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1 Introduction

Quantifying the economic impacts of climate change has become critical for climate policy
issues, including estimating the Social Cost of Carbon (Rennert et al., 2022), quantifying the
potential impact on the financial system (Ranger et al., 2022), or the economic implications
of overshooting the 1.5 degree target (Drouet et al., 2021). A growing body of literature has
complemented the bottom-up approach linking sectoral studies and macroeconomic output
used by Integrated Assessment Models (IAMs) (Barrage and Nordhaus, 2024) with empir-
ically estimated links between economic growth and weather shocks. Most studies focus
on the effects of random mean annual temperature variations (Dell et al., 2012; Burke et
al., 2015; Kalkuhl and Wenz, 2020; Newell et al., 2021; Nath et al., 2024; Desbordes and
Eberhardt, 2024; Bilal and Kénzig, 2026; Kahn et al., 2021), with an emerging literature in-
cluding the impact of droughts and weather extremes (Kotz et al., 2021; Akyapi et al., 2025;
Kotz et al., 2022; Callahan and Mankin, 2022). However, despite similar empirical strategies
and similar data, empirical estimates diverge dramatically (IPCC, 2022; Tol, 2024; Howard
and Sterner, 2025)—with implications spanning orders of magnitude for key economic out-
comes, such as the social cost of carbon (SCC) (Tol, 2023). Some recent climate-econometric
damage functions have produced SCC estimates of over 1,000 US-$ per ton of CO, (Ricke
et al., 2018; Bilal and Kénzig, 2026), which would render immediate, substantial climate
action unilaterally rational for most major economies (Bilal and Kénzig, 2025), and is one
order of magnitude higher than alternative SCC approaches (Rennert et al., 2022) or impact
estimates from bottom-up studies (van der Wijst et al., 2023; Takakura et al., 2019). The
divergence of the economic impacts of climate change has also been acknowledged and initial
efforts to combine and reconcile the figures have been undertaken (Morris et al., 2025). While
meta-studies exist (Howard and Sterner, 2025; Tol, 2024; Barrage and Nordhaus, 2024), there
is still considerable uncertainty about the impacts and the appropriate damage functions to
be used for impact assessment in the short- and long-term (Lemoine et al., 2025).

This uncertainty creates both a scientific challenge and a dilemma for policymakers: how
should researchers and policymakers choose between competing damage functions when each
claims empirical or model-based support? Validating forward-looking impact projections for
the distant and fundamentally uncertain future, such as end-of-century estimates under
a “business as usual” scenario, is difficult, as even small climate-induced dents in annual
economic growth could plausibly compound to severe impacts over time (Piontek et al.,
2021). At the same time, a backward-looking validation of damage functions based on
historical data is complicated by several factors. First, the true counterfactual growth path

in the absence of any climate impacts is and will be unknown. Second, regression models



that link economic growth to climate outcomes explain only a small fraction of the total
growth variation. As a result, methods optimizing out-of-sample performance, such as cross-
validation, struggle to identify significant performance differences between models suggested
by different studies (Newell et al., 2021). Third, since no state-of-the-art causal inference
methods can be applied to climate and broad GDP measures at the macro level, there is a key
identification concern that temperature-growth relationships estimated with country fixed
effects may partially reflect omitted country-specific trends that correlate with temperature,
rather than causal climate impacts (Kahn et al., 2021).

This paper contributes to addressing these three challenges in the literature, by utilizing
the International Monetary Fund (IMF)’s economic growth forecasts from the World Eco-
nomic Outlook (WEO) as a baseline counterfactual for estimating historical climate change
impacts and comparing a large set of recently proposed damage functions. The WEO fore-
casts GDP growth and other macroeconomic variables for each country over a five-year
window and are updated every six months. These forecasts are developed based on country-
level economic modeling of different complexities (Genberg et al., 2014a). The key principle
is that these professional forecasts incorporate extensive information on economic funda-
mentals as well as structural and institutional dynamics, but they account for neither future
weather shocks nor their expected impacts. They presumably capture the influence of ex-
isting climate change trends to the extent that WEO projections are anchored in historical
growth rates. However, they do not account for changes in these existing trends.

Combining this dataset with a consistent implementation of available damage functions,
we analyze the implied results to address three research questions: first, we use the forecast
to test whether the forecasted GDP per capita growth is indeed not significantly related to
climate variables, as implied by our assumption that it reflects counterfactual growth without
climate impacts. Second, we calculate historical country-level climate impacts as per various
prominent damage functions for multiple five-year evaluation windows between 2011-2019
using historical climate data.! We then add them to corresponding WEO growth forecasts.
These “reconstructed predictions” of GDP per capita growth including climate impacts allow
us to assess to what extent damage functions reduce the difference between WEOQO forecasts
and actually observed growth, indicating how much of the growth difference was potentially
caused by climate change. Third, we provide meta-estimates of the already “baked-in”
climate impacts into current (2023) GDP in Europe by combining different, consistently

implemented damage functions according to their relative performance in reducing forecast

'We focus on the 2011-2019 period as the most recent window that excludes widespread crisis years,
such as the COVID-19 pandemic. We exclude the 2008-2010 financial crisis period and 2020-2023 pandemic
period to avoid confounding from extreme non-climate shocks.



errors.

We find several key results. First, our placebo test supports that temperature shifts
affect actual GDP per capita growth rather than IMF forecasts, consistent with the notion
that climate impacts are contained in the forecast error but not in the forecast itself. This
result validates the use of the WEO forecasts as a climate-naive counterfactual. Second, we
demonstrate that different climate damage functions can explain a low but positive share of
IMF forecast errors. The best-performing damage functions reduce the WEQO’s mean abso-
lute error over a five-year horizon by 0.1-0.4 percentage points of GDP per capita growth
rates—representing up to 6% of the total forecast error or at most 3% of average annual
growth. Most of the forecasting error is due to the WEQ’s systematic positive bias and the
good performance of some damage functions is essentially due to the fact that they predict
systematic damages on average across countries. However, a few damage functions are also
able to reduce the dispersion of forecast errors around the average error. Third, our approach
enables a country-specific reality check of some of the recent very strong (positive and neg-
ative) expected economic climate damage estimates, which reveals important limitations.
The most severe damage functions would have predicted GDP per capita contractions in
several countries over the last decade that are inconsistent with observed growth patterns,
suggesting these may overstate the magnitude or the year-to-year fluctuations of near-term
climate impacts. This finding does not necessarily invalidate long-term projections, but it
raises questions about short-term validity in some specifications and countries. Finally, we
estimate the cumulative impact of observed warming on European GDP from 2010 to 2023
using a weighted average of impacts predicted by the best-performing damage functions. We
find that European GDP is approximately 1.0% lower in 2023 compared to a counterfactual

with no additional warming after 2010.

2 Data

We build a large dataset of country-level GDP forecasts and actual growth rates from the
IMF World Economic Outlook (WEOQO) covering the period 1990-2023. The WEO is pub-
lished twice per year (April and October), but we use only the Fall edition for each year.
The forecasts cover the ongoing year plus five subsequent years for more than 180 countries
and include growth rates of total real GDP in local currency units, public debt, current
account balance, and inflation. The WEO forecasting process combines “top-down” and
“bottom-up” approaches (Genberg et al., 2014a): an IMF global econometric model first
forecasts initial global conditions transmitted to country desk economists, who then incor-

porate these conditions with inputs from country authorities and other forecasters. The



methodology varies substantially across countries depending on data availability and fore-
casting horizon. Specifically, the more data a country has available, the more likely it is that
sophisticated econometric techniques are used, ranging from structural multi-equation mod-
els to reduced-form equations and historical values (Genberg et al., 2014a,b). Consequently,
forecasts for low-income countries and at longer horizons tend to rely on less sophisticated
approaches. Decentralized reviews and centralized checks before final publication aim to
ensure consistency across forecasts.

Crucially for our methodology, there is no evidence of systematic use of country-level
climate projections, especially before 2016. Subsequent IMF guidance (IMF, 2016) explains
that three- to five-year (‘long-term’) country projections should include the expected impact
of natural disasters for the region times the historical probability of these disasters occurring
in that country each year. It also recommends that short-term projections should not account
for possible natural disaster effects. In contrast, there is no such recommendation for less
salient weather shocks or for using climate projections. Moreover, there is no mention of
climate in the 2014 IMF forecast evaluation report (Genberg et al., 2014b), and a careful
review of all the citations in the 2022 stock-taking IMF Staff Climate Note (Aligishiev et al.,
2022) does not show any reference to the use of climate variable projections before 2018.

The IMF WEO forecast errors and their patterns have been well studied (Genberg et al.,
2014b; Celasun et al., 2021; Gatti et al., 2024), typically finding that their accuracy is broadly
similar to that of the private sector. Nevertheless, short-term and medium-term WEO
forecasts typically over-predict GDP growth and underestimate inflation. Forecast errors
in WEO forecasts are also not evenly distributed. They are dependent on the global and
country cycles: growth over-predictions are more likely to occur during recessions, while there
is weaker evidence of systematic errors outside of these episodes. Forecast errors are highest
for emerging-market and low-income economies. Further, predictive accuracy drops as the
forecasting horizon gets longer, but not linearly: errors increase more steeply over the three-
month to two-year horizons. Given the IMF’s political and financial influence, these forecasts
have been also studied from a political economic perspective, revealing small effects related
to ongoing policy discussions (Dreher et al., 2008). Research on other potential sources
of biases (e.g., Eicher and Rollinson (2023)) indicates only minor effects. Because climate
projections are not systematically incorporated, the forecasts provide a robust climate-naive
counterfactual for short- and medium-term analysis across a broad set of countries over
recent decades.

