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Abstract: Projections of future climate damages underpin environmental policy and risk 
management but depend on inherently uncertain climate data. Uncertainty in historical climate 
observations, used to train impact models and calibrate climate projections to the observed 
record, is rarely considered. We show this “observational uncertainty” contributes more than the 
spread across or within global climate models to projections of mortality, GDP per capita 
growth, and payroll. Most of this uncertainty stems from training impact models; even small 
differences in historic weather estimates can cause large differences in projected damages. 
Incorporating this uncertainty increases the spread in climate uncertainty by up to 300%, 
highlighting the importance of impact model design and the need for better constraints on 
observations, and implying a higher Social Cost of Carbon.
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Projections of the socioeconomic impacts of climate change are increasingly used to understand 
and prepare for climate risks, yet the climate uncertainties in these studies are often 
underestimated  (1). Statistical projections of the impacts of climate change on society typically 
fit an econometric model relating a historical weather variable to a socioeconomic outcome, 
creating a `dose-response function', and then project damages into the future using expected 
changes in that weather variable under increased greenhouse gases (2–6). This class of models is 
used by financial actors and policymakers to estimate future large-scale climate risks (7) and by 
researchers to estimate the Social Cost of Carbon (SCC) used in cost-benefit analyses and 
regulatory policymaking in North America and Europe (6, 8–11). 

Impact projections are inherently uncertain. No study perfectly recovers the true dose-response 
function, and no single authoritative projection of future climate conditions exists. How 
faithfully this uncertainty is represented matters for policy. Because damages tend to be non-
linear and society is risk averse, both the upper tail and the central estimate are used to determine 
the Social Cost of Carbon and motivate precautionary adaptation (11–14).

A major driver of uncertainty in impact projections is the climate data itself, through two primary 
pathways. First, future climate projections come from ensembles of Global Climate Models 
(GCMs), whose uncertainties are well-documented in the climate science literature. They come 
from three sources (15–17): scenario uncertainty in future emissions and forcings, model 
uncertainty in how the Earth system responds, and internal variability from the climate's intrinsic 
chaos. Second, estimates of historical weather conditions are used both to fit the dose-response 
function and to bias-correct and downscale the GCM output — adjusting it toward observations 
and to finer spatial resolution (2, 18) (fig. S1). Uncertainty in this historical record has not been 
systematically accounted for in the climate impact literature to date, leading to a major gap in our 
understanding of the true uncertainty in our projections. Here, we fill that gap with a large-scale 
analysis of the uncertainty in future climate damage projections due to imperfect estimates of 
historical climate. 

This uncertainty in the historical global weather record can be substantial. The location of 
ground-based weather stations is biased towards wealthier regions and populated and accessible 
areas, systematically undersampling developing countries and regions with complex topography 
(19–23). Additionally, existing station networks may provide restricted access to data for 
economic or legal reasons (2) and/or may suffer from temporal gaps in their records due to 
quality control issues, funding lapses, or conflict (21, 24). Gridded data products designed to 
plug these gaps, including complex high-resolution weather models constrained by observations 
known as ‘reanalyses’, differ in how they assimilate varied subsets of available data sources, 
producing different estimates of historical conditions at the same locations (18). For example, 
over the late 20th century, the population-weighted mean difference between the European 
Centre for Medium-Range Weather Forecasting (ECMWF)'s ERA5 (25) and NASA's MERRA-2 
(26), two leading reanalyses, is 0.7C, 1.5C, and 1.9C over the globe, in Pakistan, and in 
Guatemala, respectively. These differences increase for extremes, reaching 1.2C, 2.4C, and 
2.9C respectively for the 99th percentile of the daily temperature distribution in the same 
locations. As of 2026, there are three global, continuously updating reanalysis products publicly 
available (ERA5, JRA-3Q (27), and MERRA-2) and another half dozen statistically interpolated 
or blended gridded data products commonly used in climate impacts research, in addition to 
older reanalyses still in use. 
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Importantly, the choice of which gridded weather record to use in projections of climate impacts 
tends to either be ad hoc or based on criteria other than a product's suitability as a historical 
“ground truth”. For example, the Global Meteorological Forcing Dataset for Land Surface 
Modeling (GMFD) (28) is frequently used in impacts analyses (29–31), despite being based on 
an outdated (32) reanalysis system with few evaluations, because it is the dataset used to bias-
correct and downscale NASA's NEX-GDDP product (33), a commonly-used set of GCM 
projections. Many studies do not justify their choice of historical gridded data product or show 
only that the chosen product appears reasonable for their purpose without evaluating whether a 
different one would be better suited. 

Evaluations of the fitness-for-purpose of historical weather data increasingly exist (34–39). 
However, these studies tend to be localized and specific to particular metrics and crucially do not 
produce a self-consistent ranking of gridded weather records. More broadly, such evaluations are 
not always feasible due to a paucity of independent verification datasets, especially in poorer 
regions likely to experience the worst impacts of climate change (21, 29). Thus, even when 
evaluations are available, choosing a clear ‘best’ product to use in climate impacts research is 
difficult, if not impossible.
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In other words, the inability to know the true historical weather conditions is a critical fourth 
source of climate uncertainty in projections of climate impacts, beyond scenario, model, and 
internal uncertainty introduced above. The influence of this ‘observational uncertainty’ on the 
projected range of climate damages depends on how this uncertainty propagates to estimates of a 
population's historic exposure to weather conditions, the bias-correction and downscaling of 
future climate projections, and how these pathways interact with climate impact modeling 
decisions, including the functional form of the impact model (fig. S1). 

Fig. 1  Observational uncertainty and nonlinear impact amplification. (A) Exposure to daily temperature, fit using historical 
temperatures from four reanalyses (shown as population-weighted histograms over regions used in the fit). (B) Four dose-
response curves for the quartic polynomial relationship between annual all-cause mortality rate and exposure to daily 
temperature.  (C) Change in global population-weighted temperature between Global Warming Levels (GWLs) 0.61 (reflecting 
the late 20th century global climate) and 2 (representing a future world that has undergone additional climate change) for 
CanESM5, SSP2-4.5, r10i1p1f1, a randomly chosen future GCM projection, averaged across all four reanalysis bias-corrections. 
(D) Change in mortality rate for the same ensemble member associated with the change in temperature exposure in B, using the 
average of all four dose-response functions. All filled plots use 1-degree bins. Note that, since mortality data is only available for 
a subset of the globe, the historical in-sample climate in A is different from the baseline for B and C; the shape of the global 
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population-weighted temperature baseline distribution at GWL0.61 is shown in a dashed line (normalized to fit within the panel) 
in C for reference. See fig. S2 for a version showing only in-sample changes in temperature and mortality rate. 

Crucially, due to the non-linearity common to climate-society relationships (2, 3), even small 
differences in historical weather records can cause substantial differences in damage estimates 
when presented with extreme and out-of-sample future climate states that are expected to cause 
the bulk of changes in climate risks. For example, fitting a flexible quartic temperature-mortality 
model (29) on historical data from four different reanalysis products (Fig. 1A) produces four 
different dose-response curves (Fig. 1B). These curves may be well-constrained over commonly 
observed historic temperatures, but they diverge for the rare or wholly out-of-sample 
temperatures expected to see the largest increase in occurrence (Fig. 1C) and have the largest 
influence on changes in impacts (Fig. 1D). The mismatch between future exposure and historical 
support of the model is exacerbated if the training data (histograms in Fig. 1A) undersample 
those temperatures compared to the full global distribution (dashed line in Fig. 1C). Since the 
global distribution of exposure to temperature is strongly right-skewed (dashed line in Fig. 1C), 
even small shifts in the climate can expose substantial populations to these extreme or out-of-
sample temperatures. 

To test the importance of this uncertainty in estimates of historical weather conditions, we 
conduct a sensitivity analysis of climate impacts projections to all sources of climate uncertainty. 
We examine three dose-response functions from the statistical econometric climate impacts 
literature relating exposure to daily mean temperature to annual all-cause mortality (29) and 
national GDP per capita growth (40), and exposure to daily maximum temperature to annual 
payroll (41). These models span a broad range of common model configurations and decisions 
(see, e.g., fig. S1): different functional forms, different input variables, and different levels of 
spatial aggregation in input climate data. Among other characteristics, the mortality model 
represents state-of-the-art high-resolution nonlinear econometric climate impact modeling, the 
GDP per capita growth model is a highly-influential country-level global model, and the payroll 
model allows an exploration of the additional historical data products available to regional 
studies in data-rich areas. 

We first re-estimate these impact models using four different commonly-used reanalysis 
products and use the resulting spread of estimates as a proxy for observational uncertainty in 
estimates of historical temperature exposure. We then use them to create projections of future 
damages, using projections of daily mean and maximum temperature from the “Bias-Corrected 
and Downscaled Massive Ensemble” (BCD-ME (18)) The BCD-ME accounts for scenario 
uncertainty by normalizing changes by Global Warming Levels (GWLs), samples internal 
variability and model uncertainty by collecting up to 86 runs each of 12 GCMs, and samples 
“reanalysis uncertainty”, the spread across reanalysis products, by bias-correcting and 
downscaling separately against each of the same four reanalyses. 

