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1. Introduction

In its latest assessment report, the Intergovernmental Panel on Climate

Change (IPCC) has reaffirmed anthropogenic influence on the climate (Lee

et al., 2023). This has already resulted in an increase in the global (surface)

mean temperature of approximately 1.8 °C, a trend that is also evident in

regional temperatures, as illustrated in Figure 1. The gradual increase has

prompted active research in the field of economics. Several studies (e.g. Don-

adelli et al., 2017; Pretis, 2021; Mukherjee and Ouattara, 2021; Huber et al.,

2023; Ciccarelli et al., 2024; Iliyasu and Sanusi, 2024) conceptualize climate

change as an exogenous shock to the economic system at the business cycle

frequency, akin to other “traditional” shocks, such as those resulting from eco-

nomic policy changes, preference shifts, cost-push shocks, and the like. While

this approach provides valuable insights, characterizing climate change (espe-

cially temperature anomalies) as a “shock” contradicts its observed smooth

trajectory.

When climate scientists argue that the recent temperature increase should

be considered a shock to the climate, they do so with a time horizon span-

ning thousands of years; see Osman et al. (2021) among others and Figure 2.

Similarly, the perception of a climate-induced shock is also akin to the growth

literature (or long-run macroeconomic analysis), in which time periods cov-

ering three to five decades are considered (Dell et al., 2012; Bilal and Stock,

2025). From a business cycle perspective, however, such a temperature in-

crease represents a smooth and persistent transition from one climate state to

another, signifying a structural change. This interpretation is motivated by the

observation that the sustained rise in temperature over the past five decades

far exceeds the average length of a business cycle. It is therefore controver-

sial to conceptualize climate change as a “business cycle relevant shock”, akin

to those driving short term economic fluctuations. In this context, Ciccarelli

and Marotta (2024) acknowledge that while climate-related shocks influence

business cycles, their contribution to variations in output and prices appears

limited, as indicated by the forecast error variance decomposition.

Against this background, we put forth the general hypothesis that climate

change induces a structural change in the economic system, which in turn

influences the propagation mechanism of traditional shocks. This is to say
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Figure 1. Global temperature anomalies

Note: The figure shows the (annual) FAOSTAT temperature anomaly (i.e. deviation) by country

with respect to a baseline climatology, corresponding to the period 1951–1980. The series cover the

period 1961–2023 for 198 countries. The multiple breakpoint test of Bai and Perron (1998, 2003)

identifies a breakpoint for the global mean temperature anomaly with a break date in 1977; the

green and magenta lines indicate the corresponding trend lines with histograms on the right. The

5th, 50th and 95th percentiles are derived from the joint distribution, i.e. over all countries and the

whole period. While the pre-1977 distribution is still fairly symmetric, the post-1977 distribution

is right-skewed.

that climate change does not constitute a source of shocks relevant for business

cycle fluctuations in and of itself. Building on this, we put forth the particular

hypothesis that climate change steepens the Phillips curve (or equivalently, the

aggregate supply (AS) curve), thereby exacerbating the price effects of demand

shocks while dampening the output response. The following three examples

are intended to illustrate this basic idea.

Agricultural sector. In a stable climate, a positive demand shock for wheat

raises prices, incentivizes higher production, and stimulates overall economic

activity through investment, employment, and income gains. Under climate

change, however, rising frequencies of extreme weather events and crop failures

depress productivity and restrict supply capacities (Barrios et al., 2008; Ortiz-

Bobea et al., 2021). As a result, the same demand shock now triggers a stronger

increase in prices but only limited output expansion, reflecting a steeper Phillips

curve in agriculture.
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Figure 2. Global temperature anomalies (long series)

Note: The figure shows various measures for the global temperature anomaly (i.e. deviation) over

a 2,000-year time-span with respect to a baseline climatology (CE), corresponding to the mean of

the period 1961–1990. The time-axis identifies all ages in year BP (Before Present), where Present

= 1950. The last (i.e., most recent) data point refers to the year 1940. The blue line shows the

global stacked temperature anomaly for the 5◦ × 5◦ grid area-weighted mean with its one-standard

deviation uncertainty. The various black-dotted lines show global temperature anomalies based on

alternative area weightings (30◦ × 30◦ grid, area-weighting using 10◦ latitude bins, etc.). The series

are taken from Marcott et al. (2013) and available following this link.

Construction sector. In construction, demand shocks typically boost out-

put and employment. Yet, climate-related heat regulations, which mandate

reduced working hours during excessively hot periods, increasingly constrain

productivity (Zhang et al., 2023). While labor costs persist, output gains are

muted due to frequent heat-induced disruptions (De Sario et al., 2023). Hence,

under higher temperatures, a demand shock primarily raises costs and prices,

while the output response remains weak, reflecting a steeper Phillips curve in

construction.

Services sector. In services, particularly in urban areas, climate change

manifests through higher cooling requirements. Rising temperatures elevate

energy and adaptation costs to sustain productivity, including air condition-

ing and infrastructure adjustments (Fesselmeyer et al., 2024). Consequently,

demand shocks amplify price pressures via higher marginal costs, while out-

put responses remain largely unchanged, reflecting a steeper Phillips curve in

services.

https://www.science.org/doi/suppl/10.1126/science.1228026/suppl_file/marcott.sm.database.s1.xlsx
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These examples1 illustrate how climate change can transform the effect of

a positive demand shock into a source of stagflation. We use this as a start-

ing point to examine the role of climate change in shaping the propagation

mechanism of traditional macroeconomic shocks.

Measuring climate change. A critical inquiry at this juncture is how to

effectively “measure” climate change for macroeconomic analysis. A natural

definition of global climate encompasses the distribution of climatic outcomes–

such as temperature, precipitation, wind speed, and ice cover–over time and

space. While it is evident that a comprehensive characterization of global

climate is unattainable, research indicates that a pivotal state variable encap-

sulating climate is the (mean) surface temperature (Mohnen et al., 1990; Allen

et al., 2009; Bento et al., 2023). This offers a practical means for macroeco-

nomic analysis as it reduces climate change to a single, quantifiable variable.

Notably, sophisticated climate model simulations demonstrate that projections

of various climate parameters, such as precipitation and regional temperatures,

can be adequately approximated as functions of mean temperature (Manne et

al., 1995; Held and Soden, 2006; Hassler et al., 2016). Bilal and Känzig (2026)

also stress that there is a strong correlation between global temperature and

the frequency of extreme climatic events. It remains crucial to distinguish

between slow-moving, persistent changes in climate and transitory variations

in weather. As can be seen in Figure 1, climate change refers to a series of

small and persistent upward shifts in the statistical distribution of tempera-

ture anomalies, whereas transitory weather shocks are short term deviations

from this trend. The temperature anomaly in Figure 1 deviates from the in-

terpretation of persistent but trend-reverting temperature shocks proposed by

Bilal and Känzig (2026). Global warming causes a sustained rise in tempera-

ture anomalies, and our interest lies in the structural change in the economic

system triggered by this development.

We begin by formalizing our idea in a theoretical model. It features a two-

country setting consisting of a small open economy and the “rest of the world”

which together determine the anthropogenic influence on climate. The frame-

work builds on the New Keynesian model (Gaĺı, 2015, Chapter 3), extended

to include an energy good produced with both fossil and renewable sources

1Bilal and Stock (2025) provide an in-depth survey of the literature on the impact of climate
change across different economic sectors.
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(Glocker and Wegmüller, 2024). Fossil energy use generates carbon emissions,

which accumulate in the atmosphere (Golosov et al., 2014), raise global tem-

peratures, and, in turn, reduce total factor productivity (TFP). The latter

follows Nordhaus (1991, 2014), whose model highlights feedback loops be-

tween emissions, atmospheric concentrations, rising temperatures, and their

economic damages. The central result is that this mechanism steepens the

Phillips curve: higher temperatures make demand shocks trigger stronger price

reactions but weaker output responses.

We test this prediction empirically using a model aligned with the structure

of the theoretical framework. The negative feedback of temperature on TFP is

proxied by measured surface temperature anomalies, motivating a structural

vector autoregressive (SVAR) specification with an interaction term. This ap-

proach creates a non-linearity and allows impulse responses to vary with dif-

ferent levels of temperature anomalies. We identify global demand and supply

shocks using sign restrictions derived from the theoretical model and estimate

the SVAR over a panel of countries. Our results confirm the theoretical pre-

dictions. First, likelihood-ratio tests and information criteria favor modeling

temperature as an interaction variable rather than as an exogenous variable

in the SVAR, supporting our general hypothesis. Second, global demand and

supply shocks produce the expected significant responses in domestic output

and prices, most importantly, higher temperature anomalies magnify the price

effects of demand shocks while dampening output reactions. By contrast, sup-

ply shock responses remain largely unaffected. These findings are consistent

with our particular hypothesis: temperature anomalies alter the slope of the

Phillips curve, affecting the transmission of demand but not supply shocks.

Related literature. Our contribution links to three strands. The first

emphasizes structural determinants of business cycle propagation; the second

studies inflationary effects of climate policies; the third investigates climate

change and macroeconomic performance. Regarding the latter, Tol (2024)

and Bilal and Stock (2025) provide two recent surveys assessing the long-run

economic costs and non-market impacts from climate change. The central

estimate of the economic impact of global warming is negative with a wide

confidence interval. Research activity concentrates on (i) output effects (Dell

et al., 2012; Zhao et al., 2018; Berg et al., 2024; Bilal and Känzig, 2026; Nath
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et al., 2024; Abalo et al., 2025) and (ii) productivity development (Donadelli

et al., 2017; Acevedo et al., 2020; Zhang et al., 2023; Kumar and Maiti, 2024).

Iliyasu and Sanusi (2024) document GDP losses and price increases as a conse-

quence of temperature anomalies. All these studies are based on a broad set of

countries and therefore use annual data. Only a few authors analyze the feed-

back between output and climatic outcomes using data at higher frequencies

more related to the business cycle or to seasonal patterns (Doda, 2014; Cohen

et al., 2022; Linsenmeier, 2024). In contrast, we do not attempt to estimate

the social cost of carbon, rather we focus on the impact of higher tempera-

ture anomalies on the propagation mechanism of demand and supply shocks.

Closer to our work, Ciccarelli and Marotta (2024) identify climate-related risks

in a SVAR and show that physical risks act as negative demand shocks while

transition risks shift supply, but they do not use weather outcomes as indica-

tors of climate change and they do not allow for a non-linear response of the

economy to temperature anomalies.

On the inflationary effect of climate policies, Cantelmo et al. (2024) stress

monetary policy’s stabilizing role in responding to climate-induced natural

disaster shocks, while van der Ploeg and Withagen (2014) discuss the am-

biguous effects of optimal carbon taxation. In a related line, Bettarelli et al.

(2025) show that carbon mitigation policies generate substantial and persis-

tent inflationary pressures. We extend this literature by showing that higher

temperature anomalies are likely to magnify the price effect of expansionary

demand shocks and simultaneously reduce their output effect.

Finally, regarding structural elements of propagation mechanisms, Abbritti

and Weber (2018) highlight the role of labor market institutions in amplifying

or dampening business cycle fluctuations, while Christoffel et al. (2009) show

their importance for monetary policy transmission. Bai et al. (2026) stress the

role of supply chain disruptions in this context. Crespo Cuaresma and Glocker

(2023) emphasize production structure, particularly tradable–nontradable shares,

for (fiscal-) demand shocks, and Towbin and Weber (2013) analyze how ex-

change rate regimes, debt structure, and import composition shape the propa-

gation of global shocks into domestic economies. We suggest that temperature

anomalies are another element shaping an economy’s dynamic response to de-

mand shocks.
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The paper is structured as follows. Section 2 formalizes the research idea

and Section 3 introduces a conforming theoretical model. Section 4 introduces

the empirical model, discusses the connection between the theoretical and

empirical models, and presents the results of the econometric analysis. Finally,

Section 5 concludes.

2. Formalizing the research idea

To express the research idea in more detail, consider a dynamic system

composed of a vector yt of endogenous variables, whose dynamics are governed

by the matrix lag-polynomial B(L) =
∑P

i=0 BiL
i of order P with L being the

lag operator and B0 = I (identity matrix). The system is subject to the

exogenous shocks in ut and reads

(1) B(L)yt = Hut

where H governs the (contemporaneous) impact response of the shocks on the

endogenous variables. Zolghadr-Asli et al. (2021); Casey et al. (2023); Cic-

carelli et al. (2024) introduce climate change (Tt) in this system by expanding

ut to u∗
t = [u′

t, Tt]′, so that equation (1) changes to

(2) B(L)yt = H∗

 ut

Tt


where H∗ extends H by one additional column. This setup assigns climate

change a role analogous to that of traditional shocks in macroeconomic models.

One might conceptualize the damage from a natural disaster as a comparable

example of such a shock. The aforementioned studies use temperature anom-

alies as an external instrument for climate change and find that they have a

statistically significant effect on key macroeconomic variables. However, as

indicated by the forecast error variance decomposition (see, for instance, Cic-

carelli and Marotta, 2024), these anomalies account for only a negligible share

of the fluctuations in these variables. Considering this, we suggest that this

result may reflect limitations in the empirical specification. Rather than treat-

ing climate change as a conventional shock, it may be more appropriate to

consider it as a driver of structural change, influencing the coefficients in the
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B(L) and H matrices. This perspective extends equation (1) to

(3) B(L; Tt)yt = H(Tt)ut

where B(L; Tt) =
∑P

i=0Bi(Tt)Li with B0(Tt) = I. In this framework, climate

change influences the dynamics of the system, rather than acting as an ex-

ogenous shock: it alters the propagation mechanisms of the shocks in ut. To

explore this more formally, we consider a first-order Taylor approximation of

the coefficient matrices with respect to the climate change variable Tt, evalu-

ated around a mean level T̄ . Substituting these approximations into equation

(3), we obtain

(4) yt +
P∑
i=1

(
Bi(T̄ ) +

∂Bi

∂Tt
T̂t
)
yt−i ≈

(
H(T̄ ) +

∂H

∂Tt
T̂t
)
ut

where T̂t = Tt − T̄ is the temperature anomaly.2 Equation (4) represents a

multivariate dynamic model in which T̂t acts as an interaction variable. The

variable T̂t introduces a non-linearity in the model and exerts an influence

on the transmission channel of traditional business cycle shocks; however, it

does not manifest as an exogenous (business cycle) shock. In what follows, we

present a theoretical model that is consistent with equation (3).

3. The theoretical model

The model economy consists of a two-country framework with a small open

economy (the “home” country) and the rest of the world (ROW), jointly form-

ing a global economy that shapes anthropogenic climate dynamics. The frame-

work extends the New Keynesian model (Gaĺı, 2015, Chapter 3) to include an

energy good produced from both fossil and renewable sources (Glocker and

2While T̂t is defined as a deviation of the mean surface temperature from its historical
baseline, the underlying physical and economic mechanism primarily operates through
the frequency and intensity of extreme heat events rather than through modest shifts in
the mean per se. According to Ruff and Neelin (2012), in a Gaussian or near-Gaussian
weather regime, an increase in the mean of the temperature distribution mechanically raises
the probability Pr(T > Tcritical) that (daily) temperatures exceed critical thresholds at
which labor productivity, health, and infrastructure are severely impaired. Consequently,
our use of the temperature anomaly should be interpreted as a reduced-form statistic for
shifts in the entire distribution of temperature, and in particular for the increase in the
right-tail probability of “hot days”. Formally, for the temperature distribution T can be
well approximated by a distribution FT ( ·

∣∣µt, σt) whose mean µt co-moves tightly with

Pr(T > Tcritical) = 1− FT (Tcritical
∣∣µt, σt), so that using T̂t as state variable is equivalent to

parameterizing the evolution of Pr(T > Tcritical).
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Wegmüller, 2024). Nominal price rigidities represent the key friction. An en-

ergy composite is produced from fossil and renewable raw inputs, with fossil

energy generating carbon emissions. Energy is demanded by both households

and firms, while monetary policy follows a flexible exchange rate regime. The

pivotal feature of the model is the feedback from carbon emissions to TFP,

where the global temperature anomaly serves as a proxy for climate change

(Nordhaus, 2014; Fernández-Villaverde et al., 2024; Barrage and Nordhaus,

2024).

The analysis focuses on the home economy, while ROW variables (denoted

by ∗) and global aggregates (denoted by ∗∗) are introduced explicitly when

relevant. Model implications are derived in response to a foreign demand and

a foreign supply shock.

3.1. Energy producers. Energy producers operate in perfectly competitive

markets. They combine imported fossil energy ef,t, purchased at foreign price

P ∗
e,t, with domestic renewable energy er,t, produced from renewable capital

kt rented from households at the price Pk,t. One unit of renewable capital

produces one unit of renewable energy: er,t = kt−1. Final energy et is produced

according to

(5) et = ξE

(
(1− ζ)e

κ−1
κ

f,t + ζk
κ−1
κ

t−1

) κ
κ−1

,

where ξE denotes technology, κ the elasticity of substitution, and ζ ∈ [0, 1] the

renewable energy share. Profits are given by Pe,tet−StP ∗
e,tef,t−Pk,tkt−1, where

St is the nominal exchange rate (expressing the foreign currency in terms of

the domestic currency). Optimal input choice yields relative demand

(6)
kt−1

ef,t
=

1− ζ

ζ

(
Pk,t
StP ∗

e,t

)−κ

.

The corresponding domestic energy price index is

(7) Pe,t =
(
(1− ζ)(StP

∗
e,t)

1−κ + ζP 1−κ
k,t

) 1
1−κ ,

The foreign energy price P ∗
e,t follows an exogenous AR(1) process with uP ∗

e ,t

being the foreign supply shock.
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3.2. Fossil energy, carbon emissions and temperatures. Fossil energy

use generates carbon emissions that accumulate in the global carbon stockM∗∗
t

(8) M∗∗
t = (1− φ)M∗∗

t−1 + ef,t + e∗f,t,

where φ is the decay rate. ROW fossil use e∗f,t is assumed to depend positively

on foreign demand Y ∗
t and negatively on P ∗

e,t. Following Hassler and Krusell

(2012), global carbon concentration determines the temperature anomaly T̂t,

defined as the deviation from its steady state T̄

T̂t = T
(
M̂∗∗

t

)
− T̄ , M̂∗∗

t = ln(M∗∗
t /M̄

∗∗).

We assume temperature anomalies are uniform across the two countries. Since

climate responses to emissions unfold only over decades–consider Nordhaus

(1991); Ricke and Caldeira (2014) and the discussion in Section 1–we treat

temperature anomalies as exogenous in the short run, i.e. T̂t = T̂ . We assume

that TFP (ξA) depends negatively on temperature anomalies (Letta and Tol,

2019; Kumar and Maiti, 2024; Donadelli et al., 2022; Drescher and Janzen,

2025; van der Ploeg and Rezai, 2026)3

(9) ξA(T̂ ) = e−αT̂ +ξ̄A ,

where α captures the semi-elasticity of TFP to temperature anomalies. Esti-

mates suggest that a one-degree rise in temperature reduces TFP by about 3.2

percent (Kumar and Maiti, 2024), with stronger effects in advanced economies

(Donadelli et al., 2022). Additional evidence links higher temperatures to

adverse labor productivity and occupational health outcomes, further corrob-

orating the negative impact of climate change on productivity (Letta and Tol,

2019; Henseler and Schumacher, 2019).

3.3. Households. We consider a continuum of infinitely lived households that

derive utility from consumption Ct and disutility from labor ht. Preferences

are represented by u(Ct, ht) =
C1−σ

t −1

1−σ − χ
h1+ϕ
t

1+ϕ
, where σ denotes relative risk

3Importantly, these studies document that economic damages are highly non-linear in tem-
perature, with sizeable effects arising once (daily) temperatures exceed critical thresholds
for human physiology and physical infrastructure. In practice, a rise in the mean anomaly
T̂ over a season implies a higher share of days with T > Tcritical, so that ξ(T̂ ) should be
interpreted as decreasing in the probability and intensity of such threshold exceedances, for
which T̂ serves as a sufficient statistic.
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aversion, ϕ the inverse Frisch elasticity, and χ is a scaling parameter. House-

holds hold domestic (Bt) and foreign bonds (B∗
t ), with foreign assets valued at

exchange rate St. Limited capital mobility is introduced via a quadratic cost

ψB,t =
ψB

2

(
St

Pt
B∗
t

)2
. They also invest It in renewable energy capital kt, rented

to energy producers at price Pk,t. Capital depreciates at rate δ

(10) kt = (1− δ)kt−1 + It.

Nominal income consists of labor earnings Wtht plus returns on bond and

capital holdings. The budget constraint is

(11) Pt(Ct+ It−ψB,t)+Bt+StB
∗
t = Rt−1Bt−1+R

∗StB
∗
t−1+Wtht+Pk,tkt−1.

Households maximize discounted life-time utility E0

∑
t≥0 β

tu(Ct, ht) subject

to (10) and (11), with discount factor β. The optimality conditions are

1 = Et

[
Λt,t+1

Rt

1 + πt+1

]
,(12)

1− ψB
St
Pt
B∗
t = Et

[
Λt,t+1

R∗

1 + πt+1

St+1

St

]
,(13)

Wt

Pt
= χhϕtC

σ
t ,(14)

1 = Et

[
Λt,t+1

(
1− δ +

Pk,t+1

Pt+1

)]
,(15)

where Λt,t+k = βk(Ct/Ct+k)
σ is the stochastic discount factor, and 1 + πt =

Pt/Pt−1 is the gross-inflation rate. We assume that consumption Ct is com-

posed of non-energy (ct) and energy (eH,t) consumption goods according to

(16) Ct = min

{
ct

1− ϑ
,
eH,t
ϑ

}
and ϑ measures the share of energy in total household consumption. To find

an optimal allocation between ct and eH,t, the household solves maxct,eH,t
Ct

using equation (16) and the constraint PtCt = Pc,tct+PH
e,teH,t. The optimality

condition is given by

(17) ct =
1− ϑ

ϑ
eH,t
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which implies the following demand functions: ct = (1− ϑ)Ct and eH,t = ϑCt,

and from which we derive the following consumer price index (CPI, Pt)

(18) Pt = (1− ϑ)Pc,t + ϑPH
e,t

and we refer to 1+πc,t = Pc,t/Pc,t−1 as the CPI core inflation rate. We assume

that non-energy consumption is a Cobb-Douglas bundle of domestic (cD,t) and

foreign (cF,t) goods:

(19) ct ∝ cϱD,tc
1−ϱ
F,t

with prices Pc,t, PD,t, and PF,t, the latter denominated in domestic currency

terms. The household solves maxcD,t,cF,t
ct using equation (19) and the con-

straint Pc,tct = PD,tcD,t+PF,tcF,t. The resulting demand function for domestic

goods is

(20) cD,t = ϱ
Pc,t
PD,t

ct

and the corresponding price index is given by

(21) Pc,t = P ϱ
D,tP

1−ϱ
F,t .

Imported goods are provided in competitive markets and the foreign currency

price is normalized to one so that: PF,t = St.

Finally, in line with the New Keynesian literature, we assume that the do-

mestic non-energy consumption goods cD,t are given by a constant elasticity

of substitution (CES) aggregation over a continuum of goods cD,t(i) indexed

on the interval i ∈ [0, 1] with a sector-specific elasticity of substitution ε > 1

as follows: cD,t =
(∫ 1

0
cD,t(i)

ε−1
ε di

) ε
ε−1

, where cD,t(i) represents the quantity of

good i obtained by the household in period t. We define PD,t(i) as the price

of the domestic non-energy consumption good i. It follows that the demand

function for the individual good i is given by cD,t(i) = (PD,t(i)/PD,t)
−εcD,t and

the corresponding price index is PD,t =
(∫ 1

0
PD,t(i)

1−εdi
) 1

1−ε
.

3.4. Intermediate goods. Intermediate good j is produced with labor ht(j)

and firm-level energy eF,t(j) under Leontief technology:

(22) yt(j) = ξA(T̂ ) min

{
ht(j)

1− ς
,
eF,t(j)

ς

}
,
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where ς is the fixed energy share. Given equation (22), marginal costs are

given by

(23) MCt(T̂ ) =
1

ξA(T̂ )
((1− ς)Wt + ςPe,t) .

We assume perfectly competitive factor input markets, which implies that

firms act as price takers in obtaining their input factors to production, hence

nominal marginal costs are the same across firms MCt(j, T̂ ) = MCt(T̂ ). In-

termediate goods are sold under monopolistic competition with Calvo price

stickiness, described in detail in Gaĺı (2015). Each firm re-optimizes its price

with probability 1− ξp, otherwise maintaining past pricing. The optimal reset

price P̃D,t satisfies

Et
∑
k≥0

ξkpΛt,t+kyD,t+k(j)

(
P̃D,t −

ε

ε− 1
MCt+k(T̂ )

)
= 0.

and the domestic price index evolves according to

(24) PD,t =
(
ξpP

1−ε
D,t−1 + (1− ξp)P̃

1−ε
D,t

) 1
1−ε

.

3.5. Policy and equilibrium. Monetary policy follows a Taylor-type rule

(25) it = ῑ+ ϕππt + ϕyŷt

with it = ln(Rt) and ŷt denotes the (log-)deviation of output from its steady

state. In equilibrium, energy supply equals energy demand et = eH,t + eF,t =

ϑCt +
ς

ξA(T̂ )
yt. Final output is PD,tyt in nominal terms, while total absorption

equals domestic and foreign consumption and investment adjusted for energy

and non-energy imports. The resulting resource constraint reads

(26) yt +
StP

∗
e,t

PD,t
ef,t = ϱ

Pc,t
PD,t

[(
1− ϑ+

Pe,t
Pc,t

ϑ

ϱ

)
Ct + It

]
+

St
PD,t

X∗
t ,

with foreign demand specified as X∗
t = (PD,t/StP

∗)−θ
∗
Y ∗
t , where Y

∗
t follows an

AR(1) process with uY ∗,t being the foreign demand shock.

The balance of payments condition is

(27) St(B
∗
t −R∗B∗

t−1) = PD,tyt + StP
∗
e,tef,t − Pc,t

[(
1− ϑ+

Pe,t
Pc,t

ϑ

ϱ

)
Ct + It

]
.

In equations (26) and (27), the term PtψB,t is omitted since it cancels in log-

linearized equilibrium under zero steady state net foreign assets.
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Table 1. Calibration

Ident. Value Description Range
β 0.971 Discount factor [0.95− 0.99]
ϕ 4 Inverse of Frisch labor supply elasticity [1− 6]
ξp 0.7 Degree of price stickiness [0.65− 0.9]
ψB 0.02 Adjustment costs for net foreign assets [0.01− 0.1]
ϱ 0.7 Share of domestically produced goods in domestic

absorption
[0.5− 0.9]

ϑ 0.08 Share of energy consumption in total household con-
sumption

[0.04− 0.15]

ς 0.12 Share of energy usage in production [0.05− 0.2]
ϕπ 1.5 Reaction of monetary policy to inflation [1.1− 2.5]
ϕy 0.5 Reaction of monetary policy to output [0.0− 0.9]
ζ 0.4 Share of renewable energy [0.1− 0.9]
φ 0.02 Rate of decay of atmospheric carbon stock [0.01− 0.1]
κ 1.5 Elasticity of substitution between fossil and renew-

able raw energy
[0.01− 2.5]

ρP∗
e

0.7 Auto-correlation of exogenous energy price shock [0.4− 0.9]
ρY ∗ 0.7 Auto-correlation of exogenous global demand shock [0.4− 0.9]
θ∗ 0.5 Elasticity of substitution between domestic and for-

eign goods in the foreign economy
[0.1− 1.1]

α 0.03 Temperature anomaly sensitivity of TFP [0.01− 0.06]

3.6. Baseline calibration and solution of the model. We assume that

trade is balanced in the steady state and that both foreign and domestic bonds

are in zero net supply. The foreign price of imported goods (P ∗
t ) and the steady

state price of imported energy (P ∗
e,t) are normalized to one. The steady state

shares of household consumption and investment in output are set to 0.95 and

0.05, respectively.

The shares of household energy in total consumption (ϑ) and of energy in

firms’ costs (ς) are calibrated from the weights of energy in the CPI and PPI,

using averages across the countries considered in Section 4.1.4. The elasticity of

substitution between fossil and renewable energy is set above unity, conforming

with long-run estimates reported by Jo (2025). Table 1 details the calibration

choices, which largely follow standard practice.

To calibrate ROW carbon emissions relative to output and fossil energy

prices (e∗f,t = e∗f (Y
∗
t , P

∗
e,t)), we follow Doda (2014); Onofrei et al. (2022), who

document that emissions are procyclical and more volatile than GDP. For

instance, Doda (2014) estimates an elasticity of 1.6 for high-emission countries

and 0.92 more broadly. In line with these findings, we set the elasticity between

output and emissions to 1.2, and between fossil energy prices and emissions to

−0.4, reflecting limited short run substitutability.
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Equation (24), which governs the evolution of domestic goods’ prices (PD,t),

and the first-order condition for the optimal price (P̃D,t) yield the New Key-

nesian Phillips curve

(28) πD,t = βEtπD,t+1 + κpm̂ct

where κp = (1−ξpβ)(1−ξp)
ξp

, and mct = MCt(T̂ )/PD,t is real marginal costs.

For later relevance, we note that the (log-)linearization implies that m̂ct =

dmct/mc, that is, the change in marginal costs4 (dmct) relative to its steady

state given by mc = ϵ−1
ϵ
. Alternatively, the change in marginal costs (dmct)

can be proxied by the (absolute) deviation from the steady state: dmct ≈

mct −mc, which then implies m̂ct ≈ (mct −mc)/mc.

The complete list of the equations governing the equilibrium dynamics is

provided in the Appendix.

3.7. Equilibrium, model solution, and dynamic simulations. We solve

the model under rational expectations by computing a log-linearization around

its steady state (see Appendix). This yields a first-order stochastic difference

equation system in line with equation (3) with P = 1, where yt denotes the

vector of endogenous variables and ut =
[
uP ∗

e ,t, uY ∗,t

]′
is the vector of exoge-

nous shocks. The assumption made in Section 3.2 implies that Tt is not part

of the endogenous variables, but instead a structural parameter, hence shap-

ing the coefficient matrices B1(T̂t) and H(T̂t). In the subsequent analysis,

we investigate how temperature anomalies modify the transmission of foreign

demand and supply shocks.

3.7.1. Temperature anomaly and the slope of the Phillips curve. To examine

the sensitivity of the Phillips curve’s slope (given by dπD,t/dyt) with respect

to the temperature anomaly, we first investigate the role of marginal costs.

By substituting the real wage (wt = Wt/Pt) and hours worked (ht) into the

expression for marginal costs, and using the household labor supply equation

(14), the production function (22), and the equation for marginal costs (23), we

obtainmct =
(

1−ς
ξA(T̂ )

)2
χyt+ςpe,t, under the assumption that σ = 0 (the house-

hold utility function is linear in consumption (Ct) and pe,t = Pe,t/PD,t. Further

assuming ζ = 0 (no renewable raw energy used) and κ = 0 (under ζ = 0, the

4Note that dmct emerges once taking the total differential of equation (24) and the first-order

condition for the optimal price (P̃D,t) and simplifying.
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assumption of κ = 0 has no further consequences), we can treat pe,t as a cost-

push shock related to fossil energy. Considering the change in (real) marginal

costs relative to the steady state, we derive dmct
mc

=
(

1−ς
ξA(T̂ )

)2
χϵ
ϵ−1

dyt, when

dpe,t = 0. This expression can be rearranged to yield d(mct/mc)
dyt

=
(

1−ς
ξA(T̂ )

)2
χϵ
ϵ−1

,

from which we derive the following slope sensitivity of marginal costs with

respect to the temperature anomaly

(29)
d2(mct/mc)

dytdT̂
= 2αχ

ϵ

ϵ− 1

(
1− ς

ξA(T̂ )

)2

> 0

This equation highlights that the slope of the marginal cost curve increases

with rising temperature anomalies.5 Turning now to the (New Keynesian)

Phillips curve, we first of all note that πD,t = πD,t − π̄D ≈ dπD,t where the

latter approximates the deviation of inflation from its steady state value (π̄D =

0). Holding expected inflation constant at its steady state level (EtdπD,t+1 =

EtπD,t+1 = 0) we have that
dπD,t

d(mct/mc)
= κp, and consequently

d

dT̂

(
dπD,t
dyt

∣∣∣∣
PC

)
=

d

dT̂

(
dπD,t

d(mct/mc)

d(mct/mc)

dyt

)
= κp

d2(mct/mc)

dytdT̂

= 2αχκp
ϵ

ϵ− 1

(
1− ς

ξA(T̂ )

)2

> 0(30)

This indicates that an increase in the temperature anomaly results in a steeper

Phillips curve. This link arises from the assumption that elevated tempera-

tures depress productivity, which, according to equation (29), amplifies the

responsiveness of marginal costs to output. While this effect– higher tem-

perature anomalies resulting in a steeper Phillips curve–originates from an

apparently simple assumption about TFP, it has profound consequences: a

steeper Phillips curve implies that inflation becomes more sensitive to output

fluctuations, which directly conditions the propagation of (demand) shocks. A

key parameter in this context is α, which measures the impact of the tempera-

ture anomaly on total factor productivity ξA(T̂ ), and consequently on output

5Notably, with a constant returns to scale production function, as is the case in our model,
we have ∂mct(yt)/∂yt = 0 (see for instance Mas-Colell et al., 1995, Chapter 5). This
should not be confused with the expression presented in equation (29), which incorporates
additional model-specific equations to account for equilibrium dynamics, ultimately leading
to ∂mct(yt)/∂yt ̸= 0 due to feedback effects.
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and marginal costs. This mechanism reflects the TFP channel. Another im-

portant parameter here is the Calvo price stickiness parameter ξp embedded

in κp, which shapes the slope of the Phillips curve on top of α.6

Given that the implications of equation (30) are derived from a simplified

framework, the subsequent section considers a more general setting.

3.7.2. Theoretical implications of temperature anomaly for demand and supply

shocks. We now assess how temperature anomalies influence the transmission

of demand and supply shocks through quantitative simulations of the model

with the results shown in Figure 3. The sub-panels in the top row show the

impulse response functions (IRFs) for inflation and output in response to the

foreign demand shock (uY ∗,t), while those in the bottom row show the IRFs to

the foreign supply shock (uP ∗
e ,t). Both shocks are expansionary. The demand

shock is specified such that Y ∗
t increases by one percent, while the supply shock

is specified such that P ∗
e,t decreases by one percent. Both shocks raise domestic

output while the inflation response is opposite.

Most importantly, since the IRFs are continuous functions of T̂ , we can plot

them for various values of T̂ . The black dotted lines in the first two sub-panels

of Figure 3 show the IRFs when T̂ = 0, while the blue dashed lines denote

those when T̂ > 0. The first scenario refers to a “normal” climate state, while

the second corresponds to one of above-average temperatures. In response to

the demand shock, the IRFs of inflation and output show a high sensitivity

to T̂ : inflation is higher when T̂ > 0, while output is lower. In other words,

the output effects diminish at higher temperatures, while the inflation effects

increase.

The fourth sub-panel in the first row of Figure 3 provides a robustness check

for a more general parameter space. In particular, we simulate the model over

a wide range of different values for the structural parameters. To this end, we

attach a uniform distribution to each parameter and define upper and lower

bounds as indicated in the fourth column (Range) in Table 1. We simulate

the model 2000 times7 and show the difference of the IRFs for the following

6To underscore the simplicity of the underlying intuition, we also derive the mechanism in
the Appendix using the AS-AD model following Blanchard and Johnson (2017).
7The implementation is as follows: for the same draw of the structural parameters, we solve
the model for (i) the scenario T̂ = 0, and (ii) the scenario T̂ > 0. We then compute
IRFs for each scenario, of which we then compute the difference in the IRFs across the two
scenarios, as depicted in Figure 3. By this procedure we can uniquely attach the difference



19

Figure 3. Temperature sensitivity of demand and supply shocks

Note: The figure shows the sensitivity of the IRFs of inflation and output to a global demand

(upper sub-panels) and a global supply shock (lower sub-panels) with respect to the temperature

anomaly. The sub-panels in the fourth column show the sensitivity with respect to a more general

calibration (average effect over the first 6 steps of the IRFs). The red line in the boxplot refers to

the median.

scenario: T̂ = 0 relative to T̂ > 0. We consider the average effect over the first

six steps of the IRFs. The difference between the two scenarios is depicted in

the right sub-panel in Figure 3. We observe a pronounced sensitivity of the

model’s variables to the temperature anomaly in the case of the demand shock.

When T̂ > 0, the impact of demand shocks on inflation is more pronounced,

while the output response is muted. We perform the same analysis for the

supply shock, the results of which are presented in the fourth sub-panel of

the second row. As can be observed, the sensitivity of the IRFs to T̂ > 0 is

markedly lower in comparison to the demand shock. Most notably, the boxes

largely overlap with zero, indicating that there is no unique effect regarding

the extent to which T̂ shapes the IRFs in the case of a supply shock.

in the response to changes in T̂ , while at the same time preserving flexibility in the model
calibration over a wide parameter space.
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This pattern is also evident in the two sub-panels of the third column, which

depict the slope of the Phillips curve.8 The upper sub-panel illustrates its

sensitivity to the demand shock, while the lower sub-panel corresponds to the

supply shock. As shown, the temperature anomaly plays a crucial role in

shaping the transmission of the demand shock: a higher temperature anomaly

leads to a steepening of the Phillips curve, resulting in a stronger inflationary

response but a weaker output reaction. This effect, however, is absent in

the case of the supply shock, as the temperature anomaly influences only the

supply side of the model (see equation (30)).

4. The econometric model

We validate our theoretical results using an empirical model. To this end,

we use the solution format of the theoretical model and extend it in several

steps to create an estimable empirical model. We then examine the influence

of the temperature anomaly on the transmission mechanism of global demand

and supply shocks.

4.1. From the theoretical to the empirical model. The solution of the

theoretical model is given by equation (3) with B(L; T ) = I −B(T )L where

I is the identity matrix, B(T ) a matrix whose coefficients depend on T and

ut is the vector of structural shocks defined in Section 3.7.

We partition the vector of endogenous variables yt = [y′
c,t, y

′
g,t]

′ to examine

more clearly the solution of the theoretical model. The vector yg,t = [P ∗
e,t, Y

∗
t ]

′

collects the foreign/global variables, while yc,t = [. . . , πt, ŷt, it]
′ (dimension

n × 1) the home-country variables. This partitioning motivates the following

form of equation (3) from the theoretical model

(31)

 yc,t
(n×1)

yg,t
(2×1)

 =

B11(T )
(n×n)

B12
(n×2)

0
(2×n)

B22
(2×2)


yc,t−1

(n×1)

yg,t−1
(2×1)

+

H1(T )
(n×2)

H2
(2×2)

 ut
(2×1)

which is recognized as a structural VAR (SVAR) representation of the theo-

retical model. The ensuing sections delineate three steps for establishing the

(estimable) empirical model from the theoretical counterpart.

8To produce these two sub-panels, we followed Gasteiger and Grimaud (2023) and simulated
the model for 2000 periods under the demand shock (upper sub-panel) only and the supply
shock (lower sub-panel) only.
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4.1.1. Block exogeneity: the global–domestic relationship. Equation (31) ex-

hibits a block-exogenous structure, because the lower-left block of the coeffi-

cient matrix is zero. This implies that home-country variables do not influ-

ence global dynamics, while global shocks do propagate to the home-country

through B12. Block exogeneity is imposed by our theoretical model but re-

mains an empirically testable restriction. In our estimation, it is consistently

supported by information criteria.9

4.1.2. Interaction term: temperature effects in the country block. The elements

of the matrix B11(T ) are functions of the temperature anomaly T . However,

we cannot identify an explicit functional form from the solution of the theoreti-

cal model. Hence we approximate B11(T ) using a first-order Taylor expansion,

as proposed in equation (4) which implies

(32) IVAR: B11(Tt) = Γ(T̄ ) +F T̂t

where Γ and F are n × n matrices and we substituted T with its empirical

counterpart Tt = T̄ + T̂t. Extending equation (32) with yc,t−1 gives

(33) B11(Tt)yc,t−1 =
(
Γ(T̄ ) +F T̂t

)
yc,t−1

where T̂tyc,t−1 establishes an interaction term that gives rise to an interacted

vector autoregressive (IVAR) model (compare Towbin and Weber, 2013). Its

response coefficients are allowed to change deterministically with T̂t

(34)
∂B(Tt)
∂T̂t

=

F 0

0 0


Notably, equation (34) demonstrates that–given the assumptions made in the

theoretical model–only the domestic propagation of shocks depends on temper-

ature anomalies, captured by the matrix F . In contrast, the global block (H2,

B22, B12) is assumed to be unaffected by temperature anomalies hence en-

abling an isolation of the impact of temperature variations. This ensures that

global shocks are identified independently of temperature anomalies. Conse-

quently, any differences in the country-specific propagation of the global shocks

9In the empirical model, we relax the restriction that B22 is diagonal (as in the theoretical
model) and allow it to be fully unrestricted. Similarly, some rows of B11(T ) and B12 are
identically zero for non-state variables, consistent with the theoretical structure, which is
also relaxed in the empirical counterpart.
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can then be unequivocally attributed to the temperature anomaly, which is

precisely the objective of our analysis.

Two remarks are in order. First, the interaction variable T̂t is treated as

exogenous with respect to business cycle shocks. Since we employ quarterly

temperature anomalies, this assumption is well justified: while temperature

anomalies exhibit temporal variation and are ultimately affected by long-run

economic activity through carbon emissions, they are unlikely to react to global

demand and supply shocks in the short run. Second, equation (32) imposes a

first-order Taylor approximation on the temperature effects, in contrast to the

general form embodied in equation (3), which allows for higher-order terms,

and equation (9) which explicitly assumes non-linearity. We address the po-

tential of higher-order terms in robustness checks in the Appendix.

4.1.3. Identification of the shocks. Equation (31) specifies a structural system.

However, estimation is limited to its reduced-form representation with the

reduced-form error term εt being a linear combination of the structural shocks

εt = H(T )ut, with E(utu
′
t) = diag

(
σ2
P ∗
e
, σ2

Y ∗

)
. Since H(T ) is not uniquely

determined from reduced-form variances, additional restrictions are necessary.

We identify the shocks by imposing sign restrictions derived from the the-

oretical model. To ensure that these restrictions are not tied to a specific

calibration, we adopt a simulation-based approach and simulate the theoreti-

cal model across a wide range of admissible values of the structural parameters.

To this purpose, we re-do the exercise outlined in Section 3.7.2 used to estab-

lish the sub-panels in the fourth column in Figure 3, however, now applied

solely to the impact response of the global demand and supply shock, which

allows us to examine the matrix H(T ). This yields two key results. First,

considering the 1st to 99th percentiles of the simulated entries of H(T ), we

find that

(35) sgn(H(T > 0)) = sgn(H(T = 0))

implying that the signs of the contemporaneous effects of the global shocks are

not influenced by the temperature anomaly (see also the Appendix). Conse-

quently, the temperature anomaly T can be excluded when determining the

sign restrictions. Second, the same analysis provides the following sign re-

strictions for identifying a contractionary global supply shock (first column



23

of H) and an expansionary global demand shock (second column of H) for

inflation, output and the nominal rate in the home-country and inflation and

output at the global level (noting the ordering of the variables as outlined in

Section 4.1 and we list only those variables from the theoretical model that

are subsequently used in the empirical estimation)

(36) sgn(H) =

uP ∗
e ,t uY ∗,t



...
...

...

πt ≥ 0 ≥ 0

ŷt ≤ 0 ≥ 0

it · ≥ 0

P ∗
e,t ≥ 0 ≥ 0

Y ∗
t ≤ 0 ≥ 0

where the horizontal line separates home-country (top) from global variables

(bottom). According to these restrictions, an expansionary global demand

shock is expected to increase inflation and output both domestically and glob-

ally, and raise the domestic nominal rate. A contractionary global supply

shock raises inflation and lowers output in both dimensions, but its effect on

the policy rate remains ambiguous.

For implementation, let Ω = E(εtε
′
t) denote the reduced-form variance-

covariance matrix. By eigenvalue decomposition, we write V = EΩΛ
1/2
Ω , with

EΩ denoting eigenvectors and ΛΩ eigenvalues. Candidate structural impact

matrices are then obtained as H = VQ, where Q is a random orthonormal

matrix. Following Rubio-Ramı́rez et al. (2010), Q is generated by QR decom-

position10 of a Gaussian random matrix. If a candidate H satisfies the sign

restrictions (36), it is retained; otherwise, a new draw of Q is generated. This

procedure is repeated until 5,000 accepted draws are obtained. In the empiri-

cal analysis, we report the median estimates of IRFs, along with the 16th and

84th percentiles as credible bands.

4.1.4. General matters: variables, data and estimation. We employ gross do-

mestic product (GDP) at constant prices as our measure of output, the GDP

10We note that while the estimation and the inference of the reduced-form model rely on a
rather non-informative prior for all coefficients, an informative prior emerges in the structural
model due to the QR decomposition (Baumeister and Hamilton, 2015).
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deflator as our measure of prices, and the three-month government bond rate

as the short term interest rate in the vector of home-country variables (yc,t),

resulting in n = 3. The vector of global variables (ygt ) comprises global GDP

and a global commodity price index. Output and prices are included in loga-

rithmic four-quarter differences throughout, allowing the resulting series to be

interpreted as year-over-year growth rates.11 The short term interest rate is

included in levels.

To capture climatic effects, we utilize the quarterly temperature anomaly

(T̂t) at the country level, defined as deviation from each country’s historical

average temperature. This approach enables us to account for country-specific

climatic variation and effectively control for regional climatic differences. By

focusing on temperature anomalies we emphasize the role of relative temper-

ature variations rather than absolute levels. This strategy ensures that our

empirical analysis aligns closely with the theoretical framework, which is pred-

icated on the impact of departures from typical climatic conditions, rather

than on uniform shifts in temperature across all countries (see also Nath et

al., 2024).

Our empirical analysis is based on a quarterly dataset spanning the period

1961Q1 to 2023Q4 and comprising N = 20 countries: Australia, Austria,

Belgium, Canada, Finland, France, Greece, India, Italy, Japan, Mexico, the

Netherlands, Norway, New Zealand, Portugal, South Korea, Spain, Sweden,

the United Kingdom, and the United States (see the Appendix for further

details).

The selection of countries is determined by the availability of quarterly data

for output, prices, and a short term nominal interest rate. We use quarterly

data because they better reflect the short run dynamic response of an economy

to global demand and supply shocks. In addition, typical supply shocks–such

as large swings in commodity or energy prices–could be averaged out at the

annual frequency.

11This specification is advantageous as it ensures that stationary variables are employed in
the VAR model. This facilitates the inclusion of interaction terms as it contributes to avoid
the risk of the companion matrix having eigenvalues outside the unit circle. Moreover, Nath
et al. (2024) provide an examination of whether temperature changes affect the level or the
growth rate of GDP and argue that global warming exerts persistent, but not permanent,
effects on economic growth. This finding supports our decision to use growth rates.
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The model, consisting of equations (31) and (32), is estimated individually

for each country using Bayesian methods.12 We employ a natural conjugate

prior, calibrated to be relatively non-informative, and jointly sample all pa-

rameters from the posterior distribution (see Appendix for further details).

Moreover, while equation (31) has only one lag, the empirical implementation

accommodates an extended lag structure. We incorporate truly exogenous

variables into the model, these are, a constant term, a dummy variable to ac-

count for the economic turbulence associated with the Covid-19 pandemic, and

a disaster-specific variable which serves to capture climate-related disruptions

that are not fully spanned by temperature anomalies.13 We rule out a feedback

from local natural disasters to global variables by imposing zero restrictions

on the relevant parameters.

4.2. The general hypothesis: IVAR or VARX. The IVAR model en-

capsulates the concept presented in the specification outlined by equation (3)

and posits that climate change (proxied by the temperature anomaly) shapes

the propagation mechanism of exogenous shocks. This perspective is consis-

tent with our interpretation of the temperature anomaly data and aligns with

the relatively minor role of temperature anomalies in accounting for macroeco-

nomic fluctuations (see Ciccarelli and Marotta, 2024, among others). Nonethe-

less, the empirical specification we propose differs from the alternative consid-

ered in the literature, which corresponds to equation (2). The latter gives rise

to the following VARX specification

(37) VARX: B11(Tt)yc,t−1 = Γ(T̄ )yc,t−1 + γT̂t

12Our decision to use a VAR framework—specifically, an interacted panel VAR model—rests
on two main considerations. First, to ensure comparability and continuity with the literature
we critique and build upon—which universally adopts VAR methods—we likewise employ
a VAR framework. Second, the (log-)linearised solution of the DSGE model takes the
form of a state-dependent VAR, making it the natural model-consistent specification; the
joint sign restrictions derived from the theoretical model can be imposed directly on the
reduced-form innovation covariance matrix. We acknowledge that Olea et al. (2024) identify
conditions under which local projections may outperform VARs. We therefore implement
local projections as a complementary robustness exercise in the Appendix, where the results
are qualitatively consistent with the baseline findings.
13Our natural disaster measure captures country-specific damages (expressed in national
currency units relative to nominal GDP) associated with hydrological, meteorological, and
climatological events and is drawn from the EM-DAT database, which builds on the classi-
fication framework developed by Sapir and Misson (1992). Additional details are provided
in the Appendix.

https://doc.emdat.be/docs/data-structure-and-content/disaster-classification-system/


26

where this equation is now to be used in equation (31) instead of the IVAR

specification put forth in equation (33). While the IVAR model nests the

VARX model, the key difference concerns the interaction between the temper-

ature anomaly and the vector of endogenous variables in the IVAR model. To

statistically differentiate between these specifications, we employ the Akaike

Information Criterion (AIC), the Bayesian Information Criterion (BIC), and

the Hannan-Quinn Criterion (HQ) and the likelihood-ratio test. Both speci-

fications utilize the same set of home-country yc,t and global variables yg,t.
14

The results are presented in Table 2, which lists the preferred specification

(IVAR(P) or VARX(P)) for each information criterion and for each country.

