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ABSTRACT

Uncertainty in climate projections is driven by three components: scenario uncertainty, inter-model
uncertainty, and internal variability. Although socioeconomic climate impact studies increasingly take
into account the first two components, little attention has been paid to the role of internal variability,
though underestimating this uncertainty may lead to underestimating the socioeconomic costs of
climate change. Using large ensembles from seven Coupled General Circulation Models with a total
of 414 model runs, we partition the climate uncertainty in classic dose-response models relating
county-level corn yield, mortality, and per-capita GDP to temperature in the continental United States.
The partitioning of uncertainty depends on the time frame of projection, the impact model, and the
geographic region. Internal variability represents more than 50% of the total climate uncertainty
in certain projections, including mortality projections for the early 21st century, though its relative
influence decreases over time. We recommend including uncertainty due to internal variability
for many projections of temperature-driven impacts, including early- and mid-century projections,
projections in regions with high internal variability such as the Upper Midwest United States, and for
impacts driven by non-linear relationships.

Keywords Climate Impacts · Climate Variability · Uncertainty Quantification · Climate Projections

Significance Statement

Statistical projections of the socioeconomic impacts of climate change are increasingly used in policy, development, and
the private sector to understand and prepare for climate risks. Climate uncertainty is the dominant source of uncertainty
in many of these projections. Such studies increasingly account for some sources of climate uncertainty, including
differences between climate models and emissions scenarios. However, uncertainty due to internal climate variability
is generally ignored. We show that internal variability substantially boosts the uncertainty by 38% on average for
near-term mortality, corn yields, and GDP projections in the continental United States. Omitting uncertainty due to
internal variability could lead to an underestimation of worst-case impacts and/or a misallocation of resources in climate
mitigation and adaptation efforts.

1 Introduction

Studies on the socioeconomic impacts of climate change have historically underestimated climate uncertainty, leading
to overconfident projections of the resulting impacts [1, 2]. Uncertainty in simulations of the future climate may
arise from three major sources: 1. scenario uncertainty, representing differences in plausible future greenhouse gas
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emissions trajectories, 2. (climate) model uncertainty, representing differences in model responses to the same scenario
inputs, and 3. internal variability [3]. Currently, state-of-the-art analyses of future climate impacts account for scenario
uncertainty by using projections from multiple future scenarios, and model uncertainty by using a multi-model ensemble
of projections from coupled general circulation models (CGCMs) [1, 2, 4, 5, 6]. However, uncertainty due to internal
variability is rarely taken into account despite the evidence that internal variability is an important component of total
climate uncertainty for at least the first 50 years of projections [3, 7, 8, 9].

Internal variability consists of the naturally occurring variations in climate on timescales from daily weather to
multidecadal processes due to interactions between various components of the Earth system. Internal variability is made
up of components that are predictable, such as the El Niño-Southern Oscillation (ENSO) [10], as well as irreducible
uncertainty due to the chaotic nature of the system [11]. In the continental United States (CONUS), for example,
increased likelihood of droughts and higher temperatures occurs during and following El Niño events in the Pacific
Northwest [12, 13], following La Niña events in the Midwest [14, 15], and during the positive phase of the Atlantic
Multidecadal Oscillation [16, 17, 18]. In addition, internal variability leads to variability in trends of temperature,
particularly over the northern and eastern CONUS [19, 20]. The currently best available estimates of the true internal
variability of the Earth’s climate system comes from multi-model ensembles of initial-condition Large Ensembles (LEs),
where a CGCM is run multiple times with slight perturbations to the initial conditions to sample the distribution of
its possible climate outcomes, conditioned on the same emissions scenario [21]. The LEs used in this study provide
generally realistic simulations of historical temperature variability over CONUS [22].

While much of the attention in climate impacts studies is on end-of-century projections, policymakers generally respond
to short-term challenges on time horizons of days to decades [23, 24], when internal variability is most prominent in
projections of climate variables. It is particularly important to properly characterize the uncertainty of an impact when
determining worst-case scenarios [25, 26], especially since the frequency of threshold-defined extremes often used in
impact studies are more affected by changes in the variability than the mean [27, 28]. Underestimating uncertainty
of an impact leads to underestimation of the socioeconomic costs of climate change [26]. Following the findings of
[2] that climate model uncertainty must be accounted for to fully understand climate uncertainty in end-of-century
impact projections, we suggest that a proper representation of internal variability is critical to properly represent the
total climate uncertainty of shorter term projections. The recent availability of LE climate model experiments makes
it possible to determine the uncertainty added by internal variability in projected socioeconomic impacts of climate
change.