We show that over much of the globe, the future spread in these estimated climate impacts is 
dominated by the choice of reanalysis, primarily through its influence on the fitting of the 
original dose-response function, with a smaller role played by its influence on bias-correcting 
and downscaling future GCM output. Though the sign of the mean change in climate impacts is 
largely unaffected by the addition of estimates based on multiple historical gridded datasets, the 
total uncertainty in future damages, and thus also the risk of extreme damages, increases 
substantially.
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Dose-response functions by reanalysis
We first refit historical relationships between mean daily temperature exposure and annual all-
cause mortality (29), mean daily temperature exposure and GDP per capita growth (40), and 
maximum daily temperature exposure and payroll (41) using four reanalysis products as 
historical exposure: ERA5, MERRA-2, JRA-3Q, and GMFD (Fig. 2A, D, G). ERA5, MERRA-2, 
and JRA-3Q represent the three available global, continuously updating reanalysis products; 
GMFD is also commonly-used in impacts studies due to its role as the bias-correction and 
downscaling target for NASA's NEX-GDDP set of GCM projections. 

Fig. 2. Impact models and damage projections across reanalyses. (A), (D), (G) Dose-response functions fit on multiple 
reanalysis products. (B), (E), (H) Mean impact projections across BCD-ME runs and reanalyses from GWL0.61 to GWL2. 
Distribution across GCMs and runs of global (C, F) or CONUS (I) mean impact projections as normalized kernel density 
estimates across BCD-ME runs and reanalyses. Rows show mortality (A-C), GDP per capita growth (D-F), and payroll (G-I) 
impacts. In the left column, mortality and GDP per capita growth dose-response functions are plotted relative to their minimum 
between 0 and 25C. The shading shows the 95% confidence interval across the statistical regression uncertainty; thick lines 
show the mean fit. Dose-response functions fit using UDel (in D) and PRISM (G) are included for reference; these were the 
original products used by each respective paper. In the middle column, hatching indicates regions where <95% of projections 
agree on signs when using the original product, dotted regions are the additional regions where this is the case when accounting 
for reanalysis uncertainty using our sample, in other words, where reanalysis uncertainty affects the robustness of the sign of the 
long-term change in climate impacts. In the right column, the distribution in blue show the range of projected impacts when only 
using the product from each dose-response function's original paper (see supplementary materials for details). Yellow borders in 
(B) show the regions with input data included in the mortality regression. 

The dose-response functions for mortality agree among the reanalyses between 0C and 25C 
(Fig. 2A, the well-sampled range of historical temperatures as shown in Fig. 1), but diverge 
strongly at colder and hotter temperatures. The dose-response functions also diverge at the 
extremes in the GDP per capita growth model of Burke et al. (40) (Fig. 2D). Using MERRA-2 
and GMFD, the ‘ideal’ temperature that maximizes GDP per capita growth, i.e., the vertex in the 
quadratic model, is 3-4C warmer than for ERA5 and JRA-3Q, and extreme heat is associated 
with lower damages. 
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For projections of payroll in the continental United States, fit on daily maximum instead of mean 
temperature, we find that GMFD estimates the least (and statistically insignificant) damages 
from an extra day above 90 F, and MERRA-2 the most. Note that the spread across reanalyses 
encompasses the dose-response functions fit on UDel (GDP per capita growth) and PRISM 
(payroll), the statistically interpolated weather products used by the original studies (Fig. 2D, G). 

In short, the choice of observational dataset has a substantial impact on the climate impact model 
fit. The relative ordering of gridded historical data product differs between impact models; 
though for both polynomial dose-response functions based on mean daily temperature, ERA5 
and JRA-3Q predict higher damages at higher temperatures, while GMFD and MERRA-2 
predict lower damages. Thus, the relationship between the choice of data product and the 
resultant climate impact model may depend on both the functional form of the impact model and 
the underlying climate metric.

Reanalysis models have different native resolutions; however, this is not the primary cause of 
differences between dose-response functions (fig. S3D-F). Reanalyses span different years, with 
GMFD data in particular ending in 2010 (for mean temperature) or 2008 (for maximum 
temperature). Again, these results are robust when fitting each model over all years with data for 
a given reanalysis (fig. S3J-L). 

Partitioning uncertainty in damages
We estimate future damages associated with each dose-response function using bias-corrected 
and downscaled climate model projections with the same reanalysis product from the BCD-ME 
(see supplementary material). On average, our damage projections resemble those of their 
original papers with higher mortality and lower GDP per capita growth in the tropics, the 
converse in the high latitudes, a transition zone in the mid-latitudes, and higher payroll damages 
in the southern United States (Fig. 2 middle column). 

Accounting for the spread across reanalyses substantially increases the likely range of projected 
damages (Fig. 2 right column), with the 95% percentile across projections increasing in 
magnitude by 104%, 42%, and 6% and the 5-95% range increasing by roughly 3.0, 2.6, and 1.5 
for mortality, GDP per capita growth, and payroll changes, respectively, when compared to 
projections using only the historical gridded data product from each original study. The sign of 
the change in impacts is largely unaffected (see Fig. 2, middle column). 

Our focus is on the sources of climate uncertainty driving the spread in these projections rather 
than the mean impact itself. We partition this spread into contributions from regression 
uncertainty and climate uncertainty, finding that climate uncertainty is larger for the majority of 
the globe (by area or population) for mortality and payroll projections, and is larger for nearly 
half of the globe for GDP per capita growth (fig. S4). We then partition the spread of climate 
uncertainty into contributions from model uncertainty, internal variability, and reanalysis choice. 
Using impacts projections driven by future climate states from up to 334 runs from 12 GCMs 
allows a representative sampling of the magnitude of internal variability (fig. S5) and model 
uncertainty (fig. S6); comparing projections using dose-response functions and bias-correction 
and downscaling procedures from four reanalyses gives an estimate of the uncertainty across 
commonly-used historical data products. 

Uncertainty in damages are dominated by the spread across reanalyses, termed “reanalysis 
uncertainty”, a proxy for the true observational uncertainty in estimates of the past climate (Fig.
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3). That is, the choice of historical product is the most important source of climate uncertainty 
for most of the globe for changes at GWL2 (93%, 86%, and 98% of locations by area for 
mortality, GDP per capita growth, and payroll, respectively, or 78%, 78%, and 96% of locations 
by population), particularly in the mid-latitudes, with model uncertainty still making up the 
majority of the spread in large parts of the tropics. 

Fig. 3. Partitioning of climate uncertainty by impact. Partitioning of climate uncertainty for projections of the impact of 
climate change on mortality (A-Ae), GDP per capita growth (B-Be), and payroll (C-Ce). Uncertainty is calculated as the variance 
across changes between GWL 0.61 (1982-2001) and GWL 2 for each metric. Maps (A, B, C) are colored by the dominant source 
of climate uncertainty, with primary colors representing areas where reanalysis (green), model (blue), or internal (red) uncertainty 
makes up more than 2/3 of the spread and lighter colors representing areas with a mix of uncertainty sources (see triangular color 
legend at bottom left). The panels on the right-hand side show the evolution of the partitioning of uncertainty over different 
GWLs for select representative locations in addition to the evolution over time of mean damages across the ensemble (solid black 
line) and the 95-percentile spread across sources of climate uncertainty (i.e., the spread across model uncertainty, internal 
variability, and reanalysis uncertainty; shown as dashed lines). Panels (Aa), (Ba), and (Ca) show the damage functions from Fig. 
2 for reference.

Reanalysis uncertainty dominates the global spread of impacts for changes across all GWLs 
studied, though the relative mix of uncertainty sources may vary -- as has been found elsewhere 
(15, 17, 42). For example, internal variability tends to have a somewhat constant magnitude 
across lead times and thus contributes a larger percentage of total variance at shorter lead times 
(with smaller changes), with model uncertainty increasing its share of total uncertainty at higher 
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GWLs (Fig. 3 right panels and Figs. S6 and S9). In line with Schwarzwald et al. (17), internal 
variability can contribute a similar or larger magnitude as the spread across GCMs to total 
climate uncertainty over large swaths of the mid-latitudes through GWL2 (fig. S10).

For changes by year instead of by GWL, model uncertainty is boosted due to differences in 
climate sensitivities between models, but reanalysis uncertainty is still the largest source of 
climate uncertainty for most of the globe for all but the shortest lead times (figs. S8, S11, and 
supplementary methods).

 
Fig. 4. Drivers of reanalysis uncertainty. Relative importance of different pathways of reanalysis uncertainty in projections of 
climate impacts between GWL0.61 and GWL 2. For each impact, the left column shows the ratio of the relative contributions to 
reanalysis uncertainty of the dose-response function pathway vs. the bias-correction and downscaling pathway and the right 
column shows the ratio of the magnitude of uncertainty through only the dose-response function pathway to the sum of variances 
from model uncertainty and internal variability (see supplementary materials for details). In the left column, Pearson's correlation 
coefficients (across locations, in log space) between variances in the dose-response fit and bias-correction and downscaling 
pathways are printed. In the right column, lack of hatching means that the spread across dose-response functions alone is the 
largest single contributor to climate uncertainty.

Pathways of observational uncertainty
Since the choice of reanalysis influences impact projections in two ways, we divide the total 
reanalysis uncertainty into contributions from fitting dose-response functions and from bias-
correcting and downscaling (Fig. 4, see supplementary materials for details). Uncertainty 
associated with fitting the dose-response functions dominates for most parts of the world 
(greenish-to-bluish regions in Fig. 4, left column). In fact, for mortality, the spread across dose-
response functions by itself is larger than the sum of variances due to model uncertainty and 
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internal variability for most of the globe (for GDP per capita growth, this is the case for nearly 
half of the globe by population).

For mortality and payroll projections, the variances in these two sources are spatially correlated, 
for the GDP per capita growth model, they are not (correlations in the left column of Fig. 4). 
Whether this is the case depends on how similar reanalysis uncertainty is in the parts of the 
temperature distribution that most affect the dose-response fits vs. in the parts of the distribution 
that most drive future damages and thus depends on a complex interplay between the functional 
form of the impact function, historical exposure, and the bias-correction and downscaling 
procedure. 

Discussion
In climate impacts studies, the choice of gridded weather record used to fit relationships between 
climate and society and to post-process GCM output has often been either ad hoc or done for 
reasons unrelated to a product's suitability to accurately represent the desired climate metrics in 
the regions of study. We have shown that this choice interacts with the functional form of the 
climate impact and other impact modeling decisions to introduce implicit uncertainty in 
projections of future climate damages of a magnitude greater than the spread across different 
GCMs in many parts of the world. In other words, the most important source of climate 
uncertainty in projections of climate impacts may be the choice of historical data product. 

Since this observational uncertainty is not commonly addressed, uncertainties in future damages 
are likely underestimated, resulting in underestimations of the Social Cost of Carbon (12, 13) and 
possible overlooking of plausible but extreme tail risks; we show, for example, that the 95th 
percentile across all projections increases in magnitude by 104%, 43%, and 6% for mortality, 
GDP per capita growth, and annual payroll, respectively, when accounting for reanalysis 
uncertainty (though we note that changes in the sign of the signal are rare). 

Uncertainty in observational datasets interacts with the modeling of climate impacts in complex 
ways (fig. S1); our sample of impacts functions and reanalyses allows us to analyze a subset of 
these pathways. We show that the partitioning of uncertainty depends not only on region and 
lead time, but also on the climate variable used and, crucially, the functional form of the dose-
response model, with the Behrer et al. (41) payroll model, based on threshold exceedances of 
maximum daily temperature, producing a different clustering of gridded historical data products 
than the polynomial, mean temperature-driven models of Carleton et al. (29) and Burke et al. 
(40). More flexible functional forms (such as polynomial-based dose-response functions) are 
particularly susceptible to reanalysis uncertainty, especially when coupled with other aspects of 
impact models that interact with the choice of historical gridded weather product (fig. S1, see 
also supplementary material on differences between the Carleton et al. ‘pooled’ and ‘interacted’ 
specifications and fig. S15 for more details).

In this study, we primarily use differences between reanalysis datasets as a proxy for the 
observational uncertainty due to imperfect estimates of the past climate, since these datasets span 
many of the commonly-used weather records in climate impacts studies. Reanalyses differ in 
which data sources (satellites, weather stations, etc.) they assimilate, how they characterize sub-
grid processes, and their resolutions. We find resolution is unlikely to explain the uncertainty in 
projected damages. We calculate reanalysis uncertainty under flat priors across reanalyses, which 
is in line with how these products are used in practice and may be unavoidable if evaluations do 
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not exist for a metric or region of interest. However, this assumption almost certainly 
underestimates the true observational uncertainty as the products used in this study share 
imperfect observations and model assumptions. None of the reanalyses studied here were 
consistent outliers in their impact on our estimate of reanalysis uncertainty; in fact, all four 
reanalyses were the largest contributor to this uncertainty for at least some impacts and locations 
in our sample (supplementary materials and fig. S16).

A reader may reasonably ask if the gridded historical climate data products analyzed here are 
fully representative of the possible data sources for climate impact studies. For global studies 
requiring high-resolution daily data across data-spare regions, reanalyses, which are based on 
physical weather models, make up the bulk of currently published products. The reanalyses 
studied here span most commonly-used products while omitting legacy products such as JRA-55 
and ERA-Interim.  Statistically interpolated or blended global daily products either depend on 
reanalyses for daily-scale variability (such as the Climate Hazard Group’s CHIRTS, which uses 
ERA5 for this purpose (43)) or statistically infill using station records with limited coverage in 
many regions of the world.

Global studies requiring mean temperature at monthly or lower temporal frequency have 
similarly limited high-resolution data options; Berkeley Earth (44) may be the only additional 
suitable product. Users should exercise caution when selecting globally complete datasets; some, 
such as CRU-TS, replace values with a location’s climatological mean when sufficient 
observations are not available (45) and therefore cannot be treated as statistically complete. 
Regional studies in areas with high observational density can sometimes take advantage of a 
greater variety of products. In North America, for example, additional products range from 
purely statistical interpolation of weather station output (such as nClimGrid (46)), to terrain-
informed interpolations (such as Daymet (47) or PRISM (48)), to blended products that also 
assimilate satellite records, to regionally-specific reanalyses (such as NLDAS (49)). 

To compare our reanalysis-based results to these other datasets, we fit the GDP per capita growth 
model using Berkeley Earth monthly temperature and the payroll model using four additional 
regional products specific to North America (fig. S11). The former falls within the range of the 
reanalyses products. In the latter case, these additional data result in a similar spread in dose-
response functions as the reanalyses, though with a somewhat larger damage estimate for the 
same maximum daily temperatures. In the absence of strong priors about the relative suitability 
of a particular subset of these additional data products, our overall conclusion, of the importance 
of observational uncertainty, remains.
In this study, we intentionally focus on a single lever to illustrate our point about observational 
climate uncertainty–differences in temperature records alone. Though all impact models 
analyzed here include annual precipitation as controls, none depend much on the choice of 
precipitation product (fig. S12), though the regression coefficients on the precipitation variables 
are indeed highly sensitive to the input product (Tables S1-S3). We note, however, that though 
characteristics of variables such as precipitation (e.g., smaller characteristic spatial scale, lower 
model skill, etc.) may result in greater observational uncertainty, generalizing a resultant 
partitioning of uncertainty in projections of climate risks based on those variables is difficult: 
variables harder to model in reanalyses are also harder to do so in GCMs, possibly resulting in 
greater model uncertainty, and hydrological variables in particular tend to be strongly influenced 
by internal variability (42, 50). 
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Previous work has begun to disentangle the causes of differences between gridded historical data 
products. For example, MERRA-2 has a known too-wet soil-moisture bias, affecting 
precipitation and temperature near the surface (51–53) and possibly explaining the substantially 
different ‘ideal’ temperatures for GDP growth predicted by the product. Future extensions of 
such work could evaluate not only the geographic regions where differences between gridded 
historical data products are most likely to affect climate impact models, but also what parts of the 
distribution are driving these differences, to highlight priorities for constraining uncertainties. 

We show an example of such an analysis in fig. S13, focusing on the GDP per capita growth 
model that, with its balanced panel of countries, is the simplest to diagnose in our sample of 
dose-response functions. We refit the model using a leave-one-out analysis by country. The 
spread between dose-response functions fit using different reanalyses generally increases when 
including tropical, poorer countries in the sample (fig. S13A, D, E), in line with well-known 
biases of climate observational network densities towards richer countries in the Global North 
(20–22). Two additional failure modes are highlighted: Rwanda, where differences between 
reanalyses increase dramatically during the Rwandan Civil War and Genocide and take more 
than a decade to recover, in line with the conflict's disruption to the local meteorological network 
(20), and Cabo Verde, where an error in the GMFD ocean fields creates a spurious signal in 2007 
and 2008 (fig. S13B, C).

We emphasize that the ‘observational’ reanalysis uncertainty highlighted in this paper is 
epistemologically different from other sources of climate uncertainty in that gridded historical 
data products are estimates of the actual realized climate at every location and metric of interest. 
They are, however, necessarily imperfect due to incomplete and biased observations. Evaluations 
to identify best-performing products exist for certain parts of the world, though this exercise is 
non-trivial: apart from the challenges of evaluating area-averaged gridded variables using point 
sources, ‘ground truth’ in-situ observations contain systemic biases themselves, are rare in 
regions likely to experience the worst effects of climate change, and extant verification datasets 
are often not independent from the gridded weather records (19–23). All evaluations are not 
equally useful, especially if they do not cover the features of climate distributions most relevant 
to projections of climate impacts. Simple climate impact models such as the ones studied here 
can serve as a filter to highlight where tail behavior has the largest consequences for projections, 
though in doing so, they may hint at a fundamental limit to constraining observational 
uncertainty in future projections. As we have shown, for particularly flexible functional forms, 
climate impact model behavior is most poorly constrained in the out-of-sample temperature 
range expected to cause the largest change in damages. 

We also note that we focus here on the quantifiable, implicit, and inherent uncertainty that stems 
from the use of climate data in projections of climate impacts and is realized through the spread 
across or within GCMs and across reanalyses. The credibility of this range depends on reanalysis 
skill in replicating the historical climate and GCM skill in modeling the real climate, respectively 
(and, additionally, how well GCMs replicate the real-world relationship between GWLs and 
local temperatures). In some regions with particularly poor in-situ weather measurements or in 
areas with known systemic biases in GCMs, users of climate and climate impact projections in 
risk contexts may be limited by the constraints of what is currently able to be modelled. 

We conclude with three sets of recommendations. First, we urge impact modelers to test the 
sensitivity of their results with a variety of latest-generation gridded historical weather data 
records, especially if no evaluation of these products exists for variables of interest in the regions 
of study. It is also crucial to consider how the choice of functional form may cause the range of 
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out-of-sample impacts to be more or less constrained, especially given the reality that ‘perfect’ 
historical climate observations are unattainable.

Second, we call for research into better constraining historical observational uncertainty, though 
we recognize that this may not be feasible in all cases (barring data rescue operations, the density 
of the historical observational network in the past is fixed, for example). An impacts-informed 
approach to studying observational uncertainty, using dose-response functions from the literature 
as done in this paper, can help highlight at what parts of the distribution of climate variables and 
in what regions of the world discrepancies between observational data products are most likely to 
affect projections of climate impacts, and thus help target improvements in these products.

Finally, our results suggest that an auditor of future climate impact projections, be it in academia 
or elsewhere, may not only wish to ascertain that projections capture the well-known uncertainty 
from models and internal variability, but also demand to know which estimate of the historical 
climate they assume to be the ‘ground truth’.

Climate projections from ensembles of GCMs and estimates of climate risks using those 
projections concretely influence decision-making, through for example their role in financial risk 
modeling or in cost-benefit analyses through estimates of the Social Cost of Carbon. Good 
decisions need good data; as has been shown in the literature on climate forecasting, for 
example, the value of accurate information about future climate states is substantial (54), as are 
the costs when access to that information is limited or unequal (55). On longer timescales, we 
have shown here that uncertainty in projections of climate impacts is strongly affected not just by 
the spread across GCMs or modeling decisions underlying estimates of climate-society 
relationships, but also by imperfect historical estimates of the true weather, whose uncertainty is 
higher in poorer, hotter countries. Considering and constraining this uncertainty is therefore 
crucial to supporting decisions in climate adaptation and mitigation contexts and to painting an 
accurate picture of the tail risks of climate change. 
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Additional bias-corrected and downscaled runs were generated using the publicly available 
replication code for the BCD-ME at https://github.com/ks905383/bcd_me.
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Materials and Methods
Fitting dose-response functions
We use three dose-response functions from the climate impacts literature: Carleton et al. (2022) 
(29),  relating exposure to daily mean temperature at the ADM2 level to annual all-cause 
mortality using a quartic polynomial; Burke et al. (2015) (40), relating exposure to daily mean 
temperature at the country level to annual growth in GDP per capita using a quadratic 
polynomial; and Behrer et al. (2021) (41), relating exposure to daily maximum temperature and 
annual payroll at the U.S. county level using a threshold-defined model. These three dose-
response functions have different levels of spatial aggregation, different metrics of temperature, 
and different functional forms for the dose-response function. Thus, they provide an illustrative 
sampling of methods used across the empirical climate impacts literature (for details on the 
relevant factors for assessing observational uncertainty, see fig. S1). 
Each of the three applications has a generic formulation for the model used to estimate the causal 
effect of weather variation: 

Y = f r
Y (T r )+  αr

Y+εr
Y

for outcome Y estimated using data from historical gridded weather product r in a functional 
form f() that depends on climate variability T and various fixed effects  and residual . 

Our aim is to test the sensitivity of these climate impact models to sources of climate uncertainty. 
For Carleton et al. (2022) (29), we use their simplified age-combined ‘pooled’ model, which fits 
one dose-response function for the entire sample (as detailed in their Supplementary Section 
D.2): 

f r
mortality=  ∑

k =1

4

βk ,r∑
d=1

365

T r ,d
k +qr

for daily ADM2-level temperature Td and a country-specific function of daily precipitation qr, 
with precipitation represented as a second-order polynomial, summed across the year. We use 
their preferred age-combined pooled specification, with agegroup-ADM2 and agegroup-country-
year fixed effects. 
Similar to its use in Carleton et al. (2022) (29), the pooled model allows for a more 
straightforward sensitivity analysis to differing assumptions about climate data. Though the 
external validity of the model may be limited by the removal of adaptation effects, the pooled 
model is more stable and reanalysis uncertainty is reduced (see Supplementary Text on the 
choice of ‘pooled’ vs. ‘interacted’ specifications and fig. S12); the magnitude of observational 
uncertainty would be larger with their preferred model. 
For GDP per capita growth, we use the preferred specification of Burke et al. (2015) (40) as in 
their Equation 15: 

f r
∆GDP=  β1 , r T r+β2 , r T r

2+β3 , r Pr+  β4 , r Pr
2

for population-weighted country average mean annual temperature T and precipitation P. 
For payroll, for simplicity, we use the non-dividend, dry-bulb specification of Behrer et al. 
(2021) (41), based on their Equation 2 (specification 1 in their Table SI1): 

f r
payroll=  β1 , r DA 90r+Xr
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for days above 90F DA90 in each U.S. County, and other climate variables X, including annual 
average precipitation and days in 10F temperature bins from 0 to 90F (excluding the 70-80F 
bin).

Historical climate data
For each study, we use publicly-available replication code and data, replacing the historical 
weather data used in f() above with new estimates of the same metrics from four reanalysis 
products: the European Centre for Medium-Range Weather Forecasting’s ERA5 (25) NASA’s 
MERRA-2 (26), the novel Japan Meteorological Agency’s JRA-3Q (27), and GMFD (28, 33). 
ERA5, MERRA-2, and JRA-3Q are the three available latest-generation, continuously updating 
global reanalysis products; we also include GMFD as it is used as the “ground truth” for NASA’s 
NEX GDDP set of bias-corrected and downscaled climate projections. ERA5 (60–62), 
MERRA-2 (63, 64) and GMFD (29–31, 65) have been used extensively to fit climate impact 
models, as has JRA-3Q’s predecessor, JRA-55 (66–68). We use daily temperature and 
precipitation for each product; for MERRA-2, we use the ‘bias-corrected precipitation’ 
(‘PRECTOTCOR’) variable instead of model output precipitation. 
As reference, we also use the datasets by Willmott et al. (2001) (69) (commonly referred to as 
“UDel”) and PRISM (48) to compare results to those by Burke et al. (2015) (40) and Behrer et 
al. (2021) (41) in their original papers, respectively. 
Our primary results are based on the four reanalyses above, since these are the products used to 
bias-correct and downscale the BCD-ME, and, especially for the mortality model, which requires 
global daily temperature, make up a representative sample of the existing products in use for 
impacts studies. However, other products exist; to test how our results compare to other gridded 
historical climate records, we show in fig. S11 the GDP per capita growth and payroll models fit 
with 1 and 4 additional historical data products, respectively. The GDP per capita growth model 
was additionally fit with temperature data from the Berkeley Earth monthly land temperature 
record (44), referred to as BEST in the figure. Since BEST is a temperature-only record, we use 
precipitation data from ERA5 in this regression. We additionally fit the payroll model with daily 
maximum near-surface air temperature data from Daymet (47), nClimGrid (46), NLDAS (49), 
and Wolfram Schlenker’s “Fine-Scaled Weather Dataset” (59), which uses the PRISM 
methodology but with a spatiotemporally homogenous station dataset as input (referred to as 
“PRISM-Schlenker” in fig. S11). For these regressions, we use precipitation from PRISM.
All products used are listed in Table S4. 

Regression parameters and specifications
For our main results, we estimate separate regression coefficients for each reanalysis. To ensure 
comparability, we fit each model using all years that have data in all reanalyses. This reduces our 
input sample size, since each historical gridded data product spans a different number of years. 
GMFD in particular has no mean temperature data available past 2010 and no maximum 
temperature data past 2008, which especially for the payroll model, can substantially reduce the 
input sample size. We thus additionally fit each model using all years available for each 
reanalysis; results are nearly unchanged for mortality and GDP per capita growth and similar for 
payroll (fig. S3J-L).
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We fit each model using reanalysis data re-gridded to a common 0.25-degree grid (the resolution 
of ERA5 and GMFD) using bilinear interpolation. This is a higher resolution than that of 
MERRA-2 (0.5 x 0.625-degree) and JRA-3Q (0.375-degree). To test the sensitivity of our results 
to these differences in resolution, we additionally fit each model using reanalysis data re-gridded 
to a common 1-degree grid (a lower resolution than the native resolution of all used products), 
with similar results (fig. S3D-F). 
We aggregate gridded reanalysis data to ADM2 (mortality and payroll) or ADM1 (GDP per 
capita growth) shapefiles using area-weighted averaging, accounting for partial overlaps between 
grids and polygons using the xagg package (70). We additionally weigh by population density, 
using 2000 population from the 4th Edition of the Gridded Population of the World (GPW4) 
dataset, hosted at NASA Earthdata (71). We use the 2.5-arc-minute resolution population dataset, 
and conservatively regrid it to the 0.25-degree grid of the BCD-ME climate data. For mortality 
and payroll, we calculate nonlinear climate parameters (such as summed polynomial 
temperature) at the grid cell level before aggregating; for GDP per capita growth we follow the 
original source and calculate polynomial terms from ADM1-average temperature and 
precipitation. 
To estimate the statistical uncertainty from each regression (as in fig. S3G-I and fig. S4), we fit 
each model jointly across reanalysis products, interacting each term with a dummy for each 
reanalysis; this mathematically separates the estimation of regression coefficients across 
reanalyses (i.e., the coefficients are identical to the case of running a separate regression for each 
product) but jointly estimates their covariance. Since the different reanalyses are not 
independent, this avoids overestimating the resulting errors. We sample the resultant regression 
uncertainty using 1000 draws from a parametric bootstrap from the jointly-normal estimated 
variance-covariance matrix.
Regression coefficients by input reanalysis or other data products are shown for the main 
specifications summarized above, using the same calendar years for each product, in Tables S1-
3. 

Historical product T (x 10-3) T2 (x 10-3) T3 (x 10-3) T4 (x 10-3)
ERA5 -4.54 -1.14*** -38.46 2.85***

(9.15) (0.51) (36.88) (0.97)
GMFD -7.73 -1.91*** 66.70* 0.01

(10.95) (0.63) (34.09) (0.79)
JRA-3Q -7.43 -1.52*** -14.56 2.25***

(9.07) (0.49) (31.30) (0.83)
MERRA-2 -16.31* -0.88** -2.39 1.46**

(8.73) (0.44) (31.96) (0.73)
Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table S1 Regression coefficients for the mortality model. Coefficients shown are for the base regression specifications, using 
only years (1980-2010) available in all gridded historical products. In the regression, temperature is in degrees C. 
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Historical product T (x 10-2) T2 (x 10-4) P  (x 10-5) P2 (x 10-9)
ERA5 1.54*** -5.69*** 1.28 -4.31**

(0.47) (1.30) (1.03) (1.95)
GMFD 1.92*** -5.91*** 10.96* -38.61

(0.61) (1.58) (6.44) (35.34)
JRA-3Q 1.48*** -5.98*** 1.15 -5.08**

(0.48) (1.41) (1.12) (2.39)
MERRA-2 1.31** -4.17*** -0.00 -0.60

(0.55) (1.40) (0.72) (0.63)
UDel 1.37*** -4.93*** 1.62 -5.33*

(0.46) (1.29) (1.19) (3.02)
Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table S2 Regression coefficients for the GDP per capita growth model. Coefficients shown are for the base regression 
specifications, using only years available in all gridded historical products (1980-2010). In the regression, temperature is in 
degrees C and precipitation is in mm/day. 

Historical product # days > 90F (x 10-4) P (x 10-3)
Daymet -5.78*** -2.74*

(1.24) (1.47)
ERA5 -1.87 2.11

(1.15) (1.62)
GMFD -1.52 -1.41

(1.22) (1.37)
JRA-3Q -4.44*** -4.11**

(1.18) (1.80)
MERRA-2 -4.36*** -1.93

(1.08) (1.56)
 NLDAS -6.72*** -6.25***

(1.15) (1.48)
PRISM -4.11*** -3.07**

(1.18) (1.46)
PRISM-Schlenker -5.38*** -2.63*

(1.21) (1.48)
nClimGrid -2.99** -1.54

(1.22) (1.50)

Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table S3 Regression coefficients for the payroll model. Coefficients shown are for the base regression specifications, using 
only years available in all gridded historical products (1986-2008). In the regression, precipitation is in units of mm/day. 
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Sensitivity of impact models to precipitation data
All three impact models analyzed here use annual precipitation as a control. To estimate the 
sensitivity of these models to precipitation inputs, we create cross-estimates of dose-response 
functions across reanalyses using temperature and precipitation from all four reanalyses and 
additionally UDel and PRISM for GDP per capita growth and payroll, respectively (fig. S12). 
For example, we fit the mortality dose-response function using ERA5 temperature, but ERA5, 
MERRA-2, JRA-3Q, and GMFD precipitation. The mortality model is largely insensitive to the 
choice of rainfall data. The GDP per capita growth model is only substantially changed by the 
use of UDel precipitation. The payroll model is more sensitive to the choice of precipitation data, 
but shuffling precipitation inputs generally does not change the ordering of products by projected 
damages. 
Note, however, that for especially the mortality and GDP per capita growth models, coefficients 
on precipitation controls may vary widely between products without substantially changing the 
overall dose-response function (Tables S1-S3). 

Projections of climate impacts
We generate projections of climate impacts by inputting changes in mean (mortality and GDP 
per capita growth) or maximum (payroll) daily temperature between historical and future periods 
from GCMs into the impact models described above. Since GCMs are coarse in resolution and 
“biased” in their mean states and higher moments compared to the real world, we require bias-
corrected and downscaled GCM output. For consistency with the dose-response functions (since, 
given differing native resolutions and model characteristics, impacts of exposure to a given 
climate state trained on a particular reanalysis are not exactly comparable or interchangeable 
with those trained on other historical gridded data products), these projections must be bias-
corrected and downscaled to the same reanalyses used in training the impact models. 
To fully estimate the climate uncertainty in these projections, we additionally require climate 
projections that adequately sample model uncertainty and internal variability, in addition to 
accounting for scenario uncertainty. 

Future BCD-ME climate projections
We primarily use the novel Bias-Corrected and Downscaled Massive Ensemble (BCD-ME (18)) 
a set of over 1,400 projections of daily mean and maximum temperature developed for the 
express purpose of diagnosing uncertainty in projections of climate impacts. This ensemble is 
based on “Large Ensembles” of GCMs (see Table ) from the 6th Phase of the Coupled Model 
Intercomparison Project (CMIP6; the current state-of-the-art set of GCMs), which sample 
internal variability by providing multiple model runs for each greenhouse gas forcing scenario, 
with initial conditions slightly varied between ensemble members (72). Due to the chaotic nature 
of the climate system, these runs quickly diverge to span a broad range of possible climate states 
for a given set of forcings. 
To focus on aspects of uncertainty in climate data alone, the BCD-MEs correct for scenario 
uncertainty by using climate data in 20-year increments organized by Global Warming Level 
(GWL) rather than by calendar year. In other words, data from any Shared Socioeconomic 
Pathway (SSP, (73)) is taken, and its calendar year axis is translated into global mean surface 
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temperature anomalies vs. its 1850-1900 average. Following Seneviratne and Hauser (2020) (74) 
and Batibeniz et al. (2023) (75), for each climate model ensemble member we calculate the 
global mean surface annual temperature anomaly and compute a 20 year moving average. Then, 
for each GWL, we find the first year that this moving average crosses the given GWL, and 
define the 20 years around this year as the climate for this GWL. We thus produce 20-year time 
series for GWLs 0.61 (following Seneviratne and Hauser (2020) (74), representing 1982-2001 in 
the real world—as estimated by the HadCRUT5 (76) dataset—as a reference time period) and in 
0.5-degree increments for as many GWLs as are crossed in a given simulation. For reference, in 
HadCRUT5, GWL1 reflects 2001-2020 in the real world. Since the BCD-ME outputs 20-year 
average statistics of the climate, all impacts projections are calculated as the impact due to the 
average annual climate across these 20 years.

By normalizing across GWLs, the BCD-ME has allowed us to consciously ignore scenario 
uncertainty and focus on uncertainty in the climate data itself. Our choice also avoids the 
difficulties in accurately estimating scenario uncertainty, which, besides depending nontrivially 
on the subjective choice of scenarios is also hampered by the limited number of GCMs that have 
published data from multiple runs over all desired scenarios. 
The use of GWLs implies that metrics of interest vary only with average warming and are not 
pathway-dependent (and thus scenario-dependent at a given level of warming). This is the case 
for temperature and across the ScenarioMIP experiments (18, 74). Thus, GWLs, in addition to 
controlling for scenario uncertainty, provide a way to study future impacts that is agnostic to 
climate sensitivity, helping avoid the so called “hot model'” problem from GCMs with 
unphysically high climate sensitivities in CMIP6 (77). Furthermore, we are thus able to boost the 
ensemble size for each GCM by pooling runs based on different SSPs, allowing for better 
accounting of internal variability, since otherwise many large ensembles have data available for 
fewer ensemble members per SSP than are necessary to characterize internal variability (see, 
e.g., (78)). Removing climate sensitivity does, however, reduce the influence of model 
uncertainty compared to projections indexed by year; we test the magnitude of this effect in the 
Methods section on additional climate projections by year and fig. S9. 
The BCD-ME uses Quantile Delta Mapping (QDM (79)) to bias-correct GCM runs to each 
reanalysis, using maps by day-of-year (with a 31-day moving average) between empirical 
quantiles of GCMs and reanalyses to account for fine-grained, non-parametric shifts in climate 
distributions. The baseline for this mapping is conducted at GWL0.61 in both models and 
reference reanalysis datasets; we thus assume that, at the same GWL, the real climate and the 
climate of a GCM run are equivalent draws from an underlying distribution of internal 
variability, with the evolution of the ensemble member between GWL0.61 and warmer climates 
representing not only global warming, but also that ensemble member's evolution of patterns of 
internal variability. 
The BCD-ME uses Quantile-Preserving Localized Analog Downscaling (QPLAD (80)) to 
downscale 1-degree bias-corrected runs to the 0.25-degree resolution needed. For each 
reanalysis, a downscaling map from 1 to 0.25 degrees is calculated as the difference between the 
empirical cumulative distribution functions (CDFs) at the two scales, and then applied to each 
GCM run, downscaling each value based on the downscaling map for its quantile and day-of-
year. As before, CDFs are calculated by day-of-year using a 31-day rolling average across years 
centered on that day-of-year. 
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We show that the downscaling procedure does not affect our primary results by also replicating 
them using 1-degree-resolution bias-corrected data in fig. S8. 