Across the countries considered, the information criteria favor the IVAR spec-

ification over the VARX specification. Moreover, for all countries, at least one

information criterion favors the IVAR model.

According to the HQ information criterion, we choose a lag length of three,

as this is the lag length selected by the HQ for most countries. Based on this

choice, we employ the likelihood-ratio test (see Hamilton, 1994, Chapter 11.1)

to conduct three tests for each country, where we compare the IVAR(3) model

with the (i) VARX(3), (ii) VARX(2), and (iii) VARX(4) models. The test

results, presented in Table 2, indicate a preference for the IVAR specification,

hence substantiating the results of the information criteria. We interpret these

findings in favor of our general hypothesis and hence of our proposed model

specification as outlined by equation (3).

4.3. The particular hypothesis: the role of climate change. We now

consider IRFs and forecast error variance decompositions (FEVDs). In our

context, these statistics are functions of the temperature anomaly T̂ . There-

fore, the IRFs and FEVDs can be evaluated at different levels of temperature

anomalies. This will be used to address our particular hypothesis.

Since we have a set of c = 1, ..., N countries, we consider a panel estimator

of the IVAR model for the subsequent analysis. This gives rise to an interacted

panel vector autoregressive (IPVAR) model. We use the mean-group estimator

of Pesaran and Smith (1995), which was used in an IPVAR setting by Towbin

14We calculate their values for each specification for various lags P, considering a maximum
of Pmax = 14 lags.
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Table 2. Model specification: IVAR vs. VARX

Likelihood-ratio test

IVAR(3) vs.:

AIC BIC HQ VARX(3)(1) VARX(2)(2) VARX(4)(3)

Australia IVAR (12) VARX (1) IVAR (1) IVAR IVAR IVAR
Austria IVAR (7) IVAR (1) IVAR (3) IVAR IVAR IVAR
Belgium IVAR (9) IVAR (1) IVAR (2) IVAR IVAR IVAR
Canada VARX (9) IVAR (1) IVAR (1) IVAR IVAR IVAR
Finland IVAR (11) IVAR (1) IVAR (1) IVAR IVAR VARX
France IVAR (12) IVAR (1) IVAR (1) IVAR IVAR IVAR
Greece VARX (5) IVAR (1) IVAR (1) IVAR IVAR IVAR
India IVAR (9) IVAR (1) IVAR (1) IVAR IVAR IVAR
Italy IVAR (6) IVAR (1) IVAR (2) IVAR IVAR IVAR

Japan IVAR (10) IVAR (1) VARX (5) IVAR VARX IVAR
S. Korea IVAR (12) IVAR (1) IVAR (3) IVAR IVAR IVAR
Mexico IVAR (12) IVAR (2) IVAR (3) IVAR IVAR IVAR

Netherlands IVAR (12) IVAR (1) IVAR (1) VARX IVAR IVAR
Norway VARX (8) IVAR (1) VARX (6) IVAR IVAR IVAR

N. Zealand IVAR (12) IVAR (1) IVAR (1) IVAR IVAR IVAR
Portugal IVAR (12) IVAR (2) IVAR (3) IVAR IVAR IVAR

Spain IVAR (12) IVAR (1) IVAR (2) IVAR IVAR IVAR
Sweden IVAR (12) IVAR (1) IVAR (1) IVAR VARX IVAR

UK IVAR (11) IVAR (1) IVAR (1) VARX IVAR IVAR
USA IVAR (9) IVAR (1) IVAR (3) IVAR IVAR IVAR

VARX 3 1 2 2 2 1
IVAR 17 19 18 18 18 19

Note: In case of the information criteria (AIC, BIC, HQ), the values in parentheses indicate the op-
timal lag length. In case of the likelihood-ratio test, the values in parentheses refer to the specified
lag-length. The last two rows indicate the number of times the IVAR or VARX specification was
suggested by the information criteria and the likelihood-ratio tests.
(1) The test specification is H0: VARX(3) vs. H1: IVAR(3).
(2) The test specification is H0: VARX(2) vs. H1: IVAR(3).
(3) The test specification is H0: VARX(4) vs. H1: IVAR(3).

and Weber (2013). This panel estimator provides a reasonable control for pos-

sible omitted variables, as for instance institutional quality, as highlighted by

Hassler et al. (2016), role of labor market institutions, the shares of tradables

and nontradables in production, the exchange rate regime and other structural

elements. The mean-group estimator of the home-country block in the IPVAR

model is given by

(38) Bj(T̂ ) =
N∑
c=1

Bc
j(T̂ )/N ∀j = 1, ...,P .

which also applies to B12 → Bc
12, H1 → Hc

1, Γj → Γcj and F j → F c
j as of

equation (32), and we do so across all draws of the posterior distribution of
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the respective matrices. We compute IRFs and FEVDs using these averaged

coefficient matrices and interpret them as an “average home-country” response.

4.3.1. Empirical implications of temperature anomaly for demand and supply

shocks. The IRFs for the global demand shock are shown in Figure 4 as black

solid lines (median of the posterior distribution) and blue dashed lines repre-

senting the 68 percent credible bands. The shock is normalized so that global

GDP growth increases by one percentage point on impact, which translates

into an output growth increase at the (average-)country level of approximately

three percentage points. This expansion is accompanied by a rise in inflation

which gradually vanishes. These dynamics are significantly influenced by tem-

perature anomalies, T̂ . The temperature anomaly variable is set to T̂Low = −2

and T̂High = 3.8. These values correspond to the 5th and 95th percentiles of the

distribution of the temperature anomaly over time (quarterly frequency) and

over countries. When the temperature anomaly is low (sub-panels in the first

column), the increase in output is larger than when the temperature anomaly

is high (sub-panels in the second column), while the opposite effect is observed

for inflation. The differences in the responses are statistically significantly dif-

ferent from zero (sub-panels in the third column). These findings align with

the theoretical implications discussed in Section 3.7.2.

While Figure 4 illustrates the path of the IRFs over a long horizon (up to

the 16th quarter), it only presents the IRFs for two specific values of the tem-

perature anomaly variable. To better understand the sensitivity of the IRFs

to T̂ , we extend this analysis by also showing the effects at a particular hori-

zon with respect to various levels of T̂ . The results are displayed in Figure

5. The blue line in the first sub-panel (with the gray-shaded area represent-

ing the 68 percent credible bands) illustrates the median effect of the global

demand shock on the (average-)country inflation at a four-quarter horizon

across different levels of temperature anomalies. As evident, the impact of the

global demand shock on inflation increases as the temperature anomaly rises,

indicating that demand shocks have a larger effect on inflation when the tem-

perature anomaly is high. Conversely, the effect on (average-)country output

diminishes as the temperature anomaly increases, as shown by the downward-

sloping black solid line in the second sub-panel, which shows the effect of the

global demand shock on (average-)country output at the four-quarter horizon
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Figure 4. Demand shock
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Note: The figure shows the sensitivity of the IRFs of inflation (GDP deflator, yoy change in percent),

output (GDP, yoy change in percent) and the short term interest rate to a global demand shock with

respect to the temperature anomaly. The temperature anomaly variable is defined by: T̂Low = −2

and T̂High = 3.8. The solid line represents the posterior median, while the dashed lines denote the

68 percent credible interval.

for varying levels of T̂ . The various dotted lines represent horizons other than

the four-quarter horizon. In each case, they align with the path of the blue

solid line (four-quarter horizon), thereby confirming the results pertaining to

shorter and longer horizons.

These empirical findings corroborate the theoretical results, indicating that

the temperature anomaly exerts a pronounced influence on the transmission

mechanism of demand shocks. In particular, the findings indicate that elevated

temperature anomalies increase the slope of the Phillips curve, thereby engen-

dering more pronounced inflation effects and relatively muted output effects
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Figure 5. Sensitivity of IRFs on temperature anomalies

Note: The figure shows how the IRFs (at a particular horizon) vary with the temperature anomalies.

The blue lines are the (median) IRFs at the four-quarter horizon (with the 68 percent credible

interval given by the gray-shaded area), while the dotted lines represent IRFs at horizons other

than the four-quarter horizon. The third sub-panel displays the histogram of the temperature

anomaly across time (quarterly frequency) and countries and the vertical lines indicate the 5th and

95th percentiles.

in response to demand shocks. This argument is substantiated by the results

of the supply shock, as illustrated in Figure 6. As can be observed, the two

shock-assigning variables (global GDP and global commodity prices) exhibit

opposing movements. We observe an immediate spillover effect on (average-

)country inflation, which declines accordingly. The most notable finding here

is the insensitivity of the IRFs to temperature anomalies. As the sub-panels

in the third column of Figure 6 illustrate, there is no statistically significant

evidence that the IRFs differ between a high and a low value of the tem-

perature anomaly. This result is not specific to the two values of T̂ used in

Figure 6. Instead, it is evident across a range of values, as demonstrated in

the sub-panels of the second row in Figure 5. The blue lines again quantify

the impact of the supply shock on (average-)country inflation and output at
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Figure 6. Supply shock
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Note: The figure shows the sensitivity of the IRFs of inflation (GDP deflator, yoy change in percent),

output (GDP, yoy change in percent) and the short term interest rate to a global supply shock with

respect to the temperature anomaly. The temperature anomaly variable is defined by: T̂Low = −2

and T̂High = 3.8. The solid line represents the posterior median, while the dashed lines denote the

68 percent credible interval.

the four-quarter horizon. This impact is illustrated for various levels of the

temperature anomaly. As can be observed, the impact on prices and output

remains largely constant (prices fall while output rises), but there is no in-

dication that the observed point estimates differ in a statistically significant

manner across low and high values of the temperature anomaly, as the credible

bands (gray-shaded area) consistently overlap.

Table 3 summarizes the quantitative effects. It details the impact of a rise

in the growth rate of global GDP following an expansionary global demand

shock, where the shock is normalized such that the average effect over the first
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Table 3. Global demand shock: Effects over the one-year horizon

Country Global

Prices(1) GDP(2) Rate(3) Prices(4) GDP(2)

(in pp) (in pp) (in pp) (in pp) (in pp)

T = 0 ◦C 5.8 ∗ 3.4 ∗ 5.7 ∗ 13.4 ∗ 1.0 ∗

T = 1 ◦C 7.0 ∗ 2.8 ∗ 5.8 ∗ 13.4 ∗ 1.0 ∗

T = 2 ◦C 8.0 ∗ 1.9 ∗ 6.3 ∗ 13.4 ∗ 1.0 ∗

Differences
T1 − T0 1.2 -0.6 0.1 0.0 0.0
T2 − T0 2.2 -1.5 ∗ 0.7 0.0 0.0

Notes: The asterisks (∗) indicate values that are statistically signif-
icantly different from zero at the 16 percent level.
(1) The GDP deflator is used in year-over-year relative changes.
(2) GDP is used in year-over-year relative changes.
(3) A short term nominal interest rate is used.
(4) A commodity price index is used in year-over-year relative
changes.

four quarters on the global GDP growth rate (year-over-year) is one percentage

point. Over the same one-year horizon, global commodity price inflation (year-

over-year) increases by approximately 13 percentage points (median).

With a view to the effects at the (average-)country level, when there are

no temperature anomalies (T̂ = 0), the inflation rate increases by six per-

centage points, while the GDP growth rate rises by around three percentage

points (median) over a one-year horizon. However, in a climatic environment

in which the temperature is higher (T̂ = 1 ◦C), the inflation rate is now higher

(7 percentage points) and the GDP growth rate is lower (less than three per-

centage points). Figure 1 shows that a temperature anomaly of +1 ◦C has been

surpassed by 2015. As highlighted in the last two rows in Table 3, the results

show that a 1 °C rise in temperature amplifies the inflationary impact of the

global demand shock by one percentage point while dampening the increase in

the growth rate of GDP by 0.6 percentage points. These effects become more

pronounced and also statistically significant in an environment with a higher

temperature anomaly (2 °C and beyond).

4.3.2. Quantifying temperature anomalies for demand and supply shocks. The

previous results demonstrated the extent to which temperature anomalies in-

fluence an economy’s adjustment path in response to shocks. The findings

indicated that, in the case of a demand shock, temperature anomalies play a
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Figure 7. Forecast error variance decomposition

Note: The figure shows how the FEVDs (at a particular horizon) vary with the temperature anom-

alies. The blue lines are the (median) FEVDs at the four-quarter horizon (with the 68 percent

credible interval given by the gray-shaded area), while the dotted lines represent FEVDs at horizons

other than the four-quarter horizon. The third sub-panel displays the histogram of the temperature

anomaly across time (quarterly frequency) and countries and the vertical lines indicate the 5th and

95th percentiles.

significant role, while not for supply shocks. We now extend this analysis to

address two further aspects. First, we examine how much of the variation in

output and inflation at the (average-)country level can be attributed to global

demand and supply shocks. Second, we explore whether temperature anom-

alies affect the share of variation in output and inflation explained by these

shocks. To address these aspects, we present evidence based on the FEVD.

The results are presented in Figure 7. We begin by discussing the findings

related to the supply shock, which are shown in the sub-panels of the second

row. The blue line depicts the proportion of inflation and output fluctuations

attributable to the supply shock over a one-year horizon as a function of the

temperature anomaly. As shown, when the temperature anomaly is low, the

supply shock accounts for approximately 20 percent of inflation fluctuations,
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and this share hardly changes for higher values of temperature anomalies. For

output fluctuations over the same horizon, the supply shock explains about

14 percent when the temperature anomaly is negative and around 20 percent

when the temperature anomaly is high and positive. These proportions remain

relatively stable even when shorter horizons are considered (represented by the

gray dotted lines). Overall, the results suggest that temperature anomalies

have only a minor impact on the proportion of price and output fluctuations

explained by supply shocks. Moreover, these differences are not statistically

significant and are small in magnitude.

This contrasts with the results for the demand shock, shown in the upper

row of Figure 7. Starting with output, we see that for the one-year hori-

zon (blue line), demand shocks account for a significant proportion of output

variation when the temperature anomaly is negative (up to 30 percent). How-

ever, this proportion decreases noticeably when the temperature anomaly rises

(down to 15 percent). This pattern is also evident for shorter horizons (gray-

dotted lines). In other words, the role of demand shocks in explaining output

variations diminishes as the temperature anomaly increases.

The opposite trend is observed for inflation. Within a four-quarter horizon

(blue line), demand shocks explain a smaller proportion of inflation variation

(around 13 percent) when the temperature anomaly is negative, but this pro-

portion increases to above 30 percent as the temperature rises. This pattern

suggests that the influence of demand shocks on inflation intensifies as the tem-

perature increases. This pattern prevails also for horizons beyond one year.

Our findings indicate that while the proportion of inflation and output vari-

ations attributable to supply shocks remains unaffected by temperature anom-

alies, the opposite is evident in the context of demand shocks. The temperature

anomaly affects the share of variation in output explained by demand shocks

by more than ten percentage points. This contrasts with the results of Cic-

carelli et al. (2024), who find that climate shocks account for less than one

percent of real activity.

4.4. Robustness and diagnostic checks. We perform extensive robustness

checks. These include an examination of non-linearities, omitted variables, the

use of alternative measures of prices and output, an alternative identification
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approach, and additional interaction variables. We find a high degree of qual-

itative robustness of our results with respect to these extensions, details of

which are provided in the Appendix.

Finally, we note that while the inclusion of additional control variables15

reduces the risk that the estimated temperature effects are attributable to

specific confounders, it cannot establish the formal exogeneity of the temper-

ature anomaly. The analysis rules out a range of competing explanations, but

the assumption that temperature anomalies are predetermined with respect

to business cycle shocks remains a maintained identifying restriction, and the

robustness checks do not constitute proof of strict exogeneity.

5. Conclusion

We argue that climate change—manifested in a gradual increase in global

mean temperatures—should be conceptualized as structural change rather

than as an exogenous shock. Accordingly, we advance the general hypothesis

that climate change primarily alters the transmission of traditional macroeco-

nomic shocks, rather than constituting an independent source of business cycle

disturbances. Building on this premise, we propose the particular hypothesis

that climate change steepens the Phillips curve (or aggregate supply curve),

thereby amplifying the inflationary effects of demand shocks while dampening

the corresponding output response.

We develop a theoretical model to formalize this idea and demonstrate that

climate change, proxied by temperature anomalies, increases the slope of the

Phillips curve. This results in an amplification of price effects from demand

shocks and a muting of the output response. Our empirical analysis lends

support to this conclusion. Notably, there is no evidence suggesting that tem-

perature anomalies affect the price and output reactions to supply shocks.

These results corroborate the hypothesis that temperature anomalies alter the

slope of the Phillips curve, thereby influencing the transmission of demand

shocks but not of supply shocks.

We show that even a small increase in mean surface temperatures implies

measurable effects on the transmission of demand shocks to output and prices.

For example, in a +1 °C global warming scenario, demand shocks induce a 20

15We consider patent activity, R&D intensity, demographic variables, carbon pricing, and a
linear time trend in the Online Appendix.
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percent larger impact on inflation, while the output response is approximately

15 percent smaller.

Consequences for fiscal and monetary policy. These findings have im-

plications for economic policy, particularly with regard to fiscal and monetary

measures designed to stabilize the business cycle. In an environment char-

acterized by rising temperatures, expansionary fiscal policies used to combat

aggregate demand downturns may prove less effective. As temperature anom-

alies increase, such policies could lead to significant price fluctuations with

minimal impact on real activity. Moreover, our results suggest that monetary

policy may be more effective in stabilizing prices and less effective in stabilizing

output.
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Appendix

CLIMATE CHANGE AND ECONOMIC DYNAMICS:
TEMPERATURE-DEPENDENT SHOCK

PROPAGATION

This Appendix complements the main text by providing: (i) additional details

on the theoretical model, including the full set of equilibrium conditions and a

simulation exercise that examines the signs of the matrix of impact effects of

structural shocks; and (ii) an alternative, deliberately parsimonious theoretical

framework that elucidates the core mechanism from a simpler perspective. It

further details the empirical model specification, documents the data (sources,

construction, and transformations), and presents a range of robustness checks.

In addition, it explores alternative measures of the temperature anomaly and

uses the rainfall anomaly as a different indicator of climate change within

the empirical framework, reporting and discussing the corresponding results

in depth. Additionally, we provide, among others, robustness checks using

an alternative panel framework, an alternative shock identification framework,

and additional control variables. The Appendix concludes with a Bayesian

estimation of several key structural parameters of the theoretical model.
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1. Equilibrium equation system, solution procedure and the

temperature anomaly

The following lists the equations describing the equilibrium dynamics based

on relative prices for which domestic final goods prices (PD,t) is used as refer-

ence price.

Households.

• 1 = EtΛt,t+1
Rt

1+πt+1

• 1− ψB
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Energy producers.
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Final goods producers.

• yt = ξA(T̂ )
1−ς

ht

• mct = 1

ξA(T̂ )
((1− ς)wt + ςpe,t)

Prices and inflation.
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Market clearing and Balance of Payments.
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Carbon emissions, temperature anomaly and TFP.

• M∗∗
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∗
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∗
t , P

∗
e,t)

• T (M∗∗
t ) = T̄

• ξA(T̂ ) = e−αT̂ +ξ̄A
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Figure 1. Temperature sensitivity of the H matrix

Note: The figure shows the sensitivity of the coefficients of the Hn+2×2 matrix where n refers to the

number of endogenous country variables and the two columns to the supply shock (first sub-panel)

and demand shock (second sub-panel).

Monetary policy.

• it = ῑ+ ϕππt + ϕyŷt where it = ln(Rt)

where in equilibrium we have that PH
e,t = P F

e,t = Pe,t. The relative prices

are given by st = St/PD,t, pk,t = Pk,t/PD,t, pt = Pt/PD,t, wt = Wt/PD,t,

pc,t = Pc,t/PD,t, and pe,t = Pe,t/PD,t. Moreover, we have that PF,t = St,

Ct = (1 − ϑ)−1ct = ϑ−1eH,t, Ŷ
∗
t ∼ AR(1) and P̂ ∗

e,t ∼ AR(1). Finally, mct =

MCt(T̂ )/PD,t is real marginal costs, the relation between the CPI and domestic

goods prices is given in relative terms by pt =
1+πt

1+πD,t
pt−1, the change in the real

exchange rate is given by st/st−1 = St/St−1

1+πD,t
, and the export demand function

is Xt = (1/st)
−θ∗ Y ∗, where P ∗ is normalized to unity. A hat on a variable

denotes its relative deviation from its steady state value.

1.1. Solution procedure and simulation. We simulate the model using es-

tablished techniques, following a sequence that accounts for the dependence of

the steady state on the prevailing temperature anomaly. Specifically, for each

fixed level of the temperature anomaly T , we first determine the associated

steady state of the model—recognizing that the steady state itself varies as a

function of T . Subsequently, we obtain the dynamic solution by performing

a standard log-linearization of the model around this new steady state (and

solving it based on the assumption of rational expectations), which enables

the simulation of the economy’s response to demand and supply shocks. This



4

procedure is systematically iterated over a grid of temperature anomaly values:

for each value, we recompute the steady state and resolve the dynamics for

that specific climate environment.

Importantly, this approach interprets each T as defining a distinct, per-

sistent climate regime, with the corresponding steady state serving as the

reference point for the (log-)linearization. In this framework, changing the

temperature anomaly corresponds to altering a structural parameter of the

model. We then analyze how (transitory) exogenous shocks are propagated

and amplified in each new climatic setting.

1.2. The temperature anomaly and the contemporaneous impact of

the global shocks. Our empirical identification strategy crucially relies on

the contemporaneous impact of the global demand and supply shocks on the

country-level inflation and output measures. The key question at this stage

concerns the extent to which the temperature anomaly shapes this impact

qualitatively. To this purpose, we examine the sensitivity of the contempora-

neous impact responses of the global demand and supply shock on inflation and

output at the country-level. This only concerns the matrix H (as defined in

equations 1-3 in Section 2 of the main part). Figure 1 illustrates the sensitivity

of the matrix H with respect to the temperature anomaly (T ). The matrix

H characterizes the contemporaneous responses of the endogenous variables

in the theoretical model to two fundamental structural shocks: a global de-

mand shock and a global supply shock. As previously described, all structural

parameters are assigned independent uniform distributions, with upper and

lower bounds specified in the Table presenting the calibration of the model.

To assess the impact of temperature anomalies, we conduct 2,000 simulations

of the theoretical model under two scenarios: (i) T > 0, and (ii) T = 0. This

approach enables us to isolate the effect of changes in T on the distribution of

responses, while preserving flexibility in model calibration. In the figure, the

blue and orange box plots display the distributions of the corresponding entries

of H , focusing on selected reduced-form coefficients for inflation, output, the

nominal interest rate, and the two foreign variables (global output and global

prices).

Two key insights emerge from this analysis. First, we observe that sgn(H(T >

0)) = sgn(H(T = 0)); that is, the sign of each element in H remains invariant
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to the temperature anomaly. Second, this procedure allows for the identifica-

tion of robust sign restrictions on the structural response coefficients, which

are subsequently employed for the empirical identification strategy (which is

outlined in detail in Section 4 in the main part).

2. Temperature anomaly, the AS curve and demand shocks – a

simple(r) theoretical methodology

The following section provides an alternative theoretical framework for ad-

dressing our research question. The aim here is to express and analyze the

research question within the simplest possible theoretical model environment.

This is intentional in order to underscore the simplicity of the overarching re-

search idea more explicitly. To this end, we employ the standard aggregate

demand-–aggregate supply (AS–AD) model, as commonly presented in under-

graduate macroeconomic textbooks (see Sachs and Larráın B., 1993; Blanchard

and Johnson, 2017, among others).

Consistent with the empirical findings of Kumar and Maiti (2024), we again

assume that total factor productivity ξA is negatively affected by climate

change, and T (M∗∗
t ) = T̄ . Specifically, we model ξA as a function of T ,

that is, ξA = ξA(T ), with ξ′A < 0. For the remaining components of the model,

we adopt the framework presented in Chapter 7 of Blanchard and Johnson

(2017). This introduces the following four key equations for the purpose of es-

tablishing the AS curve: (1) the aggregate production function Y = ξA(T )N ,

(2) the price-setting equation, which extends the marginal cost relation by a

markup (µ), P = (1 + µ) W
ξA(T )

, (3) the wage-setting equation, W = P ef(u, z),

with fu < 0 and fuu > 0, and (4) the definition of the unemployment rate,

u = 1 − N
L
. In these equations, Y represents aggregate output, N denotes

employment, L is the labor force, P and P e are the actual and expected price

levels, respectively, W is the nominal wage, and z is a catchall variable encom-

passing factors such as employment protection, unemployment benefits, and

similar institutional elements.

