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Abstract 

This paper studies how increasing temperatures have affected the economies of 195 countries 

between 1960 and 2022, focusing on income losses caused by gradual shifts to new climate 

conditions. We contribute to the expanding literature on climate-macroeconomic linkages by 

developing a dynamic heterogeneous panel model that distinguishes between the long-term 

and short-term effects, accounts for adaptation through rolling climate norms, and addresses 

key econometric challenges including non-stationarity, cross-country heterogeneity, and 

unobserved global factors. Our findings reveal that a sustained 0.01°C annual increase in 

temperatures above historical climate norms reduces global GDP per capita growth by 0.05 

percentage points per year, with income losses accumulating as long as temperatures keep 

increasing. This effect is 70% larger than what would be estimated under a homogeneous 

panel specification. Contrary to much of the existing literature, no country appears immune to 

the impacts of rising temperatures: middle- and high-income nations, as well as those in 

temperate or cold, and hot climate zones, all exhibit persistent (though not permanent) growth 

slowdowns, with income losses linked to how quickly they adapt. 
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1. INTRODUCTION 

A growing literature investigates the relationship between rising temperatures—a key aspect of climate 

change—and GDP per capita or economic growth using panel data models (Dell et al., 2014; Tol, 2024; 

Morris et al., 2025). Although the regression specifications in this literature differ widely, they often share an 

assumption that the macroeconomic impact of global warming is either uniform across countries or varies 

only based on predetermined factors. This homogeneity assumption leaves gaps in our understanding of 

how rising temperatures affect different nations and country groups and may lead to biased estimates of 

climate change impacts at the global level. 

Fully capturing heterogeneity in the macroeconomic effects of gradual temperature increases across regions, 

climates, and income groups is challenging. Studies often utilize interaction terms, such as those between 

temperature and income levels, in panel analysis to account for cross-country variations in impacts (Dell et 

al., 2012; Burke et al., 2015; Kalkuhl and Wenz, 2020).1 While these interaction terms introduce a 

predetermined level of heterogeneity, they may not capture the full complexity or unit-specific dynamics of 

climate change effects.2 Moreover, fixed-effects regressions by country groups may not produce 

representative average effects if the equilibrium relationship between climate and output differs by country. 

A more flexible approach involves estimating a dynamic heterogenous panel specification in which separate 

regressions are estimated for each country, followed by an analysis of the average effects across countries. 

This approach allows for full slope heterogeneity, and it yields a consistent estimate of the underlying 

population-average parameters provided the time dimension is sufficiently large (Pesaran and Smith 1995). 

Kahn et al. (2021) and Desbordes and Eberhardt (2024) adopt this approach and show that marginal effects 

of temperature shocks vary considerably across various country groups depending on climate and income 

level, a finding not fully captured by interaction terms alone. They argue that rising temperatures are not 

solely a concern for low-income or hot countries; advanced economies and those in colder climates are also 

affected, albeit to varying degrees depending on their specific economic characteristics.3  

We contribute to the dynamic heterogeneous panel climate-macroeconomics literature by applying various 

techniques to correct bias and remove outliers. When T is short—as is often the case in macroeconomic 

panels—individual country estimates of short-run coefficients can be biased, leading to distorted long-run 

effects. To address this, we implement several bias correction techniques, including analytical, bootstrap, and 

Jackknife methods, each tailored to the structure of our panel. We also adopt the Trimmed Mean Group 

(TMG) estimator of Pesaran and Yang (2024) to down-weight outliers and study how the impact of warming 

 
1 For example, Dell et al. (2012) argue that economic activity in low-income countries is more influenced by temperature 
shocks compared to higher-income countries. Burke et al. (2015) use a quadratic specification of temperature levels, 
finding that the negative impact of temperature shocks increases with a country's average temperature. Letta and Tol 
(2019) identify negative effects of temperature changes on TFP in both high-temperature and low-income countries. 
Acevedo et al. (2020) find that ‘hot’ areas within rich countries may be less affected by weather shocks than similarly ‘hot’ 
regions in developing countries. 
2 Nonlinear temperature specifications in fixed effects panel models, such as the inverted-U relationship posited by Burke 
et al. (2015), attempt to capture heterogeneity of impacts across climates. Although widely used, this "optimal 
temperature" framework is akin to the interaction of the temperature variable with itself and may not account for 
asymmetric or threshold sectoral and regional responses. Alternative models, such as country-specific threshold 
approaches, may better reflect observed heterogeneity and subtle forms of nonlinearity. 
3 Desbordes and Eberhardt (2024) estimate a dynamic heterogeneous panel specification, allowing weather-output 
relationships to vary by country, distinguishing between short- and long-run effects, and controlling for unobserved time-
varying heterogeneity. 



 

2 

 

on growth differs among various country groups. Separate equations are estimated for each country and the 

resulting temperature coefficients are averaged (after bias correction and trimming) to derive group impacts. 

This flexible design accommodates the wide heterogeneity of climate impacts across countries and income 

groups, going beyond the constraints of fixed-effects or simple interaction terms and eschewing ad-hoc 

quadratic temperature specifications. 

We also tackle a number of other important analytical challenges. Our specification includes lagged 

dependent variables and lagged climate regressors to account for dynamics and persistence of climate 

change impacts.  

As climate variables (in particular temperature) display notable trends, failure to address this non-stationarity 

can cause spurious correlations in growth regressions.4 Researchers often use first-differencing, demeaning, 

or express climate variables as deviations from long-term averages to mitigate the issue. For instance, Kahn 

et al. (2021) and Mohaddes and Raissi (2025) find that persistent changes in temperature (measured as 

deviations from long-term moving averages) negatively affect per-capita GDP growth. They show that 

including trended variables, like temperature levels, in growth regressions can introduce bias since GDP 

growth is stationary. However, linking deviations of temperature (weather) from its 30-year rolling moving 

averages (climate) to GDP per capita growth resolves this problem. 