Uncertainties from bias-correction and downscaling methodologies
Our projections of climate impacts are based on the BCD-ME, which uses one of a wide range of 
commonly-used methodologies to bias-correct and downscale future climate projections. 
Lafferty and Sriver (2023) (81) show that this choice of post-processing method can have a 
substantial impact on total uncertainty and thus the total climate uncertainty in our projections is 
still likely underestimated. However, since our primary conclusions hold even when only 
considering the spread across dose-response functions trained on different reanalyses (Fig. 4), we 
expect the choice of historical gridded data product to outweigh model uncertainty and internal 
variability for much of the globe regardless of the method used to post-process GCM output.

Regions for projected impacts
We aggregate projected nonlinear climate metrics from the 0.25-degree BCD-ME grid to the 
regional level. For projections of mortality, we use the custom “impact regions” of Carleton et al. 
(2022) (29) which consist of 24,378 sets of political regions that are roughly internally consistent 
in terms of climate and roughly comparable in terms of population. For projections of GDP per 
capita growth (global ADM0) and payroll (ADM2 in the continental United States), we use the 
same regions that were used to fit the corresponding models.
For simplicity and to isolate uncertainty in climate data, we assume populations and population 
structure remains constant from the historical training period. As before, aggregate the gridded 
climate data to these regions using the xagg (70) package. We additionally weigh by the same 
constant 2000 population densities used to aggregate reanalysis data; since we are interested 
primarily in the sources of climate uncertainty in these projections, keeping the population 
geography constant avoids introducing additional scenario uncertainties. 

Samples of GCMs and ensemble members
We first verify that we adequately sample internal variability. We calculate the minimum number 
of runs needed to characterize the internal spread of a GCM by, for each GCM, resampling 
impact projections across ensemble members with replacement for an increasing sample size. 
For each sample size n (with n reaching from 2 ensemble members to the maximum number of 
ensemble members N available), we draw 100 subsets of n ensemble members and calculate the 
variance across each subset. As n increases, the mean across subset variances eventually 
converges to a value we term the “final” or “true” internal variability, and which we estimate as 
the mean across the mean variance over the last 5 sample sizes, i.e., from n = N-5 to n = N. 
Fig. S5 shows maps of the maximum across GCMs of the n needed to reach 85% of the “final” 
internal variability, in other words, a metric of how many ensemble members per GCM are 
needed to adequately characterize internal variability. The largest “Large Ensemble” (CanESM5) 
in the BCD-ME contains 86 ensemble members, giving a wide range of n for which to test the 
stability of estimates of internal variability. We show in fig. S4 that, for each impact, the required 
n is 13 or less for the vast majority of regions. 
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We then verify that we adequately sample model uncertainty. Unlike for internal variability, for 
which each GCM ensemble member is a quasi-random sample, each GCM is not a random 
sample across the model uncertainty of a generation of GCMs. GCMs share code and have 
common ancestors along a limited set of ‘genealogies’ (82), some GCMs are ‘tuned’ to common 
metrics such as top-of-atmosphere energy balances (83) and some models have systemically 
different climate sensitivities than others (77). The BCD-ME provides data for the 12 CMIP6 
models that have been run with many ensemble members as Large Ensembles, but we must not 
only identify how many GCMs are needed to sample the spread across the BCD-ME, but 
whether the BCD-ME adequately samples the spread across GCMs of the latest generation. 
To do so, we expand the BCD-ME using one run each of an additional 10 GCMs (see Table ) 
representing in total all GCMs with daily mean and maximum temperature available on the 
Pangeo cloud data store (https://gallery.pangeo.io/repos/pangeo-gallery/cmip6/) and a larger 
subset of the full CMIP6 spread. These projections are processed in the same way the original 
BCD-ME ensemble members are. Similar to before, we draw 100 sets of m GCMs with 
replacement, with m increasing from 2 to M=22, the total number of GCMs tested, and calculate 
model uncertainty for each subset as the variance across GCMs. Since in our sample only the 
GCMs in the BCD-ME have data for many ensemble members, we randomly draw a run from 
each GCMs chosen in a particular subset. Though the variance across a subset therefore captures 
both model uncertainty across GCMs and internal variability implicit across random draws from 
each GCM, this comparison is preferable to taking the mean across ensemble members for Large 
Ensembles, which would result in artificially reduced variability for the BCD-ME sample vs. the 
22-GCM sample. 
As before, as m increases, we expect the variance across subset variances to eventually converge 
to a “final” model uncertainty, which we estimate as the mean across the mean variance over the 
last 5 sample sizes, i.e., from m = 22-5 to m = 22. Since this method by necessity samples both 
model uncertainty and internal variability, convergence is slower than across runs within a GCM, 
with a large range of estimated model uncertainties within each subset (fig. S6 right panels, 
shaded areas). Nevertheless, for the vast majority of regions, on average fewer than 8 GCMs are 
needed to reach 85% of the `final' uncertainty (fig. S6, maps), and the uncertainty across the 
BCD-ME sample is representative of the uncertainty across the full 22 GCMs tested (fig. S6, 
hatching in maps and right panels). 
We therefore feel confident that, on average, we are adequately sampling both model uncertainty 
and internal variability. 
Since GCMs have different climate sensitivities, not all BCD-ME runs reach all GWLs. 
Additionally, each GCM in the BCD-ME has a different number of ensemble members. To allow 
for self-consistent comparisons across models and GWLs, unless otherwise labeled, figures are 
based on 13 randomly chosen ensemble members from the 8 GCMs that have at least 13 
ensemble members reach GWL2.5 (10 ensemble members from 7 GCMs for payroll, since the 
BCD-ME has fewer data for maximum temperature), with figs. S7-9 and S16-19 showing results 
based on all available runs from all BCD-ME GCMs; results are similar between these and main 
text figures, as would be expected if uncertainties are adequately sampled. 

Additional climate projections by year
The BCD-ME is organized by GWL, abstracting away from scenario uncertainty and allowing 
ensemble members from any SSP to be used to boost the sample size across which to estimate 
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internal variability. However, in doing so, a substantial driver of intermodel differences, namely 
differences in climate sensitivities, is removed from estimates of model uncertainty. Main text 
Fig. 3 therefore is based on estimates of model uncertainty that are lower at a given GWL than 
they would be at a given year. 
However, projections of climate impacts are often required as estimates for a particular set of 
years or lead times. To test the relative importance of different sources of climate uncertainty in 
this context, we create up to 91 new bias-corrected 1-degree-resolution climate projections for 
several 20-year periods from up to 11 GCMs, using every available ensemble member run using 
SSP2-4.5 available on the pangeo online data store. We replicate the BCD-ME methodology, but 
train bias-correction maps on the 1982-2001 period in both reanalyses and GCMs, and project 
mean and maximum daily temperature using the 20-year periods 2000-2019, 2030-2049, and 
2060-2079 vs. 1982-2001 instead of GWLs vs. GWL0.61. Results are shown in fig. S9 and S19. 

Projecting impacts for UDel and PRISM
In the right column of Fig. 2, we show distributions across the ensemble of global or CONUS-
average impact projections, split up by the original historical gridded product used in each paper 
and the full BCD-ME ensemble. Since the BCD-ME does not contain projections bias-corrected 
and downscaled to UDel and PRISM (the original products used in Burke et al. (2015) (40) and 
Behrer et al. (2021) (41), respectively), we create these projections by using the dose-response 
function fit using UDel or PRISM and the future climate states from each of the BCD-ME 
reanalyses, showing the mean across these products. Since most of the reanalysis uncertainty 
comes from the original fitting of the dose-response function rather than the bias-correction and 
downscaling procedure (Fig. 4), these projections (in blue in Fig. 2F, I) are largely robust to the 
choice of bias-correction and downscaling target. 

