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Abstract

Estimates of global economic damage caused by carbon dioxide (CO2) emis-

sions can inform climate policy.1–3 The social cost of carbon (SCC) quantifies these

damages by characterizing how additional CO2 emissions today impact future eco-

nomic outcomes through altering the climate.4–6 Previous estimates suggest that

large, warming-driven increases in energy expenditures could dominate the SCC,7,8

but they rely on models9–11 that are spatially coarse and not tightly linked to

data.2,3, 6, 7, 12,13 Here we show that the release of 1t CO2 today is projected to

reduce total future energy expenditures, with most estimates valued between -$3

and -$1, depending on discount rates. Our results are based on a new architecture

that integrates global data, econometrics, and climate science to estimate local dam-

ages worldwide. Notably, we project that emerging economies in the tropics will

dramatically increase electricity consumption due to warming, requiring critical in-

frastructure planning. However, heating reductions in colder countries offset this

increase globally. We estimate that 2099 global electricity consumption rises ∼ 4.5

EJ/yr (7% current global consumption) while direct consumption of other fuels de-

clines ∼ 11.3 EJ/yr (7% current consumption) per +1◦C increase in global mean

temperature. Our finding of net savings contradicts previous research,7,8 because

global data indicate that many populations will remain too poor for most of the

21st century to substantially increase energy consumption in response to warming.

Importantly, damage estimates would differ if poorer populations were given greater

weight.14
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Assessing damages from climate change

Quantifying the benefits of greenhouse gas mitigation is a topic of considerable impor-

tance to researchers and policy makers alike. The “social cost of carbon” (SCC)—defined

as the dollar value of climate change damages imposed globally by an additional (i.e.

“marginal”) ton of CO2 emissions (or its equivalent)—provides a means to determine the

global social benefits of mitigation policies.6 To date, our understanding of the SCC has

been informed by theoretical-numerical integrated assessment models9–11 (IAMs). These

pioneering models have produced numerous valuable insights and guided research and

policy for decades.1,5 For instance, SCC estimates derived from these models have been

used by the US federal government to assess over 80 policies to date, with a combined

value of $1 trillion in estimated benefits.15 Yet as research has progressed with advances

in data and computing, new challenges and opportunities have emerged.3,13

Recent assessments2,3, 6, 7 have raised the concerns that the category of current IAMs

used to perform aggregate benefit-cost analyses related to climate change16 are not tightly

constrained by data. They also do not utilize best-available Earth System models, do not

capture many known linkages between climate change and society, and only resolve dam-

ages at the geographic scale of large regions (e.g. continents). We address these concerns

by designing a fully modular “bottom-up” architecture17 to develop “partial” SCC esti-

mates for individual sub-sectors of the global economy (e.g. agriculture, health, labor),

using representative data and detailed climate models.7,18–25 Each global partial SCC is

built up from econometrically derived, probabilistic, local damage estimates for thousands

of geographic regions. In ongoing work, we are integrating these partial SCC estimates17

to compute a total SCC, taking into account inter-sector linkages . “Top down” econo-

metric results describing Gross Domestic Product (GDP) impacts of warming26,27 have

been previously translated into SCC values;.28,29 However, to our knowledge, no existing

IAM transparently assembles a bottom-up and globally-representative SCC based on local

econometric-based projections of damage.6

Climate-driven energy expenditures

Here we develop the first empirically-derived estimates of the net change in global energy

expenditures associated with an additional ton of CO2 emissions, i.e. a partial SCC for

energy expenditure. IAM developers have themselves argued that uncertainty over this

number is the most important uncertainty to resolve in the total SCC,8 in part because

some models predict that rising energy expenditures will be the single largest global cost

from warming.16 Prior econometric studies have measured the effect of local tempera-

tures on local electricity consumption,30–34 although they often omit non-electric energy

consumption (e.g. natural gas used for heating) because the data are difficult to obtain.

Moreover, these studies generally focus on residential end uses in regions that are wealthy
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and thus not globally representative (e.g. California). In contrast, an appealing feature

of non-econometric studies using process-based models is that they simulate how climate

change will affect all aspects of the production, conversion, delivery, and use of energy.35–38

However, similar to IAMs, their drawback is that they are not generally constrained by

plausibly causal econometric estimates of consumption behavior in response to warming.

This analysis is the first to recover globally representative measurements of total energy

consumption in response to rising temperatures, accounting for economic development

and adaptive behavior, and to use these results to compute a partial SCC for energy

expenditure.

Because there remains debate on how best to aggregate costs across populations over

time39,40 (i.e. discounting), here we present results using multiple approaches and a

range of parameter values.6 When aggregating costs between different populations within

a time period, we treat all individuals equally, consistent with guidance to US federal

agencies,6 although alternative approaches that upweight costs to poor populations have

been proposed.14

Computing a social cost of carbon

Our modular approach to computing partial-SCC values has five steps, each of which

can be implemented for each sector of the global economy. Here we apply these steps to

compute the energy expenditure component of the SCC.

First, we match globally representative, longitudinal data on energy consumption

with 0.25◦ × 0.25◦ globally harmonized historical climate data.41 This represents, to

our knowledge, the most comprehensive global dataset compiