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Abstract

Standard climate—economy models rely on mean temperature projections, yet near-term economic damages
from heat operate primarily through extremes. Using IFS reforecast data as a benchmark, we show that
widely used bias-corrected climate products produce sensitivity estimates up to 33% lower for how strongly
regional warming amplifies local extreme heat frequency. We estimate a global subnational damage function
in which EHD frequency independently reduces GDP growth, and find that this extremes channel is both
economically significant and operates in parallel with the conventional mean-temperature effect. At the
near-term stress-testing horizon (AT ~ 0.85°C by 2040), mean warming is mildly beneficial through the
temperature channel, since global mean temperatures remain below the estimated economic optimum. Net
climate damage therefore comes entirely from the EHD channel. Consequently, approximating EHD frequency
correctly is crucial: projections using IFS-derived sensitivities yield 2040 damages roughly 65% higher than
those based on conventional downscaled inputs. These results reveal a structural downward bias in climate
damage projections. Accurately characterizing how regional warming amplifies local extreme heat is not a

refinement but a prerequisite for scenario analysis, macroprudential stress testing, and climate risk pricing.

Main

Climate change is increasingly recognized as an important factor influencing economic growth and financial
stability. Global average temperatures have risen by over 1°C since the preindustrial period, and each year
between 2015 and 2024 ranks among the ten warmest ever recorded (1). Extreme heat events have also
increased in frequency, intensity, and duration (2; 3; 4), causing direct impacts on productivity, health,
agriculture, and infrastructure (5; 6). It is critical to understand how the rising prevalence of extreme heat
translates into economic damages. There is evidence that markets do not efficiently price climate risk (7),
and more research is needed to clarify and monitor the systemic stress that climate change poses to the
economy and the financial system (8; 9).

Central banks and regulators now conduct climate stress tests and scenario analyses to assess the resilience
of the financial system to climate change (10; 11). These exercises, along with climate disclosures under the
ISSB (12), depend on downscaled climate projections that translate coarse global climate model (GCM) out-
put into high-resolution hazard data. The damage function—the mapping from climate hazard to economic
loss—is the critical bridge between these projections and assessments of systemic economic stress. Existing

damage functions relate mean temperature to GDP loss (13; 14; 15), with recent extensions incorporating
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temperature variability and precipitation (16; 17). However, the most recent NGFS damage function (16)
has been withdrawn from Nature pending revision, with an updated methodology not expected until late
2026 (10). Meanwhile, Bilal and Kénzig (18) estimate that 1°C of warming reduces world GDP by over
20%—approximately six times larger than prior estimates—arguing that global temperature correlates more
strongly with extreme climatic events than local temperature used in previous work. These developments
expose both the fragility of current damage functions and the underrepresentation of the extremes channel
in assessing climate-driven economic stress.

Despite the relevance for pricing climate risk and stress testing, there is limited research on how the
climate data pipeline itself affects damage estimates. Bias-corrected products such as the Global Downscaled
Projections for Climate Impacts Research (GDPCIR) (19) apply Quantile Delta Mapping (QDM) (20) to
preserve quantile-specific trends while mapping GCM distributions to ERAS reanalysis (21). Lafferty et
al. (22) showed that downscaling and bias-correction contribute substantial uncertainty to local climate
projections, but the implications for projected economic damages have not been tested. Developing a fuller
understanding of how the data pipeline affects projected damages would enable more accurate pricing of
climate risk and more robust stress testing of economic resilience.

We present a new empirical approach to examining how extreme heat exposure affects economic output and
how the choice of climate data source biases the result. First, we analyze the relationship between regional
mean temperatures and the frequency of exceeding the local extreme temperature threshold (maximum
temperature above the 95th percentile) using IF'S reforecast data globally. This provides a physically grounded
alternative estimate of how the risk of extreme heat days responds to mean warming. We then compare
this IFS-derived relationship to the equivalent relationship in the QDM-downscaled GDPCIR product and
show that the downscaled slopes—the change in extreme heat day frequency per degree of warming—are
systematically flatter. Second, we estimate a panel damage function at the admin2 level (second-order
administrative units such as counties, districts, and prefectures) in which EHD frequency enters linearly
alongside mean temperature controls, demonstrating that the extremes channel operates independently of
and amplifies the conventional mean-temperature effect, and that at near-term warming horizons (to 2040)
it accounts for virtually all projected GDP damage. Third, we project damages to 2040 under SSP2-4.5 via
two pathways—one using the downscaled slopes to derive EHD frequencies from warming, the other using
the IFS slopes—and quantify the resulting gap in damage estimates. This work conveys the sensitivity of
climate damage projections to the underlying data pipeline and can inform more accurate stress testing and

pricing of climate risk.

Estimating Heat Sensitivity from Reforecast Data

This study takes a novel approach, using ensemble reforecast data from the ECMWF Integrated Forecasting
System (IFS) to quantify the sensitivity of extreme-heat day frequency to regional mean warming. A core
challenge in studying rare temperature extremes is that the observational record, limited to a single real-
ization of past weather, rarely provides enough independent samples to estimate changes in the tails of the
temperature distribution with confidence (23; 24). The rarity of such events means that even multi-decadal
datasets can misrepresent long-term trends when internal variability dominates, and short records have been
shown to systematically underestimate return levels of high-impact heat events (23; 25; 26). Climate models
have also been shown to underestimate positive trends in the upper tail of extreme surface temperature distri-
butions by a factor of four compared to reanalysis data across global land areas (27), further motivating the

use of a reforecast-based approach. The IFS ensemble addresses this directly by producing multiple physically
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consistent simulations of past atmospheric states, substantially expanding the sample available for analyzing
rare exceedance events at the global scale (28; 29). Although the reforecast dataset was originally designed
for model calibration and performance evaluation, it is repurposed here to estimate how the probability of
exceeding local climatological temperature thresholds responds to regional warming across all land areas.
This provides a physically grounded alternative to relying on bias-corrected climate model output, whose

limitations in representing tail behavior are precisely what this study seeks to quantify.
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Figure 1: Evolution of daily maximum 2m temperature (°C) in the IFS reforecast dataset for the hindcast
year 2001, showing ensemble members across different initialization dates over California (inset). Each line
represents a forecast trajectory from lead day 0 to lead day 12. At lead day 0, all ensemble members begin
from identical initial conditions and therefore show no spread. As lead time increases, the spread widens
progressively, reflecting reduced predictability from initial conditions and greater dependence on large-scale
boundary forcing and internal model dynamics. The highlighted time series (orange) corresponds to the
forecast initialized on 24 June 2001, and is used to illustrate the ensemble characteristics at the lead time
adopted in this study.