Partitioning uncertainty
We estimate the relative contribution of sources of uncertainty to the spread in projections of 
climate impacts using the Law of Total Variance (42). Model uncertainty is estimated as the 
variance across model mean projections and internal uncertainty as the mean variance of 
projections across ensemble members within models. 
We sample ‘observational’ uncertainty over four reanalysis products. We refer to this in the text 
as ‘reanalysis’ uncertainty to emphasize its origin as coming from one specific class of products 
commonly used as estimates of historical weather patterns. For the purposes of this study, we 
assume flat priors over the reanalyses and measure observational uncertainty as the mean 
variance across realizations associated with each reanalysis (i.e., that used a particular reanalysis 
for fitting the statistical model and bias-correcting and downscaling the climate projections). 
In fig. S4, we additionally estimate the contribution of regression uncertainty, which we calculate 
as the mean across ensemble members and reanalysis products of the variance across 1000 
Monte Carlo draws of coefficients from their covariance matrix. 
Since in particular model and internal variability are not fully independent and orthogonal 
(different GCMs have different internal variability distributions), the sum of these estimates will 
not exactly sum to the variance across the total ensemble. However, the resultant cross-terms are 
generally assumed to be small and are commonly ignored (42). In any case, this partitioning in 
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sources of uncertainty allows a diagnosis of where geographically and for which lead times a 
given source of uncertainty substantially contributes to the spread in future climate risk.

Partitioning reanalysis uncertainty
Uncertainty due to the choice of gridded historical data product can enter projections of climate 
impacts both through the fitting of the statistical impact function and through the GCM post-
processing (bias-correcting and downscaling) procedure. To isolate which of these pathways 
dominates, we create cross-estimates of future impacts across reanalyses using all four dose-
response functions and all four sets of bias-corrected and downscaled simulations (Fig. 4). In 
other words, we take the dose-response function fit using the reanalysis products ERA5, 
MERRA-2, JRA-3Q, and GMFD and use each to project damages using GCM output bias-
corrected and downscaled to all of ERA5, MERRA-2, JRA-3Q, and GMFD, creating 16 sets of 
future damage estimates. 
We then calculate the average variance across bias-corrected and downscaled runs, holding dose-
response estimation fixed, and vice-versa, calculating the variance across dose-response 
estimations while holding bias-correction and downscaling ground truth fixed. Comparing the 
ratio between these two variances for a location identifies whether the spread in future damages 
is affected more by differences in dose-response functions or by differences in bias-correction 
and downscaling algorithms.

Choice of ‘pooled’ vs. ‘interacted’ specification for Carleton et al. (2022) 
For Carleton et al. (2022) (29), using public replication data leads to discrepancies with the 
original paper, since part of their replication data (mortality data from the USA and China) were 
not shared publicly due to restrictive access agreements with the data providers. The publicly 
available sample size is strongly reduced relative to the sample used in the original analysis, 
leading to unstable model behavior in some parts of the world for their `preferred' specification, 
which contains interactions with income and long-run temperature (and whose results are shown 
in e.g., their Figure IV). Because of this instability, the model is highly sensitive to the choice of 
input data and the dominant source of uncertainty is trivially due to the spread across reanalyses 
(fig. S15).

The impact of individual reanalyses on estimates of observational uncertainty
To determine the impact of individual reanalyses on estimates of observational uncertainty, we 
conduct a leave-one-out analysis in calculating reanalysis uncertainty. We re-estimate reanalysis 
uncertainty for each impact, calculated across impact projections based on three out of the four 
reanalyses studied at a time. For each reanalysis, we then take the difference between the 
reanalysis uncertainty calculated without it and the reanalysis uncertainty calculated across all 
four reanalyses, and extract the reanalysis for which this difference is largest. This product is 
shown for every location and impact in fig. S16. All four reanalyses studied have locations and 
impacts for which they are the largest driver of reanalysis uncertainty. 
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Fig. S1. Pathways by which the choice of reanalysis product affects projected climate impacts. Diagram of how 
the choice of reanalysis product interacts with fitting dose-response functions (left side) and post-processing GCM 
output (right side) to produce reanalysis uncertainty in future projections of climate impacts.
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Fig S2. Version of main text Fig. 1 showing in-sample exposure and mortality rate changes. As in Fig. 1, but 
with changes in temperature exposure (C) and contribution to changes in mortality rate by temperature (D) averaged 
only over regions used in fitting the temperature-mortality relationship in B (i.e., the regions highlighted in yellow in 
Fig. 2B). As in Fig. 1, the population-weighted historical temperature distribution over these regions is shown for 
each reanalysis product in A. 
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Fig. S3. Dose-response functions fit using alternate specifications. Dose-response functions as in Fig. 2A, D, G, 
fit using alternate specifications: using 1-degree instead of 0.25-degree input data (D-F) with errors jointly estimated 
across reanalyses in an interacted model instead of separate regressions (G-I), using all years for each reanalysis 
instead of only years available in all reanalyses (J-L). Panels (A-C) are identical to the left column of main text Fig. 
2, for reference. See fig. S8 for uncertainty partitioning of damage projections using the 1-degree dose-response 
functions of panels (D-F).

5



Submitted Manuscript: Confidential

15

Fig. S4. Regression vs. climate uncertainty. Fraction of total variance contributed to by regression uncertainty (left 
column) and dominant source of uncertainty with regression uncertainty included (right column) for three analyzed 
impact models, for projected changes between GWL0.61 and GWL2. Regression uncertainty contributes a total 
population-weighted average 45%, 65%, and 34% to the spread in projections of mortality, GDP per capita growth, 
and payroll, respectively (42%, 60%, and 37% when weighted by area). The yellow lines in panels (A) and (B) show 
which countries were included in the regression. 
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Fig. S5. Sampling of internal variability. The maximum number of ensemble members needed to reach 85% of the 
maximum internal variability (maps) and evolution of estimates of internal variability by sample size for sample 
locations for the 3 GCMs with the most runs in the BCD-ME (CanESM5, MIROC6, and EC-Earth3), normalized by 
the mean internal variability calculated over the last 5 sample sizes (right panels) for each impact model for changes 
between GWL0.61 and GWL2. For reach region, the number of ensemble members needed to characterize internal 
variability is calculated for each GCM separately, and the maximum is taken across GCMs. The shading in the 
illustrative panels shows the range of internal variability estimated as the mean variance across 100 Monte Carlo 
draws with replacement of x ensemble members of a GCM, with the sample size x given by the x-axis. The y-axes in 
the illustrative panels are logarithmic, such that 2x the `final' internal variability is equally distant from 1 as 1/2x that 
value. See the Methods section on samples of GCMs and ensemble members for details.
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Fig. S6. Sampling of model uncertainty. The number of GCMs needed to reach 85% of the maximum model 
uncertainty (maps) and evolution of estimates of model uncertainty by sample size for sample locations for the 
main-text sample GCMs from the BCD-ME (blue) and the larger 24-GCM sample (red), normalized by the mean 
model uncertainty calculated over the last 5 sample sizes (right panels) for each impact model for changes between 
GWL0.61 and GWL2. The hatching shows where the main-text sample of GCMs does not reach at least 85% of the 
“total” model uncertainty estimated across 24 CMIP6 GCMs, though we note that the model uncertainty across the 
main text sample also exceeds that of the 24-GCM sample in many locations. The shading in the illustrative panels 
shows the range of model uncertainty estimated as the mean variance across 100 Monte Carlo draws with 
replacement of one ensemble member each of x GCMs, with the sample size x given by the x-axis. The y-axes in the 
illustrative panels are logarithmic, such that 2x the `final' internal variability is equally distant from 1 as 1/2x that 
value. See the Methods section on samples of GCMs and ensemble members for details.
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Fig. S7. Uncertainty partitioning across GWLs using all BCD-ME runs. Uncertainty partitioning as in Fig. 3, 
but using all available runs and GCMs for each GWL instead of a consistent panel of ensemble members. See fig. 
S17 for a version showing the largest individual source of uncertainty instead, in a colorblind-friendly figure.
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Fig. S8. Uncertainty partitioning using 1-degree historical and future climate data. Uncertainty partitioning as 
in Fig. 3 and fig. S7, but using climate projections and reanalyses aggregated to a 1-degree instead of an 0.25-degree 
latitude/longitude grid. See fig. S18 for a version showing the largest individual source of uncertainty instead, in a 
colorblind-friendly figure.5
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Fig. S9. Uncertainty partitioning by year instead of by GWL. Uncertainty partitioning as in Fig. 3 and fig. S8, 
but using climate projections between 1982-2001 and 2000-2019, 2030-2049, and 2060-2079 instead of by GWL. 
Note the smaller sample size compared to GWL-based projections. All ensemble members used in this calculation 
use the SSP2-4.5 scenario. For projections to 2030-2049, observational uncertainty is the largest source of climate 
uncertainty for 86%, 67%, and 93% of locations by area for mortality, GDP per capita growth, and payroll, 
respectively (compare to 93%, 89%, and 98% for projections to GWL2), or 68%, 71%, and 90% of locations by 
population (compare to 78%, 78%, 96% for projections to GWL2). See the Methods section on additional climate 
projections by year for details. See fig. S19 for a version showing the largest individual source of uncertainty 
instead, in a colorblind-friendly figure.
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Fig. S10.  Relative importance of internal variability vs. model uncertainty in impacts projections. Ratio of 
internal variability to model uncertainty in projections of climate impacts between GWL0.61 and GWLs 1.5-3, using 
the same consistent sample of ensemble members as in Fig. 3. Internal variability is larger than model uncertainty 
for reddish regions and vice-versa for bluish regions.5
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Fig. S11.  Dose-response functions fit with alternate gridded historical weather records. Dose-response 
functions for GDP per capita growth (A) and annual payroll (B) as in main text Fig. 2, but fit using additional data 
products. Note that BEST provides only temperature; in A, the dose-response function fit using BEST temperature 
uses ERA5 precipitation. Since the GDP per capita growth model is largely insensitive to the choice of precipitation 
dataset (Fig. S12), this is unlikely to substantially change the fit. 
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Fig. S12.  Dependence of dose-response functions on precipitation dataset. Dose-response functions for 
mortality (A), GDP per capita growth (B), and payroll (C) as in main text Fig. 2 but fit using different precipitation 
datasets. In each panel, solid lines show dose-response functions fit using temperature and precipitation from the 
same gridded historical data product, while dotted lines show the same dose-response functions, but fit using 
precipitation taken from the other displayed historical products (e.g., the dashed red lines in A show the 
temperature-mortality relationship fit using temperature data from ERA5, but precipitation data from GMFD and 
JRA-3Q). The dose-response function that is most unlike the fit using both temperature and precipitation from the 
same input dataset (simply using the mean absolute difference over the domain of the figure) is shown as a dotted 
line (e.g., MERRA-2 for the ERA5 function in A). 

