effects dynamically. Second, climate variables entering 
panel specifications as regressors are considered fully exogenous with 
respect to the dependent variable. Since, as pointed out by Pretis (2020) 
and Pretis (2021), economic and environmental systems are determined 
with a feedback in both directions, it is crucial to endogenize climate 
variables. The feedback between climate and economic activity is also 
considered in Chen et al. (2024) and by Ciccarelli and Marotta (2024). 
Third, heterogeneity among different countries in their responses to 
structural climate shocks is hard to capture via panel data regressions. 
A common finding is that weather effects are unequally distributed in 
space, with hot and poor countries being the most adversely affected. In 
contrast, there is no consensus for the effects regarding rich and cold 
countries.2 Fourth, another important aspect which is not systemati-
cally addressed within the climate panel data literature is the economic 
interdependence among countries. As argued in Di Mauro and Pesaran 
(2013), macroeconomic policy analysis requires to take into account 
the interconnections across different economic systems, where trade is 
one of the main channels driving the spillover effects. Countries cannot 
be considered as isolated, since shocks occurring to some particular 
region could spill over and affect other regions through their economic 
interdependence.

Our study contributes to the literature by overcoming these limita-
tions. Accounting for the endogeneity of climate, identifying structural 
climate and economic shocks within a dynamic context and, at the same 
time, considering economic interdependence across different countries 
are demanding tasks from a methodological point of view. We face 
these challenges by introducing a new BS-GVARX model, that ex-
tends the Global Vector Autoregressive (GVAR) approach proposed 
by Pesaran et al. (2004).

The standard GVAR model describes interconnections among
country-specific economic systems in a global perspective. Although 
climate change represents a global phenomenon, several features are 
related to country-specific dynamics, because the intrinsic climate 
conditions and their effects on economic output are geographically 
heterogeneous. The classical GVAR model is designed specifically to 
capture the domestic characteristics of different economies and to si-
multaneously include interlinkages among the countries under scrutiny. 
Hence, this model represents the natural way of describing the climate-
economy relationship. The standard GVAR model is based on two steps. 

1 See Pesaran and Smith (1995) for a discussion on dynamic analysis 
drawbacks in panel models.

2 In general, rich economies are also located in colder regions. The debate 
on whether poor countries are less developed because they are hot is still 
ongoing.
2 
The first step deals with the estimation of separate, country-specific 
VAR models with exogenous variables (VARX), where the interlinkages 
are expressed via the so-called foreign variables, which are treated as 
weakly exogenous. In the second step, the estimated country-specific 
models are stacked to form one single large global model and to obtain 
the global solution. This requires to incorporate the estimated country-
specific coefficients associated to foreign variables within the global 
matrix of parameters, thus preventing the estimation of the large global 
model. It is worth noting that the canonical GVAR is a reduced form 
specification, that is there is no structural estimation in the second 
step.3

With the idea of extending this framework, we propose a new 
BS-GVARX model, based on the algorithm developed by Baumeister 
and Hamilton (2015), that allows to identify the causal effects of 
climate shocks on economic performance. Our structural approach 
brings to several advantages and can be extended to a variety of 
applications accounting for dynamic multi-country analysis and cross-
country interdependence. The BS-GVARX model is designed to allow 
for a fully structural interpretation of the shocks, that is, to capture 
causal relationships among variables.

The main idea behind our BS-GVARX model can be synthetized 
as follows. First, we perform a structural analysis where the country-
specific VARX models are nested in a single global specification, which 
can be directly estimated. Second, identification of the global model 
via equilibrium impacts allows us to preserve a mapping between the 
reduced form and the structural form of the model. Third, the identifi-
cation of the global structural parameters exploits the interdependence 
across countries by considering joint prior information derived through 
the impact multipliers of the country-specific structural shocks. This 
framework explicitly allows for spillover effects without the use of any 
data shrinkage approach and provides a solution for the dimensionality 
issue of large VARs. To our knowledge, this paper is the first embedding 
a Bayesian fully structural dynamic analysis in a GVAR and one of the 
few examples employing a GVAR model to study the climate-economy 
relationship (see e.g. Cashin et al., 2017, for GVAR models with climate 
and economic variables).

Our findings can be summarized in three main points. First, for 
most of the countries showing a positive contemporaneous economic 
effect after an unexpected temperature increase, the responses be-
come negative or negligible in the subsequent periods. Second, the 
adverse economic effects from positive temperature shocks are highly 
correlated with higher shares of agriculture on total GDP and in a 
lesser extent with lower levels of economic development. In contrast, 
less precise regularities across countries are found in the estimated 
effects from precipitation shocks, but countries with higher shares of 
agriculture over total output are associated with positive economic 
responses to precipitation shocks. Finally, spillovers play a detrimental 
role for almost all countries. The interdependence effects depend on 
the country-specific trade structure, consisting in the trade partners 
network and the mix of exported and imported products.

The rest of the paper is structured as follows. Section 2 provides an 
overview of the literature about the effects of climate change on eco-
nomic output. Section 3 describes the data and the countries included 
in the analysis. Section 4 explains the methodology and introduces the 
BS-GVARX model. Section 5 presents the empirical results, which are 
discussed in Section 6. Section 7 assesses the robustness of our findings 
by proposing two alternative model specifications and focusing on the 
climate effects on agriculture and the manufacturing sector. Section 8 
concludes.

3 Given that formal identification is not contemplated, the dynamic analysis 
is usually performed through the Generalized Impulse Response Functions 
(GIRFs). The GIRF approach considers a counterfactual exercise where the his-
torical correlations of the shocks are assumed as given. GIRFs are independent 
of the variables order, because they integrate the effects of other shocks out 
of the response, and are useful in the case of large systems, where structural 
relationships are hard to identify. However, GIRFs cannot be interpreted as 
structural impulse responses (Pesaran and Shin, 1998).
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2. Literature review

A large part of the literature on climate impacts on economic 
systems is based on regression models, where the outcome variable is a 
proxy of economic activity, chosen in general among GDP, in levels or 
growth rates (Dell et al., 2012; Burke et al., 2015; Newell et al., 2021), 
Total Factor Productivity (Letta and Tol, 2019), agricultural output (De-
schênes and Greenstone, 2007; Auffhammer and Schlenker, 2014; Blanc 
and Schlenker, 2020), firms access to credit (Lai et al., 2022), efficiency 
at firm level (Agostino et al., 2025) and conflicts (Conigliani et al., 
2024).4

In the choice of climate variables, some studies examine extreme 
events, such as droughts, floods or hurricanes (see e.g. Botzen et al., 
2019), some contributions consider El Niño climate patterns (e.g. 
Cashin et al., 2017; Dufrénot et al., 2024), whereas others focus 
on weather variations proxied by temperature and precipitation (see 
Dell et al., 2014; Damania et al., 2020; Newell et al., 2021). Kahn 
et al. (2021) model climate variations around long-term trends, which 
capture temperature and precipitation anomalies that can be thought 
as technologically neutral (i.e. if climate variables do not deviate 
with respect to their historical norms, there should be no effect on 
productivity). As for the geographical focus, the literature can be split 
between cross-country analyses (e.g. Cashin et al., 2017; Pretis et al., 
2018; Acevedo et al., 2020; Kalkuhl and Wenz, 2020; Kahn et al., 2021) 
and country-specific studies (e.g. Deschênes and Greenstone, 2007; 
Sheng et al., 2022).

Some studies suggest that climate change may be beneficial for 
countries located in colder regions (Mendelsohn et al., 2006; Acevedo 
et al., 2020), some others find an overall negative effect for both rich 
and poor countries, regardless of the geographical area (Burke et al., 
2015; Kahn et al., 2021) and a third group of studies does not find 
a statistically significant effect for cold and rich countries (Dell et al., 
2012; Newell et al., 2021). In the majority of these cases, the relation-
ship between climate and economic activity is stronger in the case of 
temperature, whereas the effect of precipitation is less clear (Damania 
et al., 2020, are among the few quantifying a relevant and significant 
role for precipitation shocks).

There is broad consensus that higher temperatures, increased pre-
cipitation, and more extreme weather events significantly impact eco-
nomic performance. Climate-economy analyses are crucial for assessing 
the economic costs of current and future climate damages, quantify-
ing climate risks, and developing targeted mitigation and adaptation 
policies (see Dell et al., 2014).

As previously mentioned, climate shocks do not affect all economies 
equally, with low-income and hotter countries experiencing the most 
severe impacts (Burke et al., 2015; Dell et al., 2012; Kalkuhl and Wenz, 
2020). This is particularly concerning from a policy perspective, as 
developing countries not only suffer greater economic losses but must 
also allocate significant resources to climate policies. This dynamic 
exacerbates income inequality and increases exposure to climate risk. 
Additionally, as noted by Kumar and Mallick (2024), climate shocks 
can disrupt oil supply chains, leading to volatile energy prices. Given 
the oil market’s role in global production and trade, some economies 
face both direct climate shocks and indirect shocks through fluctuating 
energy costs.