Starting with GDP growth rate forecasts, we derive per-capita growth rates, which repre-
sent the conventional dependent variable in climate-econometric modeling. We use observed

population growth rates for the study period from the WEO Spring 2024 edition to convert
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GDP growth forecasts into GDP per capita growth forecasts. Since population growth is
only marginally affected by climate during the sample period covered, using GDP forecasts
seems reasonable. We also use the historical data from the latest WEO (Oct 2024) for actual
observed GDP and population levels.

We combine this dataset on GDP growth and forecasts with climatic variables used in
the studies included in our sample. For mean temperature and annual precipitation, the
two main variables used in the literature, we use population-weighted annual averages based
on the ERA5 reanalysis dataset from a peer-reviewed repository of climate indicators with
global coverage (Gortan et al., 2024). This approach helps avoid inconsistencies arising
from the fact that many damage function studies use different climate data sources and
aggregation weighting schemes. For the damage function by Bilal and Kénzig (2026) that is
driven by global mean surface temperature (GMST) change instead of country-level climate
variables, we take GMST anomaly data from the widely used Berkeley Earth dataset (Rohde
and Hausfather, 2020). For Akyap1 et al. (2025), whose LASSO-informed damage function
is driven by measures of heat, drought, and moderate temperatures, we use their original
ERA5-based data set.

The summary statistics of our sample are displayed in Table 1. Country-level population-
weighted temperatures range between -2 (in Mongolia) and 30 °C (in the Sahel), while annual
precipitation ranges between less than 10 mm (in Qatar) to over 5,000 mm (in Costa Rica).
Global warming, measured as the change of GMST relative to the pre-industrial 1850-1900
baseline, averages approximately 0.98 °C during our sample period and reaches 1.5 °C in
2023. Real GDP growth averages 3.1%, with large variation across countries and over time.
GDP contractions greater than -50% occurred in conflict periods (Libya 2011, Iraq 1991,
Armenia 1992) and during the COVID-19 pandemic (Macao 2020). Large growth spikes of
up to +104.5 % occur in subsequent recovery years (e.g., Libya in 2012, Kuwait in 1992
following the Gulf War, and Macao in 2023). Compared to observed growth rates, the one-
year-ahead IMF forecast is, on average, about 0.9 percentage points higher and exhibits far
less extreme lower tails (the worst forecast being only -10 % during our sample period),
reflecting the difficulty of predicting extreme crises such as the pandemic or wars. This
difference vanishes for same-year forecasts, which incorporate information available by the
fall.

In Appendix C, we list and discuss countries that are included in the WEO but are

excluded from our analysis due to missing climate, damage function, or GDP data.
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Table 1: Summary statistics

Statistic N Mean St. Dev. Min Max
Annual mean temperature (°C) 6208 19.805 7.114 —1.841 29.843
Baseline temperature 1980-2010 (°C) 6208 19.450 7.206 —0.866 28.427
Temperature anomaly (detrended, °C) 5475 0.021 0.120 —0.189 0.287
Annual precipitation (mm) 6208 1232910  842.079 7.540 5144.120
GMST change over 1850-1900 (°C) 6252 0.999 0.233 0.551 1.535
GMST shift vs. 1986-2005 baseline (°C) 6252 0.229 0.233 —0.218 0.766
Drought index (PDSI < —4, z-score) 5222 0.005 1.044 —5.668 5.427
Temperature stress 9-12 months (z-score) 5222 —0.004 1.019 —8.370 10.048
Extreme heat days (>35°C, z-score) 5222 0.010 1.036 —12.594 9.429
Temperature variability (°C?) 6252 0.175 0.532 0.000 4.121
Wet days (days) 6252 17.199 50.795 0.000 330.876
Extreme precipitation (mm) 6252 2.276 10.648 0.000 221.000
Population growth 6124 0.015 0.018 —0.186 0.349
Real GDP per capita growth 6124 0.017 0.056 —0.613 0.928
IMF per-capita growth forecast (1 yr ahead) 5886 0.026 0.036 —0.246 0.851
IMF total growth forecast (1 yr ahead) 5386 0.041 0.034 —0.101 0.854
Annual growth rate MAE (1 yr ahead, pp) 5886 0.028 0.043 0.000 0.925

3 Empirical strategy

Let g;; represent the actual growth rate of real GDP per capita for a given year ¢ and country
1 =1,..,N. Let g}, denote the IMF forecast made in year 7, calculated using the real GDP
growth forecast adjusted for actual population growth. As the IMF forecasts GDP growth
five years ahead, for each year ¢ up to 2020 we have five different Fall WEO forecasts from
previous years (1 = t—1,...,7 = t—>5, and one same-year forecast (7 = t). The counterfactual
path of GDP per capita predicted by the IMF in year 7 can be reconstructed by applying
forecasts of annual GDP growth to the GDP per capita observed in the forecast year, y;,:

t

Yir = Yir H (L + g)- (1)
k=1+1

U7, is our counterfactual scenario. It assumes “average” rather than “observed” weather.
The ex-post “weather-augmented” forecast is derived by adding the impact of “observed”

weather shocks, estimated using climate damage functions s = 1..5 from the literature:

it = Ui (1 + AF). (2)

where AT? is the annual country-specific GDP per capita impact of all weather shocks from
year T to year t, estimated using damage function s.

Typically, damage functions are derived empirically by regressing GDP per capita growth
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on the set of climate indicators Cj; after applying the functional transformation f, including

other controls and fixed effects:
git = f(Cit) + 7 + v +eu (3)

However, some of the macroeconomic damage functions in the literature that we use in
this study are derived by aggregating sectoral damages, the cost of sea level rise, and risks
from global climate tipping points, which are not covered by econometric studies (notably,
COACCH and DICE 2023).

The annual country-specific GDP per capita impact of all weather shocks from year 7 to

year t, denoted by A7, is then calculated as:

A = f(Ci) = f(Cir) (4)

where the functional forms f and its coefficients are exactly as those used by the authors of
each study. Cj, is the “reference” climate in the year of the forecast and follows the definition
adopted by each study. Realizations of climatic variables observed in years prior to the
forecast year 7 are not considered, because they are assumed to be already incorporated into
baseline growth expectations and, therefore, into the forecasts. Mathematical expressions
for the calculation of A}, for each damage function are provided in Appendix B.

By comparing the forecasted GDP per capita level without climate impacts (77,) and
with climate impacts (97°) to the actual GDP per capita (y;:), we can assess if incorporating
climate impacts improves (or deteriorates) the forecasting error. Figure 1 visualizes this
approach for an example country (South Africa) and an example damage function (Burke et
al., 2015).

Specifically, we define the forecast error for a forecast made in year 7 for country 7 in

year ¢ as

Yir

Similarly, we write the error of the climate impact-adjusted forecast as

ez-t Yir — Yit (5)

rs _ Uit — Yit
= M (6)

We normalize forecast errors by GDP per capita in the base year 7, to interpret all
our forecast error results as a percentage of the base-year GDP per capita. For instance,
el, = 0.05 means that the WEO fall edition from year 7 overestimated actual GDP per capita
in year ¢t > 7 by 5% relative to the base year’s GDP per capita. If, for damage function s,

13
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Figure 1: Illustration of the forecast, climate impacts, and construction of the three key time series, here
as an example depicted for the “BHM 2015” damage function and South Africa.

el = 0.03, then incorporating climate impacts reduced the error by three percentage points
compared to the baseline forecast. Note that this definition of the forecast errors differs
from the simple period-by-period growth rate differences, as it accounts for the cumulative
chaining of forecasts over time.2 The statistical properties of these two indicators and their
relationship are key results of this exercise. If adding climate damages systematically reduces
the gap between forecast and actual GDP per capita, the estimated impacts have out-of-

sample predictive power, suggesting that they partially explain past IMF forecast errors.
ple p p , sugg g Yy P Yy €Xp b

3.1 Climate damage function implementations

To estimate the growth effects of climate impacts, we apply empirical and model-based
damage functions from recent studies. Specifically, we implement the specifications of nine
widely used studies, summarized in Table 2. Three damage functions, one based on the
DICE 2023 model, one based on bottom-up impact estimates implemented in a CGE model
(COACCH), and one based on a downscaled version of a global meta study by Howard and
Sterner (2025) express GDP impacts directly in levels, and are modeled as quadratic functions
of GMST. The remaining specifications are estimated using GDP per capita growth rates
and incorporate various climatic drivers, including local annual temperature, precipitation,

and indices of climate extremes.

