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Abstract

Estimates of the risk of climate change on society rely on historical estimates
of true weather conditions and future projections from global climate models
(GCMs), which are typically bias-corrected and downscaled before use. Future
projections of climate impacts are affected by uncertainty in the underlying cli-
mate data through multiple pathways, only some of which are regularly accounted
for in the literature. We investigate the importance of the choice of gridded his-
torical data product used to fit impact models and bias-correct and downscale
GCMs, a decision that is often either ad hoc in climate impact studies or made for
reasons orthogonal to a given product’s performance for metrics and regions of
interest, on the spread in projections of climate impacts. We re-estimate three cli-
mate impact models from the literature, relating exposure to daily mean or max
temperature to annual GDP per capita growth, mortality, and payroll, using four
different reanalysis products. We then project damages for each dose-response
function using a novel ensemble of GCM projections that accounts for all sources
of climate uncertainty, bias-corrected and downscaled to the same four reanaly-
ses to estimate this “observational” uncertainty, and incorporating all runs from
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multiple “Large Ensembles” of GCMs to estimate model uncertainty and internal
variability. We find that the choice of gridded historical data product dominates
the spread in future projections of GDP per capita growth, mortality, and payroll
at a given Global Warming Level for most parts of the globe, particularly in the
mid-latitudes. We thus recommend that users of climate data test the sensitiv-
ity of their results to the choice of historical data product and use products that
have been evaluated for the metrics and regions of interest whenever possible,
and call for more research into constraining uncertainties about past estimates
of the climate.

Keywords: climate impacts, climate uncertainty, reanalysis, GCMs

1 Introduction

Projections of the socioeconomic impacts of climate change are increasingly used to
understand and prepare for climate risks, however the climate uncertainties in these
studies are often underestimated. Statistical projections of the impacts of climate
change on society typically fit an econometric model relating a historical weather
variable and 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 [1]. Uncertainties in our knowledge of the past or future
climate can thus enter these projections in two ways: through the future climate pro-
jections used to project damages, which typically come from ensembles of Global
Climate Models (GCMs), and through the historical weather data used to fit the sta-
tistical model and post-process GCMs to make them usable in econometric contexts
by adjusting their output to better fit the observed climate and provide data at higher
resolutions (a process known as bias-correction and downscaling).

The uncertainties in the former are well-documented (if not always well-
constrained) in the climate science literature, and increasingly accounted for in the
climate impacts literature. They come from three primary sources (cf. Hawkins and
Sutton [2]): (1) the uncertainty in future emissions and concentrations of ‘forcings’,
i.e., greenhouse gases, aerosols, land use, and other human impacts on the earth sys-
tems. This uncertainty is generally termed ‘scenario uncertainty’ and accounted for by
testing results against output from GCMs run on different forcing ‘scenarios’, such as
the Shared Socioeconomic Pathways [3] used in the latest generation of climate mod-
els. (2) the uncertainty in the response of the earth system to these forcings, generally
estimated as the spread of results across different GCMs and thus termed ‘model uncer-
tainty’ and accounted for by testing results against an ensemble of GCMs. Though
historically rarely considered in projections of climate impacts [4], model uncertainty
is now commonly incorporated into climate impacts studies, also thanks to the avail-
ability of ready-to-use sets of bias-corrected and downscaled GCM ensembles such as
NASA’s NEX GDDP product [5]; (3) the uncertainty arising from the chaotic nature
of the climate system, which supports a distribution of climate states even without
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changing external or anthropogenic forcings. This uncertainty is termed ‘internal vari-
ability’ and is accounted for by testing results against many different runs of GCMs
with the same inputs, but is rarely considered in projections of climate impacts [6],
partially due to the lack of available ready-to-use datasets that sample it.

However, the impact of uncertainty in our understanding of past weather and
climate patterns has yet to be systematically studied in the context of climate impacts
projections, despite known issues with the historical observational network: ground-
based weather observations networks are denser in wealthier countries and everywhere
tend to be located near populated areas, along major roads, and away from regions of
complex topography [7–10]. Even existing weather stations may have only restricted
access to data for economic or legal reasons [1] or may suffer from temporal gaps in
their records due to quality control issues, funding lapses, or conflict [10, 11].

To overcome these limitations, researchers use gridded historical observational
products, which combine different observational sources with a quality control model
and a statistical or dynamical (i.e., physics-based) ‘assimilation’ procedure to produce
a spatiotemporally complete set of estimates of true historical conditions on a uni-
form grid across the globe. These products can differ drastically in their complexity,
ranging from simple statistical interpolations of weather station observations to com-
plex “reanalyses” that may use data from satellites, airplanes, and weather radars in
addition to weather stations to constrain a physics-based model of the global climate.
Each product may differ in which data it assimilates, how it deals with missing data,
and the assimilation model itself – i.e., the interpolation function used in statistical
products or the sub-grid parameterizations used to resolve processes below the model’s
resolution in reanalyses. Thus, different gridded historical observational products will
produce different estimates of historical conditions at the same locations, and thus will
result in different estimates of the relationship between climate and society if used to
fit dose-response functions.

Importantly, however, the choice of which gridded historical data product to use
in projections of climate impacts tends to either be ad hoc or is based on criteria
orthogonal to a product’s suitability as a historical ”ground truth”. For example, many
studies (e.g., Carleton et al. [12], Rode et al. [13], Hultgren et al. [14]) use GMFD, an
older generation reanalysis product (based on the NCEP / NOAA reanalysis, which
uses an ”antiquated” – cf. National Center for Atmospheric Research Staff [15] – data
assimilation model) with few evaluations and no data past 2010, primarily because it
is the dataset used to bias-correct and downscale NASA’s NEX-GDDP product [5], a
commonly-used set of future GCM projections. Many studies do not justify their choice
of historical gridded data product at all, or do so using absolute, not comparative
metrics, showing only that the chosen product appears reasonable for their purpose,
without evaluating whether a different one would be better suited.

Studies have indeed shown one reanalysis to outperform others in comparison to
other observational products (e.g., ERA5 in surface temperature in the North China
Plain [16], West Africa [17], and in correlations with temperature and convective
parameters in Europe and North America [18, 19], MERRA-2 in several indices of
warm extremes over Europe [18] or wind potential in Morocco [20]; JRA-55 in detect-
ing extremely cold years globally [21] and dry spells in North America [18]) to give a
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few examples of a rich literature). However, these studies do not cover all areas of the
global of interest to climate impacts researchers, and face several fundamental chal-
lenges common to all evaluations between gridded products and observations: gridded
products are designed to produce an estimate of average conditions over a grid cell
rather than exact conditions at a reference location, many gridded products assimilate
in part or completely the publicly available station databases that could conceivably
be used to provide independent verifications, and the aforementioned scarcity of obser-
vations outside of the wealthiest countries make verification challenging in the regions
likely to experience the worst impacts of climate change (e.g., Carleton et al. [12]).
Thus, even when evaluations are available, choosing a clear ‘best’ product to use in
climate impacts research is difficult.

In short, current practices in statistical projections of climate impacts are likely
to underestimate the uncertainty in their future estimates due to relying on single
estimates of historical climate conditions for fitting relationships between climate and
society and for ‘ground-truthing’ future GCM projections through bias-correction and
downscaling.

To test the importance of this uncertainty in choice of historical data, we conduct
a sensitivity analysis of climate impacts projections from the literature to multiple
estimates of historical conditions. We reestimate three dose-response functions from
the statistical econometric climate impacts literature relating exposure to daily tem-
perature to annual all-cause mortality [12], national GDP per capita [22], and payroll
[23], using four different reanalysis products to estimate the impact of the choice of
historical ‘ground truth’ on estimates of the historical relationship between climate
and society. We then create a novel “Bias-Corrected and Downscaled Massive Ensem-
ble” (BCD-ME; Schwarzwald et al., in prep) of daily mean and maximum temperature
time series on a 0.25-degree global grid that accounts for scenario uncertainty by nor-
malizing changes by Global Warming Level (GWL), accounts for model and internal
uncertainty by using 300 runs from 12 different GCMs, and accounts for observa-
tional uncertainty by bias-correcting and downscaling GCM output using the same
four reanalysis products. We use the BCD-ME to project future changes in mortality,
GDP per capita, and payroll due to climate change. Finally, we partition uncertainty
in these estimates into contributions from model, internal, and historical sources.

We show that over much of the globe at a given GWL, the future spread in esti-
mated climate impacts is dominated by the choice of historical gridded data product,
primarily through its influence on the fitting of the original dose-response function,
with a smaller role played by differences in ‘ground truths’ used to bias-correct and
downscale future GCM output. Though the estimates of the sign of 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 is increased sub-
stantially. This increased spread implies higher values of the Social Cost of Carbon
[24, 25].
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2 Results

2.1 Fitting dose-response functions with multiple
observational products

We first refit historical relationships between mean daily temperature exposure and
GDP per capita growth [22], mean daily temperature exposure and annual all-cause
mortality [12], and maximum daily temperature exposure and payroll [23] using four
reanalysis products as historical ‘ground truth’: ERA5, MERRA2, JRA-3Q, and either
GMFD (GDP, mortality) or PRISM (payroll) (Figure 1). For Burke et al. [22] and
Behrer et al. [23], we replicate their primary regression results; for Carleton et al.
[12] we use their ‘pooled’ specification (see Section 3.1 for details). For GDP per
capita growth and payroll, we additionally fit dose-response functions using UDel and
PRISM, respectively, to match the original papers’ data. Note that for payroll, we do
not use GMFD, since that product’s maximum temperature data ends in 2008, which
would necessitate a substantial decrease in sample size.

For the GDP per capita growth model of Burke et al. [22], two clusters of results
emerge, with ERA5 and JRA-3Q producing nearly identical fits to the UDel fit used
in the original paper, while GMFD and MERRA2 have significantly different fits,
particularly for the effect of hotter temperatures (Figure 1A). For the latter products,
the ‘ideal’ temperature that maximizes GDP per capita growth, i.e., the inflection
point in the quadratic model, is nearly 5◦C warmer than for ERA5, JRA-3Q, and
UDel, and extreme heat is associated with lower damages.

GMFD produces a fit more in line with ERA5 and JRA-3Q for changes in all-cause
mortality, though for extremely hot or cold days, the same exposure is estimated to
result in fewer deaths for GMFD than for the latter products (Figure 1B). MERRA2 is
a large outlier, once again estimating an ‘ideal’ temperature (that minimizes mortality)
substantially higher than the other data products.

Finally, for payroll in the continental United States, fit on daily maximum instead
of mean temperature, ERA5 and MERRA2 produce similar results to the PRISM
data used in the original paper, while JRA-3Q suggests much milder (and statistically
insignificant) damages for exposure to days above 90◦F (Figure 1C).

In short, the choice of observational dataset has a substantial impact on the cli-
mate impact model fit. Though the relative ordering of fits by gridded historical data
product differs between impact models, some patterns emerge. For dose-response func-
tions based on mean daily temperature, MERRA2 consistently predicts a substantially
higher inflection point for even-polynomial models than the other products, while
ERA5 and JRA-3Q produce similar results. Whether GMFD is an outlier depends on
the impact studied. This stylized behavior does not hold for the payroll model, which
uses maximum daily temperature instead of mean daily temperature, and for which
JRA-3Q is an outlier. Thus, the relationship between choice of data product and the
resultant climate impact model is dependent on both the functional form of the impact
model and the climate metric it is based on.
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Fig. 1 Dose-response functions fit using multiple gridded historical datasets. Shading shows the
maximum and minimum spread of Monte Carlo draws, thick lines show the mean fit. UDel (in panel
A) and PRISM (C) are included for reference; these were the original products used by each respective
paper.
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Fig. 2 Partitioning of uncertainty for projections of the impact of climate change on GDP per capita
growth (subplots A-Ae), mortality (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. Observational
uncertainty in panels A and B is calculated without data from MERRA2. Maps (A, B, C) are colored
by the dominant source of climate uncertainty, with solid 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).
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 2σ of spread across sources of climate uncertainty (dashed
lines). Panels Aa, Ba, and Ca show the damage functions from Figure 1 for reference, excluding
MERRA2 in panels Aa and Ba as it is not used in the map of partitioned uncertainty. In Panel B,
yellow borders show regions with mortality data used to fit the dose-response function.

7



0 10 20 30 40
Std. dev across reanalyses from fit

[deaths / 100,000]

0

5

10

15

20

25

30

St
d.

 d
ev

 a
cr

os
s r

ea
na

ly
se

s
fro

m
 b

ia
s-

co
rr.

, d
ow

ns
ca

lin
g

[d
ea

th
s /

 1
00

,0
00

]
More

 BC
DS u

nce
rt.

More
 fit

 un
cer

t.

Sources of obs. uncertainty
by impact region

0

250

500

750

1000

1250

1500

1750

# 
im

pa
ct

 re
gi

on
s

0 10 20 30 40
Std. dev across reanalyses from fit

[deaths / 100,000]

0

5

10

15

20

25

30

Sources of obs. uncertainty
by impact region (fit regions only)

0

20

40

60

80

100

120

# 
im

pa
ct

 re
gi

on
s

Fig. 3 Histograms of regions showing whether observational uncertainty in projections of changes
in mortality rate (GWL0.61 to GWL2, as in Figure 2B) is primarily driven by the choice of historical
product used to bias-correct and downscale future GCM output (y-axis) or used to fit the dose-
response function (x-axis). The left panel includes all regions in the globe, the right panel only those
that were in-sample for the original model fit (yellow-bordered regions in Figure 2).

2.2 Partitioning uncertainty in projected damages

We now compare the magnitude of the contribution to the spread of projected damages
from historical product choice to the contribution from two other sources of climate
uncertainty: model uncertainty and internal variability. Figure 2 shows the dominant
source of uncertainty for each location and each climate impact model for changes in
damages between GWL 0.61 (1982-2001 in the real world) and GWL 2. In areas in
solid green in panels A, B, and C, the choice of observational product makes up more
than 2/3 of the total variance in damages. Overall, this choice is the most important
source of climate uncertainty, particularly in the mid-latitudes, with model uncertainty
still making up the majority of the spread in large parts of the tropics, and internal
variability playing a smaller role. Given MERRA2’s outlier fits (see Discussion), we
have chosen to not include it in the partitioned uncertainty calculation for Figure
2A and B; including it results in observational uncertainty dominating the spread of
damages in nearly every region of the globe.

The partitioning of uncertainty may however vary by region and with lead times.
The smaller panels on the right side of the figure show the evolution of the climate
uncertainty mix for several representative locations for each impact model. As has
been found elsewhere, internal variability tends to contribute a larger percentage of
total variance at shorter lead times, with model uncertainty increasing its share of
total uncertainty at higher GWLs. For each impact model, however, one can find
regions with different combinations of internal, model, and observational uncertainty
at most studied GWLs, showing the difficulty of ascertaining a priori which source of
uncertainty dominates.
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Finally, we want to understand if uncertainty from historical data products is
primarily driven through the fitting dose-response functions or through bias-correcting
and downscaling future GCM output. Figure 3 shows, for each region’s projected
mortality rate change, whether there is a greater spread across observational products
in the dose-response function fit or across post-processing procedures (see Section
3.3.1 for details). For mortality projections in most parts of the world, most of the
observational uncertainty comes from fitting the dose-response functions.

3 Methods

3.1 Re-fitting dose-response functions using multiple gridded
historical data products

We use three dose-response functions from the statistical econometric climate impacts
literature: Carleton et al. [12], relating exposure to daily mean temperature at the
ADM2 level to annual all-cause mortality over much of the globe using a quartic
polynomial, Burke et al. [22], 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. [23], 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 sample different levels of spatial aggregation, different metrics of
temperature, and different functional forms for the dose-response function to provide
a representative sampling of the climate econometric literature.

For each study, we use publicly-available replication code and data, merely replac-
ing the historical weather data used with new estimates of the same metrics from four
reanalysis products: the European Centre for Medium-Range Weather Forecasting’s
ERA5 [26], NASA’s MERRA2 [27], the novel Japan Meteorological Agency’s JRA-3Q
[28], and GMFD (e.g., Thrasher et al. [5]). ERA5, MERRA2, and JRA-3Q are latest-
generation, continuously updating global reanalysis products; while GMFD is used as
the “ground truth” for NASA’s NEX GDDP set of bias-corrected and downscaled cli-
mate projections. ERA5 (e.g., [29–31]), MERRA2 (e.g., [32, 33]), and GMFD (e.g.,
[12–14, 34]) have been used extensively to fit climate impact models, as has JRA-3Q’s
predecessor, JRA-55 (e.g., [35–37]). Though relative evaluations of each reanalysis
product exist for some variables in some regions, their relative performance away from
weather stations and outside of data-heavy parts of the world is difficult to estimate.
Impacts studies rarely use more than one product or justify the use of one over another,
confirming the in practice ad hoc nature of the choice of observational data product.

As reference, we also use the datasets by Willmott and Matsuura [38] (commonly
referred to as “UDel”) and PRISM [39] to compare results to those by Burke et al.
[22] and Behrer et al. [23] in their original papers, respectively.

We generally aim to use the primary or ‘preferred’ dose-response model specifi-
cation for each study. For Carleton et al. [12], however, 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 restric-
tive access agreements with the data providers. The resultant sample size is strongly
reduced, leading to highly unstable model behavior in some parts of the world for their
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‘preferred’ specification, which contains interactions with income and long-run tem-
perature (whose results are shown in e.g., their Figure IV). Thus, for our main text
figures showing uncertainty partitioning for mortality, we use their simplified ‘pooled’
model, which fits one dose-response function for the entire sample. Though this limits
the external validity of the model, it also reduces the impact of observational uncer-
tainty by averaging over many regional discrepancies; we thus believe that our primary
conclusions are unaffected by this choice.

3.2 Building a Bias-Corrected and Downscaled Massive
Ensemble (BCD-ME)

To sample all primary sources of climate uncertainty in projections of impacts, we
require a set of future bias-corrected, downscaled projections from multiple runs of
multiple GCMs, using multiple gridded historical data products as ‘ground truths’.
Existing publicly-available products aimed at impacts research, such as NASA Earth
Exchange Global Daily Downscaled Projections (NEX-GDDP; Thrasher et al. [5]) or
the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP; Frieler et al. [40])
provide bias-corrected and downscaled climate projections, but do not sample inter-
nal variability (only one ensemble member per GCM is provided) or the uncertainty
in datasets used to post-process GCM output (only one reanalysis is used in each
product).

We thus create a new dataset of downscaled, bias-corrected GCM simulations of
daily mean and maximum temperature, the Bias-Corrected and Downscaled Massive
Ensemble (BCD-ME). This ensemble is based on “Large Ensembles” of GCMs 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 [41]. 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.

We take every simulation of daily mean and maximum temperature in the CMIP6
ScenarioMIP set of experiments, available on the Pangeo online climate data store1),
from GCMs having 8 or more published runs, and containing data starting in 1850,
resulting in 300 simulations of mean temperature and 139 of maximum temperature
from 12 different GCMs (see Table B for information on models). We string together
historical and future ensemble members with the same run identifier2. The result is a
dataset of 1200 future global, 0.25-degree projections of near-surface air temperature.
This product is the first of its kind to sample internal variability and observational
uncertainty at this scale.

To focus on aspects of uncertainty in climate data alone, we 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, we take data from a GCM

1https://pangeo-data.github.io/pangeo-cmip6-cloud/index.html
2We note that not all ScenarioMIP runs with a particular ensemble identifier are branched from the

historical run with the same identifier, however we do not see meaningful discontinuities in 2014-2015 at
the transition between the historical and ScenarioMIP experiment inputs.
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run from any Shared Socioeconomic Pathway (SSP, Riahi et al. [3]) and convert its
calendar year axis into global mean surface temperature anomalies vs. its 1850-1900
average. Following [42, 43], 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 [42], representing
1982-2001 in the real world as a reference time period) and in 0.5-degree increments
for as many GWLs as are crossed in a given simulation. All impacts projections are
calculated as the average annual impact across these 20 years.

The use of GWLs implies that metrics of interest vary only with average warm-
ing and are not pathway-dependent. This is the case for temperature and across the
ScenarioMIP experiments [42]. Thus, GWLs allow not only to control for scenario
uncertainty, but provide a way to study future impacts that is agnostic to climate
sensitivity, helping avoid the so called “hot model” problem from GCMs with unphys-
ically high climate sensitivities in CMIP6 [44]. 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., Milinski et al. [45]).

3.2.1 Quantile Mapping Bias Correction

GCM output must be bias-corrected before using the output as you would data
from observations of the climate. That is, GCMs simulate the Earth and have differ-
ent probability distributions of climate variables from the true earth. Rudimentary
bias-correction ensures that the GCM has the same mean state as the true Earth sys-
tem. However, these methods do not correct for differences in higher moments of the
distribution.

We employ the Quantile Delta Mapping (QDM) method developed by Cannon
et al. [46], a non-parametric bias-correction method that projects an estimate of the
observed climate by changes in the full CDF of the GCM. The QDM procedure uses
the “delta method”, i.e., it adds changes from an GCM to a time series taken from
a reference data product. Each location is processed separately. Each day-of-year is
processed separately, using a moving window of 30 days for each day of year to calculate
CDFs. At a given location and each day of year, the changes between the CDF of the
GCM run at a reference GWL (0.61, representing 1982-2001 in the real world) and the
CDF of a future GWL is found, using 100 samples of quantiles to estimate the CDF.
Then, for each day in the future period, the same quantile is found in the reference
reanalysis dataset, and the difference in the CDF at that quantile and day of year of
the GWL is added to it. The difference between the future GCM and GWL 0.61 GCM
CDFs thus provides the necessary correction factor of the reanalysis data. That is, for
xm(t), an GCM projection m at time t in the future, we calculate the adjusted x∗

m(t)
as

x∗
m(t) = xm(t) +

(
F−1
o (q)− F−1

m (q)
)

(1)
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where F−1
o and F−1

m are the empirical inverse CDFs of the observed historical
climate and the GCM climate respectively. Finally, q is the quantile associated with
the value of xm(t) in the GCM’s simulation. We roughly follow the notation in Section
3.1 of [47] which contains more background on this method.

As an example, if the 0.6 quantile of the GCM output at a location at GWL1 is
14.5 ◦C and the 0.6 quantile of the same GCM run at this same location at GWL0.61 is
13.8 ◦C, the 0.6 quantile from the reanalysis for this day of year is projected by adding
0.8◦C. This method ensures that trends present in the raw GCM output are preserved,
a property not guaranteed by traditional delta-method bias-correction approaches that
adjust the first moment or two of the distribution [47].

3.2.2 Quantile-Preserving Localized-Analog Downscaling

The Large Ensemble GCM simulation used here for temperature projections have
native grids around or above 100 km (1 degree). Impacts are often nonlinear at
high resolutions, there is thus need for information at as fine a spatial scale as
possible, motivating the downscaling of these products. Here, we implement Quantile-
Preserving Localized-Analog Downscaling (QPLAD) for statistically downscaling the
GCM output to a finer resolution 0.25-degree grid, following Gergel et al. [47].

Similar to the QDM bias-correction, QPLAD is a non-parametric quantile-based
method that provides estimates of the temperature at the fine-scale. The downscaling
is performed by first aggregating the higher-resolution reanalysis output to the lower-
resolution uniform 1-degree grid of the bias-corrected GCMs. Then, the downscaling
model is trained by calculating the change in the empirical cdf between grids [47].
This delta is then used applied to map the lower-resolution GCM projections to the
higher-resolution reanalysis grid. As with the QDM bias-correction, QPLAD preserves
trends present in the raw output [47].

3.3 Partitioning uncertainty

We estimate the relative contribution of sources of uncertainty to the spread in pro-
jections of climate impacts using the Law of Total Variance [48]. Model uncertainty is
estimated as the variance across model mean projections, internal uncertainty as the
mean variance of projections across ensemble members within models, and observa-
tional uncertainty as the mean variance across reanalysis products used for fitting the
statistical model and bias-correcting and downscaling the climate projections. This
partitioning in 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.

3.3.1 Differentiating between uncertainty from the statistical fit
and uncertainty from GCM post-processing

Uncertainty due to the choice of gridded historical data product can enter projec-
tions 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
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impacts across reanalyses using all four dose-response functions and all four sets of
bias-corrected and downscaled simulations. In other words, we take the dose-response
function fit using the reanalysis products ERA5, MERRA2, JRA-3Q, and GMFD and
use each to project damages using GCM output bias-corrected and downscaled to all of
ERA5, MERRA2, 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.

4 Discussion

In climate impacts studies, the choice of gridded historical data product used to fit
relationships between climate and society and to post-process future GCM output has
often been either ad hoc or done for reasons orthogonal to a product’s suitability to
accurately represent the desired climate metrics in the regions of study. We show in
this study that this choice thus introduces implicit uncertainty in projections of future
climate damages of a magnitude greater than the spread across different GCMs in
many parts of the world for changes to a particular GWL. 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 uncertainty is not commonly addressed,
uncertainties in future damages are likely underestimated, resulting in underestima-
tions of the Social Cost of Carbon [24, 25] and possible missing of plausible but
extreme tail risks. We also show that the partitioning of uncertainty depends not only
on region and lead time, but also on the variable studied and the functional form of
the dose-response model, with the Behrer et al. [23] payroll model, based on thresh-
old exceedances of maximum daily temperature, producing a different clustering of
gridded historical data products than the polynomial, mean daily temperature-driven
models of Carleton et al. [12] and Burke et al. [22].

In this paper, we primarily use differences between reanalysis datasets as a measure
of “observational uncertainty”, since these datasets span many of the commonly-used
data products 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 that resolution is unlikely to explain the
differences in projected damages (see, e.g., Figure A1, showing how the mortality
dose-response function fit using ERA5 does not substantially change when ERA5 is
regridded to the grids of the other reanalysis products), leaving differences in the con-
figuration of the reanalysis model as drivers of uncertainty. Previous work has begun
to disentangle these differences. For example, MERRA2 has known issues with its soil
moisture model, which results in too wet soils, affecting precipitation and tempera-
ture near the surface [49–51] and possibly explaining the substantially different ‘ideal’
temperatures for GDP growth and mortality predicted by the product.
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In line with Schwarzwald and Lenssen [6], we also show that internal variability can
contribute a similar magnitude as the spread across GCMs to total climate uncertainty
in projections of impacts in certain regions, such as the Pacific Northwest and Texas
for payroll damages or Norway for GDP per capita growth changes (Figure 2).

Finally, though the BCD-ME allows us to test the sensitivity of climate impacts
projections to model uncertainty, internal variability, and the choice of gridded his-
torical data product – with the latter two rarely considered in these studies – further
sources of climate uncertainty can impact damage projections beyond those stud-
ied here. Notably, the choice of post-processing methods used to downscale and
bias-correct climate data can have a substantial impact on total uncertainty [52].

We conclude with two sets of recommendations, one for users of climate data when
modeling future climate impacts, and one for climate scientists looking to inform cli-
mate impact research. Firstly, we urge data users to test the sensitivity of their results
to the use of different latest-generation gridded historical data products, especially
if no comparative evaluation of these products exists for variables of interests in the
regions of study. Secondly, we call for research into better constraining historical obser-
vational uncertainty, though we recognize that this may not be feasible in all cases (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.
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