Effective climate policies must balance adaptation and mitigation 
efforts to limit climate-induced income disparities and equitably dis-
tribute policy costs across countries. As highlighted in Kotsogiannis 
and Woodland (2025), financial transfers from developed to developing 
nations could help offset adverse climate effects and trade spillovers.

4 Another growing strand of literature focuses on the relationship between 
energy price shocks and climate change (see e.g. Blanz et al., 2025; Kumar 
and Mallick, 2024; Salisu et al., 2024).
3 
Moreover, low-income countries not only bear the burden of
climate-related economic losses but also face high mitigation costs, 
which can further slow development (Taconet et al., 2020). This pattern 
reinforces global income inequalities, as confirmed by Diffenbaugh 
and Burke (2019), who find that poorer countries suffer the most 
from global warming while wealthier economies are more resilient. 
Similarly, Rezai et al. (2018) document that climate damage negatively 
impacts the evolution of the economy in the long-run and reduces the 
potential income level. Fankhauser and Tol (2005) further emphasize 
that countries negatively affected by climate change reduce invest-
ments, leading to lower capital accumulation and future economic 
outcome.

Addressing these disparities is critical. As Bowen et al. (2012) 
argues, economic growth, especially through investments in skills and 
financial access, can reduce vulnerability to climate change in develop-
ing nations. This highlights the need for an accurate quantification of 
climate damages to design effective policy strategies.

Since countries face diverse climatic and economic conditions, ag-
gregate analyses may fail to capture country-specific climate effects on 
economic activity. Our multi-country structural analysis estimates the 
economic effects of temperature and precipitation shocks across a broad 
set of countries, providing crucial insights for designing tailored climate 
policies.

3. Data description

We perform our analysis relying on macroeconomic and climate 
data for 33 countries included in the classical GVAR framework, as 
illustrated in Mohaddes and Raissi (2020), which account for more than 
90% of global GDP and cover all the geographical regions of the world. 
The sample considers economies at different stages of development and 
with heterogeneous climatic conditions, as reported in Table  1. Since in 
most of the relevant studies the impacts are less clear for rich and cold 
areas, the focus on this particular sample of countries, including several 
developed economies, is of paramount interest. For each country, our 
analysis covers 59 years, spanning from 1960 to 2019.

For each country, we consider three endogenous domestic vari-
ables, namely temperature (T𝑖𝑡), precipitation (P𝑖𝑡) – both expressed 
as long-run deviations from the norm – and real GDP growth (Y𝑖𝑡), at 
annual frequency. Temperature and precipitation variables are mostly 
used within the climate econometrics literature, as they are directly 
observable and available at a very granular and high-frequency level. 
We focus on temperature and precipitation data to make our findings 
directly comparable to the majority of empirical works investigating 
the effects of climate variables on economic activity.5 Real GDP is used 
because it is the most relevant measure of economic output and it is 
widely employed in other climate-economy applications.6

The two climate variables are expressed as anomalies with respect 
to their long-run behaviors (climatologies) to take into consideration 
the difference between weather realizations and long-term climate 
change-driven dynamics. Climatologies are usually computed as simple 
or moving averages of monthly values over a period of reference. 
Anomalies are simply the differences between the observed temper-
ature (precipitation) monthly values and the corresponding monthly 
climatology. In this work, we focus on anomalies with respect to 
30 year moving averages, to account for a time variation in the cli-

5 As highlighted in Dell et al. (2014), it is important to include both 
temperature and precipitation in the model, because their correlation tends 
to vary by region. Therefore, avoiding to consider one of the two may result 
in an omitted variable bias.

6 As a robustness check, we investigate the effects of climate shocks on the 
decomposition of the aggregate output into agriculture and manufacture value 
added (see Section 7).
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Table 1
Countries in the BS-GVARX model.
 Income classification Structure of output Climate condition
 Income Agricul-

ture (% of 
GDP)

Industry 
(% of 
GDP)

Services 
(% of 
GDP)

Economic 
complexity 
index

Mean annual 
temperature 
(1991–2020)

Mean annual 
precipitation 
(1991–2020)

 

 Asia and Pacific  
 Australia High 2 25.5 72.5 −0.52 22.1 ◦C 482 mm  
 China Upper-Middle 7.7 37.8 54.5 1.3 7.4 ◦C 611 mm  
 India Lower-Middle 18.3 23.5 58.2 0.42 na na  
 Indonesia Lower-Middle 13.7 38.3 48 −0.07 26.1 ◦C 2857 mm  
 Japan High 1 28.7 70.3 2.27 11.3 ◦C 1658 mm  
 Korea High 1.8 32.6 65.6 1.95 11.4 ◦C 1395 mm  
 Malaysia Upper-Middle 8.2 35.9 55.9 1.12 25.7 ◦C 3136 mm  
 New Zealand High 5.7 20.4 73.9 0.17 10.2 ◦C 1770 mm  
 Philippines Lower-Middle 10.2 28.4 61.4 0.84 25.8 ◦C 2461 mm  
 Singapore High 0 24.4 75.6 1.87 27.6 ◦C 2254 mm  
 Thailand Upper-Middle 8.6 33.1 58.3 1.11 26.8 ◦C 1550 mm  
 North America  
 Canada High 1.7 24.6 73.7 0.57 −4.2 ◦C 533 mm  
 Mexico Upper-Middle 3.8 29.7 66.5 1.22 21.4 ◦C 759 mm  
 United States High 0.9 18.2 80.9 1.47 9.5 ◦C 722 mm  
 South America  
 Argentina Upper-Middle 5.9 23.3 70.8 −0.22 14.9 ◦C 590 mm  
 Brazil Upper-Middle 5.9 17.7 76.4 0.03 25.6 ◦C 1756 mm  
 Chile High 3.9 31.4 64.7 −0.24 9.0 ◦C 530 mm  
 Peru Upper-Middle 7.5 30.5 62 −0.83 19.8 ◦C 1542 mm  
 Middle East and Africa  
 Saudi Arabia High 2.6 41.4 56 0.62 25.5 ◦C 76 mm  
 South Africa Upper-Middle 2.5 23.4 74.1 −0.15 18.3 ◦C 456 mm  
 Europe  
 Austria High 1.1 25.5 73.4 1.7 7.2 ◦C 1211 mm  
 Belgium High 0.6 19.5 79.9 1.13 10.7 ◦C 886 mm  
 Finland High 2.5 24 73.5 1.4 2.7 ◦C 559 mm  
 France High 1.6 16.4 82 1.29 11.7 ◦C 838 mm  
 Germany High 0.7 26.5 72.8 1.96 9.6 ◦C 711 mm  
 Italy High 2 21.6 76.4 1.34 12.9 ◦C 879 mm  
 Netherlands High 1.6 17.8 80.6 0.99 10.4 ◦C 791 mm  
 Norway High 1.8 26 72.2 0.69 2.1 ◦C 1153 mm  
 Spain High 3.1 20.4 76.5 0.77 14.0 ◦C 596 mm  
 Sweden High 1.4 21.1 77.5 1.59 3.0 ◦C 664 mm  
 Switzerland High 0.7 25.2 74.1 2.14 6.1 ◦C 1632 mm  
 Turkey Upper-Middle 6.7 28 65.3 0.63 11.7 ◦C 577 mm  
 United Kingdom High 0.6 17 82.4 1.54 9.1 ◦C 1198 mm  
Notes: data sources are World Bank’s World Development Indicators and Climate Knowledge Portal. Country classification by income refers 
to 2022. Low-income economies are defined as those with a per capita Gross National Income (GNI) of $1,045 or less; lower middle-income 
economies are those with a GNI per capita of $1,046 to $4,095; upper middle-income economies are in the range $4,096 to $12,695; high-income 
economies are those with a value higher than $12,696. GDP shares by sectors refer to 2020. Services as a share of GDP are computed as the 
difference between total and combined shares of Agriculture and Industry. The Economic Complexity Index is developed by Harvard University 
and takes higher values for countries with larger export and more diversified complex products (https://atlas.cid.harvard.edu/rankings). Mean 
annual temperatures and precipitation are not available (na) for India.
mate variables.7 As argued in Kahn et al. (2021), the computation of 
anomalies allows for estimation of unbiased weather effects, introduces 
an interaction between weather and climate and, crucially, represents 
an implicit way of including adaptation in the model. The vector of the 
endogenous country-specific variables is defined as 𝐲𝑖𝑡 = [T𝑖𝑡,P𝑖𝑡,Y𝑖𝑡]′, 
where 𝑖 = 1,… , 𝑁 is the country index and 𝑡 = 1,… , 𝑇  denotes 
the time index. We collect climate data, provided by the World Bank 
Climate Knowledge Portal, from 1960 to 2019, and compute T𝑖𝑡 and 
P𝑖𝑡. Specifically, we express T𝑖𝑡 and P𝑖𝑡 as the difference between the 
observed temperature and precipitation at time 𝑡 and the respective 
backward-looking 30 year moving average at time 𝑡 − 1.8 Real GDP 

7 A wide set of climate institutions and data providers suggest to con-
sider climate variables expressed as anomalies. Examples include the NOAA 
monitoring and indices construction (see https://www.ncei.noaa.gov/access/
monitoring/global-temperature-anomalies/anomalies) and the IEA Weather, 
Climate and Energy Tracker (see https://www.iea.org/data-and-statistics/data-
tools/weather-for-energy-tracker?tab=Weather+for+energy+tracker).