At each grid point, we estimate how the probability of exceeding the local climatological 95th percentile
temperature threshold changes with regional warming, averaged over a spatial scale of 200 km. Since the
increased frequency of hot extremes is largely explained by a shift in the surface temperature distribution
driven by mean warming (30; 31; 32), the key question is what temperature predictor best captures this
shift. Regional temperature anomalies are preferred over local ones because they are governed by large-scale
atmospheric and oceanic processes that are both more stable over time and more consistently reproduced
across climate models (33; 34; 35). Local temperatures, by contrast, are sensitive to microscale surface
conditions and microclimatic factors that introduce noise and reduce model agreement. Regional changes also
scale approximately linearly with global mean warming (33; 34), making them a reliable basis for translating
GCM warming signals into local exceedance probabilities.

Linking local temperature extremes to regional warming in this way establishes a physically grounded
framework for estimating how extreme heat risk evolves with continued warming. To assess whether the IFS
reforecast reliably captures this relationship, Figure 2 compares the estimated slopes against those derived
directly from ERA5 observations. Both datasets show broadly consistent spatial patterns, with elevated
sensitivity concentrated in tropical and subtropical regions. Differences between the two are moderate at the

200 km smoothed scale (Figure 2, panels e,f), supporting the use of the IFS reforecast as a reliable source of
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extreme heat sensitivity estimates.

EHD Sensitivity: IFS Reforecast vs ERA5 (2001-2020 JJA/DJF)
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Figure 2: Global comparison of EHD sensitivity slopes (risk ratio per °C warming, log scale) for 2001-2020
(JJA/DJF). Panels (a,b): IFS ECMWF reforecast slopes at local (0.25°) and 200 km smoothed resolutions.
Panels (¢,d): ERA5 observed slopes at local (0.25°) and 200 km smoothed resolutions. Panels (e, f): Differ-
ence (IFS minus ERAS) at local and 200 km smoothed scales. Both datasets show broadly consistent spatial
patterns of higher sensitivity in tropical and subtropical land areas; differences are moderate, validating the
IF'S reforecast as a reliable source of extreme heat sensitivity estimates.

Divergence Between IFS and Downscaled Slopes

We compare the IFS-derived slopes to slopes estimated from the GDPCIR dataset (19), which applies
QDM (20) for bias adjustment to ERA5 and Quantile-Preserving Localised-Analog Downscaling (QPLAD)
for spatial disaggregation at 0.25° resolution.

The GDPCIR-derived slopes are systematically flatter than the IFS-derived slopes (Figure 2). That is,
for a given increase in mean tasmax, the downscaled product implies a smaller increase in the risk of extreme
heat days than the IFS relationship. The sensitivity of EHD frequency to warming is underestimated, not
the baseline frequency itself. This divergence arises because QDM anchors the bias-corrected distribution to
ERA5. QDM faithfully preserves the GCM’s quantile-specific trend—the relative change at each quantile
between historical and future periods—but the absolute distribution reflects ERA5. ERA5 is produced
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at approximately 31km resolution with parameterized convection and boundary layer physics (21), which
smooth local temperature extremes, cap peak temperatures in convective environments, and omit urban heat
island effects (36; 37; 38). The result is a reference distribution whose tails are too thin: the warm-side tail is
truncated, so a given mean shift produces a smaller increase in threshold exceedances than in the IFS, where
the tail structure is resolved by the model’s own physics. The GCM trend is preserved, but it is applied to
a distribution that is less sensitive to warming in the extremes.

To quantify this divergence, we compute land-masked global mean slopes for the IFS (local and 200 km
smoothed) and for all 15 available QDM CMIP6 models, applying a one-sample ¢-test with df = 14 (Table 1).
Ocean cells are excluded using the IFS ERA5-Land footprint.

Table 1: Global one-tailed ¢-test: IFS vs. QDM CMIP6 ensemble (15 models, df = 14). Land-masked global
means only; ocean cells excluded via IFS ERA5-Land footprint.

Scale IFSmean GCM p GCM o t D
Local (0.25°) 2.830 2.132 0.069 —38.96 < 0.0001 ***
200 km smoothed 2.808 2.320 0.096 —19.79 < 0.0001 ***

RR per °C. *** p < 0.001.

On land, IFS slopes are significantly higher than CIL CMIP6 slopes at both spatial scales (p < 0.0001).
The IFS local mean (2.83RR/°C) exceeds the GCM land mean (2.13) by 33%, and the 200 km means differ
by 21% (2.81 vs. 2.32). Supplementary Figure S2 illustrates this divergence at the city level, where the IFS
(blue diamond) and GCM ensemble (coloured circles) are plotted on a common local-vs-200 km axis for nine
major cities.

This finding is not specific to GDPCIR or QDM. Any bias-correction method that maps to a reanalysis
inherits the reanalysis tail biases. ISIMIP3BASD (39) uses W5E5—itself derived from ERA5—presenting the
same fundamental problem. Alternative downscaling methods such as BCSD (40) face analogous limitations.
The implication is structural: the pipeline from GCM to high-resolution hazard data contains a systematic
downward bias in the sensitivity of extreme heat risk to warming, with direct consequences for any damage

projection or stress test built on these products.

