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Abstract

This paper introduces a methodology to identify temperature distributional shocks, i.e.,
shocks capturing shifts not only in the average but also across different quantiles of the tem-
perature process. Using data for the globe and a panel of 21 economies, we consistently recover
three types of local and global temperature distributional shocks and estimate their macroeco-
nomic impacts on output growth, total factor productivity, inflation and inequality. The first
type of shock captures a classic distributional shift and yields economic responses consistent
with studies that assume the average temperature as a sufficient statistic for climate change.
Our key contribution is to uncover two additional shock-types reshaping the temperature distri-
bution while leaving the average approximately unchanged: (i) a variability-shock that moves
mid-lower and mid-upper quantiles in opposite directions, and (ii) an extremes-shock that shifts
the tails relative to the center. These variability and extremes factor-shocks induce economic
responses not documented in standard average-based approaches. Our results reveal the value
of modeling changes in the whole temperature distribution for climate-macro analysis and carry
important implications for social cost of carbon estimation and climate-related risk assessment.
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1 Introduction

There is no doubt that climate change is hurting economic activity worldwide. Global average
temperature is now more than 1.2°C above pre-industrial levels, and the consequences of this de-
gree of warming are already being felt in the form of more frequent and severe extreme weather
events, including droughts, floodings, wildfires, and massive storms (ARG-IPCC, 2021). The cli-
mate—economics literature has extensively documented the adverse effects of rising temperatures on
economic performance (Dell et al., 2012; Burke et al., 2015; Hsiang et al., 2017; Newell et al., 2021;
Neal, 2023; Bilal and Kénzig, 2024; Kotz et al., 2024; Nath et al., 2024). The standard empirical
approach to estimating climate damages relies on projecting the levels or shocks of local or global
average temperatures onto economic outcomes using panel or time-series methods (Hassler et al.,
2024; Bilal and Stock, 2025). This strategy implicitly assumes that the mean temperature is a suf-
ficient statistic for climate change effectively capturing all climatic forces that influence economic

activity.

However, under the well-established heterogeneity in climate change dynamics across space and
time (Chapman et al., 2013; Ji et al., 2014; Gadea and Gonzalo, 2025), assuming the average tem-
perature as a sufficient statistic for climate change may yield biased estimates of true economic
damages: projecting only averages masks the potential effects of changes in other characteristics of
the temperature distribution that may exert distinct and non-linear effects on economic outcomes.
This paper addresses this limitation by proposing a new methodology to identify temperature dis-
tributional shocks, i.e., shocks that capture not only shifts in the mean but also across different
quantiles of the temperature process. The identification strategy proceeds in three steps. First,
annual time series of temperature distributional characteristics are constructed following Gadea
and Gonzalo (2020) using data from Version 4 of the Climatic Research Unit gridded Time Series
(CRU-TS v4) dataset (Harris et al., 2020). Second, individual shocks are extracted by applying the
Hamilton (2018) filter to each individual characteristic,® isolating deviations from their long-run
trends. Third, because the resulting shocks are contemporaneously correlated, a factor model (Bai
and Ng, 2002) is employed to extract a small number of uncorrelated latent factors summarizing

their common sources of variation.

The empirical analysis distinguishes between global and local temperature distributional shocks.
Global characteristics are computed from the annual cross-sectional distribution of all temperature

grids worldwide, whereas local characteristics are derived from country-specific subsets of these

!This extends the procedure in Bilal and Kénzig (2024) from average temperature shocks to the full temperature
distribution.



grids. In both cases, the factor decomposition of the matrices of Hamilton-filtered shocks consis-
tently identifies three orthogonal common factors capturing the dominant sources of co-movement
across distributional characteristics. The first factor corresponds to a classic distributional shift,
with same-sing loadings across all characteristics, and representing innovations that shift the entire
temperature distribution in the same direction as the average. The second factor, characterized
by loadings of opposite sign in the lower and upper parts of the distribution, reflects changes in
variability, i.e., widening or narrowing of the temperature range around the mean. The third factor
displays positive loadings in both tails and negative loadings at central quantiles, capturing extremes

shocks associated with an intensification of temperature extremes relative to median conditions.

The dynamic macroeconomic effects of these shocks on output growth, total factor productivity
(TFP), inflation, and inequality are estimated using country-level local projections (Jorda, 2005).
We consider a sample of 21 countries for which we have reliable economic data. A brief summary
of the results is as follows. Responses of output and TFP to the local and global distributional
shift factor are aligned to the standard literature documenting contractionary effects of mean-
temperature shocks. Once higher-order temperature shocks are considered, additional dimensions
of climate risk emerge. While in the United States the distributional shift factor alone is sufficient to
explain output responses, in other economies—such as France and Switzerland—the variability and
extremes local factors generate additional and persistent output and TFP declines. In Spain, the
extremes local factor is an important source of output losses while the distributional shift factor has
no effect. These type of findings cannot be uncovered in analyses restricted to mean temperature
and reveal the value of accounting for changes in the entire temperature distribution when assessing

the macroeconomic impacts of climate change.

The motivation for distinguishing between global and local temperature distributional shocks
lies in their fundamentally different propagation mechanisms, as illustrated in Figure 1. Global
shocks represent innovations to the worldwide temperature distribution that originate from large-
scale physical forcings—such as variations in the Earth’s radiative balance, changes in greenhouse
gas concentrations, volcanic aerosols, or ocean—atmosphere cycles like ENSO—which jointly mod-
ify the global mean and the shape of the temperature distribution (Hansen et al., 2005; Trenberth
et al., 2014). These shocks affect all regions simultaneously, both directly through higher average
temperatures and indirectly through the intensification of extreme events (Bilal and Kénzig, 2024;
ARG6-IPCC, 2021), disruptions in trade networks (Neal, 2023), and shifts in world energy and food
markets. By contrast, local shocks capture country-specific innovations in the temperature distri-
bution arising from regional circulation anomalies, land—atmosphere feedbacks, or topographical

heterogeneity (Quesada et al., 2012; Screen and Simmonds, 2014; Brunner et al., 2017). Their
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Figure 1: Transmission mechanisms of global and local temperature shocks

macroeconomic transmission operates primarily through domestic production, labor productivity,
and price channels, and their effects may differ markedly from global shocks in persistence, sign,
and magnitude. Together, these two dimensions generate distinct yet interconnected pathways
through which climate variability influences economic activity: global factors shaping the common

climate baseline and local factors mediating region-specific responses.

Understanding the macroeconomic consequences of climate change is fundamental for designing
effective adaptation and mitigation policies. Reduced-form damage estimates combined with growth
models are routinely used to compute welfare losses and to calibrate the Social Cost of Carbon
(SCC) (Bilal and Stock, 2025). Recent estimates by Bilal and Kénzig (2024) place the SCC at
$1,367 per ton of CO4, among the highest reported in the literature. In the presence of additional
shocks to the temperature distribution not captured by the mean, the true SCC is likely even
higher. Our results therefore underscore the need to incorporate temporal and spatial heterogeneity
in climate dynamics into damage assessments to capture the full range of climate-related economic

consequences.

This paper extends the recent contributions of Bilal and Kénzig (2024) and Nath et al. (2024)
beyond the average temperature, providing a unified empirical framework to study macroeconomic
responses to shocks across the entire global and local temperature distributions. Related stud-

ies—such as Colacito et al. (2019), Cipollini et al. (2023), and Nguyen (2024)—examine seasonal



or within-year variations in temperature, while others focus on shocks to specific moments such as
variability, skewness, or kurtosis (Donadelli et al., 2022; Kotz et al., 2021; Giraldo et al., 2025).
To the best of our knowledge, this paper is the first to analyze individual shocks to temperature
distributional characteristics and to extract their uncorrelated sources of common variation using
a factor model. The finding that co-movements in these shocks are driven by three distinct factors

constitutes a novel empirical result in the climate—economics literature.