8 Data available from https://climateknowledgeportal.worldbank.org/
download-data.
4 
growth rates are computed as the logarithmic differences of constant-
prices GDP in levels obtained from Penn World Tables for the same 
time span.9

One feature of GVAR models is the inclusion of foreign variables, 
capturing the interconnections between each country and the rest of 
the world. In general, foreign variables are considered as weakly exoge-
nous and constructed as weighted averages of all the other countries’ 
endogenous variables. Since real GDP growth (Y𝑖𝑡) is the only economic 
variable in our model, we define only one foreign exogenous variable 
computed as 𝑥∗𝑖𝑡 =

∑

𝜄≠𝑖 𝜔𝑖𝜄Y𝜄𝑡, where each 𝜔𝑖𝜄 is an element of a trade 
matrix, as proposed in Dees et al. (2007) and Chudik and Pesaran 
(2016).10

Specifically, 𝜔𝑖𝜄 =
𝑇𝑖𝜄
𝑇𝑖
, where 𝑇𝑖𝜄 is the bilateral trade of country 𝑖

with country 𝜄, computed as the sum of exports and imports, and 𝑇𝑖 is 

9 Data available from https://www.rug.nl/ggdc/productivity/pwt/.
10 Alternative approaches consider geographical or economic proximity to 
construct weights (see e.g. Mastromarco et al., 2016). This weighting scheme 
based on contiguity is appealing to model interconnections of climate vari-
ables, however we prefer to focus only on economic spillovers, since they 
represent the main interest of our analysis.

https://atlas.cid.harvard.edu/rankings
https://www.ncei.noaa.gov/access/monitoring/global-temperature-anomalies/anomalies
https://www.ncei.noaa.gov/access/monitoring/global-temperature-anomalies/anomalies
https://www.iea.org/data-and-statistics/data-tools/weather-for-energy-tracker?tab=Weather+for+energy+tracker
https://www.iea.org/data-and-statistics/data-tools/weather-for-energy-tracker?tab=Weather+for+energy+tracker
https://climateknowledgeportal.worldbank.org/download-data
https://climateknowledgeportal.worldbank.org/download-data
https://www.rug.nl/ggdc/productivity/pwt/
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the total trade of country 𝑖. All weights are constructed for each year 
of the selected period and their simple average is computed. Including 
local cross-sectional weighted averages of Y𝑖𝑡 helps to deal with the 
omitted variable bias in the form of unobserved common shocks that 
may affect the endogenous variables of the model (see Chudik and 
Pesaran, 2011). Note that, as in Chudik et al. (2021), the foreign 
variable enters in our model with one lag. This mitigates the potential 
problem of high correlation between the domestic real GDP growth 
variable (Y𝑖𝑡) and the foreign variable (𝑥∗𝑖𝑡).

4. Methodology

We propose a Bayesian Structural Global VARX (BS-GVARX) model 
that encompasses a standard GVAR framework within a Bayesian iden-
tification structure. The classical GVAR model is not designed for a fully 
structural analysis, for two main reasons. First, global reduced-form 
parameters are not estimated, rather derived from a re-parametrization 
of the first-step estimated coefficients, using a link matrix defined in 
terms of the country-specific weights. Second, the solution of the global 
model depends on how static and dynamic interdependence are taken 
into account within the country-specific analysis. In case of static in-
terdependence, the global vector of reduced-form residuals is obtained 
using a linear combination of the residuals from the estimation of the 
country-specific VARX models and the interlinkages.11

We depart from the existing structural GVAR approaches (e.g. Eick-
meier and Ng, 2015; Mohaddes and Pesaran, 2016; Feldkircher and 
Huber, 2016; Cuaresma et al., 2019), where the identification of the 
shocks is based on the solution of the model. In contrast, the main 
contribution of our work on the GVAR literature is to fully estimate 
the global specification. In particular, we are able to provide a struc-
tural interpretation of the model without ‘‘endogenizing’’ the foreign 
variables in the global specification, under a Bayesian perspective. In 
other words, our structural analysis nests country-specific models in a 
single global specification. For the country-specific analysis, a Struc-
tural VARX (SVARX) model of each country is estimated. Then, all local 
models are stacked to form one large global system. At this point, the 
identification of the structural shocks is no longer independent across 
countries, since it accounts for some joint prior information about 
the interaction of the responses of country-specific economic activity 
to climate shocks. The interdependence is modeled via the impact 
multiplier matrix at the global level, which is defined as the inverse 
of the matrix of contemporaneous structural coefficients. As pointed 
out in Baumeister and Hamilton (2021), it is possible to incorporate 
the prior beliefs in both matrices. The contemporaneous matrix of 
coefficients embeds information about elasticities, policy rules or be-
havioral relationships from economic theory. Moreover, we inform the 
model about cross-country spillovers via the impact multiplier matrix, 
which is often preferred from a policy perspective, as it describes the 
responses of country-specific variables to global shocks. The idea of 
modeling the economic spillovers between different countries through 
the equilibrium impacts of structural shocks allows us to deal with the 
curse of dimensionality and to preserve a clear mapping from structural 
to reduced-form parameters of the BS-GVARX model.12

11 The interlinkages are measured as the product of the trade weights and the 
coefficients associated to the foreign variables. The former are deterministic 
components, which are designed to capture political and cultural interconnec-
tions across countries (see Gross, 2019; Chudik and Pesaran, 2016). The latter 
are estimated in the first stage.
12 In this context, the curse of dimensionality refers to the fact that any cross-
country spillover directly modeled would result in an additional parameter to 
estimate.
5 
4.1. The BS-GVARX model

Considering the vector of endogenous variables, 𝐲𝑖𝑡, and the exoge-
nous foreign variable 𝑥∗𝑖𝑡, the SVARX model for a generic country 𝑖 is 
given by: 
𝐀𝑖𝐲𝑖𝑡 = 𝐁𝑖𝐱𝑖𝑡−1 + 𝐮𝑖𝑡, (1)

where 𝐀𝑖 is a 𝑘𝑖 × 𝑘𝑖 matrix of simultaneous structural coefficients, 
𝐲𝑖𝑡 is a 𝑘𝑖 × 1 vector of endogenous variables, 𝐱𝑖𝑡−1 is a 

(

𝑙𝑘𝑖 + 2
)

×
1 vector containing a constant, the lags of the country-specific and 
foreign variables, that is 𝐱′𝑖𝑡−1 ≡

[

𝐲′𝑖𝑡−1, 𝐲
′
𝑖𝑡−2,… , 𝐲′𝑖𝑡−𝑙 , 1, 𝑥

∗
𝑖𝑡−1

]′ and 𝐁𝑖 ≡
[

𝐁𝑖1,𝐁𝑖2,𝐛𝑖0, 𝐜𝑖
] a 𝑘𝑖×

(

𝑙𝑘𝑖 + 2
) matrix of structural coefficients.13 Specif-

ically, 𝐛𝑖0 is a 𝑘𝑖 × 1 vector of intercepts, 𝐁𝑖1, 𝐁𝑖2 are 𝑘𝑖 × 𝑘𝑖 matrices 
of lagged structural coefficients and 𝐜𝑖 is a 𝑘𝑖 × 𝑘∗𝑖  vector that governs 
the relationships between foreign and the country-specific variables. 
The vector of structural shocks 𝐮𝑖𝑡 ≡

[

𝑢𝑖,1𝑡, 𝑢𝑖,2𝑡, 𝑢𝑖,3𝑡
]′ is assumed to be 

normally distributed with zero mean and diagonal variance–covariance 
matrix 𝐃𝑖.

The structural representations of (1) can be expressed as: 
⎧

⎪

⎪

⎨

⎪

⎪

⎩

T𝑖𝑡 = 𝐛′𝑖1𝐱𝑖𝑡−1 + 𝑢𝑖,1𝑡 (2a)

P𝑖𝑡 = 𝑎𝑖,PTT𝑖𝑡 + 𝐛′𝑖2𝐱𝑖𝑡−1 + 𝑢𝑖,2𝑡 (2b)

Y𝑖𝑡 = 𝑎𝑖,YTT𝑖𝑡 + 𝑎𝑖,YPP𝑖𝑡 + 𝐛′𝑖3𝐱𝑖𝑡−1 + 𝑢𝑖,3𝑡, (2c)

 where 𝐛′𝑖𝑗 contains all structural coefficients on the lagged variables 
of the 𝑗th equation and corresponds to the 𝑗th row of 𝐁𝑖. The contem-
poraneous structural parameters and the imposed exclusion restrictions 
are further discussed in Section 4.2. The three different country-specific 
structural shocks are defined as: (𝑖) a positive temperature shock 𝑢𝑖,1𝑡, 
expressing an unexpected change in a given country’s temperature 
anomaly of 1◦C; (𝑖𝑖) a precipitation shock 𝑢𝑖,2𝑡, denoting a positive 
shift of 100 mm in country-specific precipitation anomalies; (𝑖𝑖𝑖) an 
economic activity shock 𝑢𝑖,3𝑡, associated with a 1% unexpected increase 
in domestic real GDP growth.