Extreme Heat Days as a Damage Driver

We estimate an admin2-level panel model linking economic output to extreme heat day frequency:

D, =8-Ros,i:+ X;,t(; + i + T+ € (1)

where D;; is GDP growth per capita in admin2 region ¢ and year ¢, Rgs; is the annual extreme heat
day frequency (settlement-weighted, ERA5), X, ; contains annual mean temperature and total precipitation
(ERA5 0.25°), p; and 7 are region and year fixed effects, and standard errors use the Conley (41) spatial
HAC estimator with a 500 km distance cutoff. Country-specific quadratic time trends are removed prior to
two-way demeaning via the Frisch-Waugh-Lovell theorem.

Much of the existing literature focuses on aggregate economic impacts of temperature, modeling damages
as a function of annual mean temperature and its square (13; 14). To assess whether EHD frequency captures

a distinct damage channel, we estimate a nested specification:

Dy =BT+ 527_1*2,,5 + B3Ros,i,0 + X5 10 + i + 7 + €5 (2)
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Estimated on 1,531,392 observations spanning 47,856 admin2 entities across 237 countries (1991-2022)
using the Kummu et al. (42) downscaled subnational GDP per capita dataset, the baseline coefficient is:

B =-0.0280 (SEconiey 500km = 0.0085, ¢ = —3.30, p = 0.001) (3)

A one percentage point increase in the share of summer days exceeding the local 95th-percentile threshold
is associated with a 0.028 percentage point reduction in same-year GDP growth per capita. In the fully
nested specification (EHD, T, T2, P), annual mean temperature remains positive and highly significant
(BT = +0.0080, t = +4.58, p < 0.001), with the quadratic term negative and significant (BT2 =—-2.0x1074,
t = —3.98, p < 0.001), implying an optimal temperature of T* =~ 20°C. Precipitation enters negatively
but is not statistically significant (f = —0.36). These results indicate that the extremes channel (EHD
frequency) and the mean-temperature channel operate independently and in parallel. Critically, at the
near-term warming horizon relevant to stress testing (AT = 0.85°C by 2040), the EHD channel accounts for
more than 100% of projected global GDP damages: because the GDP-weighted mean baseline temperature
(To = 17.4°C) lies below the estimated optimum (7™ = 20°C), the mean-temperature channel provides
a slight offsetting benefit (4+0.06 pp/yr), so the EHD channel alone (—0.34pp/yr, IFS local) exceeds the
total combined damage (—0.27 pp/yr). This decomposition is a back-of-the-envelope illustration that applies
the GDP-weighted panel mean T, uniformly; a rigorous assessment would aggregate entity-level EHD and
temperature channel contributions using time-varying GDP weights and would require combining the climate
drag with an explicit baseline GDP growth scenario. The T channel only becomes a net drag globally once
warming exceeds approximately 4.4 °C above the 2020 baseline—beyond any near-term stress-testing horizon
(Supplementary Figure S3). The non-linearity in climate damages therefore arises primarily from the non-
linear relationship between mean warming and EHD frequency, consistent with Bilal and Kénzig (18) and
the standard quadratic specification of Burke et al. (13). The linearity of the EHD effect implies that the
economic damage per additional extreme heat day is approximately constant across the EHD distribution.

To confirm that the estimate is not driven by any particular set of admin2 units, we implement a bootstrap
in which 10% of entities are dropped at random across 1,000 replications (Supplementary Table S1). The
bootstrap distribution is tightly centered on the full-sample estimate (Bpoor = —0.0280, sd = 0.0006), and
the coefficient is statistically significant at the 5% level in all 1,000 replications, confirming robustness to any
particular subset of admin2 units.

Supplementary Table S2 presents a comprehensive set of robustness checks. Panel A shows that the
estimate is significant across all seven standard error specifications—{rom entity-clustered (¢t = —16.6) to the
most conservative Conley 1000km (¢ = —2.7, p = 0.008)——confirming that the inference is not an artifact of
any particular approach to spatial or serial dependence. Panel B shows that the coefficient is stable when
simpler T + P controls are used instead (/3’ = —0.032, significant at p < 0.001). A natural cubic spline in
EHD frequency (4 degrees of freedom) produces a joint Wald statistic of 127.0 (p < 0.001), and the quintile
Qb estimate (Q5 vs Q1: B =-0.0033, p < 0.05) confirms that damage is concentrated in the highest extreme
heat exposure group. Panel C' shows that the lead coefficient is negligible and insignificant (B = —0.0075,
p = 0.32), ruling out reverse causality or anticipation effects. Panel D shows negative EHD effects across all
income groups—low- (—0.046) and middle-income (—0.031) regions are significant at p < 0.01; high-income
regions show a negative but marginally significant effect (—0.018, p = 0.07)—consistent with better adaptive
capacity at higher income levels. Panel E shows stability across spatial aggregation levels: the effect remains
negative and significant when data are aggregated to adminl boundaries (first-order administrative units

such as states and provinces; —0.048), consistent with measurement-error attenuation at finer aggregation.
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Damage Underestimation to 2040

We apply the damage function (Eq. 1) under three pathways:

Pathway A (QDM): GCM mean tasmax anomaly under SSP2-4.5 to 2040, converted to EHD frequency
via the GDPCIR-derived slope — damage function.

Pathway B (IFS): GCM mean tasmax anomaly under SSP2-4.5 to 2040, converted to EHD frequency via
the IFS-derived slope — damage function.