2This approach allows us to examine whether the reduction in forecast errors from adding damage func-
tions increases over time, as expected if omitted climate impacts are persistent (Nath et al., 2024). We
also implement two alternative definitions of the forecast error. First, we compute the error only for the
last period (e.g., when 7 =t — 5), which evaluates the forecast error in the last year and thus captures the

full cumulative effect. Second, we compute the simple forecast error in terms of growth rates, defined as
oTs — Ui =01 yir—Yiea
it gz’;‘_l Yit—1
specification s.

, which represents the annual forecast error including climate impacts of damage

14



We use the original coefficients and specifications and implement all functions on our
compiled dataset applied to the quasi counterfactual GDP per capita trajectory ¢;, as “Ref-

erence” or no-climate baseline.?

Table 2: Climate damage function specifications

Specification Impact on Climate drivers Reference
ABM 2025 growth Heat (Tx35), drought (PDSI), mean Akyap: et al. (2025)
temperature

BK 2026 growth GMST Bilal and Kénzig (2026)

BHM 2015 growth Mean temperature Burke et al. (2015)

COACCH level GMST van der Wijst et al. (2023)

DICE 2023 level GMST Barrage and Nordhaus
(2024)

HS 2025 level GMST Howard and  Sterner
(2025); Tol (2024)*

KW 2020 growth Mean temperature Kalkuhl and Wenz (2020)

KLW 2022 growth Mean temperature (others omitted) Kotz et al. (2022)

KMNPRY 2021  growth Mean temperature Kahn et al. (2021)

3.2 Forecast error and climate impact evaluation measures

We now evaluate how well climate impacts from each damage function specification s explain
forecast errors using several metrics computed across countries ¢ and years t.

Sign matching and directional accuracy. We assess whether climate impacts move
forecasts in the “correct” direction — that is, toward the actual GDP per capita — by
computing the share of country-year observations where the sign of the climate impact is
opposite to the sign of the forecast error. In such cases, adding climate impacts could

potentially reduce the WEQ forecast error:

N 1m+T

. TS 1 TS — T
SignMatch™ = NT Z Z I{sgn(—A}’) = sgn(ej,)} (7)

i=1 t=r+1
This metric captures only the direction of climate impacts, not their magnitude. A
value above 0.5 indicates climate impacts explain the direction of forecast errors better than
chance, assuming errors are centered around zero.
Forecast accuracy metrics. To what extent can the overall forecast error be reduced

by incorporating climate impacts? To answer this question, we compute three standard

3Bilal and Kinzig (2026) is included here, as the paper has been accepted at the Quarterly Journal of
Economics as of March 2026. We use the regional coefficients from their replication package.
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metrics for each specification s: mean absolute error (MAE), mean squared error (MSE),

and root mean squared error (RMSE).

T+T

N
MAE™ = % SN ler (8)

=1 t=7+1

N 71+T

TS __ 1 75)2

i=1 t=7+1

RMSE™ = vMSE™ (10)

Similarly, we define the performance metrics for the standard forecast without impacts
(based on €],) as MAE", MSE” and RMSE". The improvement in forecast accuracy from

adding climate impacts under specification s is calculated as:

AMAE™ = MAE™ — MAE™ (11)
ARMSE™ = RMSE™ — RMSE™

where positive (negative) values indicate improved (deteriorated) forecast accuracy when
climate impacts are included.

Forecast window selection. Limiting our sample to the 2010s to avoid distortions
from the financial crisis and the COVID-19 pandemic leaves us with five base years, in which
the IMF issued forecasts up to five years out, from 7 = 2010 to 7 = 2014. To use as much
data as possible, we repeat our exercise for each evaluation window separately and then
present average performance scores across all five evaluation windows. For instance, the
average MAE improvement across the five evaluation windows for a damage specification s

is calculated as

2014
1
AMAE® = = )~ AMAE™ (12)
5
7=2010
Overall, we rely primarily on MAE to evaluate damage functions because, for some coun-
tries, severe economic contractions that were not anticipated by the WEO generate extreme
outliers in forecast errors. When using MSE, these outliers dominate overall performance,
which is undesirable given that the largest forecast errors in the sample (e.g., Libya in 2011)
are not attributable to climate impacts.

Forecast error decomposition. To understand the sources of forecast improvements,

16



we decompose MAE and MSE into two components: (i) the average error across countries

and (ii) the error in country-specific deviations from this average.
We compute the global MAE (and similarly MSE) as:

1

s ? — U
MAEGLopaL = T Z :
¢

Yr

(13)

where g7 = % > .05 and 7 = % > yi denote the global averages of forecasted and actual
GDP per capita, respectively.

The country-level variation, abstracting from global average GDP per capita growth, is
measured by:

Yir

. (14)

MA E*SOUNTRY = % Zt: Z

where g/)\i = ¢35 — 7 and y;; = yi — U represent country-level deviations from the global
average.

This approach allows us to decompose forecast errors into to components: (i) the error
in global average per capita GDP growth and (ii) variation in country-level forecasts with
climate impacts, thereby isolating regional heterogeneity in forecasts and climate effects. By
construction, these components sum to the total error for MSE but not for MAE. Neverthe-
less, this decomposition provides insight into whether forecast errors and climate impacts
stem primarily from global growth trends or from regional heterogeneity and, as shown be-
low, yields qualitatively similar results for both MAE and MSE. As before, we compute

improvements in forecast errors relative to the raw WEQO forecast without climate impacts:

AMA ESLOBAL = MAEZ}LOBAL_MA ESLOBAL (15)

TS _ T TS
AMA COUNTRY — MAEC’OUNTRY — MA COUNTRY

We use this global average and country heterogeneity decomposition to show the source

of the error and the potential improvement of the different climate impact specifications.

4 A placebo test for economic climate impact regres-

sions

Before evaluating damage functions, we first assess if regressing WEO’s GDP per capita fore-

casts, instead of actual GDP per capita growth, on climate variables yields similar findings
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regarding climate impacts or null effects. This placebo test addresses a key identification
concern in climate econometric studies: if the estimated temperature-growth relationship
were driven by omitted country-specific trends (e.g., institutional changes, sectoral trans-
formations) that correlate with temperature, then IMF forecasts—which incorporate these
economic fundamentals—should partially capture these trends and hence these misidentified
climate impacts. By contrast, if estimated climate effects vanish when using forecasts as the
dependent variable, this supports two conclusions: first, the IMF forecasts do not systemat-
ically incorporate climate projections, validating their use as climate-naive counterfactual;
second, the identifying variation in climate-growth regressions stems indeed from deviations
from expected growth paths, not from predictable country-specific trajectories that happen
to correlate with temperature.

To see this point, consider the true data-generating process for GDP per capita growth:
git = f(Cit) + 9(Xit) +7i + ap + €3 (16)

where Cj; is the vector of climate variables, X;; represents other economic determinants,
v; are country fixed effects, and «; are time fixed effects. A typical approach to estimate
this relationship in the climate econometrics literature would be given by equation 3 above,
effectively omitting X;;. If Cj; and X;; are correlated (i.e., Cov(Cjy, Xyt) # 0)—for example, if
countries with higher temperatures systematically differ in their institutional development—
then omitting X;; leads to biased estimates of the effect of climate.

As argued above, the IMF forecast ¢/, incorporates country-specific and global trends,
but does not so far systematically account for climate projections. Under ideal circumstances

of predicting all non-climate factors correctly, we can therefore represent the forecast as:
9 = 9(Xit) + i+ + nit (17)
The key insight is that the forecast error g;; — g, isolates the climate shock:
it = 93 = [(Cit) + (€t — mit) (18)

This difference no longer contains g(X;;). The IMF’s forecasting model effectively serves
as a sophisticated control function that captures complex relationships between economic
determinants without requiring explicit specification in the climate impact regression. We

can now perform a placebo test by regressing the IMF forecast itself on climate variables:

Gir = f(Cit) + i + oy + vig (19)
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If the forecasts are truly climate-naive, we expect no significant relationship between
Ci and g7, after controlling for fixed effects, except for short-term forecasts where climate
impacts may already be manifesting in macroeconomic variables available to forecasters.
Finding a significant relationship would indicate that either the forecasts incorporate climate
information, or a systematic correlation between climate and economic variables not fully
captured by fixed effects in the model, which could indicate an identification problem in the
climate econometrics model.