The remainder of the paper is organized as follows. Section 2 reviews the related literature. Sec-
tion 3 describes the data and methodology. Section 4 presents the empirical results and robustness

analyses. Section 5 concludes.

2 Related Literature

This paper contributes to the expanding literature that quantifies the economic effects of climate
change. Existing studies can broadly be classified into two approaches: bottom-up semi-structural
models and top-down reduced-form analyses (Hsiang, 2016; Hassler et al., 2024). Recent surveys by

Lemoine et al. (2025) and Kopits et al. (2025) provide comprehensive overviews of both traditions.

Bottom-up approaches specify explicit mechanisms linking climate change and economic out-
comes—such as agricultural yields, labor productivity, or health—and then aggregate sectoral dam-
ages using semi-structural models. Classic contributions include the early integrated assessment
models of Nordhaus (1992) and Tol (2002). Subsequent work, such as the European Commission’s
PESETA ((Projection of Economic Impacts of Climate Change in Sectors of the European Union
Based on boTtom-up Analysis) project, has refined these analyses for Europe and the United King-
dom, producing detailed assessments of physical and sectoral damages. For instance, the PESETA
IV report (Feyen et al., 2020) estimates that a global warming of three degrees would reduce welfare
in the European Union by roughly 1.38% percent of GDP per year. While bottom-up estimates
are informative about mechanisms, they are often incomplete, as not all climate—economy linkages

can be explicitly modeled, and they depend heavily on modeling/calibration choices.

This paper belongs to the second group of studies, top-down, an approach that exploits observed
historical variation in climate variables to estimate their aggregate economic effects. The canonical
specification relates GDP growth or levels to average temperature and precipitation in panel data
with fixed effects models, so that identification relies on year-to-year idiosyncratic weather fluctua-
tions. The pioneering work of Dell et al. (2012) showed that a 1°C increase in temperature reduces

annual GDP growth by roughly 1.3% in poor countries but has negligible effects in rich ones. Burke



et al. (2015) extended this framework by demonstrating a nonlinear, concave relationship between
productivity and temperature, with a global optimum near 13°C. Subsequent studies—including
Burke et al. (2018), Kahn et al. (2021), Kotz et al. (2021), and Newell et al. (2021)—confirmed the
robustness of these relationships and documented medium-term output losses of between 0.5 and

2.0% of GDP.

Despite their empirical success, these panel models face several econometric challenges. Nath
et al. (2024) emphasize three: i) including lags of temperature and GDP is crucial to mitigate bi-
ases and prevents incorrect inferences about growth versus level effects, i) nonlinearities are better
modeled through state dependence than through quadratic terms; and i) causal inference should
rely on innovations (temperature shocks) rather than on the levels of temperature itself. Building
on these insights, Nath et al. (2024) define temperature shocks as innovations to a nonlinear autore-
gressive temperature process and estimate their macroeconomic effects using state-dependent local
projections (Gongalves et al., 2024). The resulting impulse responses reveal large and persistent

GDP growth losses, consistent with the high temporal persistence of temperature shocks.

A key assumption in most of these studies is that a country’s economic outcomes respond
only to its own local temperature, while global temperature dynamics or the shocks of trading
partners and neighbors are treated as exogenous or part of the error term. Recent work has
questioned this assumption. Neal (2023), for example, shows that augmenting traditional growth
regressions with global average temperature—following the logic of Dell et al. (2012) and Burke
et al. (2015)—substantially changes both the magnitude and interpretation of estimated damages:
once global temperature is controlled for, local temperature shocks capture relative, not absolute,
climate variation, and estimated damages become markedly larger. Along similar lines, Bilal and
Kénzig (2024) use time-series methods to isolate both local and global temperature shocks following
the procedure of Hamilton (2018). Using local projections, they find that a 1°C global temperature
shock reduces cumulative world GDP growth by about 12% at its peaking (six years after the
shocks)—roughly six times larger than the estimates from panel regressions based solely on local
fluctuations. The difference arises because panel fixed effects implicitly remove the common compo-
nent of temperature variation, masking the global temperature contribution. Global temperature
shocks are often associated with large-scale extreme events such as droughts, extreme winds, and

heavy precipitation, which tend to have more pronounced effects on economic activity.

While economic growth is by far the most studied outcome, the macroeconomic effects of climate
change extend to other domains. Recent work has examined prices and inflation (Faccia et al., 2021;

Ciccarelli and Marotta, 2024; Kotz et al., 2024; Lucidi et al., 2024), inequality (Gilli et al., 2024;



Mumtaz and Theophilopoulou, 2024), and fiscal or financial risks (Zenios, 2022; Barrage, 2024;
Pintus et al., 2024; Akyap1 et al., 2025). Most studies focus exclusively on the effects of changes in
local or global average temperatures implicitly assuming that the average is a sufficient statistic for
climate change. A growing set of contributions challenges this assumption. Colacito et al. (2019),
Nguyen (2024), and Cipollini et al. (2023), for example, move beyond annual averages by exploit-
ing seasonal temperature variation. Nguyen (2024) finds that warmer winters temporarily boost
employment growth in U.S. counties, whereas hotter summers lead to persistent losses. Another
closely related strand focuses on the effects of climate volatility and higher-moment risks. Alessan-
dri and Mumtaz (2025) study temperature risk, defined as volatility in average shocks within a VAR
with stochastic volatility, linking greater climate uncertainty to lower expected growth. Donadelli
et al. (2022) instead consider a different concept of volatility and construct a measure of within-year
temperature variability with contractionary effects on productivity growth. Giraldo et al. (2025)
extend this logic by modeling variance, skewness, and kurtosis of temperature distributions and

analyze their effects on the conditional distribution of GDP growth.

Our work is closest to the latter studies but differs in both scope and methodology. Specifically,
we introduce a novel framework that extends the recent average-shock-based approaches of Bilal and
Kéanzig (2024) or Nath et al. (2024) to a broader set of temperature distributional characteristics.
Compared to Donadelli et al. (2022) and Giraldo et al. (2025), we do not impose the nature
of the shock by simply introducing higher moments characteristics as regressors: our shocks are
data-driven, derived from observed temperature characteristics dynamics. The resulting three-
factor structure—capturing shifts in the distribution’s location, spread, and extremes, provides
an empirical representation of climate variability that, to our knowledge, has not been previously
documented in the climate-economics literature. This framework reveals macroeconomic responses

that cannot be uncovered by analyses focusing solely on average temperature shocks.

3 Methodology

3.1 Data

Temperature data is obtained from Version 4 of the Climatic Research Unit gridded Time Series
(CRU-TS v4) dataset (Harris et al., 2020). CRU-TS v4 reports monthly average temperatures for
land grid cells (excluding Antarctica) at 0.5° x 0.5° spatial resolution. Data for 67,420 grids from
1901 to 2023 is available, with no missing observations. Macroeconomic variables include real GDP

per capita, total factor productivity (TFP), consumer price inflation, and income inequality. Table 1



lists data sources and series definitions. The empirical analysis is conducted at annual frequency
over 19602019, the longest span with broad coverage across macroeconomic series. The country
sample comprises the 21 the OECD economies mentioned in Table 2, although the methodology is
applicable to any region or country for which gridded temperatures and macro data are available.
For expositional clarity, figures in the main text focus on a subset of eight countries, while results

for the full sample are reported in the Online Appendix.

Table 1: Data Description and Sources

Variable Description Starting Source

Output GDP per capita in constant 2015 US dollars 1960 World Development Indicators (World Bank)
Prices Consumer Price Index (2010 = 100) 1960 World Development Indicators (World Bank)
TFP Total Factor Productivity, 2010 U.S. Dollars 1960 Bergeaud et al. (2016)

Inequality Palma ratio pre-tax 1960 World Inequality Database
Temperature Gridded Temperature in oC 1901 Climatic Research Unit (CRU)

Table 2: List of Countries and ISO3 Codes

Country IS0O3 Country ISO3 Country ISO3
Australia  AUS  Austria AUT  Belgium BEL
Canada CAN Switzerland CHE  Chile CHL
Germany DEU Denmark DNK Spain ESP

Finland FIN  France FRA  United Kingdom GBR
Greece GRC Ireland IRL  TItaly ITA

Japan JPN  Mexico MEX Norway NOR
Portugal ~ PRT  Sweden SWE  United States USA

Notes: ISO3 codes follow the ISO 3166-1 alpha—3 standard. The sam-
ple includes OECD economies with consistent temperature and macroe-
conomic data for 1960-2019.