The structural global model stacks all single-country SVARX speci-
fications as follows: 
⎡

⎢

⎢

⎢

⎢

⎣

𝐀1 𝟎 ⋯ 𝟎
𝟎 𝐀2 ⋯ 𝟎
⋮ ⋮ ⋱ ⋮
𝟎 𝟎 ⋯ 𝐀𝑁

⎤

⎥

⎥

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐀

⎡

⎢

⎢

⎢

⎢

⎣

𝐲1𝑡
𝐲2𝑡
⋮
𝐲𝑁𝑡

⎤

⎥

⎥

⎥

⎥

⎦

⏟⏟⏟
𝐲𝐭

=

⎡

⎢

⎢

⎢

⎢

⎣

𝐁1 𝟎 ⋯ 𝟎
𝟎 𝐁2 ⋯ 𝟎
⋮ ⋮ ⋱ ⋮
𝟎 𝟎 ⋯ 𝐁𝑁

⎤

⎥

⎥

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐁

⎡

⎢

⎢

⎢

⎢

⎣

𝐱1𝑡−1
𝐱2𝑡−1
⋮

𝐱𝑁𝑡−1

⎤

⎥

⎥

⎥

⎥

⎦

⏟⏟⏟
𝐱𝐭−𝟏

+

⎡

⎢

⎢

⎢

⎢

⎣

𝐮1𝑡
𝐮2𝑡
⋮

𝐮𝑁𝑡

⎤

⎥

⎥

⎥

⎥

⎦

⏟⏟⏟
𝐮𝐭

(3)

We estimate model (3) using the methodology proposed by Baumeis-
ter and Hamilton (2015) and extended in Baumeister and Hamilton 
(2019) (thereafter BH), which relies on Bayesian inference for set-
identified SVAR models. Note that the BH algorithm directly estimates 
the structural form of the model and does not require the estimation of 
the reduced form model.

The identification of the structural parameters is based on two steps. 
In the first step, priors are assigned to: the contemporaneous structural 
coefficients 𝐀; the equilibrium impacts of structural shocks 𝐇 ≡ 𝐀−1; 
the lagged structural coefficients 𝐁; the variances of the structural 
shocks 𝐃.14 Information on 𝐇 is directly added in 𝑝(𝐀), by means of a 

13 We set the number of lags 𝑙 equal to 2 for each country. This choice takes 
into account both the lag order selected by the Hannan-Quinn and Bayesian 
Information Criteria (𝑙 = 1) and the 2 year duration of a global business 
cycle (see Kilian and Lütkepohl, 2017; Hamilton, 2021).
14 The BH identification algorithm accommodates any type of prior distribu-
tion on the contemporaneous structural parameters. Therefore, the functional 
form of the probability density function for 𝐀, denoted by 𝑝(𝐀), is not 
restricted. Priors information for the other coefficients, denoted by 𝑝(𝐃|𝐀)
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composite prior, as illustrated in Section 4.3. The second step relies on 
sampling S = 3 million draws on the set {𝐀,𝐃,𝐁}𝑆𝑠=1, from the posterior 
distribution of the unknown structural coefficients 𝑝(𝐀,𝐃,𝐁|𝐘𝐓), with 2 
million draws of burn-in. Specifically, we generate draws from the pos-
terior distribution 𝑝(𝐀|𝐘𝑇 ) using a random walk Metropolis–Hastings 
algorithm. Finally, we generate draws of the structural shocks and of 
the lagged structural parameters from posterior distributions 𝑝(𝐃|𝐀,𝐘𝑇 )
and 𝑝(𝐁|𝐀,𝐃,𝐘𝑇 ).15

4.2. The simultaneous climate-economy relationship

We use the following recursive specification for 𝐀𝑖 to identify the 
structural shocks of interest: 

𝐀𝑖 =
⎡

⎢

⎢

⎣

1 0 0
−𝑎𝑖,PT 1 0
−𝑎𝑖,YT −𝑎𝑖,YP 1

⎤

⎥

⎥

⎦

. (4)

The structural matrix 𝐀𝑖 implies that temperature anomalies in-
fluence precipitation within the year, through the parameter 𝑎𝑖,PT , 
while the opposite is not true. Moreover, real economic growth is 
simultaneously affected by both temperature and precipitation through 
the parameters 𝑎𝑖,YT and 𝑎𝑖,YP.

We impose three exclusion restrictions on the elements of matrix 
(4), that is 𝑎𝑖,TP = 𝑎𝑖,TY = 𝑎𝑖,PY = 0.

The first exclusion restriction implies that the instantaneous rela-
tionship between the two climate variables is asymmetric. This choice 
reflects, on the one hand, the information available from climatic 
studies, and, on the other hand, the necessity of reducing model un-
certainty.16 Specifically, temperature and precipitation are related via 
the dependence on the atmospheric moisture. It is generally recognized 
that higher temperature is associated with an increase in average pre-
cipitation at a global scale. Conversely, increasing rainfall is expected 
to affect surface water availability, winds, ocean currents, evaporation 
and humidity. However, it is less clear if these factors would in turn 
cause an increase or decrease in temperature. In other words, the effect 
of precipitation on temperature is less direct and difficult to disen-
tangle. The climate literature typically indicates that the correlation 
between precipitation and temperature is negative during summers 
and positive during cool months, at least at higher latitudes (see e.g. 
Trenberth and Shea, 2005). The rationale is that drier summers result in 
warmer temperature, whereas winters affected by heavier precipitation 
are also colder. Therefore, it is reasonable to expect that the two oppo-
site seasonal effects should compensate within the year. We conclude 
that restricting 𝑎𝑖,TP to zero is plausible and realistic when modeling 
the effect of precipitation on temperature at an annual frequency.

Additionally, the other two exclusion restrictions imply that feed-
backs from economic activity to the two climate variables occur after 
some time. Note that these assumptions do not prevent economic 
growth to influence temperature and precipitation, but this influence is 
distributed over a longer horizon. A similar assumption is made by Kim 

and 𝑝(𝐁|𝐀,𝐃), is selected from natural conjugate families in order to ensure 
a closed-form analytic expression for the Bayesian posterior distribution and 
thus reducing the computational burden.
15 Under the Bayesian framework, to ensure the stability of the model, the 
eigenvalues of the companion form of the GVAR must lie within the unit circle. 
This condition implies that shocks have no permanent impact on the system 
in the very long run. Technically, this can be obtained by discarding posterior 
draws of the companion matrix where the maximum eigenvalue exceeds unity. 
In our study, 99% of the draws deliver stationary structural models.
16 In fact, an alternative would have been to relax the assumption of 𝑎𝑖,TP =

0 and model the effect of precipitation anomalies on temperature by assuming 
a completely non-informative prior, given the lack of information on this effect 
within a yearly horizon. However, this alternative would have significantly 
increased model uncertainty and would have weakened the identification of 
structural shocks.
6 
et al. (2022) and Ciccarelli and Marotta (2024), as they stress that 
economic growth is unlikely to immediately affect weather conditions. 
This is consistent with the fact that the link between economic activity 
and global warming is related with cumulative carbon emissions rather 
than current emissions (Frölicher and Paynter, 2015).

4.3. Prior information about the contemporaneous structural parameters

The marginal prior distribution of the global matrix 𝐀, denoted by 
𝑝(𝐀), is: 

𝑝(𝐀) =
𝑁
∏

𝑖=1
𝑝(𝐀𝐢)𝑝(ℎ1)𝑝(ℎ⋆𝑖2). (5)

Therefore, the joint prior distribution of 𝐀 is obtained as the product 
of all country-specific priors for 𝐀𝑖, the prior for the determinant (as in 
BH setup) and the spillover effects collected in ℎ⋆𝑖2.

The priors on parameters in 𝐀𝑖 are assumed to be Student 𝑡 distribu-
tions, with mode, scale parameters and degrees of freedom as reported 
in Table  2. Additional details on these priors and the criteria used to 
cluster countries can be found in Section A of the Online Appendix. 

Our model implies that the global matrix 𝐀 is block diagonal, as 
shown in Eq.  (3). We do not include our prior beliefs about static in-
terdependence in the extra-diagonal blocks, rather we add information 
about the spillover effects via the impact multiplier matrix 𝐇.

Our approach is implemented building on the BH algorithm, which 
shows that prior beliefs about 𝐀 and 𝐇 can be incorporated jointly via 
a so-called composite prior, that is a single unified prior combining the 
two separate prior beliefs. As illustrated in Baumeister and Hamilton 
(2021), analytical computation of the density of the unified prior can 
be complex because the likelihood is specified in terms of the struc-
tural coefficients, whereas priors on 𝐇 are set on the space of impact 
responses. For this reason, it is more convenient to enter the product 
numerically in the likelihood and let the algorithm draw the correct 
posterior distribution. Nevertheless, as derived in Kocięcki (2010), the 
Jacobian of transformation to link the two prior spaces and to map 
structural coefficients and impulse responses is exactly equal to 1 when 
the matrix of structural coefficients is lower triangular with 1s on the 
main diagonal, as in our case.

The impact multiplier matrix 𝐇 is defined as 𝐇 = 1
det(𝐀) 𝐇̃, where 𝐇̃, 

as 𝐀, is block-diagonal, with each block equal to: 

𝐇̃𝑖 =
⎡

⎢

⎢

⎣

1 0 0
𝑎𝑖,PT 1 0

𝑎𝑖,YT + 𝑎𝑖,PT ∗ 𝑎𝑖,YP 𝑎𝑖,YP 1

⎤

⎥

⎥

⎦

. (6)

Since 1
det(𝐀) = 1 in our recursive setup, it follows that 𝐇𝐢 = 𝐇̃𝐢.

We distinguish between prior information about both the ‘‘domes-
tic’’ and ‘‘foreign’’ impacts of the structural shocks. The ‘‘domestic’’ 
part reflects the country-specific prior information about the structural 
parameters. We define the ‘‘foreign’’ equilibrium impacts of the struc-
tural shocks as the country-specific weighted averages of all the other 
countries’ domestic responses. Therefore, the domestic priors of country 
𝑖 are assigned to the elements of 𝐴𝑖, as they correspond to the direct 
causal climate-economy effects. Moreover, we add prior information 
on the foreign impacts of structural shocks, designed to capture the 
interdependence between country 𝑖 and all other countries.

The weights are computed via bilateral trade flows, and coincide 
with the weights used to construct the foreign variables. Since real 
economic growth is our main variable of interest, we only add prior in-
formation about the foreign effects of the elements ℎ̃𝑖,31 and ℎ̃𝑖,32 of 𝐇̃𝑖, 
corresponding to the responses of GDP growth to temperature and pre-
cipitation shocks. Therefore, we can define the foreign impacts ℎ⋆𝑖,31 =
∑

𝜄≠𝑖
ℎ̃𝜄,31
𝑑𝑒𝑡(𝐀)𝑤𝑖𝜄 and ℎ⋆𝑖,32 =

∑

𝜄≠𝑖
ℎ̃𝜄,32
𝑑𝑒𝑡(𝐀)𝑤𝑖𝜄 as the spillover effects from all 

countries’ temperature and precipitation shocks to economic growth 
of country 𝑖. We consider ℎ⋆𝑖2 =

{

ℎ⋆𝑖,31, ℎ
⋆
𝑖,32

}

 and specify the spillover 
effects’ density function as 𝑝(ℎ⋆) =

∏𝑁 𝑝(ℎ⋆ ). Then, we incorporate 
2 𝑖=1 𝑖2
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Table 2
Prior distribution specifications for the structural parameters of 𝐀𝑖.
 Student t
 Parameter List of countries mode scale d.o.f. sign 
 𝑎𝑖,PT All 0 10 3 ()

 
𝑎𝑖,YT

Argentina, Australia, Brazil, India, Indonesia, 
Malaysia, Mexico, Philippines, Saudi Arabia, 
Singapore, South Africa, Thailand

−0.005 0.05 3 –

 Austria, Canada, Finland, Norway, Sweden, 
Switzerland

0.005 0.05 3 +

 Belgium, Chile, China, France, Germany, Italy, 
Japan, Korea, Netherlands, New Zealand, Peru, 
Spain, Turkey, UK, US

−0.001 0.05 3 ()

 
𝑎𝑖,YP

Argentina, Australia, Brazil, China, India, 
Indonesia, Malaysia, Mexico, Peru, Philippines, 
Saudi Arabia, South Africa, Thailand, Turkey

0.005 0.05 3 ()

 Austria, Belgium, Canada, Chile, Finland, 
France, Germany, Italy, Japan, Korea, 
Netherlands, New Zealand, Norway, Singapore, 
Spain, Sweden, Switzerland, UK, US

0 0.05 3 ()

Notes: 𝑎𝑖,PT denotes the effect of temperature on precipitation, referred to country 𝑖; 𝑎𝑖,YT and 𝑎𝑖,YP denote the effect of temperature and 
precipitation on economic growth in country 𝑖. The location and scale parameters of the 𝑡 distribution are the mode and its standard deviation; 
d.o.f. denotes the degrees of freedom. Sign indicates whether a distribution is truncated on the positive (+) or negative (−) domain; when no 
sign restrictions are imposed, this is indicated with ().
prior information on these responses using Student 𝑡 distributions with 
location, scale parameters and degrees of freedom according to the 
approach used to set the prior on the determinant (Baumeister and 
Hamilton, 2018). Specifically, we generate 50000 random draws from 
prior distributions of elements in 𝐀𝐢 and 𝐇𝐢 allowing to compute ℎ⋆𝑖2. 
The means and standard deviations derived in the simulation represent 
our guesses for the location and scale parameters of both 𝑝(ℎ1) (i.e. the 
prior for the determinant) and 𝑝(ℎ⋆2 ). After setting prior distributions 
on 𝑝(𝐀𝐢), the determinant 𝑝(ℎ1) and the country-specific foreign impact 
responses 𝑝(ℎ⋆𝑖2), we derive the joint prior distribution of the global 
matrix as specified in Eq.  (5).

The overall prior for model (3) is given by: 

𝑝(𝐀,𝐃,𝐁) = 𝑝(𝐀)
𝑁
∏

𝑖=1
𝑝(𝑑𝑖|𝐀)

𝑁
∏

𝑖=1

𝑘𝑖
∏

𝑗=1
𝑝(𝐛𝑖𝑗 |𝐀,𝐃) (7)

where priors on 𝐃 and 𝐁 are discussed in details in Section A of the 
Online Appendix.

4.4. Posterior distributions of the structural parameters

We adapt the closed-form analytical expression for the marginal 
posterior distribution of the contemporaneous structural parameters 𝐀𝑖
in the context of the BS-GVARX, as follows: 

𝑝(𝐀|𝐘𝑇 ) =
𝜅𝑇 𝑝 (𝐀)

[

det
(

𝐀Ω𝑇𝐀′)]𝑇 ∕2

∏𝑁
𝑖=1

∏𝑘𝑖
𝑗=1

[

(2∕𝑇 ) 𝜏∗𝑖𝑗
]𝜅∗𝑖𝑗

𝑁
∏

𝑖=1

𝑘𝑖
∏

𝑗=1
𝜏
𝑘𝑖𝑗
𝑖𝑗 , (8)

with 𝜅∗
𝑖𝑗 = 𝜅𝑖 + (𝑇 ∕2), 𝜏∗𝑖𝑗 = 𝜏𝑖 + (𝜉∗𝑖𝑗∕2) and 𝜅𝑇  being a constant term for 

which (8) integrates to unity.
We use a random-walk Metropolis Hastings algorithm to generate 

different draws of the unknown elements of the global contemporane-
ous structural matrix 𝐀. Note that, for each draw, 𝐀 is numerically 
revised to account for the spillover effects to country 𝑖. The BH 
approach allows to derive the posterior distributions of 𝐃 and 𝐁. 
Specifically, let 𝜉∗𝑖𝑗 be the sum of squared residuals of a regression of 
𝐘̃𝑖𝑗 on 𝐗̃𝑖𝑗 , where 𝐘̃𝑖𝑗 and 𝐗̃𝑖𝑗 represent augmented vectors defined as 
𝐘̃𝑖𝑗 ≡

[

𝐲′𝑖1𝐚𝑖𝑗 ⋯ 𝐲′𝑖𝑇 𝐚𝑖𝑗 𝐦
′
𝑖𝑗𝐏𝑖𝑗

]′
 and 𝐗̃𝑖𝑗 ≡

[

𝐱′𝑖0 ⋯ 𝐱′𝑖,𝑇−1 𝐏𝑖𝑗

]′
, with 𝐏𝑖𝑗

denoting the Cholesky factor of 𝐌−1
𝑖𝑗 . Then, the posterior distribution 

of diagonal elements of 𝐃 given 𝐀 turns out to be 𝐼𝐺 (𝜅∗
𝑖𝑗 , 𝜏

∗
𝑖𝑗 ). Finally, 

the posterior distribution for the 𝑗th row of 𝐁𝑖 conditional on 𝐃 is 
Normal with mean and variance–covariance matrix equal to 𝐦∗

𝑖,𝑗 =
(𝐗̃ 𝐗̃ )−1(𝐗̃′ 𝐘̃ ) and 𝐌∗ = (𝐗̃ 𝐗̃ )−1 respectively.
𝑖𝑗 𝑖𝑗 𝑖𝑗 𝑖𝑗 𝑖𝑗 𝑖𝑗 𝑖𝑗

7 
5. Empirical results

5.1. Priors and posterior distributions of the contemporaneous structural 
parameters

Figs.  1 and 2 show the prior and posterior distributions obtained 
from estimation of model (3), focusing on the economic effects of 
positive climate shocks in different countries. Specifically, Fig.  1 plots 
the temperature effects and Fig.  2 the precipitation effects.