Table 3 presents results from estimating the Burke et al. (2015) specification using actual
growth and IMF forecasts at different horizons. While the temperature-growth relationship
is statistically significant in actual data (Column 1), it is not present when forecasted growth
is used (Columns 2-6).
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0¢

Dependent Variables: Actual GDP growth year-0 year-1 year-2 year-3 year-4 year-

Model: (1) (2) (3) (4) (5) (6) (7)

Variables

Tmean 0.0133*** 0.0084** -0.0033 0.0003 -0.0020 -0.0030** -0.0007

(0.0041) (0.0032) (0.0025) (0.0017) (0.0023) (0.0014) (0.0016)
Tmean? -0.0005*** -0.0002** 0.0001 3.23 x 107° 2.56 x 107 7.87 x 107 9.46 x 1076
(0.0001) (0.0001) (8.22 x 107°)  (6.16 x 1075)  (7.19 x 107%)  (5.05 x 107?) (6.1 x 107°)

Pt 2.15 x 1076 —53x10% —345x107% —3.92x107% —3.47x10°° 4.67 x 1076 4.8 x 1076
(6.98 x 107°) (5.56 x 107%) (3.8 x 107%) (3.32x107%) (3.44x 107%) (555 x 107%)  (6.42 x 107°)

Pt? —6.47 x 10710 828 x 10719 188 x 10719 —129x1071% 3.17x1071% —538x1071% —6.18 x 10710
(1.46 x 107?) (1.05 x 107%)  (7.24 x 10719 (7.91 x 1071%) (8.08 x 1071%) (8.72 x 1071%) (8.11 x 10719)

Fized-effects

Country Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes

Varying Slopes

Year (squared) (Country) Yes Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 6,351 6,024 5,846 5,665 5,478 5,288 5,095

R? 0.29408 0.31039 0.34661 0.40060 0.47310 0.43114 0.42003

Within R? 0.00300 0.00116 0.00088 0.00211 0.00094 0.00101 0.00057

Clustered (Country) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 3: Regression Results: Real GDP Growth and Forecasts, Burke et al. (2015) specification.
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Figure 2: Marginal effects of temperature on growth for observed outcomes and IMF forecasts at different
horizons under the BHM 2015 damage function. The dotted line represents the central estimate from the
original paper.

Figure 2 visualizes this pattern, showing the marginal effect of a one-degree temperature
increase. Actual growth exhibits the characteristic inverted-U relationship with temperature
documented by Burke et al. (2015). This effect diminishes already substantially in contem-
poraneous forecasts (the Fall WEO for the ongoing year (”0-year”)) and vanishes entirely
for one-year-ahead and longer horizons.

We conduct the same placebo test for one of the key regression models estimated by Kahn
et al. (2021) with similar results, as illustrated in Figure 3. For temperature deviations below
(“dtemp_minus”) and above (“dtemp_plus”) a country’s historical norm, using actual GDP
per capita (GDPpc) growth or the WEQ’s same-year forecast (i.e., made in the fall of the
year in question) produces point estimates similar to the original paper.” When using other
forecasts, the point estimates shift toward zero and are typically not significantly different
from zero. Table 4 presents the results of the key coefficients for this specification.

This validation has two important implications. First, it confirms that IMF forecasts—

despite their sophistication in capturing economic fundamentals—do not systematically ac-

5Differences in the exact results are likely driven by the fact that our sample composition is not identical

to that of Kahn et al. (2021), as well as potential differences between the actual GDPpc growth rates in the
WEO data and the original paper’s data sources.
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Dependent Variables: Actual GDP growth  year-0 year-1 year-2 year-3 year-4 year-5

Model: (1) (2) (3) (4) (5) (6) (7)

Variables

Temp. increase -1.0986*** -0.8247  -0.2281  -0.0991  0.0472 0.0950  -0.3243**
(0.3454) (0.5532) (0.1683) (0.1437) (0.1805) (0.1517) (0.1478)

Temp. decrease -1.3635** -1.1368  -0.5263 -0.3107  0.3557  0.2202  -0.4419
(0.6450) (1.1619) (0.3805) (0.3597) (0.3908) (0.3192) (0.3989)

Fized-effects

Country Yes Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 3,398 3,122 3,084 2,816 2,772 2,502 2,452

R? 0.44354 0.34030 0.32553  0.35008 0.27510 0.30466  0.28779

Standard errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 4: Regression Results: Real GDP Growth and Forecasts, Kahn et al. (2021) specification.

count for climate shocks, making them appropriate baseline counterfactual for our damage
function evaluation. Second, it supports the notion that the temperature-growth relation-
ships identified in the empirical literature reflect genuine climate impacts rather than omitted

variable bias from correlated country-specific trends.

5 Comparison of impact specifications using forecast

errors

We now evaluate the nine different impact functions and compare their respective improve-
ments in MAE (and RMSE) of the baseline forecast over different evaluation windows. Our
main results demonstrate that climate damage functions reduce forecast errors more than
a random shock (modeled as a Bernoulli distribution of a +/ — 1% shock with p = 0.5) in
annual growth rates. Figure 4 summarizes performance across all five evaluation windows
(2011-2015 through 2015-2019), with MAE improvements for a specific window/base year
(AMAE™) and average MAE improvements across all five windows (AM AE?®) shown as
triangles and dots, respectively. Most climate damage functions reduce the IMF forecast
errors by 0.1-0.4 percentage points, while one specification (BK 2026) increases the error
considerably. To put these magnitudes in perspective, average annual climate impacts over
the five-year evaluation window amount to approximately 1-3% of the average annual growth
rate of 1.7% over the full sample (based on Figure S2). We also present additional bench-

marks. First, we introduce an alternative ‘debiased’ forecast that removes the average WEO
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Figure 3: Marginal effects of temperature on GDP growth for observed outcomes and IMF forecasts at
different horizons under the KMNPRY (2021) damage function, using a 30-year moving-average specification
for historical norms and excluding precipitation controls (Table 1, specification 2, HPJ-FE model in the
original paper). The dotted line represents the central estimate from the original paper.

forecast error of —0.88 pp (Table 1). Correcting for this bias yields an improvement of 0.56
pp. Second, we introduce a ‘perfect’ forecast that matches actual outcomes; such a forecast
would improve the baseline forecast without climate impacts by 6.25 pp on average. Thus,
most damage functions achieve roughly 1-6% of the gain that would be attainable under a
perfect forecast.

Interestingly, the share of country-year observations in which MAE improves (rather than
deteriorates) is highest for damage functions that, by design, predict negative impacts for all
countries, either with larger magnitudes (HS 2025, COACCH) or smaller magnitudes (DICE
2023, KMNPRY 2021). By contrast, the sign of climate impacts implied by KW 2020 and
subsequent work (KLW 2022), as well as by BHM 2015, can vary from year to year; however,
this greater flexibility in tracking climate impacts does not translate into a higher share of
country-years with MAE improvements.

Since we performed the analysis over multiple five-year windows, we can also compare
performance across windows, as shown in Figure 5. Several key patterns emerge. Only
four damage functions (COACCH, DICE 2023, HS 2025, KMNPRY 2021) would have im-
proved WEOQO forecast performance over the 2011-2015 period. By contrast, for the later
periods 2014-2018 and 2015-2019, improvements are more widespread across damage func-
tions and larger in magnitude. The HS 2025 meta-study with country-level downscaling and
the COACCH damage function, a bottom-up model that is region-specific but driven by

global mean surface temperature, show the most consistent performance across evaluation
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Figure 4: The top panel plots, on the vertical axis, MAE performance of each damage function. MAEs are
expressed as a percentage of base-year GDP per capita, and improvement in MAE is measured in percentage
points. The horizontal axis shows the share of country-year observations for which MAE improves. The
bottom panel reports the average improvement in MAE by damage function, with values in parentheses
expressed as a percentage of the average forecast error, which amounts to 6.25 percent of base-year GDP
per capita. A "PERFECT” correction would eliminate 100 percent of the forecast error.
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Figure 5: Comparison of MAE- and RMSE-based performance over the different time horizons.

windows. Econometric models, by contrast, show more variable performance, performing
well in some periods but poorly in others. A clear outlier is the BK 2026 specification,
which deteriorates forecast performance in three out of five windows. Overall, we confirm
that RMSE-based performance tends to be more favorable than MAE-based performance to
damage functions that imply larger global GDP losses.

Our five-year moving window is designed to be short enough to exclude periods with
major economic shocks, yet long enough to capture persistent climate shocks and their
cumulative effects on growth. In addition, we compute the improvement in MAE for each
individual year from 2011 until 2019. We also assess whether model performance differs
when evaluating the cumulative five-year forecast error rather than the average five-year
error used in our main results. The results are presented in Figure S2 in the Appendix. We
find an average annual WEO GDP forecast MAE of 2.5 pp between 2011 and 2019, which
is close to the average error of 2.8% observed over the full sample from 1990 to 2023. Over
each five-year horizon, however, this error accumulates to an average of approximately 10.5%
of base-year GDP. When focusing on annual growth rate errors, KW 2020 and KLW 2022
perform notably worse, while the remaining models display broadly similar improvements.
For the cumulative five-year forecast error, the improvement from incorporating climate
damages is broadly consistent with the average results discussed above, with the exception
of BK 2026, which now exhibits an improvement.

We find variation in performance across countries (Figures S3 and S4 in the Appendix).
High-impact damage functions (KLW 2022, BK 2026, BHM 2015) show more dispersed

performance, significantly reducing MAE for some countries while substantially increasing
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Figure 6: Performance of forecast improvement at global average and country-level deviation, based on the
mean-squared error (MSE) (left panel) and aggregation at average with decomposition (right panel).

it for others. In contrast, smaller-impact functions (DICE, ABM, KMNPRY) improve MAE
more modestly but for a larger share of countries.