3.2 Temperature Distributional Characteristics

Temperature distributional characteristics are obtained following the approach in Gadea and Gon-
zalo (2020) and Gadea and Gonzalo (2025). Specifically, temperature is treated as a functional
stochastic process denoted by T' = (T}(w),t € T), where T is an interval in R, defined on a prob-
ability space (2, F, P). For each realization w € ), the mapping ¢ — T;(w) belongs to a function
space G, equipped with an inner product, norm, and Borel o-algebra Ba. In modeling the temper-
ature process 1, one can either consider the entire sequence of functional objects in G—such as
the time series of state densities {fi(w)}Z_;—or focus on a finite set of distributional characteristics

{C (w) 5]:1 summarizing the key features of Tj.

This paper adopts the latter approach. Assume that at each period ¢ and for any spatial domain



i (the globe or a given country) we observe a sufficiently large cross-section of temperature grids,
indexed by n = 1,..., N. Under standard regularity conditions (see Gadea and Gonzalo, 2020
for mathematical details), we can consistently estimate the vector of unconditional distributional
characteristics Z; = [Tit, Qi(0.05), @Q;(0.10), ..., Qit(0.95)]/, where T} is the cross-sectional
mean temperature, and Q;;(7) denotes the unconditional T—quantile of the temperature distribution.
These characteristics summarize the entire cross-sectional temperature distribution and form the
basis of our empirical analysis. Each element of Z;; constitutes a time-series object, which enables

the use of conventional econometric methods for filtering, inference, and forecasting.

3.3 Identification of Distributional Temperature Shocks

Let Z;; denote the vector of temperature distributional characteristic for country ¢ at time ¢,
obtained using the set of CRU-TS v4 grids covering all land areas within that country. let is the j-
th element of Z;;. Building on recent work examining the macroeconomic effects of climate change,
we focus on the impact of temperature shocks rather than temperature levels. Temperature shocks
in our baseline analysis are defined as deviations of temperature characteristics from their long-run
trends and are extracted by applying the Hamilton (2018) filter separately to each distributional
characteristic th This approach generalizes the analysis of Bilal and Kénzig (2024) beyond the

mean to other parts of the temperature distribution.

Formally, for each characteristic ZZ-]%, the Hamilton filter is implemented through the regression:

J _ ] J 7] J 77 J 7] J
Zyon = QG+ BioZiy + B Zipy + -+ BipZip_pi1 + Wi (1)
where ugt 45, tepresents the innovation to the process. The estimated residuals,

p—1
Shin=Zyn — <é‘gh + Z 5ngijtk> ) (2)
k=0

define the individual local temperature distributional shocks. Global temperature shocks are ob-
tained analogously by applying Equation (1) to characteristics using gridded data for the whole
globe. Temperature distributional shocks, either local or global, capture the unpredictable com-
ponent of each temperature characteristic, orthogonal to its long-run dynamics. In the baseline
specification, we set A = 2 and p = 2, following the standard implementation in Bilal and Kénzig
(2024). This implies that shocks represent two-year-ahead innovations in temperature that are

uncorrelated with the preceding two years of observations. Our results are robust to alternative



choices of (h,p) and to alternative procedures to obtain shocks.

Ezogeneity considerations. lIdentification of causal effects relies on the assumption that tem-
perature shocks provide an exogenous source of variation with respect to economic outcomes. Two
arguments support this condition. First, as emphasized by Bilal and Kénzig (2024), short-term
deviations of temperature from its trend are primarily driven by external forcings—such as volcanic
eruptions, solar cycles, and stratospheric aerosol variations—or by internal climate variability, in-
cluding El Nino and La Nina episodes. These phenomena are determined by physical processes
unrelated to contemporaneous macroeconomic activity. The probability that economic conditions
could influence such sources of climate variability over a one- to two-year horizon is negligible.
Second, the reverse channel from economic activity to temperature is also empirically limited in
the short run. According to Carleton et al. (2022), only about 10-20% of the temperature response
to a CO2 emission pulse materializes within the first year, implying that short-term fluctuations in
output or emissions have a minimal impact on temperature. Consequently, our Hamilton-filtered
shocks can be interpreted as quasi-erogenous innovations to the temperature distribution, suitable

for causal inference in subsequent macroeconomic analyses.

3.4 A Factor Model for Temperature Distributional Shocks

Individual temperature distributional shocks are inherently correlated. A shock to the average or
to a specific quantile often originates from a common physical driver that simultaneously affects
other parts of the temperature distribution. This pattern has been documented, for example, by
Cipollini et al. (2023) for seasonal temperature shocks in Europe. A natural way to address this
correlation is to orthogonalize shocks by imposing an ordering of the distributional characteristics
and performing a Cholesky-type decomposition. However, in the absence of strong prior knowledge
on such an ordering, this approach can complicate interpretation and limit comparability across
countries. Instead, we summarize the common variation in the individual shocks through a factor

structure.

Formally, let S;; denote the J-dimensional vector collecting the Hamilton-filtered shocks to the
J temperature distributional characteristics for geographical unit . We assume that S;; admits the

approximate static factor representation (Bai and Ng, 2002, 2013):

Sit = Ni fir + €t (3)

where f;; is an (r x 1) vector of latent common factors capturing systematic sources of variation

10



among shocks, A; is the (J x r) matrix of factor loadings linking each temperature characteristic
to the common shocks, and e is a (J x 1) vector of idiosyncratic components, possibly weakly
correlated over time and across characteristics. Equation (3) provides a compact representation of
the high-dimensional system of shocks, allowing a few latent factors to summarize the dominant

modes of co-movement in Sj;.

The factor model in Equation (3) is not identified without additional restrictions. For any non-
singular r X r matrix H, the transformation f; = H f;; and A} = A;H ~1 yields the same model for
Sit. To achieve identification (up to sign and permutation), we follow the standard normalization
% ! fit = I, and assume that AJA; is diagonal (Bai and Ng, 2013; Stock and Watson, 2016). Under
these conventions, the factors and loadings are uniquely defined up to column sign. Estimation
proceeds by principal-components solution Bai and Ng (2002). The number of common factors r
is selected using a combination of empirical diagnostics: (i) the scree plot of eigenvalues, (ii) the
eigenvalue ratio statistic of Ahn and Horenstein (2013), and (iii) the information criteria of Alessi
et al. (2010). This approach ensures a parsimonious yet data-driven decomposition of global and

local temperature shocks into their principal modes of variation.

3.5 Macroeconomic Effects of Temperature Distributional Shocks

The macroeconomic effects of global and local temperature distributional shocks are estimated
using local projections (LPs) (Jorda, 2005)). Let y; + denote the macroeconomic variable of interest
for unit ¢, such as (log) real GDP per capita, (log) total factor productivity (TFP), (log) consumer
price index, or inequality. Following Jorda and Taylor (2024), we estimate cumulative-type LPs

taking the form:

Yit+h — Yit—1 = Qin + OinwWit + XiyYin + Eitrh, (4)

for horizons h = 0,1, ..., H and for each i.> The term w;; denotes the temperature shock—either
the individual Hamilton-filtered characteristic or one of the estimated factor shocks—and x;; in-
cludes global and region-specific controls, such as lagged values ofw;; and of Ay;, to account for
persistence and serial correlation. The coefficient 6;;, measures the effect of a one-unit tempera-
ture shock on the cumulative change of ;; at horizon h.? Estimation proceeds separately for each

horizon h and region ¢, yielding the sequence {éll}lli o0» Which forms the impulse response function

2The analysis is at the time-series level for each country at the time. We do not employ panel data methods.
3Results are robust to the use of a level-type LP regression.
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(IRF). Confidence intervals are computed via heteroskedasticity- and autocorrelation-robust block

bootstrap procedures.