Adaptation adds an extra layer of complexity to long-term impact assessments. Identification of climate 

impacts relies on random weather shocks, which assume no or minimal adaptation. However, technological 

advances, behavioral changes, and policy measures may mitigate the macroeconomic impact of slow-

moving temperature increases (Carleton et al. 2024). Neglecting adaptation could overstate income losses 

directly attributable to climate change. We follow the approach used by Kahn et al. (2021) to mimic 

adaptation by measuring weather shocks as deviations from their long-term rolling averages (from 20 to 40 

years). This implies that the baseline against which future climate change is assessed shifts over time, 

reducing the magnitude of the climate shock compared to a fixed historical baseline.  

Cross-sectional dependence and spatial correlation are additional concerns. Climate events often affect 

multiple regions simultaneously, creating spatial correlation and cross-sectional dependences. Neglecting 

these features can inflate statistical significance and introduce bias in standard errors. As in Desbordes and 

Eberhardt (2024), we employ the dynamic common correlated effects estimator of Chudik and Pesaran 

(2015) to address these complications. 

By integrating these innovations, including careful climate variable definition, dynamic panel estimation, and 

allowance for heterogeneous effects, our approach overcomes the limitations of many of the earlier studies, 

providing a clearer and more policy-relevant assessment of the long-term macroeconomic consequences of 

rising temperatures. 

A limitation exists in our study that is also common in literature. Sparce weather station coverage and 

reliance on interpolated or modeled climate data may cause substantial inaccuracies, particularly in low-

income countries. Accurate GDP measurement may also be lacking in several countries. Such errors can 

attenuate impact estimates and obscure true heterogeneity, underscoring the value of robust validation. 

 
4 For more details, see Appendix A.2 of Kahn et al. (2021). 
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Our findings show that persistent increases in temperature relative to historical norms (rather than one-off 

temperature level shifts) generate substantial long-run adverse effects on economic activity across climate 

zones and income levels. Following the identification strategy in Kahn et al. (2021), we estimate that a 

sustained 0.01°C per year rise above a country’s multi-decade rolling temperature average lowers global 

GDP per capita growth by 0.05 percentage points annually, on average—nearly twice the damage implied by 

a homogeneous (pooled) specification. No country appears insulated from the long-run economic 

consequences of a warming climate. Focusing on middle- and high-income economies, where 

macroeconomic and climate data are more reliable, we find statistically significant negative effects on GDP 

per capita growth across all climate zones, challenging the notion that higher wealth or higher latitude can 

fully offset the adverse impacts of a transition to a warmer world.  

The theoretical benchmark for this finding is that steady state growth rates are primarily driven by broader 

institutional and technological fundamentals. In line with Tol (2024), Nath et al. (2024), and Kahn et al. 

(2021), a one-off permanent increase in temperature is not expected to alter the steady-state growth rate of 

the economy. However, there could be enduring income losses while the economy transitions from one 

climate to the next. Our analysis examines how persistent deviations of temperature from its long-term 

historical average (i.e., a changing climate over time) generate enduring transition costs—though not 

permanent changes in growth—by affecting productivity levels. As long as temperatures continue rising and 

adaptation proceeds gradually, temperature deviations persist and income losses accumulate; once 

temperatures stabilize, economies can resume their steady-state growth rates. The speed of adaptation—

captured by the time window used to form historical climate norms—critically shapes the magnitude and 

duration of these transitional income losses, which we find to be material across a very large number of 

countries, regions, and income groups. 

Our framework delivers new insights on how global warming affects the economy, grounded in robust 

empirical evidence and theory. On one hand, extrapolating short-run weather shocks to infer steady-state 

growth effects is theoretically inconsistent and empirically fragile, often yielding implausibly large positive or 

negative impacts. On the other hand, cross-sectional approaches that relate climate to steady-state growth 

(Sachs, 2001; Nordhaus, 2006; Mendelsohn, Nordhaus, and Shaw, 1994) are vulnerable to omitted-variable 

bias and cannot identify transition costs (Kelly, Kolstad, and Mitchell, 2005). Building on Kahn et al. (2021), 

we show that the transition to a new climate entails income losses in all countries, with impacts that 

accumulate while warming persists and plateau once temperatures stabilize. Consistent with the 

persistent-growth perspective of Nath et al. (2024), we quantify income losses from climate change as the 

integral of weather shocks which can also be translated to average growth effects (Appendix 1). 

The remainder of this paper is structured as follows: Section 2 details our methodological specification, 

including bias-correction approaches and treatments for outliers. Section 3 outlines the results of our 

analysis, while Section 4 provides concluding remarks. 

2. METHODS 

Kahn et al. (2021) estimate the following Auto Regressive Distributed Lag (ARDL) model of orders 𝑝 and 𝑞, 

respectively (see Kahn et al. (2021), p. 4 eq 1): 
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𝛥𝑦𝑖,𝑠 = 𝛼𝑖 + ∑ 𝜙ℓ

𝑝

ℓ=1

𝛥𝑦𝑖,𝑠−ℓ + ∑ 𝜷′
ℓ

𝑞

ℓ=0

𝛥𝒙𝑖,𝑠−ℓ(𝑚) + 𝜀𝑖,𝑠 , for 𝑖 = 1, … , 𝑛, and 𝑠 = 1, … , 𝑆,  (1) 

where 𝑖 is a country, 𝑠 is time, 𝑦𝑖,𝑠 is the logarithm of real GDP per capita of country 𝑖 at time 𝑠, 𝛼𝑖 is a 

country fixed effect, the operator 𝛥 denotes first-differences, and 𝒙𝑖,𝑠 is a vector of regressors which include 

temperature and precipitations, taken in absolute deviations from their long-term historical averages per 

annum.5 That is, for any given time 𝑠 and constant 𝑚 > 0, 

𝑥𝑖,𝑠(𝑚) = (
2

𝑚 + 1
) |𝑥𝑖,𝑠 −

1

𝑚
∑ 𝑥𝑖,𝑠−𝑗

𝑚

𝑗=1

| = (
2

𝑚 + 1
) |𝑥𝑖,𝑠 − 𝑥𝑖,𝑠

∗ (𝑚)|, 

where the constant 𝑚 = {20, 30, 40, 50} measures the time it takes for climate norms to form. Adjusting the 

time interval used to calculate climate norms (i.e., the parameter 𝑚) alters the projected output losses 

associated with gradual temperature increases. This indicates the presence of an implicit model for ex ante 

adaptations implemented in response to evolving long-term climate norms. Note that the slope coefficients in 

Eq. 1 are homogenous (i.e., they are the same across countries). 

In what follows, we consider a heterogeneous coefficient version of the model in Eq. 1, in which we set 𝑝 =

1, and add one lag of world GDP growth (𝑦‾𝑤,𝑡−1) to Eq. 1 as an additional regressor to capture common 

correlated effects and to make the errors of the regressions across countries weakly (rather than strongly) 

correlated (Pesaran 2006, Chudik and Pesaran 2015, Desbordes and Eberhardt 2024). 

We abstract from annual total precipitation because it has been shown to have nonsignificant impacts on 

growth (Kahn et al., 2021).6 We rewrite the ARDL (1,4) model with country-specific coefficients and common 

correlated effect as: 

𝛥𝑦𝑖,𝑠 = 𝛼𝑖 + 𝜙𝑖𝛥𝑦𝑖,𝑠−1 + ∑ 𝛽′
𝑖,ℓ

𝑞

ℓ=0

𝛥𝑥𝑖,𝑠−ℓ(𝑚) + 𝛾𝑖  𝛥y‾𝑤,𝑠−1 + 𝜀𝑖,𝑠 .  (2) 

Unlike pooled estimation techniques such as fixed effects where only intercept heterogeneity is considered, 

the above specification allows for the marginal effects of temperature shocks to vary across countries or sub-

groups of countries. Under this more general specification, country-specific marginal effects can be 

estimated by running least squares regressions for each country separately and then taking averages of the 

 
5 The scaling factor (

2

𝑚+1
) converts temperature deviations from a moving average into an annualized rate. For example, 

with m = 30, a 1°C deviation from the 30-year norm translates to an annualized deviation of approximately 0.0645°C per 

year. A more detailed technical justification for this choice is given in Appendix A.1 of Kahn et al. (2021). 
6 Spatial aggregation of weather data at the country level can explain why precipitation is found to have no robust and 

statistically significant impact on aggregate GDP growth in cross-country studies. Mohaddes et al. (2023), using within-

country data for the US (48 states over the period 1963–2016) find that deviations of precipitation above and below its 

historical norm affect various measures of state-level economic activity (including across all ten economic sectors), with 

these estimates being statistically significant. Liu et al. (2025) study the macroeconomic effects of climate change across 

ten Canadian provinces between 1961 and 2017 and show that persistently higher-than-normal precipitation is 

associated with lower long-term GDP growth. 
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estimated coefficients across countries or regions, for example cold versus hot climates, or Middle- and 

High-Income Countries versus Low Income Countries. Pesaran and Smith (1995) show that simple averages 

of the estimated coefficients (known as mean group, MG, estimates) result in consistent estimates of the 

underlying population means of the parameters when the time-series dimension of the data is large. 

The heterogeneous coefficients {𝛼𝑖 , 𝜙𝑖 , 𝛽𝑖,ℓ , 𝛾𝑖} in Eq. 2 are estimated by running separate OLS regressions 

for each country. Call these estimators {𝛼̂𝑖 , 𝜙̂𝑖 , 𝛽̂𝑖,ℓ, 𝛾𝑖}, for 𝑖 = 1, … , 𝑛 and ℓ = 0,1, . . ,4. As temperatures 

persistently exceed their gradually updated climate norm, the resulting deviation induces income losses that 

accumulate while warming continues and vanish once the deviation disappears. The cumulative losses over 

the warming phase can be summarized as an average annual reduction in GDP per capita growth. The 

estimated long-run effect of persistent temperature increases on growth in country 𝑖 is then given by 

𝜃̂𝑖 =
∑ 𝛽̂𝑖,ℓ

4
ℓ=0

1 − 𝜙̂𝑖

, 

and the Mean-Group (MG) estimator is the sample average of 𝜃̂𝑖. That is 

𝜃̂𝑀𝐺 =
1

𝑛
∑ 𝜃̂𝑖

𝑛

𝑖=1

. 

Bias Correction. In both homogenous and heterogenous panels, when 𝑇 is small relative to 𝑁, the 

estimated short-run coefficients may be biased, which leads to bias in the estimated long-run effects and on 

their average. Several bias correction methods have been proposed, including either analytical derivations 

(Kiviet and Phillips 1993), the bootstrap (Pesaran and Zhao 1999) or the Jackknife (Dhaene and Jochmans, 

2015, and Chudik and Pesaran 2015).  

These bias correction approaches are based on different underlying assumptions, and, except for the case of 

the Jackknife, their theoretical properties are unknown in the specific ARDL model we treat. Kiviet and 

Phillips (1993) consider the case of a model with lagged dependent variable, where all the other regressors 

are otherwise strictly exogenous and the error is normally distributed. Under these rather restrictive 

conditions, they provide a closed-form expression for the bias of the OLS estimator, which can be directly 

used to bias-correct the short-run coefficients that are used to construct the long-run estimates. To the best 

of our knowledge, an analytical approach to bias correct the long-run estimates directly does not exist, so we 

are limited in this case to correct the bias in the short-run coefficients.  

The approach of Pesaran and Zhao (1999) is instead based on the wild bootstrap. That is, after obtaining the 

(uncorrected) OLS estimator, and the corresponding residuals, we can draw with replacement from their 

empirical distribution to generate synthetic observations. As the residuals are most likely serially dependent 

and potentially heteroskedastic, we use a form of dependent wild bootstrap (DWB; Shao, 2010). Specifically, 

we use the Autoregressive wild bootstrap (AWB) of Smeekes and Urbain (2014). This approach has a 

simpler implementation than the DWB and does not rely on the choice of a tuning parameter. We can then 

approximate the bias of the OLS estimator by taking the average estimate over many bootstrap replications. 

In this case, we have the possibility to apply bias correction directly to the estimates of the short-run 

coefficients, or to the estimates of the long-run coefficients. As detailed in Pesaran and Zhao (1999), the 

long-run effects are a nonlinear function of the short-run coefficients and thus the two approaches lead to 

different results. Finally, in the half-panel Jackknife (HPJ) correction of Dhaene and Jochmans, (2015), and 
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Chudik and Pesaran (2015), we split the sample across the time dimension and obtain an OLS estimator in 

the full sample and in each of the two subsamples. The bias is calculated by subtracting the average 

estimate in the two subsamples from the estimate obtained in the full sample. The HPJ correction can also 

be applied to either the short-run or the long-run estimate. While conceptually straightforward and easy to 

implement, the HPJ requires the time series to be sufficiently long to adequately perform the splitting.  

In our specification, we use these bias corrections for the OLS estimates at the country level and then 

aggregate them to obtain the corrected mean-group estimator. If the specification’s coefficients were 

homogenous, the only decision would be whether to apply the bias correction to the short-run coefficients 

and then compute the long-run coefficients, or to apply the bias correction directly to the long-run 

coefficients. In contrast, when the panel model is heterogenous, we also need to compute the average of the 

long-run coefficients obtained from each country’s individual estimates. Because the computation of the long-

run effects introduces nonlinearities, the MG long-run estimate obtained from the MG short-run coefficients is 

generally different from the MG long-run coefficient. Depending on whether the bias correction and the MG 

aggregation are performed either on the short-run or the long-run estimates, there are three possible 

variations of the bias correction exercise: 

A. Bias correction 1 B. Bias correction 2 C. Bias correction 3 

• Short-run country coefficients • Short-run country coefficients • Short-run country coefficients 

• Long-run coefficients • Bias correction • Bias correction 

• Bias correction • Average across countries • Long-run coefficients 

• Average across countries • Long-run coefficients • Average across countries 

A. Bias correction 1: Estimate the long-run coefficients from country-specific short-run coefficients, apply 

the bias correction methods to the long-run coefficients, and then take their average to obtain the MG 

estimator. For HPJ, the bias-corrected long-run effect in country 𝑖 is computed as 

𝜃̃𝑖 = 2𝜃̂𝑖 − 0.5(𝜃̂1𝑖 + 𝜃̂2𝑖), 

where 𝜃̂𝑖 is the OLS estimator in the full sample, and 𝜃̂𝑙𝑖 is the estimator in sample 1 or 2. The bias-corrected 

MG estimator is then given by 

𝜃̃𝑀𝐺 =
1

𝑛
∑ 𝜃̃𝑖

𝑛

𝑖=1

 

The variance of this estimator is  

𝑣𝑎𝑟(𝜃̃𝑖) = 4𝑣𝑎𝑟(𝜃̂𝑖) + 0.25 (𝑣𝑎𝑟(𝜃̂1𝑖) + 𝑣𝑎𝑟(𝜃̂2𝑖) + 2𝑐𝑜𝑣(𝜃̂2𝑖, 𝜃̂1𝑖))

 −2𝑐𝑜𝑣(𝜃̂1𝑖 , 𝜃̂𝑖) − 2𝑐𝑜𝑣(𝜃̂2𝑖, 𝜃̂𝑖).
 

All these quantities can be easily replaced with consistent estimators. For instance, 

𝑐𝑜𝑣̂(𝜃̂1𝑖 , 𝜃̂2𝑖) =
1

𝑁 − 1
∑ (𝜃̂1𝑖 − 𝜃̂‾1)

2
𝑁

𝑖=1

 



 

7 

 

B. Bias correction 2: Estimate country-specific short-run coefficients, bias-correct them, take average of the 

bias-corrected short-run coefficients, and then calculate the MG long-run effects (Kahn et al. 2021). For HPJ, 

let {𝛼̃𝑀𝐺 , 𝜙̃𝑀𝐺 , 𝛽̃𝑀𝐺,ℓ , 𝛾̃𝑀𝐺} be the bias-corrected MG short-run estimators. Then 

𝜃̃𝑀𝐺 =
∑ 𝛽̃𝑀𝐺,ℓ

4
ℓ=0

1 − 𝜙̃𝑀𝐺

. 

The covariance matrix of {𝛼̃𝑀𝐺 , 𝜙̃𝑀𝐺 , 𝛽̃𝑀𝐺 , 𝛾̃𝑀𝐺} can be computed as described above. Call this covariance 

matrix 𝛴̂𝑀𝐺,2. Using the delta method with 

ℐ = [0
𝜃̃𝑀𝐺

(1 − 𝜙̃𝑀𝐺)
2

1

(1 − 𝜙̃𝑀𝐺)

1

(1 − 𝜙̃𝑀𝐺)

1

(1 − 𝜙̃𝑀𝐺)

1

(1 − 𝜙̃𝑀𝐺)
0]

′

, 

the covariance of 𝜃̃𝑀𝐺 is then given by 
ℐ′𝛴̂𝑀𝐺,2ℐ

𝑛
. 

C. Bias correction 3: Estimate country-specific short-run coefficients, bias-correct them, compute country-

specific long-run coefficients, and then average them to obtain the MG long-run estimator. For HPJ, let 

{𝛼̃𝑖 , 𝜙̃𝑖 , 𝛽̃𝑖,ℓ , 𝛾̃𝑖} be the country-specific bias-corrected short-run coefficients. Then 

𝜃̃𝑖 =
∑ 𝛽̃𝑖,ℓ

4
ℓ=0

1 − 𝜙̃𝑖

, 

and the MG estimator of the long-run effect is computed as its sample average. The covariance matrix is 

computed as above, by replacing the appropriate quantities and using the delta method. 

Accounting for Unobserved Global Factors and Cross-Country Dependency. The inclusion of lagged 

world GDP growth, 𝛥y‾𝑤,𝑠−1, plays a crucial role in accounting for global output trends that are likely to interact 

with global climate conditions. By including the previous year’s world growth rate, the model controls for 

worldwide business cycles or events (e.g., oil price shocks, financial crises, covid) that might coincide with 

temperature changes. This prevents confounding global economic fluctuations with random climate 

variations. For example, if a global recession and a strong El Niño occurred during the same year, a panel 

without 𝛥y‾𝑤,𝑠−1 might erroneously attribute too much of the observed GDP drop to temperature increases 

observed during El Niño. The control strips out the synchronous global component, measuring the effect of 

higher temperatures on growth more accurately. Accounting for global growth also helps address issues from 

correlated temperature shocks across countries due to global climate cycles (Bilal and Känzig 2024). Without 

a global term, the residuals across countries would be highly correlated (a “common factor” problem). 

Including world growth makes the errors “weakly, rather than strongly, correlated” across countries. This 

improves the statistical robustness of the estimates by meeting the assumptions of the estimator (common 

correlated effects) and yields more reliable inference on the temperature coefficients. 

Trimming Methodology. We also employ the Trimmed Mean Group (TMG) estimator of Pesaran and Yang 

(2024) to obtain the average long-run effects in our heterogeneous panel. Under correlated heterogeneity, 

conventional fixed-effects or pooled estimators would be inconsistent, and even an untrimmed mean-group 

(MG) approach could suffer from large variance or outlier influence. The TMG estimator addresses these 

issues by trimming/down-weighting the “outlier” individual estimates that are based on nearly singular or very 

low-variation regressors, while still incorporating information from all units in computing the average effect.  
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Let 𝑑𝑖 be the determinant of the design matrix in our regression model, for 𝑖 = 1, … , 𝑛. The trimming approach 

works by shrinking towards zero those estimates of the long-run effect which are unreliable because the 

value of 𝑑𝑖 is too close to zero. More specifically, let 𝑎𝑛 = 𝐶𝑛 𝑛−
1
3, where the choice of 𝐶𝑛 is discussed in more 

detail below, and θ𝑖
∗̂ = 𝑎𝑛

−1θ𝑖̂. Then the trimmed estimator for each i is constructed as  

θ𝑖̃ = 𝟙(𝑑𝑖 > 𝑎𝑛)θ𝑖̂ + 𝟙(𝑑𝑖 ≤ 𝑎𝑛)θ∗̂
𝑖 = (1 +  δ𝑖)θ𝑖̂, 

where 

δ𝑖 = (𝑑𝑖𝑎𝑛
−1 − 1)𝟙(𝑑𝑖 ≤ 𝑎𝑛) ≤ 0. 

Finally, the Trimmed MG estimator (TMG) is given by 

θ𝑇𝑀𝐺̂ =
1

𝑛
∑

1+δ𝑖

1+δ𝑛
̅̅ ̅̅

𝑛
𝑖=1 θ𝑖̂, 

where δ𝑛
̅̅ ̅ is the sample mean of the δ𝑖’s. Following Pesaran and Yang (2024), we choose 𝐶𝑛 =

1

𝑛
∑ 𝑑𝑖

𝑛
𝑖=1 . 

In our specification with 195 country-specific regressions, the TMG estimator provides a reliable central 

tendency by mitigating the influence of those outliers while accounting for full heterogeneity of climate 

impacts. We calculate standard errors for the TMG estimates using the robust covariance matrix formula 

given by Pesaran and Yang (2024, Theorem 2). That is  

𝑉𝑎𝑟(θ𝑇𝑀𝐺̂) =
1

𝑛2
∑ [θ𝑖̃ − θ𝑇𝑀𝐺̂ ][θ̃𝑖 − θ𝑇𝑀𝐺̂]

′𝑛
𝑖=1 . 

3. RESULTS 

Many prior studies find that permanent temperature increases have unequal effects across countries and 

climate zones, with the harshest impacts felt in hot climates and low-income countries—see, for example, 

Sachs and Warner (2001), Jones and Olken (2010), Dell et al. (2012), Burke et al. (2015), and Mejia et al. 

(2018). In contrast, wealthier nations with temperate climates experience minimal economic disruption when 

temperatures rise. The resilience of richer countries is attributed to their greater investment in adaptation 

measures, healthier populations, early warning systems, and the fact that much of their economic activity 

occurs indoors.7 In models in which temperatures enter with a quadratic specification, countries with 

temperature close to the global optimum – mainly wealthier countries – experience smaller marginal impacts 

of rising temperatures than countries with average temperatures larger than the mean – mostly poorer 

countries. Cold countries may even benefit from higher temperatures (Burke et al, 2015). However, as 

McIntosh and Schlenker (2006) and Mérel and Gammans (2021) demonstrate, this quadratic specification 

introduces a 'hidden' cross-sectional component. Because individual countries rarely experience enough 

internal temperature variation to trace the entire curve, the model’s curvature is effectively identified by 

comparing hot countries to cold countries. If there are unobserved, persistent differences between these 

regions (such as institutional quality) that correlate with their average climate, the quadratic term may 

capture these spurious correlations rather than a true causal climate response. 

 
7 However, these hypothesis are not supported by empirical evidence because cross-sectional differences in these 

attributes are removed from the analysis. 
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We run separate regressions for each country and evaluate average effects across groups of countries using 

mean group and trimmed mean group estimators. In addition, we present the distribution of individual country 

estimates through box plots in Figures 1 to 4. We note that certain country-specific results are outliers; 

therefore, trimmed mean group estimates, as outlined by Pesaran and Yang (2025), are employed as our 

preferred methodology to provide a more robust summary of the central tendency. To explore heterogeneous 

responses across climate zones, we define a country as either temperate or cold if its historical average 

temperature is below the 66th percentile of the temperature distribution. The remaining countries are 

considered to be hot (top third of the temperature distribution). To explore responses across income levels, 

we form two groups –Low-Income Countries (LICs) and Middle- and High-Income Countries– using the 

International Monetary Fund’s classification. To explore heterogeneity of responses along other dimensions, 

we focus on agriculture-dependent countries versus more diversified economies.  

We organize the main empirical results around five key findings:  

1. Heterogenous vs. Homogeneous Estimators: The half-panel Jackknife mean group (HPJMG) estimator 

— which allows country-specific temperature coefficients — finds considerably stronger negative effects than 

a traditional homogeneous-effect model. Specifically, across the full 195-country sample, the HPJMG’s 

estimated impact is larger in magnitude than that from a HPJFE (pooled) approach. 

• Under a homogeneous fixed effects model (with HPJ bias correction), persistent warming equal to +0.01°C 

above temperature norms annually lowers real GDP growth by about 0.03 percentage points per year. This 

result is calculated by multiplying the estimated coefficient in Table 1 by (
2

𝑚+1
) for different values of m.8 

• In the heterogeneous HPJMG model, the average effect of the same 0.01°C shock is around 0.05 

percentage points of growth lost per year (Table 2), roughly 70% larger than the homogeneous estimate. 

Over longer periods or with larger warming increments, this divergence can lead to substantially larger 

negative impact. The same applies to our preferred estimation method in Table 2 (TMG).  

Table 1. Homogenous estimates of the long-run effects of persistent temperature increases on per 

capita real GDP growth, 1960–2022 (using HPJFE estimator) 

 MA 20 MA 30 MA 40 MA 50 

Temperature  -0.3428** 
(0.1625) 

-0.4888** 
(0.2257) 

-0.5245* 
(0.2861) 

-0.7088** 
(0.3476) 

𝜙̂ -0.5984*** 
(0.0412) 

-0.5984*** 
(0.0412) 

-0.5985*** 
(0.0412) 

-0.5985*** 
(0.0412) 

     
N 197 197 197 197 

Average T 54.6 54.6 54.6 54.6 
𝑁 × 𝑇 10746 10746 10746 10746 

Notes: Specification is given by Eq. 1 after dropping the precipitation variable. The standard errors are estimated by the 
estimator proposed in Proposition 4 of Chudik et al. (2018). Asterisks indicate statistical significance at the 1% (***), 5% 

 
8 It is important to distinguish between weather (short-term conditions) and climate (long-term expectations, typically 
measured as a rolling average). When temperatures rise, the realized temperature consistently exceeds its evolving 
climate benchmark, resulting in deviations that drive transitional income losses. These losses persist as long as the 
deviation continues—either because warming persists or adaptation is slow—and end once temperatures stabilize or 
adaptation is complete. The cumulative transitional losses can be summarized as an average annual reduction in GDP 
per capita growth across a chosen period, emphasizing the macroeconomic cost of transitioning to a warmer climate 
without indicating a permanent shift in long-run growth rates (Appendix 1). 
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(**), and 10% (*) levels. The constant 𝑀𝐴 = {20, 30, 40, 50} measures the time it takes for norms to form. We set p = q = 4 
for all the variables/countries. 

2. Income Group Differences: When analyzing the results by income groups in Table 2, we observe that 

Middle- and High-Income Countries face adverse GDP per capita growth impacts from persistent 

temperature deviations that are similar to the global average. This suggests that wealthier nations are not 

exempt from the effects of warming. Our findings show that temperature deviations lead to persistent, 

productivity-related transition costs, which accumulate as adaptation lags, but economies can eventually 

return to their steady-state growth once temperatures stabilize. The speed of adaptation plays a critical role 

in determining the scale of these transitional losses, impacting a broad set of countries (result #5 below).  

For low-income countries, we mostly find results that are neither significant nor robust, largely because their 

data tends to be unreliable, limited, and volatile. Accurate data is essential for our heterogeneous panel 

analysis because regressions are performed at the country level. Low Income Countries—often in hotter 

climates—could experience notable negative effects, but poor data quality and fluctuating annual growth may 

obscure and confound the temperature signal. Additionally, temperature records in these countries are 

frequently of low quality due to a shortage of long-standing, reliable weather stations, especially in earlier 

decades. Re-analysis methods used to estimate weather on a standardized grid face greater biases where 

historical records are scarce. These combined data problems mean that estimated temperature shock 

impacts for individual countries are generally not statistically significant or reliable. On the other hand, 

wealthier countries benefit from higher-quality economic and climate data, which makes it easier to observe 

the effects of temperature changes. 

3. Climate Zone Differences: Table 2 indicates that sustained temperature increases negatively impact 

GDP growth across all climate zones. The estimation results are more pronounced for temperate and cold 

countries (those with historical average temperatures below the 66th percentile), likely due to higher quality 

macroeconomic and climate data. In contrast, data constraints and greater year-to-year growth volatility in 

hotter countries, which are often lower income, tend to mask the actual extent of climate-related losses. 

4. Agricultural-Dependent Countries vs. Diversified Economies: An examination of results based on the 

significance of the agricultural sector in each economy indicates that agricultural-based economies 

experience a greater long-term growth impact from global warming (𝜃̂𝑇𝑀𝐺 = -0.7, -1.4, -1.5, and -1.6 for 

varying m) compared to diversified economies. 

5. Role of Adaptation Speed (Parameter m): The results indicate that the magnitude of climate impact on 

growth increases with the adaptation horizon m. In other words, slower adaptation (a larger m) leads to 

larger long-run damages. Intuitively, if a country takes longer to adapt to higher temperatures, then a 

deviation above the “normal” climate inflicts prolonged harm before the economy catches up.  

• With shorter m (e.g., 20 years) – implying relatively fast adaptation – the growth impact of a given 

warming shock is smaller, because each year’s temperature is compared to a climate “normal” that 

updates relatively quickly. Economic agents get accustomed to the new climate baseline faster, 

dampening the persistent shock to growth. 

• With longer m (e.g., 50 years) – slower adaptation – the same temperature anomaly remains above 

the perceived norm for decades, continually dragging on growth. Accordingly, the estimated 

cumulative effect on GDP per capita growth is much larger.  
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Robustness to Pre-COVID-19. Table 4 presents our TMG estimates for the period 1960–2019, ensuring that 

our findings are not predominantly influenced by the COVID-19 episode. The results are consistent with 

those reported in Table 2 and provide further reassurance regarding the robustness of our analysis. 

 

Table 2. Heterogenous estimates of the long-run effects of persistent temperature increases on per-

capita GDP growth, 1960-2022 (Using a variety of mean group estimators) 

 MA 20 MA 30 MA 40 MA 50 

All countries (N=195) 

𝜽̂𝑴𝑮 -0.4284** -0.4409 -0.5593 -0.8206 
 (0.2145) (0.2994) (0.4124) (0.5480) 

𝜽̂𝑻𝑴𝑮 -0.4264*** -0.7974*** -1.0346*** -1.3218*** 
 (0.0636) (0.1109) (0.1459) (0.1757) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.4516** -1.2331 -0.5411 -0.7541 
 (0.2056) (0.9242) (0.3783) (0.4968) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.4822** -0.4614 -0.6149 -0.9038 
 (0.2048) (0.3195) (0.4447) (0.5923) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.5510*** -0.2598 -1.1201*** -1.4248*** 
 (0.2015) (0.2766) (0.3950) (0.4608) 

Temperate or Cold (𝑻𝒊̅< 66th percentile) (N=131) 

𝜽̂𝑴𝑮 -0.5941** -0.7315** -1.0456** -1.5259*** 
 (0.2616) (0.3644) (0.5008) (0.6644) 

𝜽̂𝑻𝑴𝑮 -0.4210*** -0.8262*** -1.0849*** -1.3629*** 
 (0.0905) (0.1583) (0.2086) (0.2491) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.6565*** -1.9567* -1.0755** -1.4952** 
 (0.2501) (1.1269) (0.4578) (0.6005) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.6666** -0.7745** -1.1097** -1.6417** 
 (0.2780) (0.3888) (0.5404) (0.7186) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.6648*** -0.2682 -1.8059*** -2.3171*** 
 (0.2249) (0.3184) (0.4521) (0.5329) 

Hot (𝑻𝒊̅ > 66th percentile) (N=64) 

𝜽̂𝑴𝑮 -0.0892 0.1539 0.4361 0.6230 
 (0.3742) (0.5214) (0.7164) (0.9505) 

𝜽̂𝑻𝑴𝑮 -0.5300*** -0.1629*** -0.0286 -0.4400*** 
 (0.0681) (0.0260) (0.0303) (0.0699) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.0321 0.2482 0.5529 0.7628 
 (0.3579) (1.6122) (0.6550) (0.8592) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.1047 0.1795 0.3980 0.6065 
 (0.3977) (0.5562) (0.7732) (1.0281) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.3181 -0.2425 0.2836 0.4016 
 (0.4047) (0.5249) (0.7488) (0.8631) 

Low-Income Countries (N=69) 

𝜽̂𝑴𝑮 0.1365 0.5669 0.9683 1.1904 
 (0.3580) (0.4965) (0.6815) (0.9058) 

𝜽̂𝑻𝑴𝑮 0.0674* -0.0629 0.3132*** 0.9109*** 
 (0.0389) (0.0523) (0.0784) (0.1417) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 0.1548 0.5955 0.9965 1.2266 
 (0.3536) (0.5319) (1.6604) (0.8719) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 0.1280 0.6562 1.1015 1.3135 
 (0.3805) (0.5290) (0.7336) (0.9784) 
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𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.0162 1.5037*** -0.1358 0.2132 
 (0.3889) (0.5198) (0.7376) (0.7956) 

Middle- and High-Income Countries (N=126) 

𝜽̂𝑴𝑮 -0.7376*** -0.9929*** -1.3959*** -1.9219*** 
 (0.2649) (0.3674) (0.5043) (0.6703) 

𝜽̂𝑻𝑴𝑮 -0.4651*** -0.8578*** -1.1691*** -1.5500*** 
 (0.0928) (0.1624) (0.2143) (0.2558) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.7836*** -2.2345** -1.3831*** -1.8388*** 
 (0.2532) (1.1463) (0.4607) (0.6056) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.8163*** -1.0734*** -1.5548*** -2.1181*** 
 (0.2816) (0.3915) (0.5429) (0.7240) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.8439*** -1.2255*** -1.6591*** -2.3218*** 
 (0.2119) (0.3085) (0.4028) (0.5380) 

Notes: 𝜃𝑀𝐺 is the MG estimator. 𝜃𝑇𝑀𝐺  applies the Trimmed Mean Group estimator of Pesaran and Yang (2024). BC1 is 

bias-corrected using the analytical approach of Kiviet and Phillips (1993). BC2 is bias-corrected using the bootstrap 

approach of Pesaran and Zhao (1999), where the bias correction is applied to short-run coefficients and then long-run 

effects are computed. BC3 is bias-corrected using the Half-Panel Jackknife (HPJ) approach of Chudik and Pesaran 

(2015), where the MG estimator is the average of long-run coefficients from bias-corrected short-run coefficients. 

 

Figure 1. Distribution of un-corrected heterogenous estimates of long-run effects by group. 

 

(a) Distribution by temperature 

 

(b) Distribution by income 

 

Figure 2. Distribution of HPJ-corrected heterogenous estimates of long-run effects by group. 

 

(a) Distribution by temperature 

 

(b) Distribution by income 
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Figure 3. Distribution of the trimmed heterogenous estimates of long-run effects by group. 

 

(a) Distribution by temperature 

 

(b) Distribution by income 

 

 

Figure 4. Distribution of heterogenous estimates of long-run effects by group for middle- and high-

income countries. 

(a) MG Estimator (b) HPJ Estimator (c) TMG Estimator 
 

Table 3. Heterogenous estimates of the long-run effects of persistent temperature increases on per-

capita GDP growth across middle- and high-income countries, 1960-2022 

 MA 20 MA 30 MA 40 MA 50 

Middle- and High-Income Countries (N=126)  

𝜽̂𝑴𝑮 -0.7376*** -0.9929*** -1.3959*** -1.9219*** 

 (0.2674) (0.3669) (0.5310) (0.7268) 

𝜽̂𝑻𝑴𝑮 -0.4651*** -0.8578*** -1.1691*** -1.5500*** 

 (0.0928) (0.1624) (0.2143) (0.2558) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.7836*** -2.2345 -1.3831*** -1.8388*** 

 (0.2467) (1.3970) (0.4601) (0.6277) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.8163*** -1.0734*** -1.5548*** -2.1181*** 

 (0.2048) (0.3939) (0.5692) (0.7881) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.8439*** -1.2255*** -1.6591*** -2.3218*** 

 (0.2119) (0.3085) (0.4028) (0.5380) 

Temperate or Cold (𝑻𝒊̅< 66th percentile) (N=95) 

𝜽̂𝑴𝑮 -0.5295 -0.7613* -1.0268 -1.3269 

 (0.3272) (0.4497) (0.6504) (0.8889) 

𝜽̂𝑻𝑴𝑮 -0.4895*** -0.9694*** -1.3209*** -1.7358*** 

 (0.1200) (0.2120) (0.2794) (0.3316) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.7146** -2.8573* -1.3736** -1.5648** 

 (0.3032) (1.7151) (0.5657) (0.7707) 
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𝜽̂𝑴𝑮,𝑩𝑪𝟐 -0.6127* -0.8644* -1.1992* -1.5041 

 (0.3545) (0.4833) (0.6977) (0.9644) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.9392*** -1.2710*** -1.6558*** -2.4498*** 

 (0.2321) (0.3488) (0.4530) (0.6391) 

Hot (𝑻𝒊̅ > 66th percentile) (N=31) 

𝜽̂𝑴𝑮 -1.1539** -1.4559** -2.1341** -3.1119** 

 (0.4628) (0.6359) (0.9198) (1.2571) 

𝜽̂𝑻𝑴𝑮 -0.8727*** -0.6463*** -0.8890*** -1.4893*** 

 (0.1567) (0.1161) (0.1595) (0.2675) 

𝜽̂𝑴𝑮,𝑩𝑪𝟏 -0.9217** -0.9889 -1.4020* -2.3869** 

 (0.4288) (2.4256) (0.8001) (1.0899) 

𝜽̂𝑴𝑮,𝑩𝑪𝟐 -1.2235** -1.4914** -2.2658** -3.3461** 

 (0.5013) (0.6834) (0.9867) (1.3638) 

𝜽̂𝑴𝑮,𝑩𝑪𝟑 -0.5518 -1.0862 -1.6692* -1.9292* 

 (0.4997) (0.6708) (0.8793) (1.0154) 

Notes: 𝜃𝑀𝐺 is the MG estimator. 𝜃𝑇𝑀𝐺  applies the Trimmed Mean Group estimator of Pesaran and Yang (2024). BC1 is 

bias-corrected using the analytical approach of Kiviet and Phillips (1993). BC2 is bias-corrected using the bootstrap 

approach of Pesaran and Zhao (1999), where the bias correction is applied to short-run coefficients and then long-run 

effects are computed. BC3 is bias-corrected using the Half-Panel Jackknife (HPJ) approach of Chudik and Pesaran 

(2015), where the MG estimator is the average of long-run coefficients from bias-corrected short-run coefficients. 

Table 4. Trimmed Mean Group (𝜽̂𝑻𝑴𝑮) estimates of the long-run effects of persistent temperature 

increases on per-capita GDP growth by subgroup, 1960-2019.  

 MA 20 MA 30 MA 40 MA 50 

All countries (N=195) 

𝜽̂𝑻𝑴𝑮 -0.1951*** -0.3898*** -0.4951*** -0.7180*** 

 (0.0527) (0.0880) (0.1142) (0.1400) 

Temperate or Cold (𝑻𝒊̅< 66th percentile) (N=131) 

𝜽̂𝑻𝑴𝑮 -0.2339*** -0.5710*** -0.7654*** -1.1560*** 

 (0.0767) (0.1319) (0.1719) (0.2124) 

Hot (𝑻𝒊̅ > 66th percentile) (N=64) 

𝜽̂𝑻𝑴𝑮 -2.0183*** -1.3413*** -1.3918*** -2.3478*** 

 (0.2501) (0.1671) (0.1682) (0.2943) 

Low-Income Countries (N=69) 

𝜽̂𝑻𝑴𝑮 0.1726*** -0.0139 0.1790** 0.6496*** 

 (0.0496) (0.0658) (0.0838) (0.1323) 

Middle- and High-Income Countries (N=126) 

𝜽̂𝑻𝑴𝑮 -0.2247*** -0.4213*** -0.5633*** -0.8568*** 

 (0.0769) (0.1293) (0.1684) (0.2040) 

4. CONCLUSIONS 

We used a dynamic heterogeneous panel model to evaluate the long-term macroeconomic effects of gradual 

temperature rises in 195 countries (1960–2022), basing our results on group averages of bias-corrected 

country slopes with outliers removed. Our method differentiates persistent climate deviations from short-run 

weather shocks and accounts for adaptation (via evolving climate benchmarks), non-stationarity of 

temperature, cross-country heterogeneity, and the impact of unobserved global factors. Our analysis 

indicates that a persistent annual temperature increase of 0.01°C above historical climate norms reduces 

global GDP per capita growth by an average of 0.05 percentage points each year. This effect is 
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approximately 70 percent greater than estimates derived from a homogenous panel method. When 

aggregating country-level data across various subgroups, it becomes evident that countries of all income 

levels and climate zones—whether temperate, cold, or hot—experience sustained (though not permanent) 

declines in economic growth due to rising temperatures. Adaptation plays an important role in reducing GDP 

losses across all groups of countries. These findings emphasize the importance of exploring heterogeneity in 

physical climate impacts and macroeconomic consequences of rising temperatures across countries. They 

confirm the considerable transitional macroeconomic costs associated with continuous warming and highlight 

the critical role of adaptation in shaping long-run growth outcomes. 
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Appendix 1. Income Losses from the Climate Transition 

Let 𝑇(𝑡) be realized temperature and 𝑇∗(𝑡) the climate benchmark (e.g., a 30-year rolling mean). 

Define the deviation Δ𝑇(𝑡) = 𝑇(𝑡) − 𝑇∗(𝑡). 

• Transitional mechanism: Income losses arise when Δ𝑇(𝑡) ≠ 0. As long as temperatures rise and 

𝑇∗(𝑡) adjusts gradually, Δ𝑇(𝑡) remains positive and losses accumulate. 

• Termination of losses: If temperatures stabilize or adaptation is instantaneous such that 𝑇∗(𝑡) 

catches up (Δ𝑇(𝑡) → 0), transitional losses end, and the economy resumes its previous steady-state 

growth rate => No permanent growth effects. 

• Cumulative and average effects: If short-run growth impacts are 𝑔(Δ𝑇(𝑡)), the cumulative loss 

over [0, 𝐻] is ∫ 𝑔(Δ𝑇(𝑡)) 𝑑𝑡
𝐻

0
. Reporting 

1

𝐻
∫ 𝑔(Δ𝑇(𝑡)) 𝑑𝑡

𝐻

0
 conveys the average annual growth effect 

over the transition horizon 𝐻. 
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