5

10



Submitted Manuscript: Confidential

24

Fig. S13. Example diagnosis of reanalysis differences. Example diagnosis of the sources of reanalysis differences 
in fitting dose-response functions, using the GDP per capita dose-response function of Burke et al. (2015) (40). (A) 
Map of the reduction in differences between does-response functions when dropping a given location from the 
regression sample, where the difference is defined as the mean across pairs of mean absolute difference between 
dose-response functions fit using two different reanalyses and evaluated at the joint in-sample temperature 
distribution for those two reanalyses. We only show regions that, when dropped from the full all-country sample, 
reduce the difference between models fit using different reanalyses. Panels (B-E) are based on differences between 
residual time series at each location; the residuals are the original reanalysis time series with country and year fixed 
effects removed, as in the Burke et al. (2015) regression model. Panels (B) and (C) show the residual time series for 
Cabo Verde and Rwanda, the two locations with the largest differences between reanalyses, defined as the mean 
across reanalysis pairs of the mean absolute difference between time series. (D) This difference plotted vs. each 
country's 1980-2010 mean temperature. (E) this difference plotted vs. the log of each country's GDP per capita at 
purchasing power parity (from the Burke et al. (2015) (40) replication data).
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Fig. S14. Impact on climate uncertainty of normalizing projections by GWL. 2-dimensional histograms across 
locations of partitioned uncertainty indexed by year vs. by GWL, for each impact model and source of uncertainty. 
The y-axis shows uncertainties for changes between 1982-2001 and 2030-2049, the x-axis shows the same for 
changes between GWL0.61 and GWL2. The dashed black line is a 1:1 line, for reference. Blue lines are orthogonal 
least squares fits (under the assumption that uncertainty is similar in the y and the x), for reference. The average 
SSP2-4.5 run used passes GWL2 in 2041; the x and y axes thus on average reflect a similar change in the climate.
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Fig. S15. Instability of the fully-interacted mortality model to reanalysis choice. Maps of mean changes (top 
row) and uncertainty partitioning (bottom row) of all-cause mortality rates, using the simplified ‘pooled’ model from 
Carleton et al. (2022) (29) (left column) as in main text figures and analysis and the fully interacted model (right 
column) that includes interactions with long-term local climates and GDP per capita. The interacted model is 
strongly unstable to the choice of historical data used to train it (possibly due to the limits of the Carleton et al. 
(2022) publicly available replication data, which do not include data from China and the US due to data sharing 
restrictions), making reanalysis uncertainty trivially dominate climate uncertainty everywhere on the globe.
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Fig. S16. Product with largest influence on reanalysis uncertainty by impact and location.  The reanalysis 
product that is the largest driver of reanalysis uncertainty (see the supplementary materials section on the impact of 
individual reanalyses on estimates of observational uncertainty) for each location and impact, for projections of 
damages from GWL0.61 to GWL1.5 (top row), GWL2 (middle row), and GWL3 (bottom row).5
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Fig. S17. Dominant source of uncertainty across GWLs using all BCD-ME runs. Version of fig. S7 showing 
instead the largest individual source of uncertainty at each location.
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Fig. S18. Dominant source of uncertainty using 1-degree historical and future climate data.  Version of fig. S8 
showing instead the largest individual source of uncertainty at each location.
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Fig. S19.  Dominant source of uncertainty by year instead of by GWL. Version of fig. S9 showing instead the 
largest individual source of uncertainty at each location.
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Table S4 Gridded historical climate data products used.  “Reanalysis” products use physics-informed weather or 
land models constrained by observations; “stastical” products gapfill observations with models of varying degrees of 
complexity, ranging from pure interpolations to models informed by topography or other local characteristics. 
Names in quotes and parentheses are shorthands for a given product used in Main Text and Supplementary Figures. 

Data source Publisher Data type Variables used Main Citation

Daymet Oak Ridge National Laboratory Statistical Maximum daily temeprature (47)

Berkeley Earth ("BEST") Berkeley Earth Statistical Mean daily temeprature (44)

ERA5

European Centre for Medium-
Range Weather Forecasting 
(ECMWF) Reanalysis

Mean and maximum daily 
temperature, precipitation x (25)

GMFD Princeton Hydrology Group Reanalysis
Mean and maximum daily 
temperature, precipitation x (28, 33)

JRA-3Q
Japan Meteorological Agency 
(JMA) Reanalysis

Mean and maximum daily 
temperature, precipitation x (27)

MERRA-2
National Aeronautic and Space 
Administration (NASA) Reanalysis

Mean and maximum daily 
temperature, precipitation x (26)

nClimGrid

National Oceanic and 
Atmospheric Administration 
(NOAA) Statistical Maximum daily temeprature (46)

NLDAS NASA, NOAA, others Reanalysis Maximum daily temperature (49)

PRISM
PRISM Climate Group, Oregon 
State University Statistical

Maximum daily temperature, 
precipitation (48)

Fine-scaled weather dataset 
("PRISM-Schlenker") Wolfram Schlenker Statistical Maximum daily temeprature (59)

Willmott and Matsuura 
("UDel") University of Delaware Statistical

Mean daily temperature, 
precipitation (69) 
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 GWL reached: 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Variable Model
tas ACCESS-CM2 1 1 1 1 1 1 0

ACCESS-ESM1-5 23 23 23 23 5 5 5
BCC-CSM2-MR 2 2 2 2 2 1 0
BCC-ESM1 1 1 0 0 0 0 0
CAMS-CSM1-0 1 1 1 1 0 0 0
CESM2-WACCM 8 8 8 7 7 4 3
CMCC-CM2-SR5 1 1 1 1 1 1 1
CMCC-ESM2 1 1 1 1 1 1 1
CNRM-CM6-1 18 18 18 18 15 12 6
CNRM-ESM2-1 41 41 31 26 13 7 5
CanESM5 86 86 86 86 86 86 79
EC-Earth3 35 35 35 35 32 15 10
EC-Earth3-Veg 13 13 13 13 13 9 6
FGOALS-g3 10 10 10 7 3 0 0
IITM-ESM 1 1 1 1 1 0 0
IPSL-CM6A-LR 25 25 25 25 25 15 14
MIROC-ES2L 1 1 1 1 1 0 0
MIROC6 60 34 34 31 28 0 0
MPI-ESM-1-2-HAM 1 1 0 0 0 0 0
MPI-ESM1-2-LR 30 30 30 20 16 6 0
MRI-ESM2-0 12 8 8 8 7 2 0
NESM3 1 1 1 1 1 1 1
Total 372 342 330 308 258 166 131

tasmax ACCESS-CM2 1 1 1 1 1 1 1
ACCESS-ESM1-5 6 6 6 6 6 6 6
BCC-CSM2-MR 1 1 1 1 1 1 0
BCC-ESM1 1 1 0 0 0 0 0
CAMS-CSM1-0 1 1 1 1 0 0 0
CMCC-ESM2 1 1 1 1 1 1 1
CNRM-CM6-1 5 5 5 3 2 2 1
CNRM-ESM2-1 5 5 3 3 2 1 1
CanESM5 30 30 30 30 30 30 27
EC-Earth3 22 22 22 22 19 8 3
EC-Earth3-Veg 10 10 10 10 10 5 2
FGOALS-g3 7 7 7 4 0 0 0
IPSL-CM6A-LR 22 22 22 22 22 12 11
MIROC-ES2L 2 2 2 2 1 0 0
MIROC6 37 25 25 22 19 0 0
MPI-ESM-1-2-HAM 1 1 0 0 0 0 0
MPI-ESM1-2-LR 30 30 30 20 16 6 0
MRI-ESM2-0 16 16 16 14 11 6 0
NESM3 1 1 1 1 1 1 1
Total 199 187 183 163 142 80 54

Table S5 Number of ensemble members by GCM used.  with how many runs have data for at least a given GWL, 
for near-surface mean daily air temperature (tas, top half, used for mortality and GDP per capita growth 
calculations) and near-surface maximum daily air temperature (tasmax, bottom half, used for payroll calculations). 
Models with more than 8 runs are the ‘Large Ensembles’ used in primary results; other models are used to verify 
model uncertainty in fig. S6. 
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