The prior beliefs on the structural parameters are revised for almost 
all countries. The most notable exception is the precipitation effect on 
economic growth of Saudi Arabia, where data are not informative to 
identify the structural parameter.

Considering the medians of the posterior distributions, 18 countries 
show a negative temperature effect on economic growth, whereas 16 
countries exhibit positive effects. Nevertheless, the positive medians 
are always below 1%, while, in the case of negatively affected coun-
tries, some effects are remarkable. The largest detrimental roles of 
temperature on economic activity are registered for Malaysia (−3.34%), 
Indonesia (−3.33%), Saudi Arabia (−2.93%), Mexico (−2.81%) and Brazil 
(−2.79%). Moving to the effects of precipitation on real GDP growth, 
the majority of countries registers a negative median effect, whereas 14 
countries are associated with positive medians. However, only in three 
countries the median in absolute value is higher than 1%, namely Saudi 
Arabia (−2.31%), Brazil (1.25%) and Canada (4.61%), confirming the 
established finding that the effect of precipitation on economic output 
is milder than the effect of temperature, at least at country-level.

5.2. Dynamic responses

Fig.  3 plots the dynamic impulse responses of GDP to positive 
temperature shocks of 1◦C at different time horizons. Analogously, Fig. 
4 focuses on the impulse responses of countries’ real GDP to a positive 
100 mm precipitation shock.

The picture emerging from the analysis classifies countries in dif-
ferent clusters according to the dynamics and significance of the 
estimated responses. There is large heterogeneity among the examined 
economies, ranging from countries where the economic response to 
climate shocks is more uncertain, to countries displaying more clear-cut 
dynamics. With reference to the responses to temperature shocks (Fig. 
3), all countries with positive contemporaneous median effects display 
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Fig. 1. Prior and posterior distributions for 𝑎𝑖,YT .
Notes: green lines denote the prior distributions. Blue histograms refer to posterior distributions. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
Fig. 2. Prior and posterior distributions for 𝑎𝑖,YP.
Notes: green lines denote the prior distributions. Blue histograms refer to posterior distributions. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
a negative or zero effect after 5 years, with the only exception of Nor-
way. This result is of paramount importance as it shows that, whereas 
some cold economies are positively affected by additional warming on 
a short horizon, still this effect vanishes or becomes negative over a 
longer period. In particular, in the case of Finland and France, the 
positive impact response reverses its sign and becomes negative and 
statistically significant up to 5 years. Regardless of the initial responses 
within the first year, 25 out of 33 responses are negative after 5 years. 
Moreover, the responses of some countries are always negative and 
always statistically different from zero, namely: Australia, Brazil, Italy, 
Mexico, Philippines and Thailand. All these countries are associated 
with economic losses induced by temperature increments in the climate 
econometrics literature (see e.g. Acevedo et al., 2020). Conversely, 
for the following countries we do not find any clear result, as the 
responses are uncertain at all the horizons considered: Belgium, China, 
Germany, India, Peru, Spain, Turkey, UK and New Zealand. Comparing 
this evidence with previous analyses, these counties are either part of 
8 
the group of rich economies for which the effect is unclear (see Acevedo 
et al., 2020; Dell et al., 2012) or too big and heterogeneous for a net 
effect to be disentangled (as pointed out by Kahn et al., 2021).

Moving to economic responses to precipitation shocks, we find 
completely uncertain effects for 11 countries, namely Argentina, China, 
Italy, Mexico, Norway, Philippines, Singapore, Sweden, Turkey, the US 
and Saudi Arabia. The 12 countries which are negatively affected in 
economic terms by unexpected precipitation shocks (Austria, Belgium, 
Finland, France, Germany, India, Japan, Malaysia, Netherlands, South 
Africa, Switzerland and the UK) are mostly located in the areas exposed 
to flooding risk, i.e. Northern Europe and South-Eastern Asia.17 For 
Brazil, Canada and Peru, the response is always positive and significant. 
One possible explanation is that these three countries have in common 

17 See https://www.visualcapitalist.com/countries-highest-flood-risk/.

https://www.visualcapitalist.com/countries-highest-flood-risk/
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Fig. 3. Cumulated impulse response functions of real GDP to temperature shocks.
Notes: blue lines represent the medians of the responses from the estimation of the global model. Shaded areas denote the credible regions comprehending the 68% of the 
distributions.
Fig. 4. Cumulated impulse response functions of real GDP to precipitation shocks.
Note: blue lines represent the medians of the responses from the estimation of the global model. Shaded areas denote the credible regions comprehending the 68% of the distributions.
the large share of hydro-power electricity, which can justify the relative 
economic benefit of additional precipitation.18

18 See https://www.hydropower.org/region-profiles/south-america and 
https://www.iea.org/reports/climate-impacts-on-latin-american-hydropower/
climate-impacts-on-latin-american-hydropower for South-American countries 
and https://www.statcan.gc.ca/o1/en/plus/5776-hydroelectricity-generation-
dries-amid-low-precipitation-and-record-high-temperatures for the Canadian 
case.
9 
Overall, the results from the dynamic analysis bring us to the 
conclusion that, in general, climate change is a harmful phenomenon 
for the majority of countries, despite some of them may benefit in 
economic terms from climate shocks, especially in the very short term.

6. Discussion

The relationship between climate and the economy can be better 
understood if examined across different regions focusing on the role of 
spillovers across countries. In this section we discuss our findings by 

https://www.hydropower.org/region-profiles/south-america
https://www.iea.org/reports/climate-impacts-on-latin-american-hydropower/climate-impacts-on-latin-american-hydropower
https://www.iea.org/reports/climate-impacts-on-latin-american-hydropower/climate-impacts-on-latin-american-hydropower
https://www.statcan.gc.ca/o1/en/plus/5776-hydroelectricity-generation-dries-amid-low-precipitation-and-record-high-temperatures
https://www.statcan.gc.ca/o1/en/plus/5776-hydroelectricity-generation-dries-amid-low-precipitation-and-record-high-temperatures
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Fig. 5. Correlation of temperature and precipitation median impact responses and country-specific economic features.
Note: Some country labels are dropped to improve readability.
Fig. 6. Prior and posterior distribution of the foreign temperature effects.
Note: green lines denote the prior distributions. Blue histograms refer to posterior distributions. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
looking at: (𝑖) the distribution and heterogeneity of the economic re-
sponses to climate shocks among countries with different geographical 
and economic characteristics; (𝑖𝑖) the importance of spillovers and the 
role of trade in spreading climate shocks.
10 
6.1. Disentangling geographical and income heterogeneity

The high degree of cross-sectional heterogeneity among the eco-
nomic responses to temperature and precipitation shocks suggests to 



M. Ahmadi et al. Economic Modelling 148 (2025) 107082 
Fig. 7. Prior and posterior distribution of the foreign precipitation effects.
Note: green lines denote the prior distributions. Blue histograms refer to posterior distributions. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
identify some regular patterns with respect to geographic and climate 
areas and country-specific economic features.

In line with the literature, we find that higher temperature is 
detrimental for economic output in hot and tropical areas, although it 
may boost growth in colder countries in the short run (see Acevedo 
et al., 2020; Burke et al., 2015; Kahn et al., 2021).19 At the same 
time, a higher level of development is commonly associated with higher 
responses of economic output to climate shocks. All countries recording 
a positive on-impact response to a temperature shock are located in 
temperate or cold regions (Europe and Canada) and classified as high 
income countries. Nevertheless, the contrary is not necessarily true, 
as the US, Japan, Italy and Australia show negative responses even 
within the first year. On average, emerging markets suffer the most, 
as there is no country within this group that positively reacts to an 
increase of 1◦C in temperature. Thus, not all the developed economies 
are positively affected by temperature shocks, but all the positively af-
fected countries are actually high-income. This results have paramount 
economic implications, as it is well documented that the unbalance 
in climate shocks exposure is associated with an increase in income 
inequalities (Diffenbaugh and Burke, 2019; Taconet et al., 2020). As 
discussed in Section 2, the distributional implications of climate change 
can be severe and the heterogeneity of cross-country effects from 
climate shocks is expected to exacerbate the already existing disparities.

It is also worth stressing that the (few) positive effects are short-
lived, as they become indistinguishable from zero after one year, or, in 
the case of Finland and France, even negative. Moreover, an interesting 
finding from our analysis is the presence of significant effects among 
some cold and developed countries, which adds fresh evidence to the 
previous empirical studies.