Both pathways use the same GCM warming trajectories and the same B; the comparison isolates the effect
of the warming—extremes slope on damage estimates. Results are reported for the 2035-2040 window under
SSP2-4.5, using ECS-weighted CMIP6 trajectories (ATgioba1 =~ +0.85°C above 2020 in that window). This
horizon aligns with typical stress-test windows while minimizing stationarity concerns: the IFS- and ERA5-
derived slopes are calibrated on 2001-2020 data and their validity diminishes as warming diverges further
from the historical record. These projections report the incremental GDP growth drag attributable to the
climate signal, holding all else constant; they are a stylized illustration of the damage gap and should not be
interpreted as GDP growth forecasts. Translating the climate drag into projected GDP growth rates would
require combining these estimates with a baseline growth scenario — for example from IMF or World Bank
projections — and we flag this as a priority for future work.

IFS-based methods yield a GDP-weighted AEHD roughly 65% larger than QDM-based methods (0.12—
0.13 vs. 0.07-0.08), translating into projected annual growth drags of —0.34 to —0.36 pp (IFS) versus —0.20
to —0.23pp (CIL). The gap—approximately 0.13pp per year—is already material within the 2025-2040
window directly relevant to macroprudential stress testing. Total uncertainty is wider for IFS-based methods
(+0.30-0.40 pp, 1 SE) than for QDM-based methods (£0.09-0.13 pp), reflecting large cross-model variation
in projected warming; even at the lower bound of the IFS confidence interval the damage exceeds the CIL
central estimate. Critically, the bias compounds with warming: as mean temperatures rise further from the
historical baseline, the flatter downscaled slope diverges further from the IFS slope, amplifying the damage
gap over time even within our conservative projection horizon. Figure 3 illustrates the annual growth drag

and compounded GDP loss under each pathway.
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Figure 3: Left: annual GDP growth drag (pp) by projection method. Right: compounded GDP-level loss
relative to a no-warming counterfactual. Shaded bands show £1 SE combining regression uncertainty (Conley
500km) and GCM ensemble spread in quadrature. IFS-based pathways consistently project larger losses than
QDM-based pathways.



Table 2: Projected annual GDP growth impact by 2040 (SSP2-4.5, ATy0ba1 = +0.85°C above 2020). Reg.
SE is parametric uncertainty from the damage-function coefficient (Conley 500km); GCM SE is the ECS-
weighted cross-model standard deviation of the projected impact across the CMIP6 ensemble.

Method AEHD Impact (pp) Reg. SE (pp) GCM SE (pp)
EHD channel only (Bgup x AEHD)

IFS local (0.25°) 0.120 —0.335 0.102 0.23

IF'S 200 km smoothed 0.128 —0.358 0.109 0.25
QDM CMIP6 local 0.072 —0.201 0.061 0.07
QDM CMIP6 200 km smoothed 0.082 —0.229 0.070 0.04
GDPCIR QDM-QPLAD (direct) 0.073 —0.204 0.062 0.09
EHD + temperature channels (BEHD x AEHD + BrAT + BTz(AT)Q, AT =+40.85°C at Ty = 17.4°C)
IFS local (0.25°) 0.120 —0.274 0.238 0.23%
IFS 200 km smoothed 0.128 —0.296 0.241 0.25%
QDM CMIP6 local 0.072 —0.140 0.223 0.075
QDM CMIP6 200 km smoothed 0.082 —0.168 0.226 0.04%
GDPCIR QDM-QPLAD (direct) 0.073 —0.143 0.224 0.098
Literature benchmarks under the same SSP2-4.5 trajectory

Burke, Hsiang & Miguel (2015) (13) — +0.08 1 0.02 0.03
Kotz et al. (2024) (16) — —0.31 0.16 0.14
Bilal & Kiinzig (2024) (18) — —0.23% 0.06 0.11

Reg. SE: propagated as |AEHD| x SEﬁ (Conley 500km) for our EHD-only rows; includes additional parametric uncertainty
from Br and B2 for EHD + temperature rows (/20.22 pp), which is higher because Ty < T™ & 20 °C so the temperature
channel partially offsets EHD damages; propagated from published confidence intervals for the literature. GCM SE:
ECS-weighted standard deviation of projected impact across 15 CMIP6 models (the same ensemble used in the slope t-test);
for literature studies, computed as |@damage/9(AT)| x SD(ATgcm) using each study’s central damage function and the same
ensemble (SD(AT) = 0.38 °C in the 2035-2040 window). $EHD + temperature rows report GCM SE from the EHD channel
only; the temperature channel adds <0.03 pp in quadrature and partially cancels with the EHD channel. TGDP-weighted
baseline temperature (12.0 °C) falls below the BHM optimum (7* = 12.9 °C); warming is marginally beneficial. TBK 2024
estimates a GDP-level effect (—5.6% per °C); —0.23 pp/yr is the annualised rate of the implied cumulative loss at
AT =~ 0.85°C.

21 Our EHD-based damage estimates under the IFS pathway (—0.34 to —0.36 pp/yr by 2040) are consistent
22 with mid-range estimates from mean-temperature specifications (13; 17), and broadly comparable to literature
23 benchmarks evaluated under the same SSP2-4.5 trajectory (Table 2), though direct comparison requires care
aa given differences in damage function structure and aggregation. Mean-based approaches miss the extreme
215 heat channel entirely and do not isolate whether damage operates via extremes or mean temperature. Kotz et
zs  al. (16) incorporate temperature variability but do not isolate EHD frequency. Bilal and Kénzig (18) capture
a7 the extremes channel indirectly through global temperature; our approach identifies the same mechanism at
218 higher spatial resolution through a directly observable metric. Importantly, our results show that even using
20 moderate damage function coefficients, the climate input data biases the result downward—damages are
20 underestimated regardless of which damage function is used, so long as it depends on extreme heat frequency

21 derived from bias-corrected projections.
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Figure 4: Country-level annual GDP growth drag (pp) in the 2035-2040 window under SSP2-4.5 (AT,1oba1 =
+0.85°C above 2020) for all five AEHD methods. Tropical and subtropical regions face the largest projected
losses across all methods; IFS-based methods (top two panels) show materially larger damages than QDM-
based methods (bottom three panels) in South Asia, sub-Saharan Africa, and Central America.