In this study, we quantify the climate uncertainty due to scenario, model, and internal variability uncertainties of future
projections of mortality, GDP per capita, and corn yields. Each of these impacts are assumed to be driven by temperature
changes at the county level over the Continental United States (CONUS). By comparing the relative magnitude of
variance contributed by each source of uncertainty, we identify the conditions where the inclusion of internal variability
is critical to accurately representing the uncertainty of a future climate impact.

2 Partitioning climate uncertainty in climate impact projections

In this study, we quantify and partition the climate uncertainty in socioeconomic studies that use statistical models to
link observed weather and climate to an impact of interest; that is, we determine what share of their climate uncertainty
comes from scenario, model, or internal sources. In such impact studies, the relationship between an observed or
projected climate variable (Figures 1d.,h.) and socioeconomic outcomes (Figures 1a.-c.) is represented through a
dose-response function (Figures 1e.-g.), estimated through the historical relationship between a climate variable and a
socioeconomic impact [4]. With the relationship between climate and an impact established through the dose-response
function, future impacts are determined by: (1) estimating the projected change in climate using CGCM simulations,
and (2) using the dose-response function to calculate the future change in the impact of interest. Other approaches to
modeling future climate impacts, such as process-based or top-down models, may use climate projections at different
stages of the projection of damages [29]; climate uncertainty may therefore propagate differently than through dose-
response functions. In process-based crop models in particular, recent studies have shown substantial influences of
internal variability in projections of future crop yields in Sub-Saharan Africa [30] and Canada [31].

We investigate the importance of internal variability by revisiting three classic dose-response functions. We selected
studies with three different common shapes of dose-response functions, providing a broad survey of the possible effects
of internal variability on impact uncertainty. For ease of comparison, we chose dose-response functions that all relate
an impact variable to temperature over CONUS, calculated at the county-level. While the current state-of-the-art
dose-response functions often use multiple climate variables as inputs and evolve in time to account for changes in
adaptation [4, 6], focusing on simple, stationary functions of temperature applied to a constant population distribution
allows for clear interpretation of the decomposed climate uncertainty. Specifically, we selected the U-shaped relationship
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Figure 1: Climate uncertainty in the projections of climate impacts. Dose response functions (e.-g.) relate a variable of
societal interest to historical climate distributions (d., h., showing the 1980-2009 county level population-weighted and
corn yield-weighted temperature distributions, respectively), thereby estimating an exposure to the impact (a.-c., blue
line). Future projections of impact variables are constructed by inputting future temperature projections (d., h. red line,
representing the average distribution across all LE runs), leading to exposure to a future impact distribution (a.-c., red
line, representing the average impact across all LE runs). However, future temperatures are uncertain (d., h., red filled
region showing range of future temperature distributions across all runs of all LEs, representing internal and model
uncertainty), leading to uncertainty in impacts projections (a.-c., red filled region). This climate uncertainty can be
decomposed into contributions from internal (i.-n., orange), scenario (green), and model (blue) uncertainty, which are
shown as relative (i.-k., values in Table S1) and absolute variances (l.-n., values in Table S2). Internal variability is
substantial in the early 21st century (i.-k., leftmost column), especially for projections of mortality and corn yields,
while model (for mortality) or scenario (for GDP per capita and corn yields) uncertainty dominates by the end of century
(i.-k., rightmost column). Internal variability remains roughly constant in absolute terms throughout the century, while
model and scenario uncertainty increase over time (l.-n.).

between mortality and temperature of [32] (Figure 1e.), the roughly decreasing relationship between GDP per capita
and temperature of [33] (Figure 1f.), and the the cutoff-style relationship between corn yield and temperature, where
yield rapidly decreases with temperature after a threshold temperature is exceeded of [34] (Figure 1g.).

Using the LE multi-model archive, we construct early (2010-2039), mid (2040-2069), and late (2070-2099) 21st century
projections of daily temperature by adding the relative change in monthly mean temperature from the LE simulations
to 30 years of daily ERA-INTERIM reanalysis data (1980-2009). This projection method accounts for annual mean
temperature change as well as any changes to the seasonal cycle, but not changes in the distribution of daily temperature
within a month [35, 36]. The changes to the daily temperature distribution are not explored here as not all LEs in the
study provide daily temperature projections. Incorporating the daily temperature distribution changes will likely not
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affect the CONUS results presented here as internal variability is dominated by longer-term trend uncertainty [20].
However, these changes may be more important to include in regions of lower trend internal variability.

To construct impact projections of mortality, per capita GDP, and corn yield changes, we input the differences between
future temperature projections and historical temperature records into the dose-response functions of [32, 33, 34],
respectively. A CONUS-wide impact is calculated for each ensemble member by the weighted average over all counties
where the weighting is by county population for mortality and per capita GDP and by historical average corn yield for
corn yield. Internal variability is estimated as the mean of the impact variances for each model, while the inter-model
uncertainty is estimated as the variance of the ensemble means of each calculated impact.

Since most of the models in the LE archive were only run using a single future greenhouse gas scenario – the RCP8.5
“high baseline emissions” scenario [37] – another method must be used to determine the scenario uncertainty of the
projected impacts. Following current best practices in large ensemble studies, we estimate the scenario uncertainty
as the variance across scenarios of the multi-model mean across models from the 5th Phase of the Coupled Model
Intercomparison Project (CMIP5), using all CMIP5 models which have data for the RCP2.6, RCP4.5, RCP6.0, and
RCP8.5 scenarios [38]. Following [39], we alternatively calculate scenario uncertainty using MPI-ESM, the only LE in
the sample with data from RCP2.6 and RCP4.5 in addition to RCP8.5 and the LE best replicating CONUS internal
variability [40], and highlight results where relevant.

3 Results

Our projections of mortality, GDP, and corn yield changes due to climate change are similar in magnitude to the original
estimates of [32, 33, 34]. Each of these studies originally underestimated the full uncertainty in their projections; [32]
by using only one run from one model and therefore ignoring all three sources of uncertainty, [34] by incorporating
scenario but not model or internal uncertainty, and [33] by incorporating model but not scenario or internal uncertainty.

The total climate uncertainty in each aggregated impact over CONUS grows throughout the 21st century (Figures
1l.-n.), as would be expected as greenhouse gas emissions scenarios diverge, increasing scenario uncertainty, and
growing differences in inputs from historical baselines enhance the differentiation between models, increasing model
uncertainty. We see an increase in the variance of climate uncertainty from early to late 21st century by a factor of
35 for mortality, 16 for GDP, and 14 for corn yield. This growth in uncertainty is largely due to increases in model
and scenario uncertainties, with uncertainty due to internal variability remaining approximately constant over time for
projections of each of the three impacts.

Internal variability is particularly important in projections of strongly nonlinear impacts over 2010-2039 such as
mortality (57% of climate uncertainty, Figure 1i. and Table S1 top segment) and corn yields (37% of climate uncertainty,
Figure 1k. and Table S1 bottom segment). Even for a relatively linear dose-response function such as GDP, internal
variability plays a considerable role in early-century projections, underscoring the need to account for internal variability
for projections made on scales of years to a few decades. Conditioned on the RCP8.5 scenario that forced the LE runs,
internal variability continues to make up 6-13% of the joint model-internal uncertainty by mid-century and 4-7% by
end-of-century.

The climate uncertainty partitioning is different for each of the three impact projections. By the end of the 21st
century, impact projection uncertainty is largely driven by model and scenario uncertainty. The relative weight of the
three sources of uncertainty in impact projections is determined by the shape of the dose-response function, despite
uncertainty in mean CONUS temperature change projections being dominated by scenario uncertainty (Figure S1).
The mortality dose-response function, which features a turning point towards the middle of the historical temperature
distribution (Figure 1e), is particularly affected by model uncertainty well into the 21st century. Small differences in
exposure to temperatures on either side of the turning point in any scenario can have large consequences in the CONUS
average for the balance between counties with expected increases and those with expected decreases in mortality.

The climate uncertainty partitioning of each impact projection is different from the climate uncertainty partitioning in
mean temperature (Figure S1). In particular, uncertainty due to internal variability is greater in each of the three impact
projections than in temperature, demonstrating how a small contribution of internal variability to total climate variability
for raw temperature does not imply that internal variability can be ignored in an impact projection that depends on
temperature.

The projection of climate impacts interacts with internal variability in complex and often non-intuitive ways. This is
illustrated through the ensemble members of the CESM1-CAM5 model that project the highest and lowest mortality
change between the historical and mid-century time periods (Figure 2). Both ensemble members have similar changes
in CONUS mean temperature (Figure 2a.). However, geographic (Figures 2c.,d.) and seasonal (Figure S2) variability in
trends produce nearly opposite patterns of changes in mortality rates compared to the ensemble mean change (Figures
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Figure 2: Example of how internal uncertainty propagates through projections of changes in heat-related mortality
CESM1-CAM5. This figure shows the ensemble mean change in temperature (black line in a. and panel b.) and
mortality rate (e.; 1300 additional annual deaths vs. historical average), the same for the ensemble member projecting
the highest mortality in mid-century (7900 additional annual deaths vs. historical average; red in a. and middle row),
and the same for the ensemble member projecting the lowest mortality in mid-century (4300 fewer annual deaths vs.
historical average; blue in a. and bottom row). Note the different ranges on the colorbar between the ensemble mean
(top) and the relative changes (middle and bottom). Variability in trends is produced by both seasonal (Figure S2) and
geographic (c.-d., S3) differences.

2f.,g.), with the greatest variability found in the Upper Midwest and Texas in this model (Figure S3). The ensemble
member with the highest mortality change has particularly high increases in mortality rates in eastern CONUS while
the member with the lowest change projects particularly low mid-century mortality rates in south-central and eastern
CONUS. When accounting for the spatial distribution of population, we project 7,900 additional annual heat-related
deaths in the highest mortality ensemble member by mid-century compared to the 1980-2009 average, and 4,300 fewer
deaths in the ensemble member with lowest projected mortality. These represent an increase of 0.3% and a decrease of
0.2%, respectively, relative to 2.7 million total deaths in CONUS in 2015 [41]. Thus, the dominant sources of climate
uncertainty in a projected impact depend on both the dominant source of climate uncertainty in each county-level
impact as well as the spatial distribution of the population affected. Critically, this population distribution may not
overlap with the areas of greatest climate uncertainty.

A large portion of model uncertainty, particularly in projections of mortality, is due to the outlier GFDL-CM3 model
(Figures 3, S4), which projects particularly strong warming during the summer over much of CONUS. That is, GFDL-
CM3 projects a substantial shift in the shape of the average seasonal cycle not found in other models (Figures S5, S6).
These differences are less pronounced when mean temperature is weighted by historical corn yields, explaining the
lower discrepancy between variability calculations with or without GFDL-CM3 in corn yield projections (Figures S4,
S5). Though the global warming response to increased greenhouse gas concentrations in GFDL-CM3 falls within the
limit of plausible climate sensitivities based on our current understanding of historical and paleoclimate records and
emergent constraints [42], many aspects of model’s performance over CONUS have not yet been evaluated. Removing
GFDL-CM3 from the variability partitioning calculation increases the relative importance of internal variability in all
three impact projections (Figure S7g.-i.). Further subsetting to the four models that best replicate the internal and forced
response over North America (MPI-ESM, CanESM2, CESM1-CAM5, and GFDL-ESM2M [40]), does not substantially
change the absolute magnitude of internal variability, but further decreases the relative importance of model uncertainty
(Figure S7j.-l.), as would be expected from selecting models based on a common, observational target.
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Figure 3: Histogram of projections of heat-related mortality changes in CONUS across LEs by the (a.) early (2010-
2039), (b.) middle (2040-2069), and (c.) late (2070-2099) 21st century, compared to the 1980-2009 period. Each dot
represents a projection constructed from a single LE run, colored by model. Figure shows internal variability as the
spread of dots of a single color, and intermodel variability as the spread between dots of different colors. Internal
variability dominates at the start of the century, i.e., the spread of dots of a given color is similar to the spread of all runs
(a.), while intermodel variability dominates by the end of the century. GFDL-CM3 is an outlier due to its unique shifts
in its seasonal cycle in CONUS (Figures S5,S6).

The partitioning of climate uncertainty in each impact is robust to ensemble size as shown by repeating the calculation
with 16 ensemble members per model, the number of runs in the smallest ensemble (Figure S7d.-f.). This suggests that
16 ensemble members are sufficient to sample the internal variability of relevance to these dose-response functions over
CONUS. Similar results have been found in projections of trends of climate variables alone; [43] for example showed
that 10 ensemble members may be enough to sample the spread of mean temperatures in the middle of the CONUS
region. Note that substantially more ensemble members may be needed to fully sample internal variability in regions
with larger and more complex patterns of internal variability.

Since most LEs in the sample only have output from the RCP8.5 scenario, scenario uncertainty is calculated using
output from CMIP5 models [38]. However, scenario uncertainty is similar when calculated using MPI-ESM, the one
LE in the sample with data from multiple scenarios (Figure S2 m.-o.).

Decomposing the projected mortality uncertainty spatially shows that internal variability is more substantial in certain
regions of CONUS (Figures 4a.-c. and Figure S8). Notably, internal variability accounts for around 50% of the total
climate uncertainty in the mid-century projection of mortality in the northern Midwest, a region known to exhibit large
uncertainty due to internal variability in temperature trends [20]. The GDP (Figures 4d.-f. and Figure S9) and corn
yield (Figures 4g.-i. and Figure S10) impacts show similar spatial inhomogeneities, but with less contribution from
internal variability, as expected from their CONUS-average values. In general, regional differences in variability may
be masked by spatial averages of impact estimates.

The spatial distribution of uncertainty also highlights why scenario uncertainty is less important in end-of-century
projections of mortality than in projections of corn yields or GDP per capita. The dose-response function has a turning
point close to the middle of the temperature distribution and the various scenarios are approximately centered on
this turning point. As a result, in each projection scenario, some counties are expected to experience decreases in
mortality due to a reduction in exposure to extreme cold that outweighs the increase in exposure to extreme heat, and
vice-versa. The geographic area where both effects cancel each other out is visible as the counties with nearly no
relative contribution to uncertainty from scenario uncertainty in Figure 4c.

We note that the dose-response functions themselves have uncertainty arising from drawing a statistical relationship
between climate and socioeconomic outcome. Each of the three dose-response functions used in this study were
published with statistical uncertainty estimates. As this study focuses on the role of internal variability in total climate
uncertainty, the additional uncertainty added by the dose-response uncertainty was not investigated. However, climate
uncertainty tends to be a substantial, if not the dominant source of uncertainty in many impacts projections (see e.g., [2]
or Figure S7 in [5]).
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Figure 4: A spatial decomposition of the three sources of climate uncertainty on mortality (top), per capita GDP
(middle), and corn yields (bottom) impacts for 30-year periods in early (left), mid (center), and late (right) 21st century
projections. The band of counties in end-of-century mortality projections dominated by model uncertainty reflect the
turning point in the dose-response function of [32]; in counties north of this band, mortality is expected to decrease,
while in counties south of this strip, mortality is expected to increase. Blank counties in the bottom row had no corn
production reported in the NASS database from 1979-2010. See Figures S8-10 for maps showing the magnitude of
each individual source of uncertainty.

4 Discussion

We have investigated the sources of climate uncertainty in projections of mortality, GDP per capita, and corn yields over
CONUS using dose-response functions from the literature, and have found that previously unaccounted for internal
variability can have a substantial influence on uncertainty in future climate impact projections. While results will differ
based on timescale, shape of dose-response function, and location as shown, internal variability is particularly impactful
in 1. Early- to mid-century impacts 2. Impacts with dose-response functions that exhibit turning points close to the
center of the historical climate distribution 3. Impact studies in regions where natural variability in historical climate
patterns or trends is a bigger component of the climate signal.

We have focused specifically on climate impact studies based on the estimation of dose response functions using
historical data. Internal variability is likely to also be relevant to other methods of estimating the impacts of climate
change, such as process-based models, IAMs, or top-down approaches, though given their different relationship with
climate inputs, more research may be needed to fully understand how climate uncertainty propagates through their
impact projection processes. Furthermore, this study is limited to simple functions of temperature in CONUS. Studies
focusing on other regions or the impacts of different climate variables may be affected by a different partitioning of the
three sources of climate uncertainty. Other regions may see a lower contribution from internal variability as CONUS
is a known region of high internal variability in temperature [20, 21]. Uncertainty in precipitation trends are known
to depend more on internal variability than temperature trends in many regions of the world [44, 45]; future studies
should investigate the relative role internal variability plays in these other domains as well. The impact projections
that we investigated also do not account for future changes in adaptation behavior or geographical shifts in population
or cropped areas; climate uncertainty would interact with these changes in complex ways, since future changes in
distributions of impact variability depend in turn on future climate states.

In the three projections evaluated here, the relative contribution of internal variability to impact climate uncertainty
is generally greater than the corresponding relative contribution of internal variability to uncertainty in temperature.
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Therefore, decompositions of climate uncertainty in mean temperature and precipitation projections such as [3, 38] may
not be sufficient to justify excluding climate variability uncertainty from impact projection studies.

Uncertainty in the future impacts of climate change are not necessarily reduced by CGCM improvements alone [3].
For projections on near-term, decision-relevant timescales, that involve climate impacts with strongly non-linear
relationships with climate variables, or impacts in parts of the world with significant present-day climate variability,
the most important source of uncertainty may be unrelated to climate change, but instead arise from the internal,
existing variability of the climate system. Conversely, for end-of-century projections, involving variables with fairly
linear relationships with climate variables, and for impacts in parts of the world with low existing variability, the most
important source of uncertainty may be scenario uncertainty, i.e., uncertainties in human collective decision-making.

Generally, impact projection studies should account for uncertainty due to internal variability when at least one of
the three conditions above is met. Including internal variability is increasingly feasible with the larger size of CMIP6
historical and projection ensembles, in addition to the multi-model large ensemble archive used in this study. However,
the additional computational and software development costs to include internal variability can be substantial, which
may be inefficient if the climate uncertainty of an impact is dominated by model and/or scenario uncertainty at the
timescales or location of interest. By including all relevant sources of climate uncertainty, impact projections better
represent worst-case outcomes that can be prepared for or prevented through climate adaptation and mitigation.

5 Methods

5.1 Climate data

5.1.1 Multi-Model LE Archive

We use all seven models that provide output from 1950-2100 and contain ensembles of at least 16 members from the
multi-model large ensemble archive (Table S3 and Table 1 of [21]). Each model is forced with historical forcings from
1950-2005, and RCP8.5 forcings from 2006-2100. We use monthly near-surface air temperature from each ensemble
member of each model. We use monthly data, since not all models saved output at a higher temporal resolution.

5.1.2 CMIP5 models

To characterize scenario uncertainty, we use 14 models from the 5th edition of the Coupled Model Intercomparison
Project (CMIP5 [46], Table S4). We use every model that had available near-surface monthly temperature output for all
four 21st-century scenarios (RCP2.6, RCP4.5, RCP6.0, and RCP8.5 [37]). Note that this selection of models includes
several which have LE configurations that are included in this study (GFDL-CM3, GFDL-ESM2M, CSIRO Mk3.6.0).

5.1.3 Historical climate data

We use daily mean, maximum, and minimum near-surface air temperature data from ERA-INTERIM [47] from 1980 to
2009 to characterise historical temperature over CONUS. Mean temperature is used for calculating mortality and GDP
impacts and maximum and minimum temperature are used to calculate corn yield impacts.

5.2 Building climate projections

We develop a series of climate projections for each climate model and ensemble member to quantify the uncertainty
in future projections of climate impacts. Daily temperature projections are made with the “delta method" [48, 49]
(sometimes also known as the “change factor method"), which assumes that model changes are less biased in absolute
terms than model mean states. All calculations occur for each pixel separately. First, 1980-2009 ERA-INTERIM
daily temperature at all pixels covering CONUS are regridded to each model’s grid to create TERA

i , the base period
temperature time series for day d in month m for a particular model. Then, temperature projections Tf are constructed
as follows for each future time period f = [2010, 2039], [2040, 2069], [2070, 2099]:

Tf (d,m) = TERA
i (d,m) +

(
T

mod

f (m)− T
mod

i (m)
)

(1)

Where T
mod

i (m) is a given model run’s 1980-2009 average temperature for month m across all years and T
mod

f (m) is
a given model’s average temperature for month m across all years in time period f . Then Tf is a 30-year time series of
daily temperature, projected from the historical time period by changes in monthly average temperatures taken from a
particular run from an LE or a CMIP5 model. These projections are repeated for each run in each LE and for each
CMIP5 model, creating an ensemble of future temperature projections over CONUS.
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Using the method above, we create future projections of the mean, minimum, and maximum daily near-surface air
temperature. Since most LEs used in this study did not save minimum or maximum air temperature, we project both of
these variables by the change in the mean daily temperature.

This projection method accounts for annual mean temperature change as well as any changes to the seasonal cycle.
However, it ignores well-known changes in the shape of the daily temperature distributions [35, 36], which are not
considered here as many of the CGCM LEs used in this study only published monthly data.

5.3 Dose-Response Functions

The dose-response functions used are the estimates as given in the studies on mortality [32], GDP per capita [33], and
corn yield [34]. We use the methodologies of each original dose-response function project to convert differences in
temperature time series into projections of climate impacts; a summary of these methodologies is reproduced here for
convenience.

Mortality The mortality dose-response function of [32] is based on 10◦F - wide temperature bins from less than 10◦F
to more than 90◦F. For each pixel, the change in the number of days per year in each temperature bin between the
historical and a given future time period is dotted into the dose-response function to get the change in annual mortality
rate / 100,000. After this change in mortality rate is aggregated to the county level, the total CONUS mortality change
is calculated as the sum across counties of the product of the change in mortality rate and the population in each county.
We use the total population in each county in 2015 from the SEER database [50].

GDP per capita The GDP per capita dose-response of [33] is based on 3◦C - wide temperature bins from less than
-15◦C to more than 30◦C. For each pixel, the change in the number of days per year in each temperature bin between the
historical and a given future time period is dotted into the dose-response function to get the log change in annual GDP
per capita. After this change is aggregated to the county level, the total CONUS GDP per capita change is calculated as
the population-weighted average of each county’s GDP change across all counties.

We use 2015 GDP per capita for counties from the Bureau of Economic Analysis’s County-Level GDP estimates [51].

We only use the effect of the current year in [33] (i.e., the terms involving T̃m
it in their equation 9), and ignore the effect

of the prior year, which the authors conclude are statistically insignificant.

Corn yields We use the piece-wise linear formulation of the corn yield-temperature dose response function of [34]
(e.g., the red line in their Figure 1A). As in that study, we model the progression of daily temperature by fitting
a sinusoidal between the minimum and maximum temperature (discretized using 15 points per day). The impact
calculation is similar to that of mortality and GDP above, though additionally scaled by the number of points used to
discretize daily temperature distributions.

We use corn yields from the USDA’s National Agricultural Statistical Survey’s county-level corn yields database [52],
and take the average corn yield per county from 1979-2010.

We report the average change in county-level corn yields for CONUS by aggregating across counties with corn
production in the sample, and weighting by this county-level corn production. We follow [34] and report results in
percent change over the historical period.

5.4 Projecting impacts

Each impact projection is calculated at the pixel level before aggregating to counties; e.g., we create projections of
changes in mortality rate for each pixel. This is done to minimize distortions that may occur upon geographical
aggregation and to preserve the within-county temperature variation.

We then aggregate changes in mortality rate, GDP per capita, and corn yield to the county level, by for each county
area-averaging all pixels that overlap with the given county, weighted by the area overlapping between each pixel and
the county. CONUS-wide estimates of changes in mortality, GDP per capita, and corn yields are then calculated by
aggregating results across all counties, weighting by county-level population (for mortality, GDP per capita) or corn
yields.

A single estimate for the change in an impact variable is calculated for each run in each model for the entire CONUS by
aggregating county-level results.
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5.5 Partitioning climate uncertainty in impact projections

Climate uncertainty is calculated as the variance across estimates for total CONUS mortality, GDP per capita, and
corn yield changes, following the partitioning methodology of [3]. Estimates are calculated for each run in each large
ensemble (RCP8.5), and for each CMIP5 model in the sample for each scenario (RCP2.6, RCP4.5, RCP6.0, RCP8.5).

Internal uncertainty Internal uncertainty is calculated as the mean across LEs of each LE’s variance of outcomes
across runs.

Model uncertainty Model uncertainty is calculated as the variance across LEs of each LE’s mean of outcomes across
runs.

Scenario uncertainty Since most LEs were only run on one scenario due to computational constraints, we follow
[3, 38] and estimate scenario uncertainty using a range of CMIP5 models. Many of the LEs used in this sample are
versions of the models submitted to the CMIP5 project; CMIP5 models therefore provide a reasonable estimate of the
scenario uncertainty that LEs would show. Scenario uncertainty is calculated as the variance across scenarios of the
mean outcome across CMIP5 models for each scenario. In Figure S7m.-o., we alternatively show scenario uncertainty
calculated using the MPI-ESM LE, which had saved output for the RCP2.6 and RCP4.5 scenarios in addition to RCP8.5,
as was done by e.g. [39]. In this case, scenario uncertainty is calculated as the variance across scenarios of the mean
outcome across MPI-ESM ensemble members.

Data availability

Source code and raw data has been deposited to Mendeley Data (https://data.mendeley.com/datasets/
48m4scp8jx/2). The most up-to-date code is available on GitHub at https://github.com/ks905383/iv_
impacts.
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S1 Supplementary Figures
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Figure S1: Partitioning of sources of uncertainty in projections of 30-year mean temperature over the CONUS. Figure
constructed as in Figure 1i-k. Due to nonlinearities in dose-response functions, partitioning of climate uncertainty in
impact projections is different from that in calculations of temperature alone.
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Figure S2: Relative change in monthly mean temperature vs. ensemble average for CESM1-CAM5 ensemble member
projecting the lowest (top) and highest (bottom) mid-century mortality. The lowest mortality run has lower temperature
increases in July than the average ensemble member, while the highest mortality run has the opposite, in addition to
having less warming in January over much of CONUS.
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Figure S3: Geographic distribution of variability across runs in mean temperature change and projected mortality rate
change in CESM1-CAM5 in the mid-century period (2040-2069).
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Figure S4: As Figure 3, but including all three examined impacts.
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Figure S5: Change in mean CONUS temperature by month in models, showing changes in the seasonal cycle. Figure
shows changes between the historical (1980-2009) period and 30 year periods in the early, mid, and late 21st century
for each of the seven large ensembles where monthly temperature is (top row) weighted by population (bottom row)
weighted by corn yield. The dotted vertical lines on the bottom row show the growing season, or months used in the
corn yield impact study, from March to September. The shaded area spans the minimum and maximum ensemble
member at each month.
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Figure S6: The spatial pattern of projected CONUS mean temperature change in 2070-2099 for each season, averaged
across runs for each LE. Note particularly high warming during summer (JJA) and fall (SON) in GFDL-CM3 (panels
xix.-xx.).
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Figure S7: As Figure 1i.-k., but showing calculations using subsets of data. Panels a.-c. are identical to Figure 1i.-k. for
reference; d.-f. were calculated using only 16 runs from each model (the number of runs from the smallest ensemble,
EC-EARTH); g.-i. were calculated without runs from GFDL-CM3; j.-l. were calculated using the models found to best
simulate internal variability and secular changes over CONUS by [40] (MPI-ESM, GFDL-ESM2M, CESM1-CAM5,
CanESM2); m.-o. use the LE MPI-ESM to calculate scenario uncertainty instead of the selection of CMIP5 models.
Note: the decreased relative importance of model uncertainty in panels j.-l. is likely due to [40] having subset models
by closeness to a common target of observations.
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County-level mortality change variability partitioning