To deepen the interpretation of our results, we study the relation 
between the responses of economic activity to climate shocks and 
some key elements which capture the heterogeneity of the analyzed 
countries, such as the relative importance of the agricultural sector, 
economic development and international trade (see Dell et al., 2014).

19 An exception is Saudi Arabia, for which our estimates indicate that a 
positive temperature shock will boost economic activity after the first year. We 
explain this result with the country’s relatively peculiar economic structure: 
Saudi Arabia is in fact one of the most oil-dependent economies in the world. 
Thus, for Saudi Arabia energy shocks are likely to dominate climate shocks.
11 
The first variable we consider is a dummy which is equal to 1 if the 
𝑖th country is a high-income economy and is 0 otherwise. We regress 
the median impact responses of real GDP to temperature and precipita-
tion shocks on this dummy in order to assess if the level of development 
positively or negatively correlates with the average estimated climate 
effect. The second variable is the share of agriculture on total GDP. 
The choice of this variable is motivated by the existing literature which 
documents the exposure of agriculture to climate shocks. As before, 
we regress the previous impact responses on the share of agriculture. 
We interpret the estimated coefficients as the impacts of an increase 
in the agriculture share on the median climate responses. The third 
variable is the Economic Complexity Index (ECI), which reflects the 
number and complexity of products a country exports. We employ this 
variable as a summary of the main features of an economic system. 
We regress the climate impact responses on this third variable. The 
coefficients associated with the ECI quantify the effect on the median 
climate impacts of a one-unit increase in the index.

Fig.  5 summarizes the results of this analysis by showing the corre-
lations of the responses to climate shocks and (𝑖) share of agriculture 
in top panels, (𝑖𝑖) ECI in bottom panels. The left-hand side of the 
figure refers to temperature shocks, while the right-hand side considers 
precipitation shocks.

We find that countries classified as high income economies exhibit 
0.9%-higher responses of economic activity to temperature shocks. 
Moreover, a 1% increase in the share of agriculture over total GDP 
corresponds to a reduction of 15.35% of the median GDP response to 
temperature shocks. The ECI is positively correlated with the impact 
GDP responses to temperature shocks: a one-unit increase in the index 
yields a 0.4% higher median response.

Moving to the economic responses to precipitation shocks, a high-
income economy is associated with a lower average impact (−0.07%). 
An increasing ECI translates to a lower median response of economic 
activity to a precipitation shock (−0.19%), whereas a 1% increase in the 
share of agriculture corresponds to higher GDP responses (2.19%).

Overall, the correlations associated with impacts to precipitation 
shocks closer to zero with respect to the corresponding correlations 
obtained for responses to temperature shocks. As intuition suggests, 
countries that rely more on agriculture benefit in economic terms from 
precipitation shocks, whereas they are dampened and more exposed 
to temperature shocks. The low correlations shown for the case of 
responses to precipitation shocks may depend on the aggregation at 
country level, given that rainfall is much more heterogeneous from 
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a spatial point of view with respect to temperature (as stressed in 
Damania et al., 2020).

6.2. The role of trade

International trade represents one of the most important sources 
of spillovers among countries. With our model we can easily disen-
tangle the role of trade in spreading the effects of climate shocks to 
different economies. In this respect, we compute the ‘‘foreign’’ pos-
terior distributions of the model for each country (i.e. the posterior 
distribution associated with ℎ⋆𝑖2).20 These distributions are reported in 
Figs.  6 and 7, where the economic responses to foreign temperature 
and precipitation shocks are shown. As it is displayed, the simulated 
prior distributions for these spillovers are completely flat relative to the 
posterior distributions, which implies that the results are data-driven.

By construction, the medians of these distributions represent the 
pure effect of trade spillovers, so that it is possible to state if coun-
tries are positively or negatively affected by trade. In our sample, 
the average spillover from economic responses to foreign temperature 
shocks is −0.36%, with all countries showing a negative median, with 
the exception of Finland and Norway. The most detrimental role of 
trade is reported for Argentina, which response to foreign temperature 
shocks is −1.2% in median. Similarly, in the case of precipitation shocks 
spillovers, 31 countries out of 33 show negative median responses. The 
only exceptions are Argentina and the US. The trade effect is maximum 
for the US (0.98%) and minimum for Canada (−0.4%).

Strikingly, in nearly all examined countries, trade amplifies the 
negative effects of climate shocks, although some economies suffer 
more from trade interdependence than others.

Given that the trade structure of the countries in our sample varies 
considerably, we collect a series of variables that can help in disen-
tangling the heterogeneity of the spillover effects. In particular, we 
consider the number of exporting partners for each country (Number), 
the share of food products in total trade (Share), the Hirschman–
Herfindahl Market Concentration Index (HH MCI) and the index of 
export market penetration (IEMP). Finally, since the European single 
market is the most important free trade zone within our sample, we 
also construct a binary variable (Europe) selecting countries member 
of the EU and EFTA.21 The number of exporting countries is included 
to reflect the trade openness of a country. The percentage share of 
traded food products is selected to proxy agriculture’s weight in trade 
of a given country, a factor that is important for explaining climate 
shocks economic responses. The HH MCI measures the dispersion of 
trade: countries with trade concentrated in few markets have an index 
close to 1 (the maximum), whereas countries with a more diversified 
trade portfolio have an index closer to zero (the minimum). The IEMP 
is computed as a ratio between the number of countries to which 
the reporting country exports a particular product and the number of 
countries that import the product in a given year.22

We estimate two regression models where the dependent variables 
are the economic spillovers of temperature and precipitation shocks are 
regressed on the set of variables described above (see Table  3). 

Focusing temperature shocks, the spillover effects are positively 
associated with the HH MCI and Europe. Thus, European countries 
benefit more from cross-country interdependence than the rest of the 

20 Note that the previous posterior distributions shown in Figs.  1 and 2 are 
also accounting for spillovers, as they refer to the global model. In this section, 
we are isolating the role of spillovers without taking into account the domestic 
effects, since we want to focus on the role of trade.
21 The inclusion of EFTA countries allows to select also Norway and 
Switzerland as part of a broader definition of the European trade area.
22 All these variables are obtained from the World Bank’s World Integrated 
Trade Solution country profiles, and refer to the most recent available year. 
Source: country profiles and trade summary at https://wits.worldbank.org/
countrystats.aspx?lang=en.
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world in terms of spillovers of temperature shocks. Share is negatively 
correlated with temperature shocks spillovers, as higher values of this 
share correspond to −2.23% of GDP growth effect coming from foreign 
countries. The coefficients associated with Number and the IEMP are 
very close to zero.

As for precipitation shocks, the coefficient of Share has a positive 
sign: countries trading more food products are associated with higher 
spillover effects (0.28%). The HH MCI and Europe exhibit negative 
correlations. In this case, countries with a higher HH MCI (trade 
concentrated in few markets and less diversified) and part of the Euro-
pean commercial area show negative spillover effects. The coefficients 
associated to temperature shocks are higher than those of precipitation 
spillovers, suggesting that temperature shocks propagate more with 
respect to precipitation shocks.

Literature on trade and climate change agrees on the importance of 
agriculture as a channel of transmission of weather shocks to import 
and export changes, but is controversial on the role of trade among 
countries. Some studies state that trade acts as a mitigation tool, others 
suggest that trade amplifies the effects of climate shocks (see, e.g., 
Dall’Erba et al., 2021; Gouel and Laborde, 2021; Jones and Olken, 
2010; Kompas and Van Ha, 2019). In our analysis, we find that trade 
is detrimental in spreading climate shocks, as almost all the spillovers 
are negative. This could be a direct consequence of the fact that the 
majority of countries exhibits negative economic growth in response 
to climate shocks. Hence, there are few positive economic responses to 
climate shocks to redistribute, while there are more (and more severe) 
climate damages that can be spread via trade.

7. Robustness checks

We assess the robustness of our identification approach with three 
different exercises.23

In the first, we increase the uncertainty in our sets of prior distri-
butions while maintaining the same prior modes and sign restrictions. 
The idea is to verify if the obtained results are similar to the findings of 
our main specification. The first robustness check does not modify the 
prior distributions for the parameters 𝑎𝑖,PT , since the scale coefficient 
is already large. For the parameters 𝑎𝑖,YT and 𝑎𝑖,YP we set a standard 
deviation of 0.2, which is four times larger than the standard deviation 
reported in Table  2.

The second robustness check consists in a completely agnostic re-
cursive model specification, as we center the parameters 𝑎𝑖,PT , 𝑎𝑖,YT
and 𝑎𝑖,YP at zero, without any truncation in the domain, and we set 
the scale coefficient at 100.

Figs.  8 and 9 report the impulse response functions of the first 
robustness analysis. We do not detect significant differences in the 
dynamic responses. This finding suggests that the prior beliefs in Table 
2 are adequate for the identification of the structural shocks. Even if 
uncertainty is higher, all the shapes and trajectories of the responses to 
both climate shocks do not change with respect to the original impulse 
responses.