Discussion

This study reveals that bias-corrected climate projections systematically underestimate the sensitivity of
extreme heat day frequency to mean warming, with material consequences for economic damage estimates.
The IFS-derived relationship between warming and EHD frequency is steeper than the equivalent relationship
in the QDM-downscaled product, because the downscaling pipeline inherits ERA5’s underrepresentation of
the warm-side tail of the temperature distribution. This is a bias in the slope, how rapidly extreme heat risk
increases with warming, rather than in the historical baseline frequency. When this flatter slope is used to
project EHD frequencies forward and the result is propagated through our damage function, the consequence
is a downward bias of approximately 0.15 pp per year in projected GDP growth drag that is already significant
under moderate warming at a 2040 horizon.

The finding that EHD frequency enters the damage function linearly, alongside a statistically signif-
icant quadratic mean-temperature effect (T* =~ 20°C), has broader implications for how climate-driven
economic stress is modeled. Rather than displacing the mean-temperature channel, EHD frequency identi-
fies an independent extremes channel that operates even after controlling for the full quadratic temperature
response. This suggests that the standard quadratic temperature specification (13; 14) captures only part
of the climate damage story, and that directly modeling the extremes channel adds economically significant

explanatory power beyond mean temperature alone. This is consistent with Bilal and Kénzig (18), who
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find larger damages when using global temperature, which may correlate with extreme events, rather than
local temperature. Our results indicate that local EHD frequency provides a directly observable, spatially
resolved mechanism for capturing this extremes component, identifying it at the admin2 level rather than
through global temperature variation. Local EHD frequency increases disproportionately as the temperature
distribution shifts rightward (31; 43), and regions with short warm-side tails exhibit amplified increases in
threshold exceedances—precisely the regions where the downscaled product most severely underestimates the
warming—extremes slope.

The non-linearity in climate damages, often attributed to the quadratic temperature term in conventional
specifications, may in fact arise from the non-linear relationship between mean warming and EHD frequency
rather than from the economic response to temperature itself. Our linear EHD specification accommodates
this: the damage per extreme heat day is constant, but the number of extreme heat days accelerates non-
linearly with warming (4). This decomposition has practical value for stress testing, because it separates the
climate science question (how does warming translate into extremes?) from the economic question (what is
the damage per extreme heat day?), allowing each to be assessed and updated independently.

For the economy and financial system, the implications are direct. Climate stress tests conducted by cen-
tral banks under NGFS scenarios (10; 11) use downscaled climate projections to estimate GDP losses, sectoral
disruptions, and counterparty risks under adverse warming pathways. If the climate data underpinning these
exercises underestimates how rapidly extreme heat risk increases with warming, the resulting stress scenarios
are insufficiently severe. This matters not only for macroprudential oversight but for any application that
prices climate risk, from sovereign credit assessment to infrastructure investment to agricultural lending.
The damage gap we identify is not a tail scenario; it is present under moderate warming (SSP2-4.5) within a
15-year horizon, well within the planning horizons of governments, insurers, and long-duration asset owners.

Battiston et al. (44) showed that neglecting tail acute risks leads to underestimation of investor losses by
up to 82%. Our findings provide a complementary mechanism: even when extreme heat is explicitly modelled,
the underlying climate data understates how much extreme heat frequency changes as the climate warms.
The combination of these two effects, missing tail risks entirely, and underestimating the rate of change when
they are included, suggests that current assessments of climate-driven economic stress are conservative on
multiple fronts.

The withdrawal of Kotz et al. (16) has left the NGFS without a peer-reviewed damage function for its
long-term scenarios. Our EHD-based damage function offers a complementary approach: simpler than the
multi-variable specification of Kotz et al., more granular than the global temperature approach of Bilal and
Kénzig (18), and directly connected to an observable climate metric whose projection biases we quantify.
By linking climate science (the warming—extremes slope) to economics (the damage per EHD) through a
transparent and decomposable framework, this approach can inform the next generation of climate scenario
analysis and stress testing.

By demonstrating the sensitivity of damage estimates to the slope of the warming—extremes relationship in
the climate data pipeline, this study motivates further research to explore how reanalysis tail biases propagate
through other hazard types and damage channels. As climate change continues to intensify, understanding
how the data pipeline shapes the projected rate of change in climate risk is crucial for accurate pricing of
climate-exposed assets, robust macroprudential assessment, and sound long-term economic planning. This
study highlights that better representation of the sensitivity of tail climate events to warming, here through

the use of reforecast data, better informs the economic implications of continued warming,.

10



281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

2908

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

Methods

Estimating extreme heat sensitivity
Reforecast configuration

The ECMWEF reforecast dataset used in this study is based on IFS model cycle CY47R2, comprising an 11-
member ensemble initialized twice weekly at 00:00 UTC and covering the period 2001 to 2020. Each forecast
extends to a 14-day lead time at a horizontal resolution of 0.25° x 0.25°. The atmospheric component runs
at TCo639 resolution with 137 vertical levels and is coupled to NEMO v3.4, which uses 75 vertical levels and
a horizontal resolution of 0.25°. Forecasts are extracted at day 12 of lead time, the point at which ensemble
variance approaches observed climatology (Supplementary Figure S1) while retaining physically consistent
circulation patterns (28). Across 25 initialization dates per year and 11 ensemble members, this yields 275
data points annually and 5,500 over the 20-year record, providing a broad statistical sample for extreme value

analysis.

Threshold definition

For each grid point, a climatological 95th-percentile temperature threshold is computed from all available
daily maximum 2m temperature values pooled across years. The threshold is defined separately for the local
summer season, taken as June to August (JJA) in the Northern Hemisphere and December to February (DJF)
in the Southern Hemisphere. The 95th percentile was selected to isolate the upper tail of the temperature

distribution while maintaining a sufficient sample size for robust statistical estimation.