Given that WEQ forecasts are, on average, overly optimistic during the 2010s, this raises
the question of whether the forecast improvements from incorporating climate impacts lead
to lower forecast error across the board or instead arise from highly heterogeneous improve-
ments across countries. Figure 6 depicts the decomposition of MSE and MAE into the two
components defined in Section 3.2: improvements in the average forecast error across coun-
tries and improvements in explaining between-country differences in forecast errors. The
results show that forecast improvements are driven primarily by reductions in the average
error across countries, rather than by improved country-specific performance. Indeed, several
damage functions reduce forecast performance along the latter dimension, an effect that is
more than offset by improvements in average forecast errors across countries. Overall, for all
damage functions, forecast improvements are driven largely by the global component rather
than by country-specific outcomes.

Finally, some years and specifications stand out by showing negative improvements in
the global growth dimension, meaning that they worsen forecasts of average global growth,
even while potentially improving cross-country differentiation. This pattern, combined with
the deteriorating MAE performance documented earlier, raises concerns, at least about the

near-term predictions of these functions.
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6 A country-level reality check for damage function

predictions

Beyond aggregate performance metrics, our approach provides a valuable reality check on
damage function predictions using country-level evidence. Figure 7 illustrates GDP per
capita projections for 2015-2019 based on the 2014 IMF WEOQO forecasts, with and without
climate impacts, compared with observed GDP per-capita growth over the same period.
Over this period, annual global mean surface temperature increased from approximately
0.9°C above pre-industrial levels in 2014 to 1.1°C in 2019. Damage functions that predict
substantially lower growth than observed raise questions about their validity for short-term
climate risks assessments, as they can be reconciled with data only by assuming much higher
counterfactual growth than implied by professional forecasts, which are typically positively
biased.

For some industrialized economies, such as Canada or Japan, as well as middle-income
and low-income countries like Egypt, Eritrea and Madagascar, the BK 2026 damage function
predicts significant reductions in GDP per capita that are at odds with observed growth
patterns during this period. The implied economic damage would have been highly salient
and widely discussed had it occurred—representing contractions or stagnation in countries
that actually experienced positive growth, in some cases even exceeding forecasts. This
discrepancy suggests that the function may overstate near-term climate impacts and should
therefore be interpreted with caution.

Notably, this inconsistency does not apply to the BHM 2015 damage function, which
predicts smaller annual impacts but more pronounced accumulation over longer time hori-
zons. This contrast highlights that the functional form of damage accumulation—whether
impacts are predominantly contemporaneous or persistent—matters substantially for val-
idation against observed outcomes. Interestingly, for several countries including Nigeria,
Mexico, Brazil, and Russia, actual economic growth was considerably lower than predicted
even by the high-impact functions, although this likely reflects non-climate factors such as
the 2014-2016 commodity price collapse and country-specific political-economic challenges.

An interesting pattern emerges when comparing damage functions that use country-
level annual temperature variations (particularly KW 2020, KLW 2022) with those that
use global temperatures indicators (COACCH, DICE 2023) or abstract from year-to-year
temperature volatility when projecting impacts (KMNPRY 2021). In some cases, particularly
in high-income countries (e.g., Germany, France and Japan), functions based on annual
temperature fluctuations generate growth projections that are considerably more volatile

than the observed trajectory of GDP per capita.
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Figure 7: Projection and climate impacts for selected example countries.
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7 Reconstructing climate impacts for Europe using a

weighted damage function

While some meta-studies aim to calibrate meta damage functions using statistical averages
of selected damage functions (Howard and Sterner, 2017, 2025), we instead use performance
metrics to construct alternative weighted averages of individual damage functions. Specifi-
cally, we build a performance-weighted ensemble of damage functions based on their average
forecast improvement in MAE relative to a baseline model. For each damage function s, we

compute the average forecast improvement across the five validation windows (2010-2014):

2014

1 Z MAE] . . — MAET
RS baseline S . 20
o — M: &Egaseline ( )
7=2010

All functions with Ry < 0 (i.e., worse than the baseline) are excluded from the ensemble.

We also exclude functions that show a clear deterioration in the country-deviation dimension

6

(see Figure 6).° For the remaining functions S* = {s : R; > 0}, we define weights based

solely on their relative forecast improvement:

R
Wy = e (21)
Zjes* Rj
This yields the following weights for the retained damage specifications (R; > 0):
Name HS 2025 COACCH DICE 2023 BHM 2015 KMNPRY 2021
Weight (ws) 0.55 0.24 0.10 0.06 0.06

Table 5: Performance-based weights for damage function ensemble. Only specifications that improve
forecast accuracy over the baseline (Rs; > 0) and do not show clear signs of deterioration in the country-
deviation dimension are included.

Using these weights, we extend the forecast horizon from 2010 to 2023, the most re-
cent year covered by our climate data source (Gortan et al., 2024). Because forecasts are
available only for five years at a time, we construct a counterfactual series by chaining suc-
cessive forecasts over the full horizon. Specifically, we use the annual one-year-ahead growth
forecast (i.e., forecast of 7 for year 7 4+ 1) to compute a GDP per capita series {@Zt:tfl},

/\T:t—l)

obtained by chaining growth forecasts as {?)[t:t_l} = Yio Hthl(l + g}, . This approach

SFor this screening criterion, we use the MSE rather than the MAE (i.e., results from the right panel of
Figure 6) because, unlike the MAE, the two disaggregated components sum to the total score improvement
for the MSE, making it more internally consistent.
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generates a GDP per capita projection under the assumption that, in each year, the one-year-
ahead forecast is realized instead of observed growth. Although forecast errors accumulate
over time and forecasts are issued at different times, the resulting series provides a quasi-
counterfactual path of economic growth that does not condition on actual realizations. By
chaining these forecasts, we construct a counterfactual GDP trajectory through 2023. We
use this projected GDP per capita series as the reference path to which we apply the esti-
mated climate-impact factors, and we report the implied climate impacts. Combining the
individual damage function estimates with the performance-weighted ensemble estimate for
2023, we focus on Europe to assess the cumulative impact of observed warming from 2010
to 2023 on European GDP

AR = w, - A% = —1.0%. (22)

sES*

This approach provides a more robust estimate of current climate impacts for Europe, and
allows comparison with bottom-up studies such as the European Climate Risk Assessment
(EUCRA) or similar work (Usman et al., 2025), thereby facilitating a comparison between
sectoral model-based estimates and climate-econometric macroeconomic estimates. The re-
ported uncertainty range reflects only part of the structural uncertainty arising from differ-
ences in functional forms and estimation approaches in the climate-economy literature. In
particular, these intervals capture cross-model variation but do not incorporate parameter
estimation uncertainty within individual damage functions. A comprehensive uncertainty
assessment that considers parametric uncertainty jointly with model uncertainty is beyond
the scope of this paper and is therefore left for future research.

The country-level estimates (Figure 8) reveal substantial heterogeneity across EU27 mem-
ber states (in the Appendix, Figure S6 shows all damage functions for these countries, while
Figure S5 shows the weighted average based on total MAE improvement). The geographic
distribution of impacts shows a pronounced north-south gradient, with Southern European
countries experiencing the most negative impacts and Northern European countries much
smaller losses. This pattern reflects both higher baseline temperatures in Southern Europe
and slower temperature increases in Northern Europe over the 2010-2023 period. The large
positive impacts estimated for Northern countries under the BHM 2015 specification are at
odds with results from other damage functions, although this specification receives a lower

weight due to its MAE-based performance.
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Figure 8: Weighted ensemble estimates of climate change impacts on GDP per capita from 2010 to 2023.
Panel (a) shows country-level estimates by individual damage function (colored points) and weighted mean
values (black dots) for EU27 countries. Panel (b) displays the geographic distribution of impacts, with darker
shades of red indicating larger negative impacts. Grey shading indicates non-EU countries.

8 Discussion

Our results offer several important insights for the climate economics literature and for the
quantification of the short-term economic impacts from climate change.

First, our methodology offers a novel approach to validating climate damage functions
that complements existing methods. Unlike traditional cross-validation approaches that
struggle with the low explanatory power of climate-growth regressions, our approach lever-
ages professional forecasts to provide a more realistic assessment of damage function perfor-
mance in explaining observed economic growth. Crucially, WEO growth forecasts account
for neither future weather shocks nor their expected impacts, as confirmed by our empirical
tests. This supports our use of these forecasts as counterfactual growth trajectories and
allows us to evaluate damage functions while circumventing concerns about omitted drivers
of growth correlated with climate variables and the resulting omitted variable bias. Nev-
ertheless, WEO forecasts have other limitations, most notably an optimistic bias. Annual
cross-country averages of forecast errors are positive in most years (Artis, 1988; Celasun
et al., 2021). Importantly, this bias dates back to the 1970s, before the world started to
experience a marked increase in global temperatures. Therefore, evidence based on annual

correlations between average forecast errors across countries and average climate impacts
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across countries should be interpreted with caution. We cannot rule out that the system-
atic negative impacts of global warming predicted by some damage functions coincide, by
chance, with the systematic optimism of WEO forecasts. On the contrary, evidence based on
the correlation between country-specific forecast errors and country-specific climate impacts
relies on many countries’ time series and should be more robust.”