Figs.  10 and 11 show the cumulated dynamic responses for the 
second robustness check and demonstrate that, without informative 
priors, the responses of economic activity to climate shocks can vary 
considerably and are often counter-intuitive.

With these two robustness exercises we learn that informing the 
model with reasonable prior beliefs is crucial, and that the prior distri-
butions we specify in our original model are not too stringent in driving 
the results.

For the third robustness check we consider: (𝑖) a first specification 
in which the variable Y𝑖𝑡 is replaced with manufacturing value added; 
(𝑖𝑖) a second specification in which the same variable is substituted 

23 In this section we present the main results, whereas details are reported 
in Section B of the Online Appendix.

https://wits.worldbank.org/countrystats.aspx?lang=en
https://wits.worldbank.org/countrystats.aspx?lang=en
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Table 3
Correlation coefficients: drivers of the spillover effects.
 Foreign temperature median effect Foreign precipitation median effect 
 Number 0.0022 −0.0040  
 Share −2.2287 0.2873  
 HH MCI 0.9470 −0.6586  
 IEMP 0.0005 0.0075  
 Europe 0.3815 −0.1682  
Notes: The reported coefficients are obtained from two distinct regression models. In the first column, the 
dependent variable is the foreign temperature median effect. In the second column, the dependent variable 
is the foreign precipitation median effect. Reported values are in percentage terms.
Fig. 8. Cumulated impulse response functions of real GDP to temperature shocks: first robustness check.
Note: blue lines and shaded areas represent the medians of the responses and the credible regions of the distributions of the main model. Red dotted lines and shaded areas refer 
instead to the first robustness check. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 9. Cumulated impulse response functions of real GDP to precipitation shocks: first robustness check.Note: See Fig.  8.
with the value added generated by agriculture; (𝑖𝑖𝑖) a third specification 
in which we maintain the agricultural value added as the economic 
variable of interest and we consider agri-food trade weights to construct 
both the foreign variables and the priors for the foreign effects.
13 
With this third robustness check we aim to assess if the effects 
of climate shocks are more related to a specific sector, rather than 
affecting uniformly all the economy. Moreover, since previous results 
indicate that the spillover effect is correlated with the share of food 
products in total trade, it is crucial to verify if our findings change 
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Fig. 10. Cumulated impulse response functions of real GDP to temperature shocks: second robustness check.
Note: blue lines and shaded areas represent the medians of the responses and the credible regions of the distributions of the main model. Red dotted lines and shaded areas refer 
instead to the second robustness check. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 11. Cumulated impulse response functions of real GDP to precipitation shocks: second robustness check.Note: See Fig.  10.
by considering a weighting scheme based on agricultural bilateral 
trade. We source annual data on agricultural and manufacturing value 
added and cross-country import and export data on crops and livestock 
products from FAOSTAT.24

Fig.  12 summarizes the results of the third robustness check. For the 
majority of countries, the effects of temperature shocks to agriculture 
are higher in absolute terms with respect to manufacture, confirming 
that the agricultural sector is more reactive to climate fluctuations than 
the industrial sector. In the case of cold countries (Austria, Canada, 
Finland, Sweden, Switzerland and the UK), a positive climate shock 
raises agricultural value added. On the contrary, for the majority of 

24 See https://www.fao.org/faostat/en/#data. We consider the same time 
span of the original analysis (1960–2019). The new weight matrix is 
constructed following the same procedure reported in Section 3.
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hotter countries (Argentina, Australia, Brazil, India, Indonesia, Italy, 
Malaysia, Mexico, Peru, Philippines, Singapore, South Africa, Saudi 
Arabia, Spain and Thailand) the effects are negative. For the remaining 
countries, the effects are uncertain. From an economic perspective, 
these findings are in line with the intuition that higher temperature 
is detrimental for agriculture when the starting temperature conditions 
are already high, whereas cold countries, generally less dependent on 
agriculture, benefit from warmer temperatures.

For seven countries (Austria, Canada, Finland, France, Sweden, 
Switzerland and the US) the effect of a temperature shock on manu-
facturing value added is positive and significant. Note that all these 
countries are located in cold regions and characterized by a high level 
of economic development. For all the other countries, the effects are 
either negative or not significant.

Finally, we find that there is not a remarkable difference in the 
results obtained with the two weighting matrices. This conclusion is 

https://www.fao.org/faostat/en/#data
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Fig. 12. Median impact responses of different economic variables to temperature shocks.
Note: Gray bars correspond to the median impact responses of real GDP. Red bars correspond to the median impact responses of manufacturing value added. Green bars correspond 
to the median impact responses of agricultural value added (with the total trade weights model). Blue bars correspond to the median impact responses of agricultural value added 
(with the agri-food trade weights model). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
supported by comparing the median impact responses of agricultural 
value added to temperature shocks using the total trade weights model 
(green bars in Fig.  12) with those using the agri-food trade weights 
model (blue bars in Fig.  12).

8. Concluding remarks

This article studies the effects of climate shocks on real economic 
activity in a global setup. Our analysis considers several regions of 
the world, with different economic and geographic characteristics. 
Specifically, we focus on the effects of temperature and precipitation 
shocks on real GDP in 33 countries of the world at different levels 
of development and with different climatic conditions for the period 
ranging from 1960 to 2019.

The empirical investigation is based on a new model which al-
lows us to disentangle the temperature and precipitation effects on 
economic outcome and to include cross-country spillover effects that 
involve bilateral trade. To perform this analysis, we develop a new 
Bayesian Structural Global Vector Autoregressive (BS-GVARX) model, 
that accounts for the structural interpretation of the shocks, the in-
terdependence across the countries and the endogenous relationship 
between climate and economic activity. Our model is new since it 
departs from the canonical reduced form GVAR (Pesaran et al., 2004; 
Dees et al., 2007; Chudik and Pesaran, 2016) by considering a full 
structural identification of the shocks. We design a single global spec-
ification which nests all the country-specific models and adds role of 
trade spillovers among different economies. Specifically, we achieve 
identification in the global model by accounting for interdependence 
via the impact multiplier matrix.

Our results show that the majority of countries is negatively exposed 
to temperature shocks, and that the few countries associated with 
positive economic impacts exhibit either not significant or negative 
responses in the medium-term. In this respect, we are in line with 
the findings of Kahn et al. (2021), showing that positively affected 
countries within a very short horizon exhibit economic losses in the 
medium-long term. Economic responses to precipitation shocks are 
more heterogeneous and less clear-cut, with a mix of not significant, 
positive (few) and negative (many) outcomes. Despite the larger uncer-
tainty, the few countries that are positively affected in the first year are 
either characterized by a non-significant or negative economic response 
in the medium term. To sum up, our results suggest that the effects 
15 
of climate shocks are more negative than positive, as the majority of 
countries experience a reduction of economic output, in line with the 
general findings of Acevedo et al. (2020), Burke et al. (2015) and Dell 
et al. (2012). Whereas for some countries this effect is instantaneous, 
for others it takes more than one year to manifest.

We show that these effects are linked to the agricultural sector’s 
role in the economy. Specifically, increasing shares of agriculture are 
associated with decreasing economic impacts to temperature shocks, 
while the response to precipitation shocks intensifies.

Finally, we underline the importance of cross-country interde-
pendence in amplifying the negative effects of climate shocks. We 
demonstrate that spillovers are negative for almost all countries and 
depend on the country-specific trade structure and product mix. 
Specifically, we find that the most important drivers of country inter-
dependence are the share of food products over total country-specific 
trade and the Hirschman–Herfindahl market concentration index. The 
magnitude of the spillovers also depends on the presence of countries 
within the European commercial area, suggesting that the more intense 
is trade among countries, the larger is the role of spillover in spreading 
climate shocks. Moreover, we find that temperature shocks propagate 
across countries more than precipitation shocks.

Some additional analyses considering the sectoral decomposition of 
GDP reveal that the most impacted activity is agriculture, whereas the 
climate effect on the manufacturing sector is more limited.

Our findings have significant policy implications. Developing coun-
tries not only face greater economic losses from climate shocks, but 
must also devote substantial resources to climate policies. This dynamic 
exacerbates income inequality and increases exposure to climate risk.

To address these challenges, climate policies should find a balance 
between adaptation and mitigation measures, aiming to reduce climate-
induced income disparities and promote a fair redistribution of climate 
policy costs across countries.

One limitation of the current study is that it considers only 33 coun-
tries. Future research should expand the analysis to a broader set of 
countries to better capture the structural climate-economy relationship 
across other geographical regions.

Additionally, our model examines the effects of climate shocks on 
an aggregate measure of economic output, but does not distinguish 
between supply- and demand-driven shocks. Determining whether cli-
mate change primarily affects economic activity through the supply 
side (e.g. productivity, infrastructure, and production) or aggregate 
demand (e.g. price channels) is essential for designing more targeted 
and effective climate policies.
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