Exceedance probability and regression

For each year, the exceedance probability is defined as the fraction of summer days on which daily maximum
temperature exceeds the fixed climatological threshold. The relationship between exceedance probability
and temperature is analyzed in logarithmic probability space, which linearizes tail behavior and enables
consistent comparison across grid points with differing variances. The log of the yearly exceedance probability

is regressed onto the corresponding annual value of the Regional temperature indicator at each grid point:

_ dlog P(Tys)
d(Treg)

where P(Tys5) is the annual probability of exceeding the local climatological 95th-percentile threshold and

(4)

Treg is the regional temperature anomaly. The slope coefficient 3 is exponentiated to express the relationship
as the multiplicative change in exceedance probability per 1°C of regional warming, referred to throughout

as the risk ratio slope.

Regional temperature and Gaussian filtering

Regional temperature indicators are constructed by applying a Gaussian filter to the daily maximum temper-
ature field, defined in physical distance with a smoothing radius of 200 km. The filter is applied separately in
the latitude and longitude directions, with the longitude smoothing scale adjusted by cos(¢), where ¢ is lati-
tude, to maintain a consistent physical distance at all grid points. Although the Gaussian weighting formally
extends beyond the chosen radius, contributions from distances greater than approximately three standard

deviations are negligible, so the effective influence is limited to the selected scale (35). The 200 km scale
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is selected because it captures large-scale atmospheric and oceanic forcing that drives regional temperature

variability while filtering out microscale surface effects that reduce model agreement across datasets (33; 34).

Uncertainty estimation

Uncertainty in the estimated slopes is assessed through bootstrap resampling with 1,000 iterations. In each
iteration, data are sampled with replacement and a linear regression is fitted between the regional temperature
anomaly and the logarithm of exceedance probability. The resulting distribution of slope coefficients is used
to derive 95% confidence intervals. Identical procedures are applied across the IFS reforecast, ERA5, and
GDPCIR datasets to ensure that differences in estimated sensitivities reflect intrinsic dataset characteristics

rather than methodological inconsistencies.

Downscaled climate data

We use the GDPCIR dataset (19), which provides global daily tasmax at 0.25° resolution for 25 CMIP6
GCMs (45) under SSP2-4.5 (46) over 2015-2040. GDPCIR applies QDM (20) for bias adjustment to
ERA5 (21) and QPLAD for spatial downscaling. We extract daily tasmax and compute EHD frequen-
cies at the admin2 level. To estimate the QDM-derived EHD sensitivity slopes for comparison with the IFS,
we use the full GCM historical runs extending back to 1950, regressing log annual EHD frequency against
summer-mean regional tasmax anomalies across the entire available historical record. Using the full historical
run maximizes the sample of interannual variability used to estimate the slope and ensures the QDM com-
parison is not period-specific. The global one-tailed t-test (Table 1) uses the 15 models for which both slope
files and EHD projection data are available, with land masking applied via the IFS ERA5-Land footprint to

exclude ocean cells that inflate QDM global means.

Panel damage function

Panel structure. We estimate Egs. 1 and 2 on an unbalanced admin2-level panel spanning 237 countries over
1991-2022. After merging the climate and GDP growth data and dropping observations with missing controls,
the estimation sample contains 1,531,392 observations across 47,856 admin2 entities. The panel is unbalanced:
coverage ranges from 1 to 32 years per entity depending on GDP data availability. All specifications include
entity fixed effects p; (absorbing time-invariant heterogeneity such as geography, institutional quality, and
long-run income level) and year fixed effects 7 (absorbing global shocks including world business cycles,
commodity price movements, and aggregate climate trends). To control for country-specific long-run growth
trends that could confound the climate signal, we additionally include country-specific quadratic time trends,
estimated and removed prior to two-way demeaning via the Frisch-Waugh-Lovell (FWL) theorem (47).
The within-transformation (two-way demeaning) is applied iteratively to convergence. Full panel descriptive
statistics are provided in Supplementary Table S3.

Dependent variable. The dependent variable is the log first difference of GDP per capita at the admin2
level (annualised growth rate). GDP per capita data at admin2 resolution are drawn from the Kummu et al.
subnational GDP database (42), extended where possible with national accounts data disaggregated using
population-weighted interpolation. Observations with implausible growth rates (|D; .| > 50%) are excluded.

EHD frequency. Extreme heat day frequency Rys;: is constructed from ERAS daily maximum 2m
temperature at 0.25° resolution. For each calendar day and grid cell, a climatological 95th-percentile threshold

is computed over the 1990-2020 reference period using a +7-day rolling window to smooth the seasonal cycle,
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yielding a day-of-year-specific threshold at each location. EHD frequency in year ¢ is the fraction of summer
days (JJA in the Northern Hemisphere, DJF in the Southern Hemisphere) on which the threshold is exceeded.
Grid-cell values are aggregated to admin2 polygons using settlement-area weights from the Global Human
Settlement Layer (GHS-BUILT-S, R2023A) (48), time-varying across six GHS epochs (1975, 1980, 1990,
2000, 2005, 2010, 2015, 2020) mapped annually. This settlement weighting ensures that EHD exposure
reflects where people actually live rather than administrative-area averages driven by uninhabited terrain.

Climate controls. Annual mean 2m temperature (°C) and annual total precipitation (mm) are de-
rived from ERAD reanalysis at 0.25° resolution and aggregated to admin2 polygons via area-weighted mean.
These controls absorb the slow-moving component of the climate signal that may be correlated with EHD
frequency, ensuring that B captures variation in extreme heat frequency conditional on mean temperature
and precipitation levels. Their inclusion does not qualitatively affect the EHD coefficient but reduces residual
variance.