Second, our findings suggest important differences among some widely used and discussed
damage functions based on their consistency with observed economic outcomes. Functions
that predict more gradual, cumulative impacts (such as Kahn et al. (2021) and van der Wijst
et al. (2023)) generate GDP losses that are more consistent with observed data than functions
predicting large responses to year-to-year climate shocks. This has important implications
for long-term climate impact projections. While our method cannot be used to assess the
general validity of competing damage functions, it suggests that those predicting gradually
increasing damages may be more safely used to improve macroeconomic projections.

Third, our results raise important questions about the validity of some implications of
the most severe damage function estimates in the literature. In particular, damage functions
such as that of Bilal and Kénzig (2026), which imply very high SCC exceeding $1,000 per
ton of CO,, predict economic contractions in several economies during 2014-2019 that are, in
many cases, difficult to reconcile with observed outcomes. This discrepancy suggests these
estimates may overstate climate impacts, at least in the short term. Our results do not
imply these damage functions are necessarily incorrect about long-term climate impacts—
small biases in annual sensitivity can compound substantially over decades. Rather, our
findings suggest their estimated short-term temperature sensitivity may be upwardly biased,
with implications both for near-term impact projections and for the credibility of long-term
extrapolations based on these parameters.

However, our analysis also has important limitations. First and most importantly, we can-
not definitively decompose forecast errors into climate-related and non-climate components—
other factors may coincidentally generate errors with the same sign as predicted climate
impacts. However, the magnitude of the observed improvements aligns reasonably well with
ex-ante expectations given the modest warming during the evaluation period. Nevertheless,
we emphasize that our approach evaluates whether damage functions can help explain fore-
cast errors, not whether they perfectly isolate causal climate effects from all other sources of

eIror.

"When evaluating damage functions, the country-specific results remove the global average forecast error,
implying that remaining country-level average forecast errors are equal to zero on average across countries.
Therefore, a damage function that mostly predicts negative impacts might perform better for the countries
with positive forecast error averages but will underperform in all the other countries. On balance, this
damage function does not benefit anymore from predicting systematic negative impacts.
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Second, our validation period (2011-2019) covers relatively limited warming (approx-
imately 0.2°C globally), so our results may not generalize to longer horizons over which
temperatures rise substantially. However, this limitation arguably strengthens rather than
weakens the policy relevance of our findings. Our analysis validates precisely the near-term
impacts most relevant for current policy decisions and investment planning. Damage func-
tions that fail to predict plausible impacts during a period of modest warming raise concerns
about their reliability for near-term projections, even if their long-term sensitivities might be
correct. For long-term impact assessment, our approach therefore complements, rather than
replaces, other validation methods such as paleoclimate evidence or process-based modeling.

Third, our approach cannot directly validate the functional form governing long-term
damage accumulation, which drives much of the variation in impact and social cost of carbon
estimates across studies. While we observe differences between functions predicting tempo-
rary versus persistent impacts, we cannot fully adjudicate between competing hypotheses
about how damages accumulate over multi-decade timescales. This remains an important
area for future research (Piontek et al., 2019; Nath et al., 2024).

Fourth, by excluding crisis years (2008-2010, 2020-2023), we avoid contamination from
extreme non-climate shocks, but we may also miss periods in which climate impacts might
be more salient or forecast errors larger. This conservative choice strengthens the validity of
our climate-naive counterfactual assumption, but it may understate the potential for climate
impacts to explain forecast errors during more volatile periods.

Fifth, a critical limitation of existing damage functions is that most econometric esti-
mates capture only short-run, localized responses to weather shocks rather than economy-
wide adaptation to persistent climate change, which we also cannot address in this work.
Recent empirical work documents substantial heterogeneity in how economies adapt across
timescales: immediate responses to weather shocks, such as labor reallocation and input sub-
stitution, differ markedly from longer-run adaptations involving capital stock adjustments,
technological adoption, and sectoral reallocation (Lemoine et al., 2025; Carleton et al., 2022;
Burke and Emerick, 2016).

Finally, our analysis focuses on impact on GDP growth and does not include other di-
mensions of climate damage, notably non-market and non-use values. These include impacts
on health, terrestrial and maritime ecosystems, direct effects on human well-being, among
others. Our findings about GDP impacts should therefore be interpreted within the broader

context of multidimensional climate risks.
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9 Conclusion

This paper introduces a novel approach to validating climate damage functions by leveraging
professional economic forecasts as a climate-naive counterfactual. Our methodology provides
both backward-looking validation of econometric identification strategies and a forward-
looking assessment of damage function performance in explaining observed economic out-
comes. Our key findings demonstrate that climate damage functions can explain meaningful
but modest portions of IMF forecast errors. The best-performing functions reduce mean
absolute errors by 0.1-0.4 percentage points, representing approximately 1-6% of baseline
forecast error, or at most 3% of average annual growth. This indicates that climate variables
contain genuine information about economic outcomes beyond what professional forecasters
capture using conventional economic indicators, while also highlighting that these effects
remain modest relative to total year-to-year economic variation during periods of moderate
warming. These results should not be extrapolated far into the future, as climate impacts
may intensify if greenhouse gas concentrations continue to rise unabated.

However, substantial heterogeneity exists across damage functions. Bottom-up models
such as COACCH, as well as specifications based on smoothed climate variation, show more
consistent performance than many functions estimated using annual climate fluctuations.
Some damage functions perform well primarily because they predict gradual GDP losses
across countries that coincidentally offset the WEQ’s systematic positive bias. In contrast,
a smaller subset of functions is also able to reduce the cross-country dispersion of forecast
errors. Most importantly, damage functions that generate very high social costs of carbon
imply economic contractions in many economies during 2014-2019 that are difficult to recon-
cile with the counterfactual scenarios produced by professional forecasters, raising concerns
about their suitability for near-term impact analysis.

For policymakers, our results validate concerns about climate-economy linkages and sup-
port the integration of climate factors into economic forecasting. At the same time, they
counsel caution in relying on the most extreme damage estimates for near-term policy anal-
ysis. Damage functions predicting social costs above $1,000 per ton appear inconsistent, at
least, with observed near-term impacts for several countries. More moderate damage func-
tions that show greater consistency with observed data may therefore provide more reliable
foundations for policy analysis, particularly over near- to medium-term planning horizons.

Despite its limitations—including modest warming during the validation period and an
inability to fully adjudicate long-term damage accumulation—our approach represents an
important step toward more rigorous validation of climate damage functions. By compar-

ing predicted impacts with observed outcomes using professional forecasts as benchmarks,
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we provide new evidence on which specifications are most consistent with historical experi-
ence, thereby complementing other validation methods in the ongoing effort to quantify the

economic impacts of climate change.
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Appendix A Additional results

Climate Variables Used in Damage Functions: USA (2010-2019)
All variables standardized (mean=0, SD=1) and shifted to 2010 = 1
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Figure S1: Climate Variables Used in Damage Functions for the United States (2010-2019)

Notes: This figure shows the evolution of all climate variables used by different damage functions
in our analysis for the USA from 2010 to 2019. All variables are normalized to 2010 = 1 to enable
comparison across different scales and units. Local annual temperature and precipitation are used
by BHM 2015, KW 2020, KLW 2022 and KMNPRY 2021. Global temperature is used by BK
relative to 1850-1900 is used by DICE
2023 and COACCH. The ABM 2025 variables include drought index (PDSI < -4), temperature
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stress (9-12 months), and extreme heat days (days > 35°C).
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Appendix B Additional information on implementing

damage functions

B.1 BHM

BHM estimate the following regression model:

In(yi) — In(yi—1) = BiTy + BoT +B3 Py + BuPi 4 Yi + a4+ 01t + O;0t® + € (23)

Used for impact projections

Their projection approach calculates the impact on annual growth (in logarithmic scale)
as the difference in the annual temperature dose-response function relative to average mean

temperature over 1980-2010:

65HM = (ﬁlTit =+ 62Tz2t> - (ﬁlTi,lQSOfQOlO + 527}?198072010) (24>

where 5; = 0.012718353 and ; = —0.00048709 (see their Extended Data Table 1, col.
1). Adopting this approach would mean that our impact estimates also include the warming
that occurred in the 1990s and 2000s. To avoid this, we instead use the 20062010 average

mean temperature as a baseline such that:

5" = (BT + B2T7) — (51T 20062010 + BT 5006—2010) (25)

Here, the choice of baseline aims to be as close as possible to the 2010 start year of our
projections while averaging across multiple years to smooth out year-to-year variations.

Note that BHM project damages as follows: y;_1 X (1 + g, + ¢;). This implicitly assumes
that growth impacts are in % of GDPpc, not in logarithmic scale (which is approximately
identical for small impacts but can diverge for more substantial impacts). Therefore, we

calculate the cumulative impact since the base year 7 as a logarithmic change following
Kalkuhl and Wenz (2020):

t

s=7+1
Lastly, as this cumulative impact is still expressed in logarithmic changes, we convert to
% of GDPpc:
ABHM
it

— cap(AE™IM) (27)
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B.2 COACCH

COACCH estimates climate change-induced GDP losses through region-specific, quadratic
reduced-form damage functions that depend on the shift in annual global mean surface

temperature vis-a-vis the 1986-2005 average (AT iobal.t,1986—2005):

COACCH __ 2
A’it = Qr (br,lATglobal,t,1986f2005 + bT,QATglobal,t,198672005) (28)

for each of the 26 regions 7 in the IMAGE integrated assessment model.® Here, a, is a
parameter estimated via quantile regression to capture region-specific different percentiles of
damages. For the central damage specification, we use a, =1V r.

We map IMAGE regions to the countries in our WEO sample using the matching files
from van der Wijst (2024). Then, we use the same region-specific damage function pa-
rameters b,; and b,o from https://zenodo.org/records/5546264 for all countries in the
respective IMAGE region. Notably, COACCH provides damage function estimates with and
without sea level rise. For comparability with the other damage functions, which exclude sea
level rise, we use the damage function parameters that do not include sea level rise impacts.

Note that COACCH damage functions return impacts in % of GDP. Therefore, no con-
version from logarithmic scale to % of GDP is required. We assume that GDP impacts (as
returned by the damage function) are equivalent to GDPpc impacts, which is equivalent to
assuming that annual climate change-driven impacts on population sizes are negligible.

Importantly, our methodology only considers impacts that materialize after the year 7
in which the respective WEO forecast is made. Therefore, we only consider impacts due to

increases in global mean surface temperature that occurred after year 7:

COACCH 2
Ait = (br,lATglobal7t,1986—2005 + b’r‘,2ATglobal7t,1986—2005) - (29)
2
(br,lATglobal,T,198672005 + br,zAngobazmlggﬁ_zoos)

B.3 KW 2020

KW 2020 estimate the following ADM1-level fixed effects regression model for the specifi-
cation that ultimately informs their GDP impact projections (see their Table 4, column 5),
using the first difference of log-transformed gross regional income per capita as a dependent

variable:

8Note that COACCH damage functions are also available for other aggregated regions of the REMIND
and WITCH model. We use the IMAGE resolution as it has the largest number of regions, allowing for a
higher granularity of impacts.
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n(yir) — In(yii—1) :\BIATit + Bo AT T 41 4 BsAT i1 + 54ATi,t—1Ti,t—1j+ﬁ5Ti,t—1

Used for impact projections

30
Be APy + Br APy Py 1+ BsAP; 11 + BoAP; 4 1 Piy—1 + BroPsi—1+ (30)

Vi + oy + 0;1t + 9i,2t2 + €t

where Tj; and P;; denote the ADM1-level annual mean temperature (in °C') and annual
precipitation (in mm), respectively. A denotes the first difference of the respective climate
variable. 0;; and 6, » denote region-specific quadratic time trends.

KW 2020 only use the four terms involving first differences of annual mean temperature
in their projections. Following their methodology, we estimate annual impacts due to year-

to-year temperature shifts in country ¢ and year t as follows:

KW = BIATy + Bo ATy Ty 1 + B3AT 41 + BaAT 1Ty (31)

where £, = 0.00641, B = —0.00109, S35 = 0.00345 and B, = —0.000718. Notably, these
coefficients are applied directly at the country level. As Emmerling et al. (2024) illustrate,
this simplification is valid (and increases the consistency with the other, mostly country-
level damage functions), as implementing KW 2020 at ADM1 and country level yield similar
results.

These level effects of year-to-year shifts are added up across years, as specified in the
Supplementary Information of KW 2020. As for BHM, we convert logarithmic changes to %

of gross regional product per capita

t

AEW = exp( Z SEWY -1 (32)

s=7+1

B.4 KLW 2022

KLW 2022 estimate a similar ADM1-level fixed effects regression model, using a slightly
modified version of the KW 2020 model that adds additional terms for day-to-day tempera-
ture variability, extreme daily rainfall, monthly precipitation deviations, and the number of

wet days (all in levels, not in first differences):
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Aln(yq) = 5?An7t + BgATi,t—l + ﬁgATi,tﬂ,t + ﬁZATi,t—lTi,t—lj‘l’

TV
Used for impact projections

BUPy + By P2+

BT + BPPRD,, + BRPRD?, + BFM RM; , + SEM RMZ +
B RD,y + 8P RD T

a; + 0 + €4

(33)

Here, T is the day-to-day temperature variability, RD,; is the annual number of wet
days with daily precipitation of at least 1 mm, Rbm is the extreme daily rainfall and RM,;,
is the standardized monthly rainfall deviation. For specific variable definitions, we refer to
Kotz et al. (2022).

Notably, KLW 2022 do not provide impact projections themselves, but the same author
team projects impacts in the (now-retracted) Kotz et al. (2024) by applying the KW 2020
methodology to an updated regression model that accounts for impact persistence. There-
fore, we apply the KW 2020 methodology to the KLW 2022 model, as done by Waidelich et

al. (2024). Specifically, we calculate annual impacts as

51*[,5(LW22 = ?Aﬂt + BQTATitTi,t + 5§ATM_1 + BZAT;',t—lT%J—l (34)

where 87 = 0.000960192, 37 = —0.002273751, I = —0.0010594136 and 8} = —0.0006545396.

Given that impact projections for the remaining climate indicators exhibit low signal-
to-noise ratios due to substantial internal variability and total damages remain dominated
by annual mean temperature (Waidelich et al., 2024),° we only use annual temperature to
project impacts.

Again, we cumulate annual impacts and convert from logarithmic changes to % of GDPpec:

t
AgLWQQ _ emp( Z 5i[s(LW22) 1 (35)
s=71+1
Notably, this implementation rests on the same assumption about implementing the

ADM1-level estimates directly at the country level (Emmerling et al., 2024).

9The dominance of annual temperature impacts for overall results was also supported by the now-retracted
Kotz et al. (2024).
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B.5 ABM 2025

ABM 2025 regress country-level GDPpc growth (in logarithmic changes) on three different
climate variables selected via LASSO, namely the share of days with daily maximum tem-
perature above 35°C', the share of days with daily mean temperature between 9-12 °C', and

the share of days that experienced a severe drought (measured through a PDSI < —4):

Aln(ylt) :BlATX?)‘[Bi,t + 62AT9130127;¢ + ﬁgAPDSI%t + Qi (36)

Importantly, their independent variables are transformed into z-scores by dividing by the
in-sample standard deviation for the respective climate variable.

Therefore, we calculate the annual impact as

SABM — 3 ATx35,, + B ATI012;, + B3APDSI, , (37)

where f; = —0.00168, 55 = 0.00144 and B3 = —0.00225 (see their Table 1, column A).
Lastly, we calculate the cumulative impact due to climatic shifts since the base year 7 by

cumulating and converting from logarithmic changes to % of GDPpec:

AIBM — eqp( Z SABMY (38)

s=7+1

B.6 BK 2026

We take the regional impulse response function coefficients of global temperature shocks from
the GitHub replication package of Bilal and Kénzig (2026). Notably, these regional impacts
are estimated based on global temperature shocks, defined as somewhat persistent devia-
tions from underlying trends and estimated through the procedure developed by Hamilton
(2018). We match the BK 2026 regions to individual countries within the macro-regions and
continents (see Table S1) and then apply the respective region-specific 5 estimates uniformly
to all countries within a given region.

We estimate annual impacts for the respective region r based on the evolution of global

temperature shocks over the 10 previous years:
10
BK hock
Oy = ZBHT;:OZZH l (39)
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BK Region Countries

CentralEast Asia CHN, MNG, TWN, HKG, MAC, PRK, KOR, JPN

Europe AUT, BEL, BGR, HRV, CYP, CZE, DNK, EST, FIN, FRA, DEU,
GRC, HUN, IRL, ITA, LVA, LTU, LUX, MLT, NLD, POL, PRT,
ROU, SVK, SVN, ESP, SWE, GBR, RUS, CHE, TUR, NOR, UKR,
SRB, ALB, BIH, MKD, MNE, BLR, MDA, ISL, ARM, AZE, GEO,
KAZ, UZB, TKM, TJK, KGZ, LIE, MCO, SMR, AND, VAT, FRO,
GIB, GGY, IMN, JEY

LatinAmerica MEX, ARG, BRA, CHL, COL, PER, VEN, URY, PRY, BOL, ECU,
GUY, SUR, GUF, PAN, CRI, NIC, HND, SLV, GTM, BLZ, CUB,
HTI, DOM, JAM, TTO, BHS, BRB, ATG, KNA, LCA, GRD, VCT,
DMA, ABW, CUW, SXM, BES, PRI, VIR, VGB, CYM, TCA, AIA,
MSR, BLM, MAF, GLP, MTQ, FLK

MiddleEastNorthAfrica EGY,LBY, TUN, DZA, MAR, SAU, ARE, QAT, KWT, BHR, OMN,
YEM, IRQ, IRN, SYR, LBN, JOR, ISR, PSE

NorthAmerica USA, CAN, BMU, GRL, SPM

Oceania AUS, NZL, PNG, FJI, SLB, VUT, NCL, PYF, WSM, TON, KIR,
MHL, FSM, NRU, PLW, TUV, COK, NIU, TKL, ASM, GUM, MNP,
PCN, WLF, NFK, CXR, CCK

SouthAsia IND, PAK, BGD, NPL, BTN, LKA, MDV, AFG
SoutheastAsia IDN, MYS, PHL, SGP, THA, VNM, MMR, KHM, LAO, BRN, TLS
SubSaharanAfrica NGA, ETH, ZAF, KEN, TZA, UGA, GHA, MOZ, AGO, CIV, MDG,

CMR, NER, BFA, MLI, MWI, ZMB, SEN, ZWE, RWA, SOM, BDI,
BEN, TGO, SLE, LBR, CAF, MRT, ERI, GMB, BWA, NAM, GAB,
LSO, GIN, COG, SWZ, DJI, COM, CPV, TCD, COD, GNQ, GNB,
MUS, STP, SYC, SSD, SDN

Table S1: BK regions and ISO3 codes

Here T;[;gg’; is the year-specific shock in global mean surface temperature taken from
the BK replication package (variable “gtmp_noaa_aw_dtfe2s”), which they calculate based
on global temperature anomaly data from the NOAA National Centers for Environmental
Information.

Then we convert to % of GDPpe:

AR = exp(d;") — 1 (40)

Importantly, this approach produces short-term results consistent with the structural
model results in BK 2026 (and directly rooted in their empirical results). However, its long-
term results would be substantially more conservative, as the effects of global temperature
shocks disappear entirely after ten years. We verify this by simulating a global temperature

trajectory that mimics the one they display in their Figure 13a and calculating impacts for
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Figure S8: Impact estimates for applying our implementation to a simulated global temperature trajectory
mimicking the model results in BK 2026.

the North America region comprising the US as an example region, as shown in Figure S8.

B.7 DICE 2023

DICE 2023 uses a reduced-form quadratic damage function with the shift in global mean

surface temperature since the pre-industrial era:

Aﬁilgft = B x ATgQIObal,t,IBSOfIQOO (41)
where 8, = —0.003467 is derived from a meta-analysis of the extant literature. As the

damage estimate is global, we apply the resulting impact uniformly to all countries and,
similar to our COACCH implementation, isolate impacts due to warming that occurred

after the base year 7:

DICE __ 2 2
AglObaLl,t - 51 * (ATglobal,t,1850—1900 - AT’globaln’,1850—1900) (42)

Notably, the DICE damage function returns impact in % of output, not in % of GDPpec.
As for our COACCH implementation, we assume that the two are equivalent (i.e., assuming

that impacts on population size are negligible).

B.8 HS 2025

Howard and Sterner (2025) provide a global damage function based on a meta-analysis of
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the existing literature, expressed as a share of global GDP relative to a baseline temperature

level. We implement the global damage as:

Ag;s;al,t = f(ATglobal,t,185O—1900) - f(ATglobal,T,185O—1900) (43)

where f(-) is the meta-analytic damage function from Howard and Sterner (2025) and
7 denotes the base year. As in our other implementations, we isolate only the impacts
attributable to warming occurring after the base period.

To distribute global damages across countries, we follow OECD (2025), who use the
country-level downscaling approach of Tol (2024). This approach allocates global damages to
individual countries based on their current climate conditions and GDP per capita, using the

20062010 average as the reference period for baseline climate and income characteristics.!’

B.9 KMNPRY 2021

For their impact projections, KMNPRY 2021 estimate the following regression model using

a half-panel jackknife estimator:

4 4
Aln(y@t) = q; + Z %Aln(yi,t_z) + Z ﬁj ATi,t_j -+ Eit (44)
j=1 =0

Here, T@t is the absolute deviation of annual temperature from its long-term historical

norm (calculated as a moving-average of length m):

- 1 &
Tio=|Tie——> Tt (45)
=1

Among the damage functions we consider here, the KMNPRY 2021 function is somewhat
unique in that it projects impacts based on differences in (linear) trends in annual mean
temperature between a scenario under climate change and historically observed trends, rather
than projecting impacts based on year-specific temperature (whether in levels, shifts, or
shocks). Specifically, GDP per-capita losses for a given year and RCP-SSP scenario due to

warming since an initial year ¢ = 0 are calculated as

0The global damage function is based on Howard and Sterner (2025) while the country-level downscaling
is following OECD (2025), who use the results of Tol (2024) to capture the current climate and GDP per
capita to distribute global damages across countries.
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Z(Ql,j — go) X Y(t — j) (46)

where
- ko) _ _ ko . Ko
go = o [0(22) — @ — 2] + 2 - o 22) (47)
Here, ®(-) and ¢(-) denote the standard normal cumulative distribution function and
the standard normal density function, respectively. gq is the expected absolute deviation of

temperature from its historical norm and g is the mean deviation implied by the historical

trend, estimated as

™ by (15)

where [ is the country-specific time trend in annual mean temperature over 1960-2014

Mo =

(i.e., their sample period).

wo in Equation 47 denotes its standard deviation, calculated as

(ag x (1+ i))o‘5 (49)

m

where w2 is the estimated volatility of annual mean temperature around its trend through-
out 1960-2014.
g1,; in Equation 46 is calculated by replacing jio in Equation 47 with

m+ 1
2
where drcop is the mean increment in a country’s trend rise under climate change relative
to the trend observed in the sample period (see Equations 10-12 in KMNPRY 2021).

~

P = X (Bo+J x drcp) (50)

Lastly, ¥ (t — j) denotes the impulse-response function derived for the regression coeffi-

cients for v and 8 in Equation 44 :

Y(L) = (L)' B(L) (51)

where (L) = 1 — Y, v} and B(L) = 3, B L

For all our results, we use results for the m = 30 historical norm. We take country-
specific estimates for the historical 5y and wy (displayed in their Table A.7) and the central
estimates for all f@(t—j) Vit—j7=0,1,..,100 (as illustrated in KMNPRY 2021, Figure 5) from
the KMNPRY 2021 R replication package on GitHub (https://github.com/scentorrino/
KMNPRY .2021), Version 1.0.1, for maximum precision.
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Notably, KMNPRY 2021 compare the historical trends over 1960-2014 against expected
trends over 2015-2100 and provide dgcpas and dropss. Mohaddes and Raissi (2025) expand
this methodology to additional scenarios, including RCP7.0. Applying their methodology
to our use case means shortening the baseline period from 2014 to 2010 and changing the
projection period from 2015-2100 to 2011-2019.

To inform this adjustment, we use Berkeley Earth data on global mean surface tempera-
ture anomalies to assess warming trends over these different periods. Estimating a linear time
trend in GMST yields 0.047°C p.a. for 2011-2019, 0.017°C p.a. for 1960-2014 and 0.017°C
p-a. for 1960-2010. Based on these results, we note that 2011-2019 warming followed a trend
that, if extrapolated into the future, aligns most closely with SSP5-RCP8.5 results as per
the IPCC AR6 Working Group I report. We also note that, at the global level, temperature
trends over 1960-2010 are extremely similar to the KMNPRY 2021 baseline period of 1960—
2014. Therefore, we estimate 2011-2019 impacts by using the original RCP8.5 estimates for
drop and the original g and wy estimates without adjustments from the GitHub replication
package. Compared to an alternative of estimating country-specific historical trends and
volatility over 2011-2019, relying on (short-term) RCP8.5 impacts ensures maximum consis-
tency with the paper’s original results, consistent with the strong warming surge observed
in the 2010s.

Appendix C Sample

The WEO data we use covers a total of N = 196 economies. Of these, two (i.e., Macao
SAR and Hong Kong SAR) are not included in the climate data by Gortan et al. (2024). An
additional 27 economies are not included in our forecast error evaluation because we cannot
implement at least one damage function for them (and choose to omit them to ensure a
consistent evaluation sample across damage functions). This is primarily because for 13
economies in question, we cannot match them to a COACCH region. In addition, some
economies are not included in the KMNPRY 2021 sample, meaning that we lack the original
parameters (e.g., the 1960-2014 temperature trend or the projected warming increment
under RCP8.5) to implement damages for these countries.

All economies with either missing climate data or impact implementation are listed in
Table S2. Economies with missing climate data are not included in our placebo regressions.

Economies with missing impacts are not included in our forecast performance evaluation.
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Table S2: WEO economies excluded from the forecast evaluation

ISO3  Country Climate data missing Impacts missing
ABW Aruba FALSE TRUE
AND Andorra FALSE TRUE
ATG  Antigua and Barbuda FALSE TRUE
BHR Bahrain FALSE TRUE
BRB Barbados FALSE TRUE
DMA Dominica FALSE TRUE
FSM  Micronesia FALSE TRUE
GRD Grenada FALSE TRUE
HKG Hong Kong SAR TRUE TRUE
KIR  Kiribati FALSE TRUE
KNA St. Kitts and Nevis FALSE TRUE
KOS Kosovo FALSE TRUE
LCA  St. Lucia FALSE TRUE
MAC Macao SAR TRUE TRUE
MDV  Maldives FALSE TRUE
MHL  Marshall Islands FALSE TRUE
NRU Nauru FALSE TRUE
PLW  Palau FALSE TRUE
SGP  Singapore FALSE TRUE
SMR  San Marino FALSE TRUE
SYC  Seychelles FALSE TRUE
TLS Timor-Leste FALSE TRUE
TON Tonga FALSE TRUE
TUV  Tuvalu FALSE TRUE
TWN Taiwan Province of China FALSE TRUE
WBG West Bank and Gaza FALSE TRUE
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