For joint inference across horizons, we stack the LP equations across horizons into a block-

diagonal system:

y{0 Xo 0 - 0| |6 al?
B ; (1)
Y. 0 X1 e 0 0 1 u
t‘ _ + t (5)
y ) 0 0 - Xgl|l|bg| |al*
L . L d L . L J
Ystacked Xblock éstacked Ugtacked

where each block X}, contains regressors for horizon A, and éstacked stacks the estimated coef-
ficients éh for all horizons. Let B be a selection matrix that isolates the coefficients on S; across
horizons:

éh =B éstacked' (6)

Wald statistics for the joint significance of responses across all horizons (Hp : 6, = 0 for all h vs.

Hy : 6, # 0. for some h) are obtained using:
A — -1,
I/Vjoint =0 (B var(estacked) Bl) 0~ X%{-Fla (7)

whereas the cumulative significance (sum of responses) is tested (Ho : >, 0, =0vs. Hy: ), 0 #

0.) following:

1'6)2
G L ®)
1 Var<astacked) 1

WS u

where 1 is a vector of ones. These statistics provide joint inference on the dynamic causal effects

of temperature shocks across horizons and are reported in all empirical figures.

The whole methodological workflow is summarized in Figure 2.

4 Results

This section is organized in three parts. The first part focuses on the identification of local and
global temperature distributional shocks. The second part quantifies the dynamic causal effects of

these shocks on output growth, total factor productivity, consumer prices, and income inequality.
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Figure 2: Methodological workflow

The third part assesses the robustness of our results to alternative design choices. The empirical
analysis focuses on a set of eight selected countries: the United States (USA), Germany (DEU),
France (FRA), Spain (ESP), Switzerland (CHE), Norway (NOR), Mexico (MEX), and Chile (CHL).
These countries are chosen to provide coverage across advanced and emerging economies, as well
as across climatic zones ranging from temperate to tropical and polar regions. A summary of the
joint and cumulative (sum) significance tests for output and productivity responses across the full
set of countries is reported in Tables A1 and A2 in the Appendix. Detailed country-specific impulse

response figures are provided in the Online Appendix.

4.1 Identification of Global and Local Temperature Distributional Shocks

Let Z;; = [Tit, Qi(0.05), Q;(0.10), ..., Qit(0.95)], be the vector collecting the distributional
characteristics of temperature for unit ¢ at time ¢, where ¢ denotes either the globe or an individual
country in our sample. Z; contains the average temperature, Ty, and a set of eleven selected
quantile curves Q;(7) ranging from 7 = 0.05 to 7 = 0.95." Shocks to each characteristic are

5

obtained by applying the Hamilton (2018) filter to the corresponding time series.” The resulting

vector of individual distributional shocks is denoted by Sj.

Correlation among shocks. Figure 3 presents the contemporaneous correlation matrices among
the elements of S;; for both the globe and the set of selected countries. Shocks to different parts
of the temperature distribution are correlated and the structure of this correlation vary across
geographical areas. In all cases, shocks to the average temperature are strongly correlated with
shocks to specific quantiles, while a higher degree of co-movement is observed for adjacent quantiles.
For the globe (panel [a]), a pronounced correlation cluster emerges among the upper quantiles.
This is not the case of Norway (panel [g]) where the correlation structure is stronger in the lower

quantiles.

4The analysis is robust to the inclusion of different numbers of quantiles or alternative spacing of 7.
®The analysis in Bilal and Kénzig (2024) is a particular case of our framework when Z;; = Tj.
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The contemporaneous correlation across individual temperature distributional shocks reflects
the presence of global and regional mechanisms that jointly influence multiple dimensions of the
temperature distribution. For example, changes in the Earth’s net radiative balance constitute a
fundamental forcing that affects all distributional characteristics. Large-scale modes of variability
such as the El Nino-Southern Oscillation (ENSO), volcanic aerosols, and fluctuations in solar irra-
diance are well-known to generate shifts in both the mean and the higher moments of temperature
(e.g., Hansen et al., 2005; Trenberth et al., 2014; Knutti and Rugenstein, 2015). These physical
drivers alter not only the central tendency of temperature but also its dispersion, skewness, and

tail behavior, producing correlated innovations across quantiles.
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Figure 3: Correlation plots of individual shocks

Factor analysis. The empirical correlation structure observed in Figure 3 motivates the use

of a factor model (Bai and Ng, 2002, 2013) to summarize the common dynamics in the shock
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matrices through a small set of latent factors estimated via principal components (PC).° The
PC factors are linear combinations of the original shock series that are mutually orthogonal by
construction, thereby delivering contemporaneously uncorrelated factor innovations that span the
dominant subspace of variation in S;;. We work with standardized shocks series to prevent any

single characteristic from dominating the common component.

The number of common factors is set to r = 3 based on a combination of empirical diagnostics:
(i) the visual “elbow” in the scree plots, (ii) the eigenvalue ratio statistic of Ahn and Horenstein
(2013), and (iii) the information criteria of Alessi et al. (2010). As shown in Figure 4, the first
factor explains a sizable but incomplete share of total variance, typically below 60%. For example,
in Germany the first component accounts for roughly 40%, while in most other units it captures
about 50%, with Chile as the only case exceeding 65%. Across units, the diagnostics consistently
indicate r € {3,4}. For parsimony and cross-country comparability, we fix » = 3, which is the
smallest value ensuring at least 80% cumulative explained variance in all cases. The resulting

factors are plotted in Figure 5.

Interpretation. Figure 6 reports the factor loadings obtained by regressing each individual
temperature—shock on the three extracted factors. The overall fit of these regressions is satisfactory,
with R? values exceeding 0.75 in all cases. Since factors are identified up to sign, we normalize
their orientation to yield a consistent economic—climatic interpretation. The loading structure
display a remarkable similarity across units. The first factor loads with the same sign on the mean
and on all quantiles (normalized here to be positive). We interpret it as a distributional shift or
location factor—an innovation that shifts the entire temperature distribution in the same direction
as its mean. Physically, such shifts are consistent with global radiative imbalances at the top
of the atmosphere caused by changes in greenhouse gas concentrations, volcanic aerosols, or solar
activity (Hansen et al., 2005; Trenberth et al., 2014). The heterogeneous loading magnitudes across
quantiles indicate that warming is not distributionally uniform globally and at the country-levels,

consistent with the evidence in Gadea and Gonzalo (2020, 2025).

The second factor displays opposite signs for the mid-lower and mid-upper quantiles, with little
or no loading on the mean. We interpret it as a variability factor, normalized so that cold quantiles
become colder while warm quantiles become warmer. This pattern reflects internal modes of cli-
mate variability—such as the El Nifio-Southern Oscillation (ENSO), the North Atlantic Oscillation
(NAO), or the Pacific Decadal Oscillation (PDO)—which redistribute thermal energy across the

planet and alter the variance of local temperatures without systematically affecting the global mean

5See ? an for foundations of static PC factor extraction in large-N systems and ? for a survey.
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Figure 5: Estimated factors
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(Knutti and Rugenstein, 2015). The third factor loads positively on both tails and negatively at
central quantiles, indicating a reallocation of probability mass from the center of the temperature
distribution toward its tails. We interpret this as an extremes factor. Under our normalization, low
quantiles rise (fewer cold events) while upper quantiles also increase (more hot events), implying
that temperatures spend less time near typical values and more time in extreme states. This pattern
reflects the documented widening of the global temperature distribution despite the asymmetric
warming of cold and hot extremes (e.g., Hansen et al., 2005; Donat et al., 2013; Seneviratne et al.,

2021).

Interpretations are further supported by the evidence reported in Table 3, which summarizes the
estimated coefficients from regressions of several temperature distributional characteristics on the
identified factors. Across all countries, the first factor (distributional shift) is positively associated
with changes in the mean and with increases in both the maximum and minimum temperatures, but
negatively related to dispersion measures such as the standard deviation (std) and the interquartile
(iqr) range. This pattern implies that warming is not uniform across the temperature distribution:
lower quantiles (minimums) tend to rise more rapidly than upper ones (maximums), consistent
with the recent “warming amplification” evidence in Gadea and Gonzalo (2025). The second
factor (variability) displays no systematic relationship with the mean but produces a consistent
decline in dispersion measures across units, reinforcing its interpretation as capturing variations
in the spread or variability of temperature distributions. Finally, the third factor (extremes) is
typically associated with simultaneous increases in both minimums and maximums. It tends to

raise skewness.

Two remarks follow. First, the three-factor structure and its qualitative interpretation emerge
directly from the data without imposing sign or exclusion restrictions beyond standard factor-
model normalizations, reinforcing that mean, variability, and extremes constitute distinct common
drivers of temperature distributional shocks. Second, the need for more than one factor is consistent
with recent evidence that a single average-temperature driver is insufficient to summarize temper-
ature dynamics and their macroeconomic relevance (e.g., distribution- or season-specific shocks in
Cipollini et al., 2023). These findings are also aligned with Boss and Testa (2025), who show for the
United States that a single average-factor does not adequately represent temperature dynamics.

Our results generalize this conclusion to the global level and to other countries.
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Table 3: Regression of temperature characteristics on identified factors

Global (World) United States (USA) Germany (DEU)
F1 F2 F3 F1 F2 F3 F1 F2 F3

mean 0.050***  -0.002 -0.009 mean 0.102%** 0.011 0.026 mean 0.203*** 0.023 -0.111*
max  0.081*** 0.035* 0.040 max 0.166*** -0.171** 0.044 max 0.305*** _0.417**%* (.423***
min  0.091%%* (0.083*** 0.173*** min  0.390%** (0.572*** (0.841*%** min  0.668*** (0.656*** 0.201
std -0.032%**  0.056*** -0.051*** std -0.064*** _0.189*** _0.154*** std -0.127%**% _0.345%**  _0.052
iqr -0.094%*%* (.129%** -0.031 iqr -0.115%** _0.296*** -0.100** iqr -0.222%** _(.579*** _() 283***
kur 0.009*%** _0.016***  -0.005 kur 0.011 0.012 -0.039*** Lkur -0.007 -0.004 0.043***
skw  -0.004*** 0.007*** 0.009%** skw -0.001 -0.001 0.046*%** skw  0.030%** 0.017 0.086***
ctw 0.003*%**  _0.004*** -0.007*** ctw 0.003** -0.001 -0.001 ctw -0.002 -0.005* 0.001

France (FRA) Spain (ESP) Switzerland (CHE)
F1 F2 F3 F1 F2 F3 F1 F2 F3

mean 0.164***  -0.006 -0.100** mean 0.116*** -0.017 0.009 mean 0.188***  0.026  -0.120**
max 0.259%*%* _(0.338%** (.259*** max 0.099%** _0.181*%** (0.278*** max 0.291%** _0.365%** (.462%**
min  0.434%*%* 0.452*%** (0.518*** min  0.241%%* 0.237%** 0.449*** min 0.433*** (.575*** (.382%**
std -0.042** -0.248***  -0.053 std -0.022*%* -0.121***  0.010 std -0.046** -0.285***  0.008
iqr -0.089%* -0.451***  _0.048 iqr -0.035 -0.269***  0.037 iqr -0.090*%* -0.578*** _0.139
kur -0.000 0.033*** _0.018%* kur -0.003  0.021%*** 0.001 kur 0.000 0.014** 0.009
skw  0.015*** 0.001 0.104***  skw  -0.007** 0.007 0.057***  skw 0.011** 0.022*** (.093***
ctw -0.001 0.000 0.000 ctw -0.003 -0.004* -0.006 ctw  0.001%** (0.001** 0.000

Norway (NOR) Mexico (MEX) Chile (CHL)
F1 F2 F3 F1 F2 F3 F1 F2 F3

mean 0.233%%*  -0.034 -0.032  mean 0.057***  0.013 0.037 mean 0.069***  -0.005 0.001
max  0.118%FF _0.392*** (.408*** max 0.147%%F  -0.047 0.147* max  0.028%* -0.044  0.123%**
min  0.688%F*% 0.374*** 0.679*** min  0.171*** 0.200*** 0.476*** min  0.150***  (0.162** -0.064
std  -0.177*FF% -0.258%**  _0.144** std = -0.025*** -0.084*** -0.055%** std -0.004  -0.098***  0.013
igr  -0.326%** -0.520*** -0.431%** iqr  -0.038*** -0.150***  -0.037 iqr 0.021%*  -0.162%** -0.075%**
kur  0.018%** (0.034%** 0.020  kur 0.003 0.012**  -0.043*** kur  -0.011*** 0.030*** 0.037***
skw 0.005 -0.016**  0.097*** skw 0.003* -0.001  0.041*** skw -0.001 0.013**  0.054***
ctw  -0.003***  -0.001 -0.001 ctw  0.003*** 0.005%**  0.002 ctw -0.003*** 0.005** -0.004**

Notes: Each panel reports the coefficients of an OLS regression of the form y; = o + SFj:, where y; is the
corresponding characteristic and Fj; is the factor, 7 = 1,2,3. Newey-West standard errors used for inference.
Significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

4.2 Macroeconomic Effects of Temperature Distributional Shocks
4.2.1 Local Temperature Distributional Shocks

Figures A1, A2, and A3 in the Appendix report cumulative impulse responses of (log) GDP per
capita, (log) TFP, and (log) CPI respectively, to selected individual Hamilton-filtered shocks ex-
tracted from local temperature distributions.” Responses to shocks to the average are qualitatively

consistent with the related empirical literature (e.g., Dell et al., 2012; Hsiang, 2016; Nath et al.,

"Each individual shock series is standardized to facilitate comparison across characteristics. For completeness, the
temperature-characteristic IRF's to their own shocks are reported in the Online Appendix.
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2024): a one-standard deviation innovation to the country-level mean temperature generally in-
duces a persistent and statistically significant decline in cumulative GDP per capita and TFP
growth. Shocks to other distributional characteristics also yield statistically significant effects,

with patterns that are country-specific.

Several cases are worth highlighting. In the United States, for example, GDP responses to both
the average and the selected quantile shocks are negative and statistically significant through the
full horizon (h = 10). A qualitatively similar pattern is obtained for Germany and Switzerland.
In Spain, in contrast, GDP responses do not rule out a zero effect at all horizons, suggesting a
preliminary limited short- to medium-term macroeconomic sensitivity to the analyzed temperature
innovations. A similar conclusion holds for Chile. In Norway, we observe a negative and significant
response only for shocks to the 0.90 quantile, whereas in France significance concentrates at the
0.10 quantile. Country-specific figures for all characteristics and dependent variables are reported

in the Online Appendix, where readers can inspect any country of interest.

Given the correlation structure among individual shocks documented in Section 4.1, it is not
possible to infer from the one-by-one analysis which characteristics are driving the observed macroe-
conomic responses, or whether an average-temperature shock is sufficient to summarize broader
distributional effects. We therefore turn to the three identified orthogonal local factor shocks,
capturing average, variability, and extremes shifts in country-level temperature distributions. To
aid interpretation and benchmark response magnitudes, Figure 7 reports the impulse responses of
local temperature characteristics to a one-unit innovation in each estimated factor. The shapes of
these responses align with the loading-based interpretation: Factor 1 induces a broad location shift,
Factor 2 raises dispersion via opposite tail movements, and Factor 3 reallocates probability mass
from the center toward the tails. Because our LP specifications are linear in the shock, local-factor
responses can be linearly rescaled to any target temperature change.® For example, if a one-unit
shock to local factor m raises the local average (or a given quantile) by Al(-m) degrees in country ¢,
then the corresponding IRFs for a 1°C change in that characteristic are obtained by multiplying
the reported IRFs by 1/A§m):

IRF;,;(1°C) = % IRF; ; (one-unit factor m).
A

i
For illustration, in the United States, a one-unit innovation to Factor 1 raises the local average

temperature by approximately 0.18°C on impact: normalizing to a 1°C increase therefore entails

8Rescaling is valid under the maintained linearity of local projections with respect to the shock. If one adopts
state-dependent LPs or allows for non-linear effects, the mapping between shock size and response may itself be state-
or level-dependent.
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dividing the reported IRF's by 0.18.

Output. The dependent variable is (log) real GDP per capita. We estimate impulse responses
using the cumulative-type local projection in Equation (4), so that coefficients trace the effect of a
one—unit increase in the relevant factor shock on the cumulative growth rate of GDP per capita h
periods ahead, for h = 0,1,...,10. The right-hand side of the LP regression includes: (i) the factor
shock at ¢, (ii) two lags of that factor shock, and (iii) two lags of real GDP per capita growth. To
account for global business-cycle fluctuations, we also include two lags of global oil price inflation
and a set of World Bank global recession dummies. Figure 8 reports country-specific responses.
Solid lines are point estimates; shaded bands denote 90% (dark) and 68% (light) confidence intervals
computed via a heteroskedasticity- and autocorrelation-robust wild bootstrap. For each panel, we
additionally report a Wald p-value for the joint significance of the local projection coefficients across
horizons, and a p-value for the restriction that the cumulative effect (sum across horizons) equals

Zero.

A one—unit shock in the distributional shift local factor (Factor 1) induces a significant and
persistent decline in the cumulative growth rate of GDP per capita in the United States, Germany,
France, Switzerland, and Mexico. For the United States, the response reaches a peak of approx-
imately —0.94 percentage points at horizon h = 10. Scaling by the corresponding change in the
local mean temperature of 0.18°C, the implied effect of a 1°C increase in average temperature is
roughly —5.2%. The magnitudes for other countries can be interpreted analogously, keeping in
mind that the local temperature responses—and thus the scaling factors—differ across locations.
In Spain, Norway, and Chile, output responses to Factor 1 are not jointly significant, although in
Spain the IRF remains negative across all horizons and the cumulative sum is marginally significant.
Overall, the evidence for the distributional shift factor is consistent with the established literature
documenting contractionary output effects of mean-temperature shocks. Our main contribution is
to extend this analysis to the variability (Factor 2) and extremes (Factor 3) factors, which capture

changes in higher moments of the temperature distribution.

For the United States, the distributional shift factor alone is sufficient to explain the output
responses to changes in the local temperature distribution: impulse responses of cumulative GDP
growth to wariability (Factor 2) and extremes (Factor 3) factors are not statistically significant
at any horizon. This pattern contrasts with those observed in other economies. In France and
Switzerland, for example, shocks to both variability and extremes generate persistent and significant
cumulative GDP growth declines. In Germany and Mexico, a unit-increase in the variability factor

similarly depresses GDP growth, whereas in Norway the same type of shock produces a positive
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Figure 7: Local temperature responses to local factor shocks
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and statistically significant response. A particularly illustrative case is Spain, where a shock that
amplifies the extreme tails of the temperature distribution leads to a significant contraction in GDP
growth. Specifically, a shock increases the local 0.05 quantile by 0.19°C and the 0.95 quantile by
0.22°C, induces an output decline of roughly —% at horizon h = 10. Such effects would be entirely
missed in analyses restricted to mean-temperature or distributional-shift shocks, underscoring the

value of modeling temperature heterogeneity across the entire distribution.

Total Factor Productivity. We next examine how local temperature distributional shocks affect
total factor productivity, a key transmission mechanism for the macroeconomic risk of climate
change. The dependent variable is (log) TFP, with the TFP measure taken from Bergeaud et al.
(2016). Figure 9 reports cumulative-type impulse responses, which trace the effect of a one—unit
increase in each local factor on the cumulative growth rate of TFP h years ahead. The response
patterns closely mirror those described for GDP per capita. Specifically, the distributional shift
factor (Factor 1) induces a significant and persistent decline in cumulative TFP growth in nearly
all countries, except Norway and Chile. In Spain, for example, we now observe a pronounced and
statistically significant TFP contraction consistent with the negative GDP responses, although the
latter were only weakly significant under the sum test. The contractionary TFP effects of the
distributional shift factor are consistent with the standard empirical literature based on mean-

temperature shocks.

Turning to the other two factors, responses remain heterogeneous across countries. A significant
decline in TFP growth following an increase in temperature variability (Factor 2) is observed for
Germany, France, Switzerland, and Mexico. For the United States, although not jointly significant,
the IRF is positive and upward trending beyond horizon h > 3, and the sum-of-coefficients test
rejects the null of zero cumulative effects. A similar, and more pronounced, positive response to
increased variability is found for Norway. Regarding the extremes factor (Factor 3), responses are
negative and jointly significant for the same set of countries as in the GDP case: France, Spain,
and Switzerland. In contrast, for Germany and Mexico, a shock amplifying the temperature tails
produces a positive effect on TFP, consistent with the GDP expansion observed in the former case.
For Chile, changes in the local temperature distribution appear to have no significant effect on TFP

growth.

Prices. Figure 10 presents the cumulative impulse responses of inflation to the identified local
factor shocks. The dependent variable in this case is the (log) CPI. Shocks to the distributional
shift factor generate a decline in prices in nearly all economies. Comparing these results with the

corresponding GDP responses, this pattern suggests that the distributional shift shock operates
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Figure 8: GDP per-capita growth responses to local factor shocks
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Figure 9: TFP growth responses to local factor shocks



primarily as a demand-type disturbance in countries such as the United States, Germany, France,
Spain, and Switzerland, where output growth also falls. This finding aligns with the hypothesis that
physical climate risks tend to propagate as demand-type shocks by depressing aggregate spending
and investment, as argued by Ciccarelli and Marotta (2024). The extremes factor similarly be-
haves as a demand-type shock in Germany, where inflation increases in tandem with GDP growth
and the responses are jointly significant. By contrast, the wariability factor exhibits weak evi-
dence of supply-type behavior in Germany, France, and Switzerland—raising prices while reducing

output—although price effects are only mildly significant.

Some country-specific cases are noteworthy. In Mexico, a significant fall in prices is observed
only for the extremes factor, which, interestingly, has no significant impact on GDP. In Chile,
where output responses are not statistically significant, Factors 1 and 3 produce a strong decline in
cumulative inflation, suggesting that temperature shocks may affect local price dynamics through
channels unrelated to domestic activity—such as expectations or imported energy prices. Norway
displays a similar pattern: while output responds only to the wariability factor, inflation reacts
significantly to Factors 1 and 3. Such divergences between output and price responses may arise
whenever temperature shocks affect either production capacity or demand conditions: shocks that
constrain supply but leave demand unchanged tend to raise prices with limited output effects, while
shocks that depress demand through confidence or investment channels reduce output without

necessarily generating inflationary pressure.

4.2.2 Global Temperature Distributional Shocks

Bilal and Kénzig (2024) and Neal (2023) emphasize the importance of accounting for global tem-
perature changes when estimating the economic damages from climate change. The mechanisms
through which global and local temperatures affect country-level economic activity, are distinct
and so are their macroeconomic responses. A global average-temperature shock influences domestic
economic outcomes through multiple channels. First, it changes the local temperature distribution
directly. Second, as documented by Bilal and Kénzig (2024), it correlates with large-scale climatic
disruptions such as droughts, extreme winds, or heavy precipitation, that have disproportionate
effects on output. Shifts in other parts of the global temperature distribution entail other types of
physical and economic consequences that propagate through trade, capital reallocation, and cross-
border production linkages. Against this background, this section examines the macroeconomic
responses to global temperature distributional shocks that are common across all countries in the

sample.
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Figure 10: Inflation responses to local factor shocks



Figures A4, A5, and A6 in the Appendix display the cumulative impulse responses of (log)
GDP per capita, (log) TFP, and (log) CPI respectively, to selected individual Hamilton-filtered
shocks obtained from the global temperature distribution. Similar to the local-shocks analysis,
responses to average-temperature innovations are qualitatively consistent with Bilal and Kénzig
(2024) and related studies: a shock increasing the global mean temperature generates a statisti-
cally significant and persistent decline in cumulative GDP per capita and TFP growth across nearly
all countries. Other distributional characteristics also produce statistically significant responses,
although their direction and persistence vary by country. Given the strong contemporaneous cor-
relation among individual temperature shocks, we next extract the three orthogonal global factor
shocks summarizing the main sources of common variation across the temperature distribution and
study their macroeconomic effects. Figure 11 reports the corresponding impulse responses of global
temperature characteristics to each factor. The first global factor increases the global mean by
approximately 0.089°C on impact, with stronger effects at lower quantiles. Similarly, Factor 3 is
associated with relatively larger movements in the lower tail. These magnitudes provide the scale
for interpreting the downstream macroeconomic responses. Because the LP specifications are linear
in the shock, IRF's can be linearly rescaled to any desired shock size (e.g., a 1°C change in the mean
or in a given quantile).
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Figure 11: Global temperature responses to global factor shocks

Output. Figure 12 reports country-specific cumulative impulse responses of GDP per capita
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to each global factor shock. A one—unit shock in the distributional shift factor (Factor 1) induces
a significant and persistent decline in the cumulative growth rate of GDP per capita across all
countries in the sample, with the sole exception of Chile. For the United States, the response
reaches approximately —0.64 percentage points at horizon A = 5. Scaling by the corresponding
change in global mean temperature of 0.089°C, the implied effect of a 1°C increase in average
temperature is roughly —7.2%, a magnitude closely aligned with the estimates of Bilal and Kénzig
(2024). Similar or even stronger contractionary effects are observed for Germany, Norway, Spain,
and Mexico. The result for Spain contrasts with the null output effect of the local Factor 1
reported in the previous section, highlighting that global and local shocks operate through distinct
transmission mechanisms. Overall, the evidence for the distributional shift factor corroborates the

established literature documenting negative output impacts of global mean temperature shocks.

The responses to the variability (Factor 2) and extremes (Factor 3) factors—our key contribution
to the literature—are markedly heterogeneous across countries. A one-unit innovation in the
variability factor, characterized by an increase in the dispersion of global temperature distribution,
generates a jointly significant and positive cumulative GDP response in Switzerland and Spain. In
France, the IRF is positive at all horizons, while in Norway it is negative: in both cases, the effects
are not jointly significant, though the sum test rejects the null of zero cumulative impact. The
extremes factor, associated with a relative increase in temperature extremes—particularly at the
colder end of the distribution—also displays heterogeneous responses. For France and Switzerland,
a one—unit increase in this factor yields a statistically significant and positive impact on cumulative
GDP growth, whereas in Norway the response is negative. For Chile, none of the three global

factors produce jointly significant IRFs.

Total Factor Productivity. Figure 13 reports the cumulative impulse responses of TFP growth
to the identified global factor shocks. The results largely mirror those for GDP per capita growth,
suggesting that productivity acts as a key transmission mechanism linking temperature shocks to
aggregate output. A one-unit increase in the distributional shift factor (Factor 1) induces a sig-
nificant and persistent decline in TFP growth across all countries except Chile. IRFs are jointly
significant and of magnitudes comparable to those observed for output in Figure 12. Shocks to the
variability factor (Factor 2) generate heterogeneous effects: negative and statistically significant un-
der the sum test in the United States, Germany, Norway, and Chile, negative and jointly significant
in Norway, but positive and jointly significant in France and Spain. The eztremes factor (Factor 3)
produces further asymmetries, with positive cumulative effects in France, Switzerland, and Mexico,
and a strong, persistent TFP contraction in Norway. In Chile, Factors 3 yields negative responses

at horizons h > 23, though significance is achieved only under the sum test.
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Figure 12: GDP per-capita growth responses to global factor shocks
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Prices. According to the evidence in Figure 14, global factor shocks predominantly behave as
demand-side disturbances, as reflected in the same-sign responses of cumulative inflation and output
growth. Specifically, the distributional shift factor induces price declines in the countries where it
also reduces output, consistent with a contractionary demand impulse. The only exceptions are
France, where the CPI response is positive and significant under the sum test, and Mexico, where
the effect on prices is statistically insignificant. Similar readings can be made for the other global
factors. For instance, in Spain, France, and Mexico, where the variability factor generates positive
GDP responses, cumulative inflation also rises significantly (only under the sum test for Mexico).
The extremes factor produces the same-sign movements pattern in output and prices. In a few cases,
output responses are not accompanied by inflation changes—for example, Factor 2 in Switzerland
and Factor 3 in France and Switzerland—suggesting weaker price transmission channels. In Chile,
both Factors 1 and 3 significantly reduce prices despite the absence of significant output responses.
Overall, the evidence supports the view that global temperature shocks operate primarily through
demand-side channels, consistent with Ciccarelli and Marotta (2024). Nevertheless, caution is
warranted, as analyses at higher frequency (e.g., monthly) or using alternative inflation measures,

such as core or energy prices, may reveal different short-run dynamics.

4.3 Robustness and Additional Analyses

This section is currently being developed and will include a series of robustness exercises examining
alternative definitions of temperature shocks and different identification schemes. Specifically, we
will compute shocks as: (i) temperature deviations from the 30-year historical mean; (ii) residuals
from a VAR of temperature characteristics; (iii) innovations from a multivariate version of the
Hamilton filter. Our main results regarding the identified factor structure and macroeconomic
responses remain robust across these choices. Additionally, we will study time variation in the
estimated effects (see Kim et al. (2025) for a recent reference) by conducting a subsample analysis
for the period 1901-1960 and estimating state-dependent local projections for 1960-2022 defining
the indicator I(¢ > 1990).

5 Conclusion

In this paper, we show that shocks affecting different parts of the temperature distribution matter
for macroeconomic performance, and that focusing solely on average temperature overlooks critical

sources of climate risk. Using gridded temperature data and macroeconomic indicators for the globe
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Figure 14: Inflation responses to global factor shocks



and a set of 21 countries, we construct time series of temperature distributional characteristics and
identify temperature distributional shocks following the most recent econometric procedures in the
literature. A factor analysis applied to the full set of individual (local and global) distributional
shocks consistently revealed three orthogonal factors that summarize the common sources of vari-
ation, all of them with significant macroeconomic implications. The first factor—interpreted as a
distributional shift or location factor is associated with persistent declines in GDP per capita and
total factor productivity, consistent with the literature treating average temperature as a sufficient
statistic for climate risk. The second and third factors, which leave the mean unchanged but cap-
ture shifts in variability and extremes, produce additional and heterogeneous macroeconomic effects

not document by the standard literature.

From a policy perspective, our findings highlight two main implications. First, estimates of
the social cost of carbon based solely on mean temperature changes are likely to understate the
true economic damages from climate change. Accounting for distributional shocks provides a more
comprehensive measure of climate risk in a heterogeneous warming environment. Second, the cross-
country heterogeneity in responses underscores the need for adaptation strategies that address not
only gradual warming but also shifts in the frequency, persistence, and intensity of temperature
extremes. Integrating the full temperature distribution into climate-macroeconomic models im-
proves the assessment of economic vulnerability and enhances the design of effective mitigation and

adaptation policies.
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Figure A1: GDP per-capita growth responses to individual local temperature distributional shocks
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Figure A2: TFP growth responses to individual local temperature distributional shocks
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Figure A3: Prices responses to individual local temperature distributional shocks
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Figure A4: GDP per-capita growth responses to individual global shocks
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Figure A5: TFP growth responses to individual global shocks
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Figure A6: Prices responses to individual global shocks
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A.2 Supplementary Tables

Table Al: Joint and Sum Wald tests for GDP growth regressions

Joint-test Sum-test
Global Local Global Local
Country F1 F2 F3 F1 F2 F3 Country F1 F2 F3 F1 F2 F3
AUS 0.000 0.917 0.241 0.000 0.191 0.990 AUS 0.000 0.118 0.102 0.000 0.007 0.791
AUT 0.020 0.997 0.953 0.000 0.000 0.987 AUT 0.000 0.194 0.178 0.000 0.000 0.353
BEL 0.155 0.333 0.266 0.000 0.049 0.000 BEL 0.002 0.003 0.000 0.000 0.000 0.000
CAN 0.000 0.474 1.000 0.000 1.000 0.001 CAN 0.000 0.018 0.563 0.000 0.728 0.000
CHE 0.327 0.000 0.084 0.000 0.000 0.000 CHE 0.001 0.000 0.001 0.000 0.000 0.000
CHL 0.606 0.384 0.814 0.984 0.894 0.941 CHL 0.210 0.191 0.684 0.989 0.064 0.305
DEU 0.000 1.000 0.993 0.000 0.062 0.002 DEU 0.000 0.732 0.212 0.000 0.000 0.000
DNK 0.000 0.954 0.000 0.031 0.818 0.085 DNK 0.000 0.253 0.000 0.000 0.631 0.040
ESP 0.000 0.003 0.837 0.968 0.995 0.000 ESP 0.000 0.000 0.545 0.082 0.852 0.000
FIN 0.000 0.000 0.913 0.000 0.069 0.113 FIN 0.000 0.000 0.784 0.000 0.091 0.000
FRA 0.077 0.855 0.000 0.023 0.000 0.000 FRA 0.003 0.044 0.000 0.000 0.000 0.000
GBR 0.000 0.995 0.971 0.000 0.193 0.964 GBR 0.000 0.227 0.397 0.000 0.001 0.375
GRC 0.002 0.186 0.967 0.026 0.325 0.004 GRC 0.000 0.001 0.047 0.000 0.038 0.000
IRL 0.142 0.372 0.108 0.563 0.008 0.965 IRL 0.597 0.015 0.001 0.046 0.000 0.689
ITA 0.025 0.211 0.000 0.000 0.270 0.852 ITA 0.000 0.002 0.000 0.000 0.001 0.130
JPN 0.139 0.865 0.734 0.000 0.681 0.843 JPN 0.000 0.056 0.018 0.000 0.021 0.599
MEX 0.000 0.137 0.965 0.000 0.000 0.939 MEX 0.000 0.349 0.601 0.000 0.000 0.812
NOR 0.000 0.267 0.005 0.997 0.000 0.996 NOR 0.000 0.001 0.000 0.271 0.000 0.619
PRT 0.000 0.681 0.986 0.371 1.000 0.001 PRT 0.000 0.145 0.162 0.001 0.951 0.000
SWE 0.543 0.002 0.957 0.009 0.000 0.642 SWE 0.017 0.000 0.680 0.000 0.000 0.915
USA 0.000 0.975 0.339 0.000 1.000 0.844 USA 0.000 0.371 0.010 0.000 0.504 0.928

Notes: Each cell reports the p-values from Wald-type joint and sum significance tests applied to the local-projection
impulse responses of cumulative GDP growth. The shock variables are the three identified temperature factors: F1
(distributional shift), F2 (variability), and F3 (extremes). Red and blue panels correspond to specifications under
which the null hypothesis is rejected, indicating statistical significance.
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Table A2: Joint and Sum Wald tests for TFP growth regressions

Joint-test Sum-test
Global Local Global Local
Country F1 F2 F3 F1 F2 F3 Country F1 F2 F3 F1 F2 F3
AUS 0.117 0.227 0.488 0.000 0.727 0.987 AUS 0.000 0.000 0.404 0.000 0.083 0.983
AUT 0.000 0.998 0.968 0.100 0.000 0.951 AUT 0.000 0.530 0.142 0.000 0.000 0.134
BEL 0.031 0.036 0.388 0.000 0.776 0.004 BEL 0.000 0.000 0.001 0.000 0.020 0.000
CAN 0.000 0.569 0.997 0.085 0.401 0.028 CAN 0.000 0.005 0.569 0.000 0.031 0.001
CHE 0.011 0.790 0.012 0.000 0.000 0.046 CHE 0.000 0.279 0.000 0.000 0.000 0.001
CHL 0.979 0.165 0.330 0.892 0.975 0.960 CHL 0.386 0.002 0.008 0.402 0.207 0.430
DEU 0.000 0.468 1.000 0.000 0.027 0.000 DEU 0.000 0.004 0.968 0.000 0.000 0.000
DNK 0.000 0.917 0.119 0.004 0.987 0.192 DNK 0.000 0.079 0.000 0.000 0.157 0.066
ESP 0.000 0.000 1.000 0.000 0.999 0.000 ESP 0.000 0.000 0.418 0.000 0.248 0.000
FIN 0.000 0.010 0.988 0.000 0.136 0.004 FIN 0.000 0.001 0.252 0.000 0.001 0.000
FRA 0.146 0.051 0.001 0.001 0.069 0.000 FRA 0.002 0.000 0.000 0.000 0.000 0.000
GBR 0.000 0.542 0.922 0.000 0.074 0.857 GBR 0.000 0.024 0.083 0.000 0.000 0.201
GRC 0.000 0.036 0.994 0.001 0.130 0.006 GRC 0.000 0.000 0.118 0.000 0.033 0.000
IRL 0.004 0.491 0.737 0.990 0.761 0.376 IRL 0.000 0.016 0.026 0.505 0.118 0.735
ITA 0.000 0.980 0.830 0.000 0.139 1.000 ITA 0.000 0.733 0.066 0.000 0.005 0.501
JPN 0.134 0.812 0.934 0.000 0.000 0.796 JPN 0.001 0.013 0.889 0.000 0.000 0.504
MEX 0.103 0.302 0.053 0.001 0.003 0.037 MEX 0.000 0.596 0.000 0.000 0.000 0.000
NOR 0.000 0.024 0.011 0.979 0.000 1.000 NOR 0.000 0.000 0.000 0.110 0.000 0.859
PRT 0.000 0.671 0.416 0.000 0.996 0.033 PRT 0.000 0.387 0.007 0.000 0.233 0.000
SWE 0.638 0.955 0.991 0.819 0.123 0.066 SWE 0.007 0.463 0.490 0.032 0.116 0.000
USA 0.003 0.622 0.999 0.000 0.666 0.700 USA 0.000 0.014 0.516 0.000 0.011 0.052

Notes: Each cell reports the p-values from Wald-type joint and sum significance tests applied to the local-projection
impulse responses of cumulative TFP growth. The shock variables are the three identified temperature factors: F1
(distributional shift), F2 (variability), and F3 (extremes). Red and blue panels correspond to specifications under
which the null hypothesis is rejected, indicating statistical significance.

47



	Introduction
	Related Literature
	Methodology
	Data
	Temperature Distributional Characteristics
	Identification of Distributional Temperature Shocks
	A Factor Model for Temperature Distributional Shocks
	Macroeconomic Effects of Temperature Distributional Shocks

	Results
	Identification of Global and Local Temperature Distributional Shocks
	Macroeconomic Effects of Temperature Distributional Shocks
	Local Temperature Distributional Shocks
	Global Temperature Distributional Shocks

	Robustness and Additional Analyses

	Conclusion
	Appendix
	Supplementary Figures
	Supplementary Tables