Standard error estimation. The baseline standard error is a Conley (41) spatial HAC estimator with
a Bartlett kernel and a 500 km great-circle distance cutoff. The implementation computes entity-level score
vectors S; = Y, Xitbir (where tildes denote within-transformed variables and é are OLS residuals from
the demeaned regression), then forms the sandwich estimator V = (X'X)*l(zm w;;5:55) (X' X) ™! where
w;; = max(0, 1 — d;;/500) is the Bartlett weight for entity pair (¢, j) with great-circle distance d;;. Entity
centroids are the representative points of the admin2 polygons. The Conley estimator accounts for spatial
autocorrelation in both the climate regressors and the GDP growth residuals; entity and time fixed effects

are fully absorbed prior to its application.

Robustness checks

Standard error robustness. We report the EHD coeflicient under seven standard error specifications
(Panel A of Supplementary Table S2): (i) entity-clustered, (ii) time-clustered (by year), (iii) two-way clustered
(entity and year), (iv) Driscoll-Kraay (49) with a 5-year bandwidth (robust to both cross-sectional and serial
dependence), and Conley spatial HAC at (v) 250 km, (vi) 500km (baseline), and (vii) 1000 km cutoffs. The
point estimate is identical across all seven since it derives from the same OLS regression; only the variance
estimator changes. Significance is maintained at the 5% level under all seven approaches, including the most
conservative Conley 1000 km specification.

Functional form. We assess sensitivity to three aspects of functional form (Panel B). First, we report
the simpler T + P controls specification as a robustness check against the baseline T+ T2 + P specification;
the EHD coefficient is stable (B = —0.032, p < 0.001). Second, we replace the linear EHD term with a natural
cubic spline (4 degrees of freedom with knots at the 25th, 50th, and 75th percentiles of the EHD distribution);
the joint Wald statistic is 127.0 (p < 0.001), confirming that EHD frequency is jointly significant. We also
estimate a quintile bin specification in which EHD frequency is grouped into five quintiles (Q1 as reference);
the Q5 coeflicient (B = —0.003, p < 0.05) confirms that economic damage is concentrated in the highest
extreme heat exposure group, with intermediate quintiles near zero.

Lag and lead structure. We estimate the contemporaneous effect (¢ — t) and a one-period lead
(t — t+ 1, Panel C). The lead coefficient is negligible (B = —0.007, p = 0.32), ruling out anticipation
effects or reverse causality whereby anticipated future GDP shocks drive current EHD measurement. The
contemporaneous dominance of the effect is consistent with a supply-side mechanism (labor productivity,
agricultural output) that operates within the calendar year.

Income heterogeneity. We partition the sample into World Bank income groups (low, lower-middle and
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upper-middle, high) and estimate separately (Panel D). Low- and middle-income groups show negative and
statistically significant EHD effects. The gradient from low (—0.046) to middle income (—0.031) is consistent
with better adaptive capacity and greater service-sector shares in higher-income economies reducing heat
sensitivity at the margin. High-income regions also show a negative effect (—0.018) that is marginally
significant (p = 0.07), though differences across income groups are not statistically significant from one
another at conventional levels.

Spatial aggregation. The baseline admin2 panel (47,856 entities, 1,531,392 observations) is compared
against an alternative spatial definition (Panel E). The admin! panel (N = 10,994 entities, 342,700 observa-
tions) aggregates all entities to adminl boundaries. The EHD coefficient remains negative and significant at
this coarser level (—0.048), consistent with measurement-error attenuation at finer aggregation levels.

Entity-dropout bootstrap. To assess sensitivity to any particular set of admin2 units, we implement a
block bootstrap that drops 10% of entities at random in each of 1,000 replications. Country-specific quadratic
trends are pre-estimated on the full panel (minor approximation: removing 10% of entities negligibly affects
country-level trend estimates). For each subsample, two-way demeaning and Conley SEs are recomputed
from scratch. The bootstrap distribution of B has mean —0.0280 and standard deviation 0.0006, and the

coeflicient is statistically significant at the 5% level in all 1,000 replications.

Damage projection pathways

Pathway A (QDM). For each GCM in the GDPCIR ensemble, we extract the mean tasmax anomaly under
SSP2-4.5 and convert to Rgs;; using the GDPCIR-derived slope; the estimated B from Eq. 1 translates
EHD into a GDP growth impact. Results are reported as rolling-average annual impacts over 2035-2040
(ATg10ba1 = +0.85°C above 2020).

Pathway B (IFS). For each GCM, we extract the same mean tasmax anomaly and convert to Rogs ;¢
using the IFS-derived slope (local at 0.25° and 200 km smoothed variants) and apply the same B

The multi-model mean and spread across the GCM ensemble are reported for both pathways.

Aggregation from admin2 to country and global. Projected AEHD is first computed at the IFS
0.25° grid, then interpolated to 0.1° and aggregated to admin2 entities via settlement-weighted bincount (the
same weighting scheme used for the regression). This gives a vector of entity-level AEHD; for the ~47,000
entities in the damage function sample. Entity-level GDP impacts are computed as 3 x AEHD;.

For global aggregation, entity-level impacts are averaged using GDP per capita weights (time-averaged
over the sample period from the Kummu et al. (42) dataset), yielding the GDP-weighted mean annual growth
drag AEHD x /3’ reported in Table 2. For country-level maps, admin2 entities are assigned to their ISO3
country code and GDP-per-capita-weighted means are computed within each country, producing the country-
level damage estimates shown in Figure 4. Total uncertainty on the projected impact has two independent
components. The first is regression uncertainty, propagated as SE;¢z = |AEHD| x SEB’ where SEB is the
Conley 500 km standard error. The second is GCM ensemble spread: for each method, we compute AEHD
individually for the same 15 CMIP6 models used in the slope t-test and take the cross-model standard
deviation SDgcm, converted to impact units as SEqom = | /3’ | x SDgem. The two components are combined
in quadrature as SEiota = ,/SEfeg + SE%CM, and reported as the SE column in Table 2 and the shaded
bands in Figure 3. For IFS-based methods the ensemble spread is the dominant uncertainty source, driven
by wide variation in projected regional warming across models (T at the grid cell level ranging from 0.7°C
to 2.6°C for the 2005-baseline to 2040-projection window under SSP2-4.5).
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Data availability

The ECMWF IFS reforecast dataset is available from the ECMWF data portal (https://apps.ecmwf.
int/mars-catalogue/?year=2021&type=cf&class=od&stream=enfh&expver=1). The GDPCIR dataset is
publicly available on the Microsoft Planetary Computer (https://planetarycomputer.microsoft.com/
dataset/group/cil-gdpcir). ERAD data are available from the Copernicus Climate Data Store (https:

//cds.climate.copernicus.eu). Economic panel data sources are described in Supplementary Information.