Figure S8: The partitioning of climate uncertainty in mortality projections at county level. These maps, as well as the
maps shown in Figures S9 and S10 are synthesized in Figure 4 of the main text.
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County-level per capita GDP change variability partitioning

Figure S9: The partitioning of climate uncertainty in GDP projections at county level. These maps, as well as the maps
shown in Figures S8 and S10 are synthesized in Figure 4 of the main text.
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County-level corn yield change variability partitioning

Figure S10: The partitioning of climate uncertainty in corn yield projections at county level. These maps, as well as the
maps shown in Figures S8 and S9 are synthesized in Figure 4 of the main text. White areas show regions without corn
production in the NASS dataset.
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S2 Supplementary Tables

Table S1: Relative climate uncertainty in impact projections by source.

relative contribution to var 2010-2039 2040-2069 2070-2099

mortality
internal 0.56 0.12 0.03
scenario 0.03 0.07 0.28
model 0.41 0.80 0.69

per capita gdp
internal 0.20 0.04 0.01
scenario 0.06 0.36 0.70
model 0.74 0.60 0.28

corn yield
internal 0.37 0.09 0.03
scenario 0.05 0.32 0.62
model 0.59 0.59 0.36

Relative contribution by climate uncertainty to total outcome variance by source for the three time periods (columns)
and three impact variables (rows) studied. Table shows values used in stacked bar charts in Figure 1 i.-k.

Table S2: Absolute climate uncertainty in impact projections by source.

absolute contribution to var 2010-2039 2040-2069 2070-2099

mortality (106 [deaths per year]2)
internal 5.78 6.89 10.7
scenario 0.29 4.20 101
model 4.20 45.6 253

per capita gdp (104 $2)
internal 0.50 0.45 0.50
scenario 0.14 4.57 28.2
model 1.82 7.53 11.3

corn yield
(
10−3

) internal 0.99 1.22 1.05
scenario 0.12 4.47 23.9
model 1.59 8.37 13.9

Absolute contribution by climate uncertainty to total outcome variance by source for the three time periods (columns)
and three impact variables (rows) studied. Table shows values used in stacked bar charts in Figure 1 l.-n.
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Table S3: Large Ensemble output used.

Model citation # ensemble members ECS TCR
CanESM2 [53] 50 3.71 2.30
CSIRO-Mk3-6-0 [54] 30 4.36 1.69
MPI-ESM-LR [55] 100 3.66 2.01
GFDL-CM3 [56] 30 4.03 1.76
GFDL-ESM2M [57] 20 2.46 1.37
CESM1-CAM5 [58, 59] 40 - 2.29
EC-EARTH [60] 16 - -

Details of Large Ensemble used, with number of ensemble members, and ECS and TCR as given in the supplement of
[61]. Models whose ECS values are outside of the 2.3-4.7 range may run counter to historical, paleoclimate, and

theoretical understandings about the magnitude of climate change [42].

Table S4: CMIP5 models used to characterize scenario uncertainty.

Model citation
CSIRO Mk3.6.0 [54]
GFDL-CM3 [62]
GFDL-ESM2G [63, 64]
GFDL-ESM2M [63, 64]
GISS-E2-H [65]
GISS-E2-R [65]
HadGEM2-AO [66]
IPSL-CM5A-LR [67]
IPSL-CM5A-MR [67]
MIROC-ESM-CHEM [68]
MIROC-ESM [68]
MIROC5 [69]
MRI-CGCM3 [70]
NorESM1-M [71, 72]
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