These equations can be put together to obtain the following expression for

the aggregate supply (AS) curve, which identifies the relation between output
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Figure 2. A view from the AS-AD model

and prices from a supply side view

(1) P = (1 + µ)P ef

(
1− Y

ξA(T )L
, z

)
From this we can identify the following for the slope of the AS curve

(2)
dP

dY

∣∣∣∣
AS

= −(1 + µ)P e

ξA(T )2L
· fu > 0

Furthermore, we have that

(3)
d

dT

(
dP

dY

∣∣∣∣
AS

)
=

d2P

dY dT
= (1 + µ)P eξ′A

2fuξA(T )L− fuuY

ξA(T )4L2
> 0

Consequently, the slope of the AS curve increases with the temperature anom-

aly T . This result mirrors the one previously presented in the theoretical

(DSGE) model.

Figure 2 illustrates the immediate effects of an increasing temperature anom-

aly T on the implications of demand shocks. Consider the initial equilibrium

at point A, determined by the intersection of the original AD curve and the

AS(T0) curve, which represents the AS curve under a low temperature anom-

aly environment (T0). Following an expansionary aggregate demand shock, the

economy moves to a new equilibrium at point A′, where output increases by

∆Y0 and prices rise by ∆P0.
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When the temperature anomaly rises from T0 to T1, the AS curve pivots to

the left, now depicted by the red-dashed line, AS(T1). The equilibrium with the

original AD curve occurs now at point A, and following the same expansionary

demand shock, the economy reaches a final equilibrium at point A′′. In this

scenario, output and prices still increase, but by smaller (output) and larger

(prices) amounts. Crucially, we observe that ∆Y1 < ∆Y0 and ∆P1 > ∆P0.

In other words, under increasing temperature anomalies, the expansionary

demand shock leads to a more pronounced rise in prices, while dampening the

increase in output.

3. Bayesian estimation and prior densities

Our benchmark (interacted Bayesian) VAR model (at the country-level) can

be re-arranged to the following expression:

(4) Y = Xb+ E,

where X now includes all regressors of equation (31) of the main part (that

is, lagged endogenous and exogenous variables, and also the interaction vari-

ables1), and E has a variance-covariance matrix Σ. We use a rather dif-

fuse version of the conjugate prior densities. To this purpose, we utilize the

Normal-Wishart prior density for b and Σ−1: p(b,Σ−1) = p(b)p(Σ−1), where

b ∼ N (b, V ) and Σ−1 ∼ W (H, v). The rather agnostic setup of the prior

densities is then obtained by using v = 0 and H−1 = I, where I is the iden-

tity matrix of conformable size. For the slope parameters we set b = 0 and

V = 100I. Given this particular specification for the prior densities, we obtain

the following conditional posterior densities for p(b|Y,Σ−1) and p(Σ−1|Y, b):

b|Y,Σ−1 ∼ N
(
b̄, V̄

)
Σ−1|Y, b ∼ W

(
H̄, v̄

)
,(5)

with V̄ =
(
V −1 +

∑T
t=1X

′Σ−1X
)−1

, b̄ = V̄
(
V −1b+

∑T
t=1X

′Σ−1Y
)
, v̄ =

T − v and H̄ =
(
H−1 +

∑T
t=1X

′Σ−1(Y −Xb)(Y −Xb)′
)−1

.

We employ a Gibbs sampler to draw from the multivariate Normal p(b|Y,Σ−1)

and the Wishart p(Σ−1|Y, b) distribution.
1Since the interaction variable does not enter the endogenous variables contemporaneously,
but influences them only through lagged values of the endogenous state vector, the country-
level VAR can be equivalently expressed as a VARX (vector autoregressive model with
exogenous regressors, X), with the interaction terms included in the vector of exogenous
variables.
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We sample 6,000 draws from the posterior distribution. After discarding the

first 1,000, we are left with 5,000 draws for each parameter. As is common in

the literature for Bayesian estimation of VARs, we use rejection sampling to

impose stability on the BVAR coefficients and only keep stable draws. Our

results are qualitatively not affected by this choice of the sampling.

4. The data: general overview, sources and transformations

The empirical model is estimated using quarterly time series data cover-

ing seven key variables: a measure of global output (GDP), global prices,

and country-specific data on output (GDP), prices (GDP deflator), short-term

nominal interest rates, an indicator for the severeness of country-specific nat-

ural disasters, and temperature anomalies.

In the empirical specification, we include a set of truly exogenous regressors,

namely a constant and a country-specific dummy variable designed to capture

the turbulence associated with the COVID-19 pandemic. This dummy is con-

structed separately for each country in the sample and takes three values: −1

in quarters in which a lockdown policy was imposed, 1 in quarters in which

lockdown measures were lifted (i.e., relaxed), and 0 otherwise. Although the

initial introduction of lockdowns coincides across many countries in early 2020,

subsequent policy actions are markedly heterogeneous: the timing, intensity,

and duration of both the imposition and relaxation of lockdown measures

vary substantially across countries. Empirically, the slope coefficient on this

COVID-19 dummy is highly statistically different from zero in every country.

Most importantly, including this control yields reduced-form residuals that are

consistent with normality in all country-specific VAR models according to the

Jarque–Bera test; by contrast, omitting the COVID-19 dummy generally leads

to a rejection of residual normality.

The primary source for macroeconomic variables is the OECD Main Eco-

nomic Indicators, which offers extensive and harmonized coverage across coun-

tries. The choice of sample and countries is largely determined by the avail-

ability of sufficiently long quarterly data series. In cases where country-level

GDP and GDP deflator data are incomplete prior to 1961, we reconstruct or

back-cast missing series following established practices. Specifically, we utilize
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related series, such as employment and unemployment rates, industrial pro-

duction, and retail sales (for GDP); and the consumer price index (CPI) and

producer price index (PPI) (for the GDP deflator). Backcasting procedures

have been implemented for Austria and New Zealand, to achieve consistent

long-term national accounts data.

4.1. Temperature anomalies: FAOSTAT. Temperature anomaly data are

obtained from the FAOSTAT Temperature Change domain, provided by the

United Nations Food and Agriculture Organization (FAO) following this link

(retrieved in June, 2024). FAOSTAT disseminates detailed statistics of land

surface air temperature change by country, derived from the NASA Goddard

Institute for Space Studies (NASA–GISS) Global Surface Temperature Change

data (GISTEMP). The FAOSTAT dataset offers monthly, seasonal, and annual

temperature anomalies for 198 countries and 39 territories, spanning the period

1961–2024. Temperature anomalies are computed as deviations (°C) from the

1951–1980 baseline climatological mean:

• Reference period: The baseline period for calculating anomalies is

the average land temperature between 1951 and 1980.

• Anomaly calculation: For each country, month, and season, anom-

alies represent deviations from the corresponding period’s mean during

the reference years. The dataset reports temperature anomalies—the

deviation of surface air temperature from the average in the baseline

period, expressed in degrees Celsius (°C). In particular, country tem-

perature anomalies from FAOSTAT are computed by subtracting the

1951-80 average at station level (more on this below) from the current

temperature. Data are available at monthly (seasonally adjusted or

unadjusted), and annual frequency. We aggregate the monthly data to

a quarterly frequency by computing the arithmetic mean of the obser-

vations across the three corresponding months of each quarter.

• Source: The original source—the NASA Goddard Institute for Space

Studies (NASA–GISS) GISTEMP dataset—contains temperature records

from as early as 1880, but FAOSTAT aggregates and publishes country-

level statistics from 1961. The data are based upon thousands of mete-

orological stations globally (see Food and of the United Nations, 2023;

Emediegwu and Ubabukoh, 2023). Data are calculated from land-based

https://www.fao.org/statistics/highlights-archive/highlights-detail/temperature-change-statistics-1961-2024.-global--regional-and-country-trends/en
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meteorological stations and aggregated using the FAO Global Admin-

istrative Unit Layers (GAUL) to provide country-level statistics. Ag-

gregates are area-weighted for regional reporting using FAO Land Use

dataset (see Food and of the United Nations, 2023).

• Meteorological Station Coverage: The dataset is based on the

Global Historical Climatology Network (GHCN v4), which consists of

continuously updated data from over 26,000 meteorological stations

worldwide (see Food and Agriculture Organization of the United Na-

tions, 2025).

• Countries/Territories Covered: As of 2025, statistics are available

for 198 countries and 39 territories, making it one of the most compre-

hensive global land temperature anomaly datasets.

4.2. Temperature anomalies: Berkeley Earth database. As an alter-

native, we consider the Berkeley Earth database, which offers regional and

country-level land-surface temperature data using the Berkeley Earth aver-

aging method. Berkeley Earth publishes country-level estimates of warming

rates since 1960, reported as °C per century, for 185+ countries and territo-

ries. The key statistic is “Warming since 1960” (°C/century), representing the

linear trend in annual mean temperature anomaly over the period from 1960

to the most recent year available. Each value is given with an uncertainty

margin, representing the statistical confidence (typically 1 standard deviation)

of the estimated anomalies. Berkeley Earth uses the full Global Historical

Climatology Network (GHCN v4), World Meteorological Organization data,

national agency records, and crowd-sourced archives. Its database contains

over 50,000 land-based meteorological stations globally, which are used in a

spatial averaging algorithm. This approach is peer-reviewed.

The key difference between the FAOSTAT data and those from the Berke-

ley Earth database concern the measuring points (Meteorological Stations):

The FAOSTAT relies on over 26,000 land-based meteorological stations from

GHCN v4 (via NASA–GISS); the Berkeley Earth utilizes over 50,000 stations,

combining GHCN v4, WMO, national, and private sources.

4.3. Comparing the two sources for the temperature anomalies. For

both sources, the focus on temperature anomalies—rather than absolute tem-

perature levels—mitigates station-specific biases and long-term local changes

https://berkeleyearth.org/data/
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unrelated to climate trends. This is especially relevant for macroeconomic

analyses, as temperature anomalies represent sustained deviations from typ-

ical local climate conditions, which have pronounced economic implications

(see Dell et al., 2014, for instance).

Although both the FAOSTAT and Berkeley Earth databases provide tem-

perature anomaly data, conceptual differences in their methodologies lead to

variations in the reported statistics. Empirical comparisons reveal a high de-

gree of correlation between the temperature anomalies produced by these two

sources, with observed country-level correlation coefficients ranging from ap-

proximately 0.71 to 0.97. This strong correlation underscores the substantial

similarity between the datasets in capturing broad-scale temperature variations

and trends. Nevertheless, the observed deviations in correlation reflect the in-

herent differences in anomaly computation, temporal resolution, spatial cover-

age, and data processing protocols employed by each institution. Thus, while

FAOSTAT and Berkeley Earth present complementary perspectives on home-

country temperature anomalies, the distinction in their conceptual frameworks

and analytical approaches naturally results in both close agreement and mean-

ingful divergence within their respective anomaly statistics.

4.4. Rainfall anomaly as alternative climate change measure. Our

baseline results rely on the FAOSTAT-temperature anomaly as the key country-

level proxy for climate change. While the temperature anomaly is widely re-

garded as an appropriate measure in this context (Hassler et al., 2016; Hassler

and Krusell, 2012), a range of alternative climate indicators has been used

in the literature, often tailored to the empirical model and the specific chan-

nel under investigation (see also the discussion in the Introduction and, inter

alia, Huber et al. (2023); Deschênes and Greenstone (2011)). To further sub-

stantiate the role of climate conditions in shaping the transmission of demand

shocks—and, more specifically, to assess the robustness of our findings to the

choice of climate proxy—we replace the temperature anomaly with a country-

level rainfall anomaly, as motivated by Giorgi et al. (2019); Palagi et al. (2022)

among others as climate change measure.

We obtain rainfall data from the Copernicus Climate Data Store (retrieved

January, 9th 2026 following this link). The underlying rainfall observations are

recorded in millimeters (mm)—equivalently, liters per square meter (L/m2),

https://cds.climate.copernicus.eu/datasets/insitu-observations-surface-land?tab=overview
https://cds.climate.copernicus.eu/datasets/insitu-observations-surface-land?tab=download
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Figure 3. Country rainfall anomalies

Note: The figure shows the (quarterly) rainfall anomaly (i.e. deviation) by country with respect to

a baseline period, corresponding to the period 1960–1980. The series cover the period 1960–2023

for 20 countries. The 5th, 50th and 95th percentiles are derived from the joint distribution, i.e.

over all countries and the whole period.

where 1 mm corresponds to 1 L/m2—and are available at a monthly fre-

quency for each country, constructed by aggregating measurements from mul-

tiple weather stations within each country. Because station coverage is in-

complete in some months, we first compute, for each country and month, the

cross-station mean of available observations to obtain a single national monthly

rainfall measure. We then convert the monthly data to quarterly frequency by

summing the three monthly values within each quarter. Repeating this pro-

cedure for all countries yields a quarterly rainfall time series for each country

over the period 1960–2024.

To construct rainfall anomalies, we follow the same approach used by the

United Nations for the temperature anomaly series. Specifically, we define the

base period as 1960–1980 and compute, for each country and each quarter,

the baseline rainfall level as the average rainfall observed in that quarter over

the base period. The rainfall anomaly is then defined as the deviation of real-

ized rainfall in a given country–quarter from the corresponding quarter-specific

baseline level. By construction, the resulting anomaly series is directly com-

parable to the temperature anomaly in that it removes deterministic seasonal
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variation and can therefore be interpreted as a seasonally adjusted measure of

unusual rainfall conditions.

Figure 3 plots the rainfall anomalies by country (left panel) and their pooled

distribution across all countries and quarters/years (right panel). In contrast

to temperature anomalies—which exhibit a clear structural shift around 1977

in our sample—rainfall anomalies display no comparable break. Instead, the

series remain centered close to zero throughout the sample, both on average

(blue dotted line) and, by and large, at the country level. If anything, the cross-

sectional dispersion increases slightly toward the end of the sample; however,

this change is modest and not quantitatively and statistically meaningful.

We subsequently substitute the temperature anomaly variable in our empir-

ical model with the rainfall anomaly variable and carry out the same exercises

as in the main part. The results are provided and discussed in detail in Section

5.2 below.

4.5. The natural disaster variable: Concept, source, and implica-

tions. Our baseline specification is an interacted VAR that includes, among

other covariates, a measure of natural disasters that enters the system as a

strictly exogenous regressor. The disaster variable captures realized damages

associated with hydrological, meteorological, and climatological events. It is

constructed from the EM-DAT database (Sapir and Misson, 1992); for docu-

mentation of the underlying classification system, see EM-DAT’s classification

guide.

Treating realized disasters as strictly exogenous is well justified in our set-

ting. Given the quarterly frequency of the data, disaster realizations within

quarter t are not plausibly driven by contemporaneous macroeconomic inno-

vations or policy surprises occurring within the same quarter. In other words,

while macroeconomic conditions may shape exposure and long-run vulnera-

bility, creating a feedback between output growth and climate change over

the medium term (Bilal and Känzig, 2026), the within-quarter realization of

hydrological, meteorological, and climatological events is predetermined with

respect to the system’s endogenous variables at horizon t. This identification

choice aligns with the broader approach in the literature that models weather-

and climate-related shocks as external drivers of the macro-financial system

rather than as endogenous outcomes; see, for example, Ciccarelli et al. (2024).

https://doc.emdat.be/docs/data-structure-and-content/disaster-classification-system/#a-brief-history-of-the-em-dat-classification-system
https://doc.emdat.be/docs/data-structure-and-content/disaster-classification-system/#a-brief-history-of-the-em-dat-classification-system
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Incorporating the disaster measure remains important because it captures re-

alized, non-temperature channels of climate-related disruption (e.g., physical

destruction and acute supply interruptions) that are not fully spanned by

temperature anomalies, thereby reducing omitted-variable bias when estimat-

ing how the macroeconomic transmission in the (interacted) VAR model varies

with the temperature state.

In the remainder of this subsection, we first describe in detail what the dis-

aster variable measures and how it is operationalized in the empirical analysis.

We then discuss the economic interpretation of this measure and clarify its

role for identification and inference in the interacted VAR.

4.5.1. What the disaster variable measures. EM-DAT was established in 1988

and is grounded in an anthropocentric conception of disasters and emergencies,

emphasizing events that generate substantial and unexpected harm to human

populations. Consistent with its documentation, EM-DAT defines a disaster as

“a situation or event which overwhelms local capacity, necessitating a request

to the national or international level for external assistance; an unforeseen

and often sudden event that causes great damage, destruction, and human

suffering” (see EM-DAT general definitions and Sapir and Misson (1992)).

The database’s core classification principle follows a hazard-based logic, that

is, disasters are categorized by the event triggering the adverse outcome.

Under the current methodology (see the detailed description in this docu-

ment), EM-DAT organizes natural hazards into six main groups: geophysical,

hydrological, meteorological, climatological, biological, and extra-terrestrial

(with additional subtypes defined within each group). In our empirical appli-

cation, we restrict attention to disasters in the hydrological, meteorological,

and climatological groups.

The EM-DAT data model records disasters and maps their impacts at the

country level. Since a single event may affect multiple countries, EM-DAT

stores country-specific observations for each affected country; consequently, a

given disaster can generate multiple country-level impact records, potentially

originating from more than one reporting source. For each of the three hazard

groups used in our analysis, we construct two quantitative disaster intensity

measures: (i) the affected population relative to the total population of the

country, and (ii) reported damage costs relative to the country’s nominal GDP.

https://doc.emdat.be/docs/data-structure-and-content/general-definitions-and-concepts/
https://council.science/wp-content/uploads/2019/12/Peril-Classification-and-Hazard-Glossary-1.pdf
https://council.science/wp-content/uploads/2019/12/Peril-Classification-and-Hazard-Glossary-1.pdf
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Table 1. Quantitative disaster measures: sign and statistical significance

Affected population
Damage to GDP to total population

πt ŷt it πt ŷt it

Australia +∗∗ − − +∗ −∗ +
Austria − + − − −∗ −
Belgium − − −∗ + −∗∗ −
Canada − −∗∗ − + −∗∗ +
Finland +∗∗∗ − −∗∗∗ − − −
France − +∗ − − −∗ +
Greece + + − + + −
India +∗∗ −∗ − − −∗ −∗∗

Italy − −∗ − + −∗ −∗

Japan +∗ −∗ − + − −
Korea + − − + + −
Mexico − −∗ − − − −

Netherlands + + − +∗ − −
New Zealand +∗∗ −∗∗ + +∗∗ − +

Norway + − −∗ − − −∗

Portugal − −∗ − + −∗ −∗

Spain − + + − − −
Sweden +∗∗ − + +∗ −∗ −∗

United Kingdom − + + − + +
United States +∗ − + +∗ −∗ +

Note: The table lists the results of the estimates for the two disaster mea-
sures. The “Damage to GDP” measure is used in the baseline model; the
“affected population to total population” measure (i.e. Affected population
ratio) is an alternative measure and used as a robustness check. The entries
indicate the sign of the estimated coefficients and the stars indicate statis-
tical significance at the one percent (∗∗∗), five percent (∗∗) and 16 percent
level (∗).

We then obtain a composite disaster indicator at the country–time level by

aggregating across the three hazard groups, simply summing the respective

ratios for each period.

4.5.2. Implications and role in the empirical model. As described in the main

part of the paper, our baseline specification includes a disaster measure as

a control variable indicating reported damages from natural disasters (in na-

tional currency units) relative to nominal GDP. Table 1 reports the sign (+/−)

of corresponding parameter estimates for each country and for each of the three

endogenous variables in the VAR system. To illustrate, for Australia the dis-

aster variable is associated with higher inflation and lower output (which is in

line with the findings provided in Noy (2009); Botzen et al. (2019)) and lower

nominal interest rates; however, only the inflation coefficient is statistically

significant (at the 5% level). More generally, across countries, whenever the

disaster coefficient is statistically different from zero (at least at the 16% level),



16

its sign is consistent with the expected qualitative pattern: upward pressure

on inflation and downward pressure on real activity and interest rates (which

is in line with the findings provided in Noy (2009); Botzen et al. (2019) for the

effect on output and with Parker (2018); Cevik and Jalles (2024) for the effect

on the inflation rate). The main exception is France, where the output coeffi-

cient is positive and statistically significant, a result that may reflect short-run

reconstruction dynamics (e.g., investment aimed at restoring destroyed capital

stock).

Turning to the mean-group panel estimates of the VAR model, we find that

only in case of inflation the disaster variable exhibits a statistically significant

effect (at the 5% level), whereas the effects on output and the nominal interest

rate are not statistically distinguishable from zero. Accordingly, our baseline

conclusions are not driven by the inclusion of the disaster control: impulse

responses to a global demand shock are visually indistinguishable whether the

disaster variable is included in the VAR model or omitted. Nevertheless, given

the prevalence of significant inflation effects at the country level and for the

mean-group estimate as well, we retain this control in the baseline model. In

contrast to Bilal and Känzig (2026), we do not find relevant negative effects

on output resulting from more frequent and more intensive natural disasters.

As an additional robustness check, we replace the damage-based disaster

measure with an alternative disaster indicator capturing the affected popula-

tion relative to total population. The country-level estimates for this measure

are also reported in Table 1 (right-hand side). The qualitative pattern is

broadly similar: disasters are typically associated with higher inflation and

lower output and nominal interest rates, particularly in cases where the coeffi-

cients are statistically significant. However, a comparison across the two mea-

sures indicates that statistically significant coefficients occur more frequently

when using the damage-to-GDP ratio than when using the affected-population

ratio. Consistent with this, at the mean-group level the affected-population

measure is not statistically significant in any equation of the system, suggest-

ing limited explanatory power in our setting. Consequently, the demand-shock

IRFs from a model including the affected-population control are again visually

indistinguishable from those obtained from a specification without any disaster

control. For brevity, we do not report the corresponding IRFs, but Table 1
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summarizes the relevant inference and thus provides a direct indication of the

role of alternative disaster measures in the VAR system.

5. Robustness and diagnostic checks

The following Section considers various robustness assessments. We exam-

ine the role of an alternative measure of the temperature anomaly, of higher

order non-linearities, of omitted variables, of alternative measures for prices

and output, of an alternative identification approach, of a different country

selection, and of additional interaction variables.

5.1. Using an alternative measure for the temperature anomalies.

The baseline results rely on country-level temperature anomaly data from

FAOSTAT. In this section, we re-examine these results using an alternative

temperature anomaly measure derived from the Berkeley Earth database. The

Berkeley Earth data are originally available at a monthly frequency, which we

convert to quarterly series by computing three-month averages. We then in-

corporate these alternative temperature anomaly data into the IPVAR model,

re-estimate the model, and compute the corresponding impulse response func-

tions (IRFs) to global demand and supply shocks. The results are presented

in Figures 4 and 5.

Overall, the results are qualitatively consistent with the baseline findings,

although some quantitative differences emerge. In particular, an expansionary

global demand shock is found to trigger a statistically significant and persistent

increase in country-level inflation (prices) and output, with the magnitude and

persistence of the response strongly influenced by the prevailing temperature

anomaly. Specifically, high temperature anomalies are associated with a pro-

nounced and prolonged rise in prices but a muted output response, whereas

low temperature anomalies produce the opposite pattern. These differences

in the IRFs for prices and output are statistically significant, as shown in the

third-column panels of Figure 4. Thus, the baseline conclusions are corrobo-

rated when employing the alternative Berkeley Earth measure of temperature

anomalies.

For the expansionary global supply shock, we again find a statistically sig-

nificant divergence between prices and output at the country level. However,

in this case the IRFs do not appear to be significantly affected by temperature
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Figure 4. Demand shock using Berkeley Earth temperature anomaly
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to

a global demand shock with respect to the temperature anomaly taken from the Berkeley Earth

database. The temperature anomaly variable is defined by: T̂Low = −2 and T̂High = 3.8.

anomalies: the differences between IRFs under high and low anomalies are

statistically indistinguishable from zero (see third-column panels in Figure 5).

This outcome is consistent with the baseline results obtained using FAOSTAT

data.

More generally, the degree of statistical significance in the differences be-

tween IRFs for high and low temperature anomaly regimes is greater when

using the FAOSTAT temperature anomaly data than when using the Berkeley

Earth data.
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Figure 5. Supply shock using Berkeley Earth temperature anomaly
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to

a global supply shock with respect to the temperature anomaly taken from the Berkeley Earth

database. The temperature anomaly variable is defined by: T̂Low = −2 and T̂High = 3.8.

5.2. Using rainfall anomalies instead of temperature anomalies. We

now report and discuss results obtained when replacing the temperature anom-

aly with the rainfall anomaly as the interaction variable in the interacted

Bayesian panel VAR (IPVAR) introduced in the main part of the paper. We

implement exactly the same empirical exercise as in the baseline specification;

the only modification is the choice of the interaction variable, which is now

the country-level rainfall anomaly. As before, we use the estimated IPVAR to

simulate global demand and supply shocks and, crucially, we assess whether

the resulting impulse response functions (IRFs) vary systematically with the

level of the interaction variable.
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Figure 6. Demand shock (based on rainfall anomaly instead
of temperature anomaly as climate change measure)
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Note: The figure shows the sensitivity of the IRFs of inflation (GDP deflator, yoy change in percent),

output (GDP, yoy change in percent) and the short term interest rate to a global demand shock

with respect to the rainfall anomaly. The values for the upper and lower bound of rainfall anomaly

variable are given by the 95th and 5th percentile of the distribution as shown in the right-hand side

panel in Figure 3. The solid line represents the posterior median, while the dashed lines denote the

68 percent credible interval.

Figure 6 presents the results for the global demand shock and figure 7 for

the global supply shock. The shock is identified in the same way as in the

baseline analysis, and the figures report the responses of global output and

global inflation, as well as the average country-level responses of inflation,

output, and the nominal interest rate. IRFs are shown conditional on low

versus high values of the rainfall anomaly: the low state corresponds to the

5th percentile of the pooled rainfall anomaly distribution (across all countries

and the full sample period), whereas the high state corresponds to the 95th
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Figure 7. Supply shock (based on rainfall anomaly instead of
temperature anomaly as climate change measure)
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Note: The figure shows the sensitivity of the IRFs of inflation (GDP deflator, yoy change in percent),

output (GDP, yoy change in percent) and the short term interest rate to a global supply shock with

respect to the rainfall anomaly. The values for the upper and lower bound of rainfall anomaly

variable are given by the 95th and 5th percentile of the distribution as shown in the right-hand side

panel in Figure 3. The solid line represents the posterior median, while the dashed lines denote the

68 percent credible interval.

percentile. Both percentile thresholds are also marked in the right-hand panel

of Figure 3.

The estimated IRFs indicate that an expansionary global demand shock

leads to a pronounced increase in inflation and output at the average coun-

try level. These responses are statistically significant and display substantial

persistence. Importantly, this qualitative pattern is essentially identical un-

der both low and high rainfall anomaly realizations. Consistent with this, the

state-dependent differences in the IRFs (third-column panels in Figure 6) are



22

not statistically distinguishable from zero: the corresponding credible intervals

overlap throughout the horizon in all cases. Overall, these results suggest that

rainfall anomalies do not materially affect the transmission of global demand

shocks in our framework. This finding contrasts with the baseline specification

based on temperature anomalies and thereby strengthens the interpretation

that temperature-based measures capture the relevant state dependence as-

sociated with climate conditions, in line with the arguments in Manne et al.

(1995); Held and Soden (2006); Hassler and Krusell (2012); Bilal and Stock

(2025).

Figure 7 corroborates the baseline results obtained using the temperature

anomaly, now employing the rainfall anomaly as the interaction variable. While

output and inflation at the (average) country level respond to the global supply

shock in a manner that is statistically significantly different from zero, these

responses exhibit no systematic dependence on the rainfall anomaly. This pat-

tern closely parallels the baseline findings for the temperature anomaly. Ac-

cordingly, the rainfall anomaly does not meaningfully shape the transmission

of the global supply shock: the implied state dependence remains negligible,

and the differences in IRFs between low and high rainfall-anomaly realizations

are not statistically distinguishable from zero. In this sense, the rainfall-based

specification mirrors the baseline conclusion that supply-shock transmission is

not materially affected by the interaction variable. The full set of supply-shock

results for the rainfall-anomaly specification is available upon request.

5.3. The role of higher order Taylor approximations . The baseline

results were derived from a model that ignored higher order terms in the im-

pact of climate change on the economic system. However, Burke et al. (2015);

Chavas et al. (2016); Casey et al. (2023), among others, emphasize the impor-

tance of accounting for higher order terms (or non-linearities in general) when

evaluating such effects. In light of their findings, we now extend the analysis

to incorporate higher order terms. To this end, this modifies the equation for

the IVAR model as follows:

(6) IVAR (non-linear): Bc
11(Tt) = Γc(T̄ ) +

R∑
p=1

F c
pT̂

p
t
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Figure 8. Considering non-linearities
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent) and output (GDP, yoy change in percent) to a global demand (upper sub-

panels) and a global supply shock (lower sub-panels) with respect to the temperature anomaly.

The bright gray lines represent short-horizon IRFs, with progressively darker lines indicating longer

horizons, culminating in black lines that capture the 16-quarter horizon.

In principle, any polynomial could be applied here, with the only limitation

being the degrees of freedom in the estimation. Given that the temperature

anomaly includes both positive and negative values, we adopt a cubic specifica-

tion and set P = 3, which conforms with a cubic Taylor expansion around the

average level of the temperature anomaly (T̂ ). We then substitute equation (6)

into the baseline VAR and re-estimate the model using Bayesian techniques.

The results are illustrated in Figure 8. We present impulse response func-

tions (IRFs) in the same graphical format as in the main part, which illustrates

home-country price and output responses to global demand and supply shocks

under varying degrees of temperature anomalies. As before, the bright gray

lines represent short-horizon IRFs, with progressively darker lines indicating

longer horizons, culminating in black lines that capture the 16-quarter horizon.
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Figure 9. Dynamic stability: linear vs. cubic

Note: The figure shows the posterior distribution of the absolute value of the maximum eigenvalue

of the companion matrix of the IPVAR model as a function of the temperature anomaly.

The second-row sub-panels depict the IRFs of prices and output in response

to the supply shock. Prices decline while output rises, yet the IRFs remain rel-

atively flat across different temperature anomalies, indicating that the anomaly

does not significantly influence price or output responses to a supply shock.

Thus this finding, discussed earlier, is reinforced when non-linearities are con-

sidered.

The first-row sub-panels in Figure 8 display the IRFs corresponding to the

global demand shock. Both price and output reactions are positive across all

horizons, as indicated by the range from bright gray to black lines. Contrary to

the baseline results, the output response now appears rather flat with respect to

temperature anomalies, suggesting a diminished sensitivity to these anomalies.

However, the price response becomes markedly more sensitive to temperature

anomalies, particularly for higher positive values. This sensitivity is observed

across short and long horizons, with the magnitude of the price response in the

non-linear setting significantly exceeding that of the linear model. We interpret

this as further support for our baseline findings and as evidence of non-linear

effects of temperature anomalies—implying that climate change exerts non-

linear influences on the economic system.

As a further check, we examine in detail the stability of the IPVAR model.

This is motivated by the observation that the inclusion of non-linearities into
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the IPVAR model quickly poses challenges regarding the stability of the dy-

namic system. The stability of the IPVAR model is determined by the eigen-

values of the companion matrix (see Hamilton, 1994, Chapter 10). Since the

matrix lag polynomial of the IPVAR model depends on the temperature anom-

aly, the eigenvalues of the companion matrix hence directly depend on the

temperature anomaly.

We illustrate the sensitivity of the eigenvalues with respect to the temper-

ature anomaly in Figure 9. The figure displays the posterior density of the

absolute value of the maximum eigenvalue of the companion matrix of the IP-

VAR model as a function of the temperature anomaly. This is shown for both

the baseline model (left-hand side sub-panel), which assumes a linear relation-

ship between the temperature anomaly and the matrix lag polynomial, and

for a non-linear extension (right-hand side sub-panel), which considers a cubic

relationship, as outlined in equation (6). The thick black solid line represents

the median across the draws in each case. Both sub-panels indicate the values

of the temperature anomaly corresponding to the 5th and 95th percentiles of

the respective histogram (or density distribution) of the temperature anomaly

across countries and time.

The left-hand side sub-panel highlights that eigenvalues (in absolute value

terms) larger than unity emerge primarily at the extremes of the temperature

anomaly distribution, i.e., at values that occur infrequently. For most of the

variation in the temperature anomaly, the linear IPVAR model remains stable,

with all the draws of the maximum eigenvalue below unity. Even for values

beyond the 5th and 95th percentiles of the respective histogram, both stable

and unstable draws for the maximum eigenvalue occur, with the median slowly

but steadily moving towards instability of the IPVAR model.

In stark contrast, the non-linear (i.e., cubic) system exhibits a much quicker

transition towards instability. The non-linear system remains dynamically

stable within a temperature anomaly range from −1.5 to 2, with all draws of

the (absolute value) of the maximum eigenvalue below unity. However, outside

this narrow temperature interval, the system quickly drifts toward instability,

with a strikingly rapid and pronounced pace.

In the cubic model, the size of the maximum eigenvalue increases at a notably

faster rate with the temperature anomaly than in the linear model. This
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Figure 10. Demand shock: Different measures for the prices indices
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Note: The figure shows the sensitivity of the impulse response functions of various inflation measures

to a global demand shock with respect to the temperature anomaly.

highlights the difficulty in assessing the effects of the temperature anomaly

within the IPVAR model. On the one hand, this rapid transition to instability

in the non-linear model makes the system harder to interpret, but on the other

hand, it suggests that the linear model may underestimate the effects of the

temperature anomaly. While in principle, higher-order interaction terms are

possible, it has been documented by Mittnik (1990) and Granger (1998) that

in this case the model (formally referred to a multivariate Generalized Vector

Autoregressive, GAR, models) may become unstable when including squared

or higher-powered interaction terms. In practice, we encounter precisely these

issues when considering cubic interactions, and Caggiano et al. (2017) similarly

warn against model instability in variants featuring multiple interaction terms.

5.4. Different measures for the price indices. This section extends the

baseline results by assessing their robustness with respect to different price

measures. While the baseline model employs the GDP deflator as the pri-

mary price measure, we now substitute this variable with three alternatives:

(i) the Consumer Price Index (CPI), (ii) the core CPI, and (iii) the Producer
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Figure 11. Supply shock: Different measures for the prices indices
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Note: The figure shows the sensitivity of the impulse response functions of various inflation measures

to a global supply shock with respect to the temperature anomaly.

Price Index (PPI). In each case, we replace the GDP deflator with one of

these alternative price measures in the baseline model and replicate the base-

line analysis. Similar to the treatment of the GDP deflator, each alternative

price measure (used at a quarterly frequency) is entered as a year-over-year

percentage change. Our focus remains on the global demand shock and its

implications for price responses, with the results displayed in Figure 10.

The sub-panels in the first row of Figure 10 show the responses of the CPI

to a global demand shock, differentiated by a low (left-hand side) and a high

(middle sub-panel) temperature anomaly, with the difference between these

two states depicted in the right-hand sub-panel. In response to the expansion-

ary demand shock, the CPI rises in both temperature anomaly states. Notably,

the increase is more pronounced when the temperature anomaly is high. The

right-hand sub-panel indicates that this difference is statistically significant,

corroborating the baseline findings.

The second row of sub-panels presents the results for the core CPI. As with

the CPI, prices increase following the expansionary global demand shock, with
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the magnitude of the increase being greater when the temperature anomaly is

high. We observe a similar pattern for the PPI, where price responses are also

more substantial under high temperature anomalies. These results provide

further evidence supporting the robustness of the baseline findings concern-

ing price reactions to expansionary global demand shocks. More importantly,

they highlight the significant role of temperature anomalies in shaping these

price responses, as their impact remains statistically significant across all price

measures.

Figure 11 reports the corresponding analysis for the global supply shock.

As in the previous exercise, we replace the baseline price measure (the GDP

deflator) with each of the three alternative price indicators in turn, and re-

estimate the model sequentially for each. The figure presents the resulting

impulse response functions of the price measures to an (expansionary) supply

shock, conditional on different levels of the temperature anomaly. In all cases,

the immediate and short-term responses of domestic prices are negative, both

on impact and for several subsequent quarters. This pattern holds irrespective

of whether the temperature anomaly is low or high. Crucially, the differences

in the price responses across the two temperature regimes are not statistically

distinguishable from zero, thereby reinforcing the conclusions drawn from the

baseline specification.

5.5. Different measures for real activity. This section extends the base-

line analysis by evaluating the robustness of the results with respect to different

measures of real economic activity. While the baseline results employ GDP as

the primary indicator of real activity, we now replace this variable with two

alternatives: (i) the industrial production index (IP) and (ii) the number of

unemployment people. Both series are sourced from the OECD Main Eco-

nomic Indicators database. In each case, we substitute GDP with one of these

real activity measures in the baseline model. Consistent with the treatment of

GDP, each alternative measure (used at a quarterly frequency) is entered as

a year-over-year percentage change. The same exercise as conducted for the

baseline results is replicated here, with the focus on the demand shock and its

implications for the various real activity measures. The results are presented

in Figure 12.
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Figure 12. Demand shock: Different measures for output
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Note: The figure shows the sensitivity of the impulse response functions of various output measures

to a global demand shock with respect to the temperature anomaly.

The sub-panels in the first row of Figure 12 illustrate the responses of IP

to the global demand shock, with results disaggregated by low (left-hand side)

and high (middle sub-panel) values of the temperature anomaly. The differ-

ence between these two states is depicted in the right-hand sub-panel. As

shown, the expansionary demand shock leads to an increase in IP. Notably,

the increase is more pronounced when the temperature anomaly is low. The

right-hand sub-panel highlights that this difference is statistically significant,

thereby confirming the baseline results, though now with IP as the measure of

real activity rather than GDP.

The second row of sub-panels displays the results for unemployment. Once

again, we observe a significant response in real activity. In this case, unemploy-

ment decreases in response to the expansionary global demand shock. Impor-

tantly, the decline in unemployment is larger when the temperature anomaly

is low.

These results provide further validation of the baseline findings concerning

the real activity response to expansionary global demand shocks. More im-

portantly, they underscore the significant role of the temperature anomaly in
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Figure 13. Supply shock: Different measures for output
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Note: The figure shows the sensitivity of the impulse response functions of various output measures

to a global supply shock with respect to the temperature anomaly.

shaping these responses, as its impact remains statistically significant in both

alternative real activity measures.

Figure 13 presents the corresponding analysis for the global supply shock

using alternative output measures. In analogy to the previous exercise, we

replace the baseline output proxy (GDP) with each of the two additional indi-

cators in turn and repeat the estimation sequentially. The figure reports the

resulting impulse response functions of the output measures to an (expansion-

ary) global supply shock, conditional on different levels of the temperature

anomaly. For industrial production, domestic output reacts positively on im-

pact and remains elevated for several subsequent quarters. In contrast, for

unemployment, the response is negative on impact and continues to be so in

the quarters that follow. These results apply under both low and high lev-

els of the temperature anomaly. Most importantly, the differences across the

two climate regimes are not statistically significant, thereby substantiating the

baseline findings.
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5.6. Omitted variables. Separate Ljung-Box tests on each residual time se-

ries cannot reject the null hypothesis that they follow processes which are

uncorrelated over time. However, it is still possible that omitted variables

matter for the results. To check whether the two identified global shocks are

correlated with other (omitted) variables, we first follow Glocker and Towbin

(2015) and compute correlations of the estimated structural disturbances with

variables that a large class of general equilibrium models suggests as being

jointly generated by various shocks.

We compute correlations of up to six leads and lags between the global

demand and supply shock and the growth rate of the domestic stock mar-

ket indices, employment, consumption, the Brent oil price2, global industrial

production, the price of natural gas (according to Dutch TTF), the domestic

long-term government bond rates and a global stock market index.

The cross-correlations indicate that none of the omitted variables correlates

significantly with the structural shocks. The statistical importance of the

cross-correlations has been judged by means of the upper and lower limits

of an asymptotic 95 percent confidence tunnel for the null hypothesis of no

cross-correlation.

5.7. Alternative identification approach. In this section, we explore an

alternative identification approach. While this approach still relies on sign

restrictions too, it uses an approach as proposed by Glocker and Piribauer

(2025). We start from the IPVAR model, and hence the average cross-country

coefficient matrices, to identify the model. Let its structural form now be given

by

(7) Ayt =
P∑

j=1

Bj(T̂ )yt−j + ut

where ut having a diagonal variance-covariance matrix. Identification re-

quires imposing restrictions on the matrix A. Following Glocker and Piribauer

(2025), we impose sign restrictions on each row of A in accordance with the

theoretical model. As regards the global part (gt: global commodity price in-

dex, global GDP), we consider an aggregate supply and an aggregate demand

relation. As regards the country part (yc,t: GDP deflator, GDP, short-term

2We use the cyclical component of the oil price obtained after applying the Christiano-
Fitzgerald filter on the logarithm of the oil price.
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interest rate), this suggests to use (i) the Phillips curve, (ii) the consumption-

Euler equation in conjunction with the aggregate resource constraint, and (iii)

the Taylor rule. This motivates the following sign restrictions on the elements

of matrix A along the rows

(8) sgn(A) =



+ − · · ·

+ + · · ·

· · + − ·

· · + · +

· · − − +


where a dot (·) indicates an unrestricted element, and the symbols “+” and

“−” denote the sign restrictions imposed on the corresponding elements. The

first two rows identify the global supply and demand relations, the third to fifth

rows the (country-level) Phillips relation, consumption-Euler equation and the

Taylor rule.

We use the eigenvector-eigenvalue decomposition of the variance-covariance

matrix Ω and define V = EΩΛ
1/2
Ω , where EΩ is the (orthogonal) matrix of

eigenvectors and ΛΩ is the (diagonal) matrix of eigenvalues. In view of the

properties of this decomposition in case of symmetric matrices (E′
Ω = E−1

Ω ,

since EΩ is an orthogonal matrix), we have that Ω = VV′. We then multiply

V with an orthonormal matrix Q to obtain H = VQ, from which we can

compute a candidate for A = H−1. The matrix Q is a random orthonormal

matrix of the same dimension as Ω. We follow Rubio-Ramı́rez et al. (2010)

and compute Q by drawing an independent standard normal matrix X (of the

same size as Ω), and apply the QR decomposition3 X = QR to get Q.

Regarding the sign restrictions, if the corresponding entries in a candidate

matrix A are consistent with the sign restrictions outlined in (8), we retain the

candidate draw and proceed to the next draw until a total of 5,000 accepted

draws is obtained. Otherwise, a new Q matrix is drawn until the sign restric-

tions are satisfied. We report the median and the 16th and 84th percentile of

the distribution as confidence bands.

3We note that while the estimation and the inference of the reduced-form model rely on a
rather non-informative prior for all coefficients, an informative prior emerges in the structural
model due to the QR decomposition (Baumeister and Hamilton, 2015).
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Figure 14. Global demand shock – alternative identification
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to a

global demand shock with respect to the temperature anomaly.

We now revisit the analysis of global supply and demand shocks, as repre-

sented by the first and second elements of ut, respectively, to examine their

effects at the country level. More importantly, we assess the extent to which

the transmission mechanism of these shocks is influenced by different levels

of the temperature anomaly T̂ . The results for both shocks are presented in

Figures 14 and 15.

Starting with the global demand shock, Figure 14 illustrates that the global

demand shock raises global GDP and global commodity prices, which is ac-

companied by increases in domestic prices, GDP, and the interest rate. These

responses are statistically significant and exhibit a high degree of inertia. Of
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particular interest is the observation that the impulse responses at the home-

country level are strongly shaped by the temperature anomaly. The sub-panels

in the left-hand column display the responses when the temperature anomaly is

low, those in the middle show responses at a high temperature anomaly level,

and the right-hand column illustrates the differences between the two. As

shown, the price response is significantly larger when the temperature anom-

aly is high, whereas the output response is notably weaker in this case. This

pattern replicates the baseline results from the main analysis, albeit with a dif-

ferent method of implementing the sign restrictions. Notably, as highlighted in

the sub-panels of the third column, the differences in impulse responses across

low and high temperature anomaly levels are statistically significant (with 68%

error bands). This underscores that the transmission mechanism of demand

shocks is substantially influenced by the temperature anomaly, and thus by

climate change.

Turning to the global supply shock, Figure 15 presents the results. We

consider an expansionary global supply shock that causes a significant decline

in global commodity prices, accompanied by a rise in global GDP. At the home-

country level, prices decline, and GDP increases. While the price responses at

the home-country level are statistically significant, the output responses are

only borderline significant. More importantly, we find no evidence suggesting

that the temperature anomaly affects the transmission of supply shocks. In

other words, the temperature anomaly does not influence the impulse response

functions for supply shocks, which corroborates the findings from the main

analysis. This result further reinforces the notion that temperature anomalies,

and by extension climate change, affect the slope of the Phillips curve, thereby

altering the effects of demand shocks while leaving the effects of supply shocks

unchanged.

5.8. Alternative panel methodology: Pooled Bayesian Panel VAR

Model. In this section, we examine the robustness of our baseline findings

by considering an alternative econometric approach: a pooled Bayesian panel

VAR model. This specification contrasts with the mean-group estimator em-

ployed in our main analysis and provides an alternative perspective on the role

of temperature anomalies in shaping macroeconomic dynamics. In the pooled

approach, all home-country observations are stacked, and a common set of
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Figure 15. Global supply shock – alternative identification
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to a

global supply shock with respect to the temperature anomaly.

autoregressive coefficients is estimated for the entire panel, thus imposing pa-

rameter homogeneity across countries. This contrasts with the mean-group

approach, which estimates home-country parameter matrices and computes

the impulse response functions (IRFs) as the average response across coun-

tries.

5.8.1. Model Specification. The pooled Bayesian panel VAR model maintains

the same structural framework as equation (31) in the main text, but imposes

coefficient homogeneity across countries. The model specification is given by:
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(9)

 yc,t
(n×1)

yg,t
(2×1)

 =

B11(T )
(n×n)

B12
(n×2)

0
(2×n)

B22
(2×2)


yc,t−1

(n×1)

yg,t−1
(2×1)

+

H1(T )
(n×2)

H2
(2×2)

 ut
(2×1)

where the subscript c denotes again country c = 1, ..., N , and the coefficient

matrices do not vary across countries by construction. We use the same set of

exogenous variables as in the main text. The temperature interaction structure

follows the same first-order Taylor approximation as in the baseline model:

(10) B11(T̂c,t) = Γ(T̄c) + F T̂c,t

where Γ and F are n× n matrices of coefficients of the pooled model, and T̂c,t

represents the home-country temperature anomaly for country c at time t.

The key difference from the baseline specification lies in the treatment

of cross-country heterogeneity. While the mean-group estimator allows for

country-specific coefficients Bc
j(T̂ ) and subsequently averages them as shown

in equation (38) of the main part, the pooled model directly estimates common

coefficients across all countries.

5.8.2. Methodological Considerations. The pooled approach offers both advan-

tages and disadvantages relative to the mean-group estimator. On the positive

side, pooling increases the effective sample size by utilizing information from

all countries simultaneously, potentially leading to more precise parameter es-

timates and narrower confidence intervals. This efficiency gain is particularly

valuable when individual country time series are relatively short or when cross-

country parameter heterogeneity is limited.

However, the pooled specification comes with important limitations. Most

notably, it imposes the restrictive assumption of coefficient homogeneity across

countries, which may not be empirically justified given differences in economic

structures, institutional frameworks, and climatic conditions. If true hetero-

geneity exists, pooled estimates may suffer from aggregation bias and provide

misleading inference about the average effects of temperature anomalies (see

Canova and Ciccarelli, 2013, for further details).
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The mean-group estimator used in our baseline analysis addresses this con-

cern by allowing for country-specific coefficients while still providing inter-

pretable average effects. This approach is more robust to cross-country het-

erogeneity and follows the recommendation of Pesaran and Smith (1995) for

dynamic panel models where slope coefficients may vary across units.

5.8.3. Interpretation of Impulse Response Functions. The interpretation of im-

pulse response functions differs between the two approaches. In our baseline

model using the mean-group estimator, the IRFs represent the ”average coun-

try response” – that is, the arithmetic mean of home-country responses to

global shocks. This interpretation explicitly acknowledges cross-country het-

erogeneity while providing a summary measure of typical economic responses.

In contrast, the pooled model generates IRFs that represent the response of

a ”representative country” with characteristics given by the pooled coefficients.

These IRFs reflect the response that would be observed if all countries behaved

according to the estimated pooled parameters. While this interpretation is

more restrictive, it provides a direct estimate of the common response pattern,

assuming such commonality exists.

The temperature interaction effects in the pooled model have a similar in-

terpretation to the baseline case: the IRFs can be evaluated at different levels

of temperature anomalies to assess how climate conditions influence the trans-

mission of global shocks. However, these effects now represent the common

temperature sensitivity across all countries rather than the average of home-

country sensitivities.

5.8.4. Empirical Results. Using the pooled Bayesian panel VAR model, we

conduct the same analysis as performed with the baseline mean-group specifi-

cation. We compute impulse response functions for global demand and supply

shocks, allowing for heterogeneity across distinct levels of temperature anom-

alies. The identification strategy remains identical, employing sign restrictions

derived from our theoretical model as outlined in equation (36) in the main

part.

Our findings strongly corroborate the results obtained with the baseline

model. Temperature anomalies continue to exhibit no significant influence

on the transmission mechanism of global supply shocks (see Figure 17). The

impulse responses to supply shocks remain largely invariant to temperature
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Figure 16. Pooled Panel BVAR: Demand shock
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Note: The figure provides results based on an alternative empirical model: Pooled Bayesian Panel

VAR Model with an interaction term. It shows the sensitivity of the impulse response functions

of inflation (GDP deflator, yoy change in percent), output (GDP, yoy change in percent) and the

short term interest rate to a global demand shock with respect to the temperature anomaly. The

temperature anomaly variable is defined by: T̂Low = −2 and T̂High = 3.8.

conditions, with confidence intervals that consistently encompass zero differ-

ences across temperature states.

For global demand shocks (see Figure 16), the pooled model confirms our

core findings. Higher levels of temperature anomalies amplify the inflation-

ary effects of demand shocks while simultaneously dampening the output
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Figure 17. Pooled Panel BVAR: Supply shock
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Note: The figure provides results based on an alternative empirical model: Pooled Bayesian Panel

VAR Model with an interaction term. It shows the sensitivity of the impulse response functions

of inflation (GDP deflator, yoy change in percent), output (GDP, yoy change in percent) and the

short term interest rate to a global supply shock with respect to the temperature anomaly. The

temperature anomaly variable is defined by: T̂Low = −2 and T̂High = 3.8.

responses. The magnitude and statistical significance of these temperature-

dependent effects align closely with those reported in our main analysis. Specif-

ically, elevated temperature anomalies steepen the effective Phillips curve rela-

tionship, transforming demand expansions into more pronounced stagflation-

ary episodes.

The quantitative effects estimated under the pooled specification are com-

parable to those shown in Table 3 of the main text. A global demand shock

normalized to raise global GDP by one percentage point continues to generate
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larger price responses and smaller output responses when temperature anom-

alies are elevated. These findings reinforce our interpretation that climate

change fundamentally alters the propagation mechanism of demand shocks

rather than acting as an independent source of business cycle fluctuations.

5.8.5. Discussion. We consider the consistency of results across these two dis-

tinct econometric approaches as a confirmation of the robustness of our base-

line findings. The agreement between the mean-group and pooled specifica-

tions suggests that our conclusions are not artifacts of a particular estimation

methodology but reflect genuine economic relationships in the data.

The fact that both approaches yield qualitatively and quantitatively similar

results provides additional confidence in our central hypothesis that temper-

ature anomalies alter the slope of the Phillips curve, thereby influencing the

transmission of demand shocks but leaving supply shock propagation largely

unaffected. This consistency is particularly reassuring given the different as-

sumptions underlying each approach regarding cross-country heterogeneity.

Moreover, the robustness across estimation methods strengthens our conclu-

sions regarding the implications of climate change for macroeconomic stabi-

lization. The finding that rising temperatures may reduce the effectiveness of

demand-side fiscal policies while increasing their inflationary consequences ap-

pears to be a robust empirical regularity that emerges regardless of the specific

panel VAR methodology employed.

5.9. Local projections as a complementary empirical approach. As an

alternative to the interacted panel BVAR used in the main part, we now re-

examine the responses to the global demand and supply shocks by means of

the local projection (LP) method of Jordà (2005). The choice of the interacted

panel BVAR as our baseline empirical model is derived from the structure of

the theoretical framework: the (log-)linearised solution of the DSGE model in

Section 2 of the main part takes the form of a (state-dependent) reduced-form

VAR, with the structural matrices A(T̂ ) and H(T̂ ) entering the impact and

lag dynamics in a fully consistent way (see also Sections 3-4 of the main part).

The empirical VAR is therefore the natural model-consistent specification to

confront with the data, and the joint sign restrictions on A derived from the

theoretical model can be imposed directly on the reduced-form innovation co-

variance matrix. Local projections provide a flexible alternative that is robust
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to certain forms of dynamic mis-specification (Plagborg-Møller and Wolf, 2021;

Olea et al., 2024), but the model-based mapping from theory to estimation is

more direct in the VAR. We therefore use the LP approach as a complemen-

tary check rather than as the primary empirical specification, and verify that

the qualitative pattern of the temperature-dependent transmission of demand

and supply shocks is preserved under this alternative.

5.9.1. Implementation: panel structure, interaction term and shock identifi-

cation. The LP exercise re-uses the data and the variable selection of the

baseline panel BVAR. The country block yc,t contains the year-on-year per-

centage change in the GDP deflator, the year-on-year percentage change in

real GDP, and the short-term nominal interest rate. The global block gt con-

tains the year-on-year percentage in the global commodity price index and in

global GDP. The interaction variable is the country temperature anomaly T̂c,t

measured from the FAO series, demeaned at the country level so that varia-

tion in the interaction is purely within-country. We further include the same

“strange-observation” dummy as in the baseline specification to absorb the

period of unusual global activity around the Covid-19 pandemic.

Three features of the implementation are worth highlighting because they

are non-standard in the typical LP application:

(i) Identification of the global shocks. Local projections require an exogenous

shock series on the right-hand side. We obtain it from a small auxiliary VAR

estimated on the global block alone. Sign restrictions are imposed on the im-

pact matrix in the same spirit as in equation (8): the demand shock raises both

global commodity prices and global GDP on impact, while the (expansionary)

supply shock raises global GDP and lowers global commodity prices. Follow-

ing Rubio-Ramı́rez et al. (2010), we draw orthonormal Q matrices via the QR

decomposition of independent standard normal matrices, retaining 2,000 sign-

admissible rotations. To obtain a single time series of structural innovations to

be used as regressors in the LP step, we collapse the set of admissible impact

matrices to its entry-wise median (a “median-target” rotation in the spirit of

Fry and Pagan, 2011), which yields the structural-shock series ε̂t = (ε̂dt , ε̂
s
t)

′.

The sign of the supply-shock series is flipped so the LP IRFs trace out the

expansionary supply shock used in Figure 6 of the main part.
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(ii) Panel structure. For every country c = 1, . . . , N , every variable v in yc,t,

and every horizon h = 0, . . . , H, we estimate

(11)

yvc,t+h =αv,h
c + τ v,hc t + βv,h

d ε̂dt + γv,hd ε̂dt T̃c,t

+ βv,h
s ε̂st + γv,hs ε̂st T̃c,t + δv,hc T̃c,t

+
P∑

k=1

Φv,h
c,k wc,t−k + ηv,hc Dt + uv,hc,t+h,

where T̃c,t = T̂c,t − T̄c is the country-demeaned temperature anomaly, wc,t =

(y′
c,t, g

′
t)

′ collects the country and global controls, Dt is the dummy variable

(for the Covid-19 period), and P = 3 matches the lag length of the baseline

panel BVAR. The constant αv,h
c is country-specific and the linear time trend

absorbs the secular drift in temperature anomalies and global trade integration

that would otherwise risk loading on ε̂t T̃c,t. We aggregate the country-level

coefficients to the panel level using the mean-group estimator of Pesaran and

Smith (1995), that is, by averaging β̂v,h
c and γ̂v,hc across c. The pointwise

standard error of the mean-group estimator is the cross-country standard de-

viation divided by
√
N , from which we construct 68 percent pointwise bands.

This direct cross-country averaging mirrors the Pesaran–Smith approach used

in our baseline interacted panel BVAR and ensures that the LP results and

the BVAR results refer to the same population object: the average country

response.

(iii) Evaluation of the IRFs at low and high temperature anomalies. Because

T̃c,t enters (11) multiplicatively with the structural shock, the impulse response

at any temperature value τ for country c and variable v is given by

IRFc,v,h(τ) = β̂v,h
c + γ̂v,hc (τ − T̄c).

We follow the IPVAR convention and report IRFs at a low and a high value of

the temperature anomaly. Because the IPVAR figures use a regular grid span-

ning the empirical support of T̂c,t, while the LP estimates of γ̂ are particularly

noisy in the thin tails of the cross-country IAV distribution, we evaluate the

LP IRFs at the 10th and 90th percentile of the pooled IAV (rather than at the

extreme grid endpoints used in Figures 4 and 6 of the main part). This choice

trades a little extrapolation distance for substantially tighter bands without
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altering the qualitative pattern. Finally, IRFs are normalised so that the im-

pact effect of each shock on global GDP equals one percentage point, exactly

as in the IPVAR figures of the main part.

(iv) Width of the confidence bands. A practical observation about Figures 18

and 19 below is that the 68 percent pointwise bands look tighter than what

is typically reported in single-country LP applications. The reason lies in how

the bands are constructed. They are the standard error of the mean-group

estimator in the sense of Pesaran and Smith (1995): at every horizon h, we

take the cross-country standard deviation of the country-level LP coefficients

β̂v,h
c (and analogously for γ̂v,hc ) and divide it by

√
N , with N = 20. This

standard error captures the uncertainty about the average country response

under cross-country coefficient heterogeneity. It does not, however, include

the within-country sampling uncertainty of the country-level LP regressions,

which in single-country LPs is typically the dominant source of width and

is normally reported through a Newey–West / HAC correction that accounts

for the moving-average structure of the LP residuals at horizon h. We deliber-

ately follow the panel convention rather than the single-country one because we

want the LP figures to be directly comparable to the IPVAR figures of the main

part: in the IPVAR, bands are also constructed on the mean-group object (av-

eraging country-level posterior IRFs), so reporting cross-country mean-group

bands here keeps the units of uncertainty aligned across the two methods.

Augmenting the LP standard errors with within-country HAC uncertainty

would mechanically widen the bands, but it would not affect the qualitative

conclusions drawn from the figures.

5.9.2. Empirical results. Figures 18 and 19 report the LP-based impulse re-

sponses for the demand and the (expansionary) supply shock, in the same

layout used for the IPVAR results in the main part. Inspection of the figures

shows that the LP estimates reproduce the qualitative content of our baseline

findings.

For the global demand shock (Figure 18), the country-level GDP deflator,

real GDP, and the short-term interest rate all rise on impact, with hump-

shaped dynamics that closely resemble the corresponding IRFs from the IP-

VAR baseline (Figure 4 of the main part). More importantly, the responses
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Figure 18. Local projections: global demand shock

5 10 15

C
:
G
D
P

D
efl

at
o
r

(i
n
p
p
)

-2

-1

0

1

2

[ T̂ ] Low

5 10 15
-2

-1

0

1

2

[ T̂ ] High

5 10 15

-2

-1

0

1

2
Difference (Low-High)

5 10 15

C
:
G
D
P

(i
n
p
p
)

-2

-1

0

1

2

3

4

5 10 15
-2

-1

0

1

2

3

4

5 10 15
-2

-1

0

1

2

3

4

Horizon (in quarters)
5 10 15

C
:
S
h
or
t
te
rm

ra
te

(i
n
p
p
)

-2

-1.5

-1

-0.5

0

0.5

1

Horizon (in quarters)
5 10 15

-2

-1.5

-1

-0.5

0

0.5

1

Horizon (in quarters)
5 10 15

-2

-1

0

1

2

3

Note: Mean-group LP impulse responses to a global demand shock identified from sign restrictions

on a small auxiliary VAR for global commodity prices and global GDP. The country block contains

the GDP deflator, GDP, and the short-term nominal interest rate. IRFs are evaluated at low

(10th percentile) and high (90th percentile) values of the country-demeaned Berkeley temperature

anomaly and normalised to a one-percentage-point impact effect on global GDP. Solid lines are the

mean-group point estimates; dashed lines are 68 percent pointwise bands.

depend on the level of the temperature anomaly. Inflation is statistically dis-

tinguishable across the two temperature states, with the corresponding “Dif-

ference (Low–High)” panel showing a sign reversal that is consistent with the

BVAR finding of an amplified inflationary response when temperatures are
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Figure 19. Local projections: global supply shock (expansionary)
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Note: Mean-group LP impulse responses to an expansionary global supply shock identified from sign

restrictions on a small auxiliary VAR for global commodity prices and global GDP. Sign convention

is set so that an expansionary supply shock lowers global commodity prices and raises global GDP.

The country block contains the GDP deflator, GDP, and the short-term nominal interest rate. IRFs

are evaluated at low (10th percentile) and high (90th percentile) values of the country-demeaned

Berkeley temperature anomaly and normalised to a one-percentage-point impact effect on global

GDP. Solid lines are the mean-group point estimates; dashed lines are 68 percent pointwise bands.

elevated. The output response, in turn, is comparatively muted in the high-

temperature state, again mirroring the IPVAR pattern of a dampened real

activity response when the climate-related interaction term is large.

For the global supply shock (Figure 19), the responses are once again qual-

itatively in line with the IPVAR baseline (Figure 6 of the main part). An
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expansionary supply shock lowers domestic prices and raises domestic output,

while the short-term interest rate tends to decline. The temperature depen-

dence of the supply-shock IRFs is much weaker than that of the demand-shock

IRFs: the “Difference (Low–High)” panels are noisier and the temperature-

induced shifts are not robustly estimated. This mirrors the central message

of the main part of the paper, namely that climate change leaves the prop-

agation of supply shocks essentially unchanged while it materially alters the

propagation of demand shocks.

Taken together, the LP results provide an additional, methodologically dis-

tinct piece of evidence in support of our baseline conclusion: temperature

anomalies modify the transmission of global demand shocks in line with the

predictions of the theoretical model, while the transmission of global sup-

ply shocks remains largely insensitive to the temperature anomaly. The fact

that this pattern emerges from a panel local projection specification — which

differs from the interacted panel BVAR in its identification timing, its lack of

cross-equation restrictions, a certain lack of smoothing the IRFs, and its single-

equation orientation — reinforces our reading that the temperature-dependent

steepening of the Phillips curve relationship documented in the main part is

not an artefact of the VAR-based methodology.

5.9.3. Pooled-panel local projections. The mean-group LP exercise above is the

LP analog of the baseline (mean-group) IPVAR estimated in the main part.

As a parallel to the pooled Bayesian panel VAR robustness check reported

in Section “Alternative panel methodology” above, we now also implement a

pooled-panel version of the local projection. Imposing coefficient homogeneity

across countries trades the heterogeneity-robust mean-group estimator of Pe-

saran and Smith (1995) for the larger effective sample size of the stacked panel.

The two panel-LP estimators thus span the same methodological dichotomy

— between heterogeneity and pooled efficiency — as the two panel-BVAR esti-

mators considered earlier, and provide a fully symmetric LP–BVAR robustness

picture.

The pooled LP specification re-uses the data, the global-shock identifica-

tion, and the construction of the country-demeaned interaction term T̃c,t de-

scribed above. The single difference is in the panel structure: rather than
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estimating equation (11) country-by-country and aggregating via the mean-

group estimator, we stack all country observations and run, for every vari-

able v ∈ {GDP deflator, GDP, short-term rate} and every horizon h, a single

pooled OLS regression

(12)

yvc,t+h =αv,h
c + τ v,hc t + βv,h

d ε̂dt + γv,hd ε̂dt T̃c,t

+ βv,h
s ε̂st + γv,hs ε̂st T̃c,t + δv,hT̃c,t

+
P∑

k=1

Φv,h
k wc,t−k + ηv,hDt + uv,hc,t+h,

in which the slope coefficients βv,h
d , γv,hd , βv,h

s , γv,hs , δv,h, Φv,h
k , ηv,h are common

to all countries, while the unobserved cross-country level differences are ab-

sorbed by country fixed effects αv,h
c and country-specific linear time trends

τ v,hc . The coefficients on the interaction terms ε̂dt T̃c,t and ε̂
s
t T̃c,t are identified by

exploiting within-country variation in the interaction term together with the

cross-country common variation in the respective structural shock. The IRFs

at low and high temperature anomaly are again evaluated at the 10th and 90th

percentile of the pooled IAV and normalised to a one-percentage-point impact

effect on global GDP, exactly as in the mean-group LP.

Standard errors of the pooled estimator are obtained as one-way cluster-

robust covariances with countries as clusters (Cameron-Gelbach-Miller correc-

tion, see, e.g., the panel-LP discussion in Plagborg-Møller and Wolf, 2021).

Variance of the IRF at temperature value τ , Var(β̂v,h
d + γ̂v,hd (τ − T̄ )), is com-

puted using the joint cluster-robust covariance of (β̂v,h
d , γ̂v,hd ), and analogously

for the supply shock. As in the pooled BVAR, the larger effective sample size

of the stacked panel produces tighter pointwise bands than those obtained for

the mean-group estimator.

Figures 20 and 21 report the pooled LP IRFs for the global demand and

the (expansionary) supply shock. The qualitative content of the figures is the

same as that of the mean-group LP and of the IPVAR baseline.

For the global demand shock (Figure 20), the response of the country-level

GDP deflator builds up over the projection horizon, with a clearly steeper

hump in the high temperature state and a more contained response in the

low state. The corresponding “Difference (Low–High)” panel is statistically

significant for inflation over a wide range of horizons, in line with the IPVAR
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Figure 20. Pooled-panel local projections: global demand shock
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Note: Pooled-panel LP impulse responses to a global demand shock identified from sign restrictions

on a small auxiliary VAR for global commodity prices and global GDP. The pooled LP imposes co-

efficient homogeneity across countries; country fixed effects and country-specific linear time trends

absorb cross-country level differences and trends. The country block contains the GDP deflator,

GDP, and the short-term nominal interest rate. IRFs are evaluated at low (10th percentile) and

high (90th percentile) values of the country-demeaned Berkeley temperature anomaly and nor-

malised to a one-percentage-point impact effect on global GDP. Solid lines are the point estimates;

dashed lines are 68 percent pointwise bands based on one-way cluster-robust standard errors (clus-

ters= countries).

finding that elevated temperature anomalies amplify the inflationary impact

of demand shocks. The real GDP response also exhibits temperature depen-

dence: the impact effect on output is markedly stronger in the low-temperature

state than in the high-temperature state, while the medium-horizon difference
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Figure 21. Pooled-panel local projections: global supply shock
(expansionary)
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Note: Pooled-panel LP impulse responses to an expansionary global supply shock identified from

sign restrictions on a small auxiliary VAR for global commodity prices and global GDP. Sign

convention is set so that an expansionary supply shock lowers global commodity prices and raises

global GDP. The pooled LP imposes coefficient homogeneity across countries; country fixed effects

and country-specific linear time trends absorb cross-country level differences and trends. IRFs

are evaluated at low (10th percentile) and high (90th percentile) values of the country-demeaned

Berkeley temperature anomaly and normalised to a one-percentage-point impact effect on global

GDP. Solid lines are the point estimates; dashed lines are 68 percent pointwise bands based on

one-way cluster-robust standard errors (clusters= countries).

becomes statistically less pronounced — a pattern that is qualitatively con-

sistent with the dampening of the cumulative real activity response when the

climate-related interaction term is large. The interest-rate response, finally,
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mirrors the inflation response: monetary policy reacts more strongly when

temperatures are high though the response is statistically insignificant.

For the expansionary global supply shock (Figure 21), the responses are

again in line with the IPVAR baseline of the main part: domestic prices fall,

domestic output rises, and the short-term interest rate declines. The responses

to the supply shock display modest temperature dependence in the price block

and only weak temperature dependence in the output and interest-rate blocks.

As in the mean-group LP, the temperature-induced shifts are markedly smaller

than those documented for the demand shock, in line with our central reading

that the temperature anomaly primarily reshapes the slope of the Phillips curve

and therefore matters for demand-driven adjustments while leaving supply-

driven adjustments largely intact.

The narrowing of the confidence bands relative to the mean-group LP is the

natural consequence of pooling: the pooled estimator exploits the full N × T

panel rather than averaging N country-level estimates. As discussed in the

analogous BVAR section above, this efficiency gain comes at the cost of im-

posing slope homogeneity — a constraint that the cross-country LP coefficients

in the mean-group exercise above suggest is approximately, but not exactly,

satisfied. The fact that the pooled LP, the mean-group LP, the pooled BVAR,

and the mean-group IPVAR yield qualitatively the same picture is therefore

reassuring: the temperature-dependent transmission of demand shocks docu-

mented in the main part survives both the BVAR-vs-LP and the mean-group-

vs-pooled robustness exercises.

5.10. Reduced cross-sectional dimension. The baseline results presented

earlier rely on a country set that includes countries with significant heterogene-

ity across various dimensions. This heterogeneity spans not only the economic

dimension—distinguishing between industrial economies and emerging market

economies—but also the geographical dimension, which leads to climatic dif-

ferences among the countries. For example, we consider Northern countries

such as Finland and Sweden, as well as tropical/sub-tropical countries such as

India and Mexico.

It is natural to assume that climate change affects countries differently, not

only due to differences in their level of economic development but also because

of their geographic location (Nath et al., 2024). Given these differences, we
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Figure 22. Demand shock: selected country-set
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to a

global demand shock with respect to the temperature anomaly. The figure is based on a selected

country set excluding Finland, the Netherlands, Japan, Sweden and the UK.

now examine the stability of our baseline results with respect to a selected

sub-set of countries.

As previously highlighted, the likelihood-ratio test (presented in the main

part) predominantly favors the IVAR specification for most countries. How-

ever, there are a few countries for which the VARX specification constitutes

a valid alternative, according to the likelihood-ratio test. These countries

include Finland, the Netherlands, Japan, Sweden, and the UK. To test the

robustness of our findings, we re-estimate the IPVAR model while excluding

these five countries. We then carry out the same analysis as before, examining
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Figure 23. Supply shock: selected country-set
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Note: The figure shows the sensitivity of the impulse response functions of inflation (GDP deflator,

yoy change in percent), output (GDP, yoy change in percent) and the short term interest rate to

a global supply shock with respect to the temperature anomaly. The figure is based on a selected

country set excluding Finland, the Netherlands, Japan, Sweden and the UK.

the sensitivity of the impulse response functions (IRFs) at the country level to

a demand shock with respect to the temperature anomaly.

The results of this robustness check are presented in Figure 22 fore the global

demand shock and in Figure 23 for the global supply shock. Our focus in this

analysis is on the IRFs of output and inflation, specifically their sensitivity to

the temperature anomaly. As shown in the figure, the (expansionary) demand

shock still leads to increases in both output and inflation. Importantly, the dif-

ferences in the responses of these variables to the temperature anomaly remain
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pronounced. However, a key observation is that the difference in the IRFs be-

tween low and high values of the temperature anomaly is now noticeably larger

compared to the baseline results.

For instance, the maximum difference in inflation between low and high

temperature anomalies is around four percentage points when using the re-

duced country coverage, while the difference is only about two percentage

points when the full country set is used. A similar pattern is observed for

output: with the reduced country coverage, the maximum difference in output

responses is around six percentage points, compared to approximately four

percentage points when using the full set of countries.

These findings underscore that the choice of countries in the sample does

matter to some extent, a point that has been emphasized in the literature

by Byrne and Vitenu-Sackey (2024). Nonetheless, we consider this robustness

check to provide further confirmation of the validity of our baseline results.

5.11. Additional interaction variables. The baseline results rely on a spec-

ification of the IPVAR model which uses only one interaction variable: the

temperature anomaly Tt. The key equation of the baseline model which cap-

tures the non-linearity that arises from the interaction variable reads

(13) IVAR: Bc
11(Tt)yc,t−1 =

(
Γc(T̄ ) +F cT̂t

)
yc,t−1

In the theoretical framework, the transmission of the temperature anomaly

operates through total factor productivity (TFP): higher temperature anom-

alies depress TFP and thereby propagate to macroeconomic outcomes. In

in line with this, the current empirical specification employs a single interac-

tion variable. This, however, raises the possibility that effects attributable to

omitted interaction channels are inadvertently loaded onto the temperature

anomaly. This risk arises precisely because the exclusive use of one interac-

tion term, while methodologically parsimonious and conducive to a compact,

interpretable model, necessarily abstracts from competing or complementary

sources of heterogeneity. The benefit of parsimony thus comes at the cost of po-

tential omitted-variable bias in the interaction structure, or a mis-attribution

of effects from other relevant interaction variables to the temperature anomaly.

Motivated by these considerations, we now broaden the analysis to incorporate
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additional interaction elements and assess the robustness of the temperature-

anomaly mechanism accordingly. To this purpose, we extend equation (13) as

follows

(14) IVAR: Bc
11(Tt, ζt)yc,t−1 =

(
Γc(T̄ , ζ̄) +F cT̂t +Zcζ̂t

)
yc,t−1

where ζt is an additional interaction variable (subsequently explained in more

detail), and ζ̂t is its relative deviation from its steady state ζ̄. We will subse-

quently consider empirical variables for ζt that characterize structural elements

related to TFP at the country level (ζt → ζct ). In this context, Goldin et al.

(2024) identify several key contributors to a productivity slowdown, including

mis-measurement, a decline in the contribution of capital per worker, lower

spillovers from the growth of intangible capital, and a reduction in allocative

efficiency. Sectoral reallocation, a lower contribution of human capital, and a

slowdown in innovation also play a role in certain countries. However, also vari-

ables beyond a specific TFP relation are possible in shaping the inflationary

effect in response to a demand (and supply) shock. Importantly, throughout all

subsequent analyses, the specification includes only one additional interaction

alongside the temperature anomaly, thereby restricting the model to exactly

two interaction variables to preserve parsimony. This constraint is deliberately

imposed to balance methodological clarity with the computational limitations

of our available hardware.

5.11.1. Elements shaping TFP beyond the temperature anomaly. We examine

several variables that could influence TFP in a similar way as the tempera-

ture anomaly, focusing particularly on those related to innovation and human

capital. We consider data from the OECD on patents, measured by applica-

tions filed under the Patent Cooperation Treaty (PCT), as an indicator for

innovation. Additionally, we include spending on research and development,

specifically basic research expenditure as a percentage of GDP, which also

serves as an innovation indicator. As indicators for changes in human capital,

we use the dependency ratio (the number of pensioners relative to the working-

age population, 15-64) and a measure of educational attainment, specifically

the percentage of the population with upper secondary or post-secondary non-

tertiary education. Using OECD data implies that India and Mexico drop out

of the sample.

https://data-explorer.oecd.org/
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Figure 24. Inflation/price response to global demand shock:
additional interaction variables
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Note: The figure shows the impulse response functions of inflation (GDP deflator) to a global

demand shock. The IRFs are shown for low and high values of the temperature anomaly. Each row

shows the IRFs of the extended baseline model, where the extension refers to the variable mentioned

on the left of each row being used as additional interaction variable in the IPVAR model.

We incorporate these potentially confounding variables into the model by

sequentially adding each of the four variables as an additional interaction vari-

able. To examine their effects, we re-estimate the model, apply the identi-

fication for global demand and supply shocks and analyze the sensitivity of

the model to the temperature anomaly. If any of these additional variables is
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Figure 25. GDP response to global demand shock: additional
interaction variables
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Note: The figure shows the impulse response functions of GDP to a global demand shock. The

IRFs are shown for low and high values of the temperature anomaly. Each row shows the IRFs of

the extended baseline model, where the extension refers to the variable mentioned on the left of

each row being used as additional interaction variable in the IPVAR model.

relevant, we expect changes in the sensitivity of the IRFs of GDP, the GDP

deflator, and the interest rate at the country level.

The results are displayed in Figures 24 and 25 for the demand shock, and

in Figures 26 and 27 for the supply shock. For illustration, Figure 24 reports

the IRFs of the GDP deflator to a global demand shock. As in the baseline,

IRFs are shown at different levels of the temperature anomaly (the primary



57

Figure 26. Inflation/price response to global supply shock: ad-
ditional interaction variables
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Note: The figure shows the impulse response functions of inflation (GDP deflator) to a global supply

shock. The IRFs are shown for low and high values of the temperature anomaly. Each row shows

the IRFs of the extended baseline model, where the extension refers to the variable mentioned on

the left of each row being used as additional interaction variable in the IPVAR model.

interaction variable). Each row, however, introduces a different additional in-

teraction variable, as labeled on the left margin. For example, the first row

replicates the baseline specification and augments it with patents as the addi-

tional interaction term. The layout of Figures 25–27 mirrors that of Figure 24,

but applies to GDP and to the supply shock, respectively. In all cases, we

compute time-and-country means for each additional interaction variable and
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Figure 27. GDP response to global supply shock: additional
interaction variables
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Note: The figure shows the impulse response functions of GDP to a global supply shock. The IRFs

are shown for low and high values of the temperature anomaly. Each row shows the IRFs of the

extended baseline model, where the extension refers to the variable mentioned on the left of each

row being used as additional interaction variable in the IPVAR model.

present IRFs of the GDP deflator and GDP to global demand and supply

shocks, varying only the temperature anomaly, to facilitate direct comparison

with the baseline IRFs (the nominal interest rate is omitted as it lies outside

our primary focus).

To fix ideas, consider the GDP response to the global demand shock in Fig-

ure 25. When patents are included as the additional interaction variable, the
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output IRFs are qualitatively indistinguishable from those in the baseline. This

holds both for the IRFs themselves and for the cross-scenario differences across

low versus high temperature anomaly states. Hence, adding patents does not

alter the baseline conclusions and further supports the robustness of the re-

sults with respect to this dimension. An analogous pattern emerges for the

other additional interaction variables—R&D spending, the dependency ratio,

and educational attainment. In each case, output IRFs remain qualitatively

unchanged, and the differences between low and high temperature-anomaly

states retain their statistical significance. We therefore conclude that, for

GDP responses to demand shocks, the inclusion of these additional interaction

variables does not qualitatively affect our baseline findings.

Turning to the GDP deflator under a demand shock, the baseline conclu-

sions are likewise preserved. Across all additional interaction variables, prices

increase significantly, and—crucially—the magnitude of the price response rises

with higher levels of the temperature anomaly. Moreover, the difference be-

tween low and high temperature-anomaly states remains statistically different

from zero in every specification considered.

Finally, the supply-shock results confirm our baseline interpretation. While

the additional interaction variables leave intact the pattern of an output in-

crease and a price decline in response to the expansionary supply shock, the

differences in IRFs across low versus high temperature-anomaly states remain

statistically insignificant. Taken together, these findings reinforce the (quali-

tative) robustness of our baseline results to the inclusion of multiple additional

interaction variables.

5.11.2. Elements shaping inflation. Bettarelli et al. (2025) investigate the im-

pact of climate change policies on inflation across a large set of countries and

find that carbon taxes lead to substantial inflationary pressures. The effect is

not negligible: a one standard deviation carbon tax shock—corresponding to

a $5/tCO2 increase in emissions-weighted carbon taxes—results in an increase

in the price level of about 0.7 percent one year after the implementation of

the policy, and between 1.6 and 4 percent in the medium term. Moreover,

they find that emissions trading systems, as well as non-market-based climate

change policies (such as R&D subsidies), also have an (though smaller) effect

on prices.
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Since the introduction of these policies aligns with the steady increase in

temperatures, it is possible that our finding—namely, higher inflationary pres-

sure in the wake of a demand shock when temperatures are high—may result

from these aforementioned policy measures rather than from climate change

itself. To explore this possibility, we extend our empirical model by introduc-

ing an additional interaction variable: a measure of the carbon pricing system

at the country level, alongside the temperature anomaly variable (T̂t).

The inclusion of a carbon pricing variable reduces the country coverage of our

sample, as not all countries included in our baseline results have implemented a

carbon pricing system. Specifically, India and the USA drop out of the sample.4

For the remaining countries, we introduce a variable capturing carbon pricing.

For the European countries, we use the price of emissions allowances (EUA)

traded on the European union’s Emissions Trading Scheme (ETS), which was

introduced in 2005. For Australia, we use the Australian Carbon Credit Unit

(ACCU), introduced in 2012. For Japan, we use the Saitama Target Setting

Emissions Trading System, introduced in 2011. For New Zealand, we use the

New Zealand Emissions Trading Scheme (NZ ETS), which was launched in

2008 and covers roughly half of the country’s emissions. For Canada, we use

the Canadian National Output-Based Pricing System (OBPS), introduced in

2019.

A challenge arises due to the relatively late start of these time series (2005

for European countries, and even later for others), while our baseline sample

begins in 1961. To avoid limiting the sample size for the estimation of the

IPVAR model, we extend the carbon price data by filling in the missing entries

with zeros. This reflects the fact that, prior to the introduction of carbon

pricing systems, no price for carbon emissions was applied, aligning with a

zero price for this period.

We re-estimate the IPVAR with the extended carbon pricing series and find

that the estimated coefficients on the carbon pricing variable are quantitatively

negligible and, crucially, statistically insignificant. To assess the implications

4In the USA, a carbon pricing scheme is introduced in various states; however, it is not
implemented at the national level. While the USA could be included in the sample with
carbon pricing data at the state level (consider the following link in this respect), the fact
that on the one hand, only a few states have introduced carbon pricing and on the other
hand, it is difficult to aggregate state-level pricing data without quantity information (of
carbon emission at the state level), led us to exclude the USA from the sample for this
exercise.

https://carbonpricingdashboard.worldbank.org/
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of including carbon pricing in the empirical specification more transparently,

we also report IRFs of the GDP deflator and GDP to both demand and supply

shocks (fifth-row panels in Figures 24–27). The resulting IRFs closely track

the baseline responses, exhibiting no qualitative differences and only minor

quantitative deviations. These findings indicate that our baseline results are

robust to the inclusion of carbon pricing, confirming that this policy variable

does not materially alter the main conclusions.

5.11.3. A linear time trend. As a final exercise, we include a deterministic time

trend as an additional interaction variable. This choice is motivated by the

figures in the Introduction, which document a pronounced upward trajectory

in temperature anomalies across all countries since 1977. Even with the time

trend included, the baseline results are preserved: the coefficient estimates for

Zc remain quantitatively small and statistically indistinguishable from zero.

The implications are corroborated by the IRFs reported in the bottom-row

panels of Figures 24–27, which show that the time trend does not materially

affect the sensitivity of price and output responses to global demand and supply

shocks across different levels of the temperature anomaly.

6. Climate change as a business cycle shock

In the following, we present the empirical results for a specification along the

lines of equation (2) of the main part. This specification treats climate change,

again proxied by the temperature anomaly, as an endogenous variable in the

system, and it is subsequently used to introduce an exogenous shock to the

temperature anomaly into the system, similar to other “traditional” shocks,

such as those resulting from economic policy changes, preference shifts, cost-

push shocks, and the like. This specification has been considered in Pretis

(2021); Mukherjee and Ouattara (2021); Ciccarelli and Marotta (2024); Huber

et al. (2023); Ciccarelli et al. (2024), among others. This analysis serves to

examine the implicit assumption used in the idea formalized by the equation

(3) of the main part, that is, that climate change is exogenous to the system.

Obviously, climate change is endogenous to the economic system if a sufficiently

long time horizon is considered. However, for the purpose of our analysis, we

focus on business cycles that capture short -(1 to 3 years) to medium-term (3

to 8 years) fluctuations. The plausibility and reliability of our results therefore
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Figure 28. Shock to global temperature anomaly (T̂ )
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Note: The figure shows the impulse response functions to a shock in the global temperature anomaly.

The identification is based on a recursive ordering.

requires that rising temperatures cannot have significant short- and medium-

term effects beyond the damage resulting from natural disasters that we have

already controlled for in the SVAR. This is discussed in more detail below.

We consider the VAR specification and its block-exogenous structure as pre-

sented in the main part as the baseline model and change only one element:

the position of the temperature anomaly variable (T̂t). Whereas in the baseline

model it was an interaction variable in the matrix Ψ̃c,j(T̂ ), we now place it

in the vector of global variables gt, which is now three-dimensional. Crucially,

climate change, as proxied by the global temperature anomaly, is now incor-

porated into the dynamic system as an endogenous variable, but the feedback

from economic activity to climate is limited to the global variables, i.e. we

exclude a feedback from home-country variables contained in the vector yc,t.

We identify the model by assuming a triangular structure among the con-

temporaneous variables, which we implement by computing the Cholesky de-

composition of the reduced form variance-covariance matrix of the VAR model.

In this specification, climate change is ranked first in the vector of endogenous



63

Figure 29. Shock to global temperature anomaly (T̂ , with

country-temperature anomaly T̂c)
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Note: The figure shows the impulse response functions to a shock in the global temperature anomaly.

The identification is based on a recursive ordering.

variables [g′
t,y

′
c,t]

′ such that it is the most exogenous variable (given an up-

per triangular Cholesky decomposition). The objective is to examine whether

temperature innovations operate as autonomous business cycle shocks in the

short to medium run, and how they propagate to prices, output, and interest

rates under a recursive identification scheme.

6.1. Global temperature anomaly shock. Figure 28 presents the impulse

response results for two model specifications: one using the GDP deflator as

the domestic price measure (blue lines) and the other using the CPI (black

lines). This distinction only affects the domestic component, as the global
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price measure is always based on the same commodity index. Importantly, the

block-exogenous structure ensures that fluctuations at the country level do not

feed back into global dynamics.

The exogenous shock corresponds to an increase in global temperature by

one degree Celsius above its average. The temperature anomaly exhibits a

hump-shaped adjustment path (median response) before reverting to zero.

This trajectory is consistent with the dynamics of a stable higher-order au-

toregressive process, where the initial rise is followed by a gradual decline,

compare Nath et al. (2024).

In terms of global variables, the shock first leads to a decline in both global

commodity prices and global GDP, although only the latter displays a response

that is statistically significant at the 68 percent confidence level (confidence

bands shown by dashed blue lines).

Turning to home-country-level variables, the results are more pronounced.

Domestic GDP declines significantly, although the effect is short-lived. For

domestic prices, the response varies across specifications. When measured by

the CPI, prices increase persistently, and the response is significantly different

from zero. In contrast, when measured by the GDP deflator, the initial increase

is followed by a decline, resulting in a less clear overall price effect.

6.2. Global and country temperature anomalies: joint system. While

the results presented in Figure 28 highlight a discernible effect of the global

temperature anomaly on the economic system—at least in the short run—an

important propagation channel has thus far been ignored in the specification.

Specifically, the previous model abstracts from the impact of global temper-

ature fluctuations on the corresponding temperature anomaly at the country

level. Yet this propagation mechanism may crucially shape the transmission

of climate shocks to domestic economic dynamics, extending the influence of

global disturbances beyond their direct effects.

To address this limitation, we enrich the model by incorporating the country-

specific temperature anomaly (T̂c) as an additional element in the vector of

country variables, yc,t. This extension yields a four-dimensional system of

endogenous variables. We then repeat the same experiment as before: intro-

ducing a one-degree Celsius increase in the global temperature anomaly. The

resulting responses are displayed in Figure 29.
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The results reveal that a rise in the global temperature anomaly system-

atically propagates to the country level, inducing an increase in the domestic

anomaly. Notably, the magnitude of the domestic response exceeds that of

the global shock and materializes with a delay, indicating that country-specific

climatic conditions may amplify and prolong the effects of global disturbances.

For both the global and domestic temperature variables, the responses are sta-

tistically significantly different from zero at the 68 percent credible interval.

Turning to the macroeconomic variables, the results closely resemble those

obtained in the baseline specification (Figure 28). Domestic GDP declines in

the aftermath of the temperature shock, while the responses of price measures

differ by specification—with the CPI displaying a persistent increase, in con-

trast to the less conclusive pattern observed for the GDP deflator. Importantly,

these qualitative results remain robust across both specifications, underscor-

ing the short-run contractionary effects of climate shocks on real output and

pointing to heterogeneous implications for inflation depending on the chosen

price index.

Taken together, these findings highlight the relevance of accounting for lo-

cal climatic dynamics in the transmission process: while global shocks set the

direction of adjustment, country-level temperature anomalies can act as am-

plifiers, shaping both the strength and persistence of the economic response.

This feature suggests that climate-induced macroeconomic fluctuations may

be more pronounced at the domestic level than what is inferred from global

dynamics alone.

6.3. Country temperature anomaly shock. As a final exercise, we recon-

sider the specification underlying Figure 29, but now identify the shock in the

country-level temperature anomaly, T̂c. By construction, the block-exogenous

structure of the VAR implies that innovations to T̂c affect only the country-

level variables, with no feedback to the global block. Consequently, Figure 30

reports impulse responses exclusively for the country variables, even though

the full state vector continues to include the global variables.

The shock is calibrated to raise the domestic temperature anomaly by one

degree Celsius on impact. As shown in Figure 30, the ensuing dynamics display

a rapid reversion of T̂c toward zero, indicating relatively limited persistence in

country-level temperature anomalies. This contrasts with the more inertial,
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Figure 30. Shock to country temperature anomaly (T̂c)
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Note: The figure shows the impulse response functions to a shock in the country temperature

anomaly. The identification is based on a recursive ordering.

hump-shaped decay observed for global temperature anomalies in Figures 28

and 29, suggesting that local climatic perturbations dissipate more quickly

than global ones.

Turning to macroeconomic outcomes, the responses exhibit notable specifi-

cation sensitivity. We estimate two variants that differ only in the domestic

price measure: one using the GDP deflator (blue lines) and the other us-

ing the CPI (black lines). Output tends to decline following the temperature

shock (i.e., higher temperature), but the decrease attains statistical signif-

icance only under the CPI specification, whereas no statistically significant

output response emerges when the GDP deflator is used. In both variants, the

decline in output is preceded by a short-lived uptick that is not statistically

distinguishable from zero.

Price dynamics are even more ambiguous. For the same shock, prices rise

when measured by the GDP deflator, but fall when measured by the CPI, with

both responses statistically different from zero at the 68 percent level. This
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divergence underscores that the sign of the inflationary effect depends on the

chosen price index, potentially reflecting distinct sensitivities across consump-

tion versus value-added price baskets. Notably, this form of sign reversal does

not appear in the interacted VAR specification that conditions responses on

temperature via interaction terms, where price effects are comparatively more

uniform.

Overall, these results suggest that country-specific temperature shocks are

short-lived yet can exert measurable, though fairly small real and nominal

effects in the short run, with their perceived inflationary consequences contin-

gent on the price measure employed. This replicates the results in Ciccarelli

and Marotta (2024). From a modeling perspective, the contrast between CPI

and GDP deflator responses cautions against interpreting “inflation” effects

without attention to index construction and sectoral exposure embedded in

the respective measures.

7. Estimation of structural parameters of the DSGE model

Our baseline simulation of the DSGE model fundamentally depends on the

adverse effect of temperature anomalies on total factor productivity (TFP),

captured by the following relationship:

(15) ξA(T̂ ) = e−αT̂ +ξ̄A .

Throughout the preceding analysis, the temperature anomaly T̂ has been ex-

ogenously specified and the model has been simulated across a range of values

for this parameter. Crucially, variations in T̂ affect TFP through the structural

parameter α. In order to enhance the credibility of our simulation exercises

and to quantify the impact of temperature anomalies on TFP—a relationship

firmly supported by recent empirical studies (Donadelli et al., 2022; Kumar

and Maiti, 2024; Drescher and Janzen, 2025)—we now proceed to estimate the

structural parameters of the model.

Given the current methodological limitations in panel estimation for DSGE

models spanning multiple countries, we conduct the estimation separately for

each of the N = 20 countries in our sample. Consistent with the baseline

configuration, temperature anomalies are treated as strictly exogenous: their

observed time series are used to estimate their effect on TFP, but any reverse
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causality from economic activity (e.g., carbon emissions) to the temperature

anomaly is omitted. This approach maintains the short-run perspective per-

tinent to business cycle analysis, in which the direction of causality runs from

temperature anomalies to economic outcomes.

Several key structural parameters governing in-model dynamics are esti-

mated. Except for α—which influences both the steady-state and transi-

tional dynamics—all parameters determine the propagation mechanisms of

the model. Specifically, we estimate the following: the Taylor rule coefficients

ϕπ (inflation) and ϕy (output); the price stickiness parameter ξp; autocorrela-

tion coefficients for exogenous global supply and demand shocks (ρP ∗
e
and ρY ∗ ,

respectively); and the interest rate smoothing parameter ϕi associated with

monetary policy. Standard prior distributions are adopted: φMP
π (inflation

coefficient) follows a normal distribution (mean 1.5, standard deviation 0.1);

φMP
y (output coefficient) is normal (mean 0.5, standard deviation 0.15); the in-

terest rate smoothing parameter ρi is beta (mean 0.5, standard deviation 0.1);

AR(1) coefficients ρP ∗
e
and ρY ∗ are beta (mean 0.7, standard deviation 0.1);

the TFP-temperature sensitivity α is normal (mean 0.0, standard deviation

0.2); and the Calvo price rigidity parameter ξp is beta (mean 0.7, standard

deviation 0.1).

Addressing potential issues of stochastic singularity (Ruge-Murcia, 2007)

and to ensure a non-singular covariance structure in the likelihood function,

the vector of structural shocks (ut) is augmented. In addition to global en-

ergy price and output shocks, we include: a domestic demand shock (affecting

demand for domestically produced consumption goods), a domestic supply

shock (embedded in the New-Keynesian Phillips Curve), a monetary policy

shock (affecting the Taylor rule), and a temperature anomaly shock (modeled

as T̂t → T̂t + ν T̂t ). We expand the shock vector to explicitly include these

aforementioned domestic components. The standard deviations of these struc-

tural shocks are also estimated, each with an inverse gamma prior: foreign

energy price shock (νP ∗
e
; scale 0.1, shape 2), foreign output shock (νY ∗ ; scale

0.85, shape 2), monetary policy shock (νi; scale 0.1, shape 2), domestic supply

shock (νDS; scale 0.1, shape 2), domestic demand shock (νDD; scale 0.1, shape

2), and temperature anomaly shock (νT ; scale 0.1, shape 2).
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Table 2. Estimates for α across countries.

Country CIL (10%) Median CIU (90%)
Australia AU 0.13 0.15 0.15
Austria AT 0.39 0.46 0.51
Belgium BE 0.18 0.21 0.24
Canada CA -0.02 0.05 0.11
Finland FI -0.05 0.15 0.27
France FR 0.16 0.20 0.24
Greece GR 0.01 0.03 0.06
India IN 0.02 0.05 0.08
Italy IT 0.05 0.07 0.08

Japan JP 0.55 0.66 0.78
Korea KR -0.05 -0.02 0.02
Mexico MX -0.01 0.08 0.13

Netherlands NL 0.13 0.16 0.20
Norway NO 0.16 0.20 0.26

New Zealand NZ 0.41 0.44 0.47
Portugal PT 0.04 0.11 0.19

Spain ES 0.12 0.14 0.16
Sweden SE -0.02 0.02 0.05

Utd. Kingdom UK -0.06 -0.01 0.03
USA US 0.03 0.04 0.08

These specifications for the priors are selected to reflect standard empirical

practice and to ensure structural parameters remain within empirically plau-

sible ranges (Herbst and Schorfheide, 2016; Filippeli et al., 2020). Meanwhile,

country-specific parameters describing economic structure—such as the share

of domestically produced goods, energy consumption and production shares,

the share of renewables, and the consumption-output ratio—are calibrated

directly from available country data and held fixed in the estimation.

All empirical and model-based variables used within the estimation exercise

are transformed into year-over-year growth rates, except for the nominal in-

terest rate and temperature anomaly, which are included in levels. The set

of observables aligns with those employed in estimation of the IPVAR model:

global and domestic output and price indices, the domestic nominal interest

rate, and the temperature anomaly. Table 2 presents the estimated poste-

rior distributions for α, the parameter governing the impact of temperature

anomalies on TFP. For each country, the table reports the lower bound (10%),

median, and upper bound (90%) of the posterior credible interval.

The estimated values of α across countries are summarised in Table 2. Sev-

eral observations are worth highlighting.
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Range and cross-country consistency. The median posterior estimates

range from −0.02 (Korea) to 0.66 (Japan), with the majority of countries

concentrated between 0.03 and 0.46. For 18 out of 20 countries the me-

dian is positive; the two exceptions—Korea (−0.02) and the United Kingdom

(−0.01)—have credible intervals that include zero and are therefore statisti-

cally indistinguishable from zero. Negative point estimates thus do not con-

stitute evidence against the core assumption; they merely reflect estimation

uncertainty in countries for which the temperature–TFP link appears weak.

The sign pattern is broadly consistent across countries and corroborates the

directional prediction of equation (11): higher temperature anomalies depress

TFP.

Economic plausibility. To assess plausibility, it is useful to translate

the estimates into implied TFP losses. Given the functional form ξA(T̂ ) =

e−αT̂ +ξ̄A , a median estimate of α = 0.03—close to the baseline calibration—

implies approximately a 3% reduction in TFP per 1°C rise in the tempera-

ture anomaly. This is well aligned with the cross-country estimate of Ku-

mar and Maiti (2024), who document a 3.2% TFP reduction per degree, and

with the evidence in Donadelli et al. (2022) and Drescher and Janzen (2025).

The cross-country median of the individual median estimates is approximately

0.13, implying a TFP loss of around 13% per degree for the average coun-

try, which is larger than the aggregate panel estimate but consistent with

the finding in Donadelli et al. (2022) that advanced economies tend to ex-

hibit stronger productivity responses to temperature. Countries with large

estimates—such as Japan (0.66) and Austria (0.46)—are predominantly tem-

perate, capital-intensive economies where even modest temperature deviations

may impair productivity noticeably. While the upper end of the distribution

is economically large, the estimates are not implausible given the documented

non-linearities in temperature–productivity relationships and the long sample

period used for estimation.

Implications for the validity of the core assumption. Taken together,

these results support the key structural assumption embedded in equation

(11): that TFP responds negatively to temperature anomalies. The baseline

calibration of α = 0.03 is conservative—it lies near the lower bound of the

cross-country distribution—and can therefore be regarded as a lower-bound
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estimate of the mechanism’s magnitude. The consistency of the sign across 18

of 20 countries, combined with statistical significance in most cases, provides

empirical backing for this assumption and reinforces the conclusions drawn

from the DSGE simulations in the main part. These results reinforce the

conclusions of previous empirical studies (Donadelli et al., 2022; Kumar and

Maiti, 2024; Drescher and Janzen, 2025) and provide robust evidence for the

key transmission channel from temperature anomalies to economic activity via

TFP.

Finally, we note that in the interest of clarity and brevity, we confine the

presentation of our estimation results to the parameter α, which is the piv-

otal structural coefficient shaping the influence of temperature anomalies on

economic activity through TFP. This parameter constitutes the central trans-

mission channel emphasized in both our modeling framework and the extant

empirical literature. While our estimation procedure yields posterior distribu-

tions for all model parameters described above for each of theN = 20 countries,

reporting the full set of results would necessitate the inclusion of twenty addi-

tional tables (one for each country), thereby detracting from our primary focus

and obscuring the key mechanism of interest. Detailed estimates for the re-

maining structural parameters—which mainly govern the propagation dynam-

ics and monetary policy transmission, rather than the direct climate-economy

nexus—are therefore omitted. Complete estimation results are available from

the authors upon request.

8. Empirical assessment of the TFP channel

The theoretical model of Section 3 of the main part rests on the assump-

tion that the temperature anomaly enters the economy through total factor

productivity (TFP), captured by equation (11) of the main part, which posits

ξA(T̂ ) = e−αT̂ +ξ̄A

with α > 0. This channel is closely related to the mechanism recently proposed

by Bilal and Känzig (2026), who argue that global mean temperature—and

rising ocean surface temperature in particular—depresses aggregate economic

activity largely because it raises the frequency and severity of extreme climatic
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events (extreme heat, drought, extreme wind speed, and extreme precipita-

tion). In their accounting exercise, these extreme events account for roughly

half of the estimated cumulative impact of a global temperature shock on GDP,

a magnitude they attribute to physical destruction of productive capacity and

to disruptions of production that map naturally into a decline in measured

productivity.

Our empirical framework already speaks directly to this mechanism, since

the baseline interacted VAR separately controls for realized natural disasters

using the EM-DAT-based damage measure discussed in Section 4.5, over and

above the temperature anomaly itself. This allows us to assess whether the

disaster channel emphasized by Bilal and Känzig (2026) shows up as a negative

effect on output or productivity in our sample. As reported in Section 4.5, we

do not find the negative output response to disasters that Bilal and Känzig

(2026) document at the global level; if anything, for some countries (e.g.,

France) the estimated short-run response of output to disaster realizations is

positive and statistically significant, a pattern we interpret as reflecting recon-

struction and repair activity—investment aimed at restoring destroyed capital

stock—that temporarily stimulates measured output in the immediate after-

math of a disaster, rather than evidence against a longer-run damaging effect

of climate change on productive capacity. This is not necessarily inconsis-

tent with Bilal and Känzig (2026): our interacted panel VAR is estimated at

quarterly frequency over business-cycle-relevant horizons (roughly one to eight

years), whereas the negative TFP consequences of accumulating climate dam-

age that Bilal and Känzig (2026) identify from global temperature variation

may operate at lower frequencies and over longer horizons than our system is

designed to capture. We therefore do not treat the short-run reconstruction

effect documented for the disaster variable as informative about the sign or

magnitude of the temperature–TFP link that is the object of interest in the re-

mainder of this section; instead, we hold the disaster control fixed throughout

(as in Section 4.5) precisely so as to isolate the direct effect of the temperature

anomaly on productivity, uncontaminated by the separate, and empirically

distinct, effect of realized disaster damage.
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Against this background, the present section provides direct, reduced-form

empirical evidence on the temperature–TFP link itself, complementing the in-

direct, model-based evidence obtained in Section 7, where the Bayesian estima-

tion recovers α as a structural parameter and reports its posterior distribution

country by country. Two complementary tests are reported: a panel regression

of country labor productivity on the temperature anomaly, with the country

rainfall anomaly entering as a sensitivity check (Section 8.1); and an inter-

acted panel BVAR that adds labor productivity as an additional endogenous

variable, used to assess whether the temperature dependence of the transmis-

sion of global shocks documented in the main part shows up directly in the

productivity equation (Section 8.2). Together, the two exercises pin down the

TFP channel from outside the structural model, in which we proxy TFP by

labor productivity in both cases.

8.1. Panel regression: labor productivity and the temperature anom-

aly. The simplest direct test of the TFP channel is to ask whether a measure

of productivity at the country–quarter level is reduced by the temperature

anomaly. Since TFP is not directly observable at quarterly frequency for a

broad cross-section of countries, we use labor productivity—the ratio of real

GDP to employment—as the natural empirical proxy. The contemporaneous

use of the rainfall anomaly as a sensitivity/specificity check serves a comple-

mentary purpose: as Section 5.2 shows, the IPVAR results documented in the

main part lose their state dependence once the temperature anomaly is re-

placed by the rainfall anomaly. If the underlying channel is the TFP effect of

temperature, the benchmark regression should produce a coefficient on rainfall

that is small relative to the coefficient on temperature, consequently it will not

survive the inclusion of the temperature anomaly as a competing regressor.

For each country c = 1, . . . , N and quarter t we construct labor productivity

as

(16) LPc,t =
GDPc,t

EMPc,t

,

where GDPc,t is the real GDP series used throughout the empirical analysis

and EMPc,t is the employment level. Because employment is only partially ob-

served at quarterly frequency for several countries in the sample—in particular

for the earlier part of the sample period—we back-fill the missing observations
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using the country-by-country regression

(17) logEMPc,t = ac + bc1 log IPc,t + bc2 logUNEMPc,t + gc t+ εc,t,

where IP is the industrial production index, and this equation is estimated on

the periods where all three series are jointly observed. For the five countries

in which the unemployment level is itself unavailable for the relevant period

(Spain, Portugal, Greece, Mexico, and South Korea), we drop logUNEMPc,t

from the right-hand side and fit the corresponding IP-only specification. The

in-sample R2 ranges from 0.71 to 0.91 across countries, indicating that the

back-filled series tracks the observed employment level closely.

We estimate the country-fixed-effects panel regressions

logLPc,t = αc + b T̂c,t + g t+ ec,t,(18)

∆4 logLPc,t = αc + b T̂c,t + ec,t,(19)

where T̂c,t is the country temperature anomaly and ∆4 logLPc,t = logLPc,t −

logLPc,t−4 is the year-on-year log change in labor productivity. We then re-

estimate the same two equations after replacing the temperature anomaly T̂c,t

with the country rainfall anomaly R̂c,t (z-scored within country, as in Sec-

tion 4.4), and finally as a horse race with both anomalies entered jointly as

regressors. Standard errors are one-way cluster-robust with clusters defined

by the country, following the Cameron–Gelbach–Miller correction (Cameron

et al., 2011). The sample comprises N = 20 countries and up to T = 265

quarters per country (between 5,020 and 5,122 observations depending on the

specification).

Table 3 reports the point estimates of the coefficient b, together with cluster-

robust standard errors and the implied t-statistic, for each of the two speci-

fications and for both the univariate (one anomaly at a time) and the joint

(both anomalies entered together) version of the regression. Specification (19)

uses the year-on-year change in labor productivity and therefore eliminates

the deterministic trend between rising temperatures and slowly growing pro-

ductivity that is present in specification (18); it is consequently the cleanest

identification of the temperature–productivity link.

Three findings stand out. First, the coefficient on the temperature anom-

aly is negative and statistically significant across all four specifications. The
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Table 3. Panel regression of labor productivity on the temper-
ature and rainfall anomalies

Univariate Joint

T̂c,t R̂c,t T̂c,t R̂c,t

Spec. (18): logLPc,t −0.0226 0.0192 −0.0227 0.0179
(−1.90) ( 1.21) (−1.98) ( 1.04)

Spec. (19): ∆4 logLPc,t −0.0048 −0.0012 −0.0047 −0.0010
(−6.50) (−1.16) (−6.26) (−1.09)

Notes: The table reports the coefficient on the country temperature

anomaly T̂c,t and on the country rainfall anomaly R̂c,t from country-
fixed-effects panel regressions of (18) the log of labor productivity and
(19) its year-on-year log change. “Univariate” columns report estimates
when each anomaly is entered separately as the only regressor; “Joint”
columns report estimates when the two anomalies are entered together
as regressors. Specification (18) additionally includes a linear time trend;
specification (19) does not. Standard errors are one-way cluster-robust
with clusters equal to countries (Cameron–Gelbach–Miller correction); t-
statistics in parentheses. The sample comprises N = 20 countries over up
to T = 265 quarters; total joint observations 5,020 to 5,122. The rain-
fall anomaly enters in country-specific z-scores constructed as described
in Section 4.4.

cleanest estimate, obtained from the year-on-year-growth specification (19), is

b = −0.0048 with a t-statistic of −6.50. The point estimate implies that a

1 °C increase in the country temperature anomaly reduces year-on-year labor

productivity growth by approximately 0.48 percentage points. This is consis-

tent with the cross-country evidence on the temperature–productivity nexus

reported in Donadelli et al. (2022), Kumar and Maiti (2024) and Drescher

and Janzen (2025): Kumar and Maiti (2024), in particular, document a 3.2%

reduction in TFP per degree Celsius, of which our annual-growth estimate

captures a substantial share of the implied trajectory. The result therefore

corroborates, in a fully reduced-form setting, the negative temperature–TFP

relationship that is the central building block of equation (11) in the theoret-

ical model of the main part. It underscores that the modelling assumption

α > 0 embedded in ξA(T̂ ) = e−αT̂ +ξ̄A is empirically well-grounded.

Second, the rainfall anomaly is a substantially weaker predictor of labor pro-

ductivity. In the year-on-year-growth specification, the coefficient is −0.0012

with a t-statistic of −1.16, that is, less than half the absolute size of the tem-

perature coefficient and far less statistically robust. In the level specification,

the rainfall coefficient even flips sign, suggesting that the apparent positive

association in specification (18) is contaminated by the deterministic trend in

the data rather than reflecting a stable empirical relationship. The contrast
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with the temperature coefficient, which is essentially unchanged across the

four specifications, is informative: it indicates that the productivity-relevant

climatic variation is temperature-driven, not rainfall-driven (compare Bilal and

Känzig, 2026). This finding provides an independent, empirical rationalisation

of the central result of Section 5.2: the IPVAR state-dependence vanishes once

the temperature anomaly is replaced by the rainfall anomaly precisely because

the rainfall anomaly is not a sufficient indicator for the underlying TFP chan-

nel.

Third, in the horse-race regressions (right-hand panel of Table 3), the tem-

perature coefficient is essentially unchanged when the rainfall anomaly is in-

cluded as an additional regressor, while the rainfall coefficient is further at-

tenuated. Temperature absorbs the productivity-relevant climatic variation,

but the converse is not true—confirming that the two anomalies are not inter-

changeable proxies for the same underlying mechanism.

The panel-regression evidence is consistent with the country-level posterior

distributions of α reported in Table 2. A median estimate of α = 0.03, which

is close to the conservative baseline calibration in Table 1 of the main part,

implies a steady-state TFP loss of 1− e−0.03 ≈ 3% per 1 °C anomaly, while the

cross-country median of the country medians is approximately 0.13, implying

a TFP loss of around 13% per 1 °C—comparable in magnitude and direction to

the labor-productivity effect identified here. These magnitudes also align well

with the independent, macro time-series evidence in Bilal and Känzig (2026),

who structurally estimate a damage function for TFP from the response of

world output to global temperature shocks and obtain a peak short-run pro-

ductivity loss of approximately 4% following a transitory 1 °C global temper-

ature shock. Despite relying on an entirely different identification strategy—

aggregate, global time-series variation in ocean and land temperature rather

than country-level panel variation in the temperature anomaly—their estimate

falls squarely within the single-digit range implied by our conservative base-

line calibration of α, while our cross-country median estimate suggests an even

more pronounced productivity response for the average country in our sample.

More important than the precise magnitudes is the directional agreement: the

panel regression finds a robust negative reduced-form effect of temperature

on productivity, the country-level Bayesian estimation finds a positive α (and
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therefore a negative TFP effect) for 18 of 20 countries, the structural damage

function of Bilal and Känzig (2026) implies the same negative and economically

sizable productivity response to global temperature, and the cross-country lit-

erature converges on a negative temperature–TFP relationship. The model-

based and the reduced-form (panel-regressions) evidence converge on the same

conclusion: the temperature anomaly is a quantitative drag on productivity,

the rainfall anomaly is not, and equation (11) of the theoretical model is the ap-

propriate channel through which the temperature state of the economy shapes

the propagation of macroeconomic shocks documented in the main part.

8.2. Interacted panel BVAR including labor productivity. The panel

regression in Section 8.1 establishes the temperature–productivity link in a

fully reduced-form setting. A natural follow-up question is whether the same

link materialises within the structural VAR framework used in the main part—

that is, whether the temperature-dependent transmission of global demand

and supply shocks documented in Sections 4.3 of the main part also shows up

directly in a productivity equation. If the TFP channel of equation (11) of

the main part is the operative mechanism, the same temperature state that

amplifies the inflation response and dampens the output response to a global

demand shock should also dampen the labor-productivity response to that

shock. This subsection runs that test by augmenting the country block of the

baseline IPVAR with labor productivity as a fourth endogenous variable.

The baseline IPVAR of Section 4.1 of the main part uses a three-variable

country block yc,t = (πc,t, ŷc,t, ic,t)
′ together with a two-variable global block

yg,t = (P ∗
e,t, Y

∗
t )

′, where c indexes country-specific and g global variables. We

extend the country block by adding labor productivity (l̂prodc,t), defined as

the year-on-year log change of LPc,t = GDPc,t/EMPc,t, with EMPc,t the back-

filled employment series introduced in Section 8.1. The augmented country

block is therefore

(20) yc,t =
(
πc,t, ŷc,t, l̂prodc,t, ic,t

)′
.

As in the baseline specification, the model retains the natural disaster variable

described in Section 4.5 as a strictly exogenous regressor, so that the produc-

tivity equation, like the output, inflation, and interest rate equations, is es-

timated conditional on realized disaster damage rather than confounding the
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two channels. The lag structure, the COVID-19 dummy, the block-exogeneity

restriction with respect to the global variables, and the IAV-interaction struc-

ture are exactly as in the baseline IPVAR. The interaction term takes the same

form as in equation (30) of the main part,

(21) Bc
11(Tt)yc,t−1 =

(
Γc(T̄ ) +F c T̂c,t

)
yc,t−1,

but Γc and F c are now 4×4 rather than 3×3, and the interaction term enters

as provided in equation (21), with the same lag length P = 3 used as in the

baseline.

Because output and labor productivity are, almost by construction, posi-

tively correlated at business-cycle frequencies, adding l̂prodc,t alongside ŷc,t in

the same country block introduces a degree of collinearity that is absent from

the baseline three-variable system. In practice, this shows up as somewhat

wider posterior credible bands around the impulse responses of both output

and labor productivity relative to their baseline counterparts, reflecting the

additional estimation uncertainty associated with disentangling two closely

co-moving series from a limited number of observations per country. Reassur-

ingly, however, this loss of precision is modest: the point estimates remain well

identified and the qualitative pattern of results discussed below is unaffected,

indicating that collinearity between output and productivity attenuates the

sharpness, but not the substance, of the augmented IPVAR’s conclusions.

Shocks are identified by sign restrictions on the contemporaneous impact

matrix, extended to the four-variable country block in the natural way. The

sign convention is the one used in the main part: an expansionary global de-

mand shock raises inflation and output at home and abroad, raises the domes-

tic policy rate, and we leave labor productivity unrestricted; a contractionary

global supply shock raises home and global commodity-price inflation, lowers

home and global output, and again we leave labor productivity unrestricted.

The supply shock is plotted in expansionary normalisation, as in Figure 6 of

the main part.

The baseline IPVAR aggregates 20 country-level posteriors via the mean-

group estimator of Pesaran and Smith (1995). Adding labor productivity forces

us to drop five countries from the sample—Spain, Portugal, Greece, Mexico,

and South Korea—for which the quarterly employment series in Section 8.1
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is unfortunately too short (more than half of the observations would have to

be back-filled). The remaining sample comprises N = 15 countries. With a

smaller cross-section, the mean-group estimator averages noisier country-level

posteriors. We therefore depart from the baseline convention here and estimate

the IPVAR by pooling the country panels into a single Bayesian VAR with

country-common slope coefficients, as in the alternative panel methodology

already documented for the baseline specification (see Section 5, “Alternative

panel methodology”). The pooled estimator stacks the N × T observations

and produces tighter posterior bands at the cost of imposing slope homogeneity

across countries—exactly the pooled-vs-mean-group trade-off discussed for the

baseline IPVAR. Two further considerations support pooling for this exercise:

(i) the TFP channel under test is a common structural mechanism whose

strength should not, in principle, vary across countries in a manner correlated

with sample size; and (ii) the joint estimation of the slope coefficients on the

four-variable country block, the two-variable global block, and the interaction

terms with the temperature anomaly costs 4 + 2 + (4 · P) = 18 parameters

per equation, which is comfortable with a 5,000-observation pooled panel but

stretches the country-level samples on which the mean-group estimator relies.

The pooled BVAR is implemented using the same priors and the same Gibbs-

sampling scheme as in Section 5; the only modification is the inclusion of labor

productivity as a fourth country variable in the stacked endogenous vector.

Figures 31 and 32 report the impulse responses to the global demand shock

and to the (expansionary) global supply shock, respectively. Each figure has

the same layout used for Figures 4 and 6 of the main part, evaluated at the 5th

and 95th percentiles of the pooled temperature anomaly distribution (T̂Low =

−2 and T̂High = 3.8).

Three findings stand out. First, the augmented IPVAR reproduces the cen-

tral qualitative results of the baseline IPVAR. Following an expansionary global

demand shock (Figure 31), domestic inflation rises and the inflation response

is markedly larger when the temperature anomaly is high than when it is low;

the corresponding “Difference (Low–High)” panel for inflation lies systemati-

cally below zero. Following an expansionary global supply shock (Figure 32),

domestic prices fall, output and labor productivity rise, the short-term inter-

est rate declines, and the Low–High difference is essentially indistinguishable
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Figure 31. Demand shock: pooled IPVAR with labor productivity
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Note: Impulse responses to a global demand shock from the pooled IPVAR extended with labor

productivity as a fourth country-block endogenous variable, identified by sign restrictions following

the convention of Section 4.1.3 of the main part (with l̂prod+ on impact in the demand-shock

column). Columns show low and high values of the country temperature anomaly (T̂Low = −2 and

T̂High = 3.8) and the difference between the two. Solid lines: posterior medians; dashed lines: 68

percent credible bands. The sample comprises N = 15 countries (Spain, Portugal, Greece, Mexico,

and South Korea are excluded because of a lack of data).

from zero across all variables. The baseline message—temperature anomalies

amplify the inflationary impact of demand shocks while leaving supply-shock

propagation largely unchanged—is therefore preserved when labor productiv-

ity is added to the country block.

Second, the new productivity equation provides the direct, model-internal

corroboration of the TFP channel that motivated the exercise. The impact

response of labor productivity to the demand shock is positive at both low
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Figure 32. Supply shock (expansionary): pooled IPVAR with
labor productivity
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Note: Impulse responses to a global supply shock (plotted in expansionary normalisation, mirroring

Figure 6 of the main part) from the pooled IPVAR extended with labor productivity as a fourth

country-block endogenous variable. Layout and bands as in Figure 31.

and high temperature anomalies, reflecting the standard cyclical comovement

of productivity with output. The temperature dependence emerges in the

propagation dynamics: at high temperature the productivity response is more

contained than at low temperature over the first few quarters, which is exactly

what one would predict from a model in which higher temperature anomalies

depress TFP and therefore prevent productivity from rising as much for a

given expansion of aggregate demand. For the supply shock, by contrast, the

productivity response is qualitatively the same across temperature states—

consistent with the theoretical prediction that the TFP channel reshapes the



82

slope of the Phillips curve and hence shapes the transmission of demand shocks,

but does not materially affect the transmission of supply shocks.

Third, the magnitudes of the temperature-dependent effects are in line with

the country-level Bayesian estimates of α in Table 2. At the cross-country

median estimate of α, the implied TFP penalty for a 1 °C anomaly is of the

order of at least 3 percent, depending on which moment of the cross-country

posterior is used. The pooled IPVAR translates this structural penalty into a

noticeable, but bounded, attenuation of the productivity response to demand

shocks at high temperature, which is the empirical counterpart of the steepened

Phillips curve documented in the simulations of Section 3 of the main part.

The three pieces of evidence assembled in this Appendix—the panel regres-

sion of Section 8.1, the Bayesian estimation of α in Section 7, and the IPVAR

with labor productivity reported here—are deliberately complementary in their

assumptions and their identification. The panel regression is a reduced-form

correlation conditional on country fixed effects and a linear trend; the Bayesian

estimation is a structural model-based recovery of α under the maintained

DSGE specification; the IPVAR extension is a structural exercise that disci-

plines the productivity response via sign restrictions derived from the theory

but lets the temperature-state dependence be governed by the data. The three

exercises converge on the same conclusion: temperature anomalies depress la-

bor productivity / TFP, the magnitude is in the single-digit percent range per

degree Celsius, and the consequence for macroeconomic dynamics is exactly

the asymmetry between demand and supply shocks that the baseline IPVAR

documents. This pattern is also consistent with the broader cross-country

evidence on the temperature–productivity nexus reported in Donadelli et al.

(2022), Kumar and Maiti (2024), Drescher and Janzen (2025), and—in a dif-

ferent identification scheme—in the temperature-shock literature surveyed by

Bilal and Stock (2025). Relative to that body of work, the contribution of

the present paper is to show that the temperature–TFP link not only reduces

the level of productivity but also reshapes the propagation of conventional

business-cycle shocks: it makes prices more sensitive and output less sensitive

to demand disturbances, with labor productivity tracing out the intermediate

step in this transmission.
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8.3. The Temperature Anomaly and the Global Productivity Slow-

down. A growing body of evidence suggests that the post-2005 deceleration

in labor productivity and total factor productivity (TFP) is not attributable

to any single cause but rather reflects the confluence of several mutually rein-

forcing structural forces. Goldin et al. (2024) provide a comprehensive, quan-

titative synthesis of these forces for five advanced economies—France, Ger-

many, Japan, the United Kingdom, and the United States—and conclude that

the observed slowdown in TFP growth of 0.8 to 1.8 percentage points per

year is most parsimoniously explained by a decline in capital deepening, lower

spillovers from intangible capital, a slowdown in global trade, and reduced al-

locative efficiency. Crucially, their decomposition identifies the TFP residual

as the single largest contributor to the aggregate productivity slowdown across

all countries considered.

Within their framework, Goldin et al. (2024) further distinguish between

cyclical and secular components of the capital deepening slowdown—the for-

mer driven primarily by the aftermath of the global financial crisis, the latter

by deeper structural forces including the compositional shift of capital toward

intangible assets, declining competitive intensity, and changes in corporate

governance and globalization (see their Tables 11 and 12). Importantly, cli-

mate change and its consequences for productive capacity are not explicitly

accounted for in their analysis. Our previous findings suggest that rising tem-

perature anomalies potentially constitute such a secular force: one that is per-

sistent by nature, geographically pervasive, and—as our theoretical and empir-

ical analysis demonstrates—operates directly through a suppression of TFP.

This climate-induced TFP drag therefore fits naturally within what Goldin

et al. (2024) term “Capital: secular trends,” a category that, by their own

account, encompasses structural determinants of productivity.

The quantitative implications of this conjecture are non-trivial. Our panel

regression results in Section 8.1 indicate that a one-degree-Celsius increase in

the temperature anomaly is associated with a statistically significant reduc-

tion in labor productivity growth of approximately 0.48 percentage points per

year. Given that the temperature anomaly across the countries in our sample

has risen by roughly one degree Celsius over the post-1977 period—the struc-

tural break identified in our empirical specification—this estimate implies a
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climate-induced drag on productivity of a magnitude that is comparable to

the “missing” productivity growth documented by Goldin et al. (2024). More-

over, the temperature anomaly satisfies each of the three criteria that Goldin

et al. (2024) themselves propose for a credible explanation of the productiv-

ity slowdown: it is quantitatively significant at the scale required, it exhibits

a clear trend that predates the post-2005 break (thereby satisfying the se-

quencing criterion), and its effects are geographically broad in scope, spanning

advanced and emerging economies alike.

Taken together, our findings suggest that the role of climate change as a dri-

ver of secular productivity decline deserves recognition in the broader literature

on the productivity slowdown. While Goldin et al. (2024) conclude that no

single explanation suffices, the temperature anomaly—operating through the

TFP channel documented in this paper—constitutes a quantitatively relevant

and theoretically well-grounded addition to the set of factors that collectively

account for the post-2005 deceleration in labor productivity and TFP. Integrat-

ing climate change into the growth-accounting framework advanced by Goldin

et al. (2024) thus represents an interesting direction for future research.
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