Code availability

Code to reproduce the analysis is available at [repository URL].
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Figure S1: Evolution of temperature variance across forecast lead times for the reforecast ensemble, intrinsic
variability, and ERA5 reference (constant). Ensemble variance initially inflates at short leads due to the
dominance of initial-condition uncertainty, then gradually stabilizes as forecasts lose memory of initialization.
The intrinsic variance increases steadily with lead time, approaching the ERA5 reference value by day 12,
indicating that forecast spread converges toward the climatological variability represented in ERA5. This
convergence supports the use of 12-day lead reforecasts to assess climate-driven variability.
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Table S1: Entity-dropout bootstrap (1,000 replications, 10% of admin2 entities dropped per draw, a43,070
entities retained per iteration).

B Conley 500 km SE

Full sample (baseline) —0.0279 0.0084
Bootstrap mean —0.0280 —
Bootstrap std 0.0006 —
Bootstrap 5th pct —0.0289 —
Bootstrap 95th pct —0.0271 —
Fraction [t| > 1.96 1.000

Table S2: Robustness of the EHD damage estimate. Dependent variable: log GDP growth per capita. All
specifications include region and year fixed effects and country-specific quadratic time trends. Conley 500 km
SEs unless otherwise noted in Panel A. fp < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001.

Specification N B8 SE t
Panel A: Standard error specification (B = —0.0280 throughout)

Entity-clustered 1,531,392 —0.0280 0.0017 —16.56"*"
Time-clustered 0.0127 —2.20"
Two-way clustered 0.0127 —2.20"
Driscoll-Kraay 0.0088 —3.16™**
Conley 250 km 0.0065 —4.31"**
Conley 500 km (baseline) 0.0085 —3.30"""
Conley 1000 km 0.0105 —2.67""
Panel B: Alternative controls and functional forms

T + T? + P controls (baseline) 1,531,392 —0.0280 0.0085  —3.30"*"
T + P controls 1,531,392 —0.0321 0.0085 —3.78"**
Natural spline (4df), joint Wald ' 1,531,392 F =127.0, p < 0.001

Quintile Q5 vs Q1 (top 20% EHD) 1,531,392 —0.0033 0.0016 —2.03"
Panel C: Lag structure

Contemporaneous EHD (baseline) 1,531,392 —0.0280 0.0085 —3.30"**
Lead EHD t — ¢t+1 (placebo) 1,483,536 —0.0075 0.0075 —0.99
Panel D: Income subsamples

Low income 510,464 —0.0457 0.0142  —3.21*
Middle income 510,432 —0.0306 0.0114 —2.69""
High income 510,496 —0.0181 0.0100 —1.811
Panel E: Alternative spatial aggregation levels

Admin2 (baseline) 1,531,392 —0.0280 0.0085  —3.30"**
Adminl 342,700 —0.0483 0.0122 —3.95"**
Panel F: Climate control variable coefficients (baseline spec, Conley 500 km,)

Annual temp. (°C) 1,531,392 -+0.0080 0.0018 +4.58"**
Annual temp.? (°C?) —-2.0x107* 50x107%  —3.98"**
Annual precip. (mm) —1.2x107% 20x107° —0.36
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Figure S2: Local (x-axis) vs. 200 km smoothed (y-axis) EHD sensitivity slopes (RR per °C) at nine major
cities. Blue diamonds: IFS ECMWF reforecast. Colored circles: five highest-ECS-weighted QDM CMIP6
models (BCC-CSM2-MR, GFDL-ESM4, MIROC6, NorESM2-LM, NorESM2-MM; ECS-weighted Gaussian
kernel, center 3.0K, o = 0.75K). Dashed line: y = 2 (smoothing has no effect).
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Near-term GDP damages dominated by extreme heat: T channel beneficial until AT > 4.4°C

(a) EHD vs mean-temperature damage channel (b) Regional channel breakdown at 2040 (AT = 0.85°C)
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Figure S3: Decomposition of GDP damage into the EHD and mean-temperature channels. Left: annual
GDP growth impact (pp/yr) as a function of global mean warming above the 2020 baseline, for the IFS-local
and QDM-local EHD pathways and for the mean-temperature channel estimated from the baseline regression
(Th = 17.4°C). The temperature channel is beneficial until warming reaches approximately 4.4 °C; the 2040
horizon (AT = 0.85°C, dashed line) lies well within the EHD-dominated regime. Right: regional channel
breakdown at the 2040 horizon as a function of regional baseline temperature 7. The mean-temperature
channel exceeds the EHD channel in magnitude only for regions with Ty > 28.9°C (shaded red); for the vast
majority of global economic activity the EHD channel dominates.

Table S3: Descriptive statistics for the estimation panel. Panel spans 1,531,392 admin2—year observations,
47,856 entities, 237 countries, 1991-2022. GDP growth and EHD frequency are log-differenced and share-of-
days units respectively; raw (pre-demeaning) values reported here.

Variable Mean SD Min Max
EHD frequency (share of summer days) 0.049 0.057 0.000 0.837
GDP growth per capita 0.018 0.107 —-3.077 2.939
Annual mean temperature (°C) 1744  7.85 —23.02  32.38
Annual total precipitation (mm) 1,274 1,029 0 30,577
Panel dimensions

Observations 1,531,392
Admin2 entities 47,856
Countries 237
Year range 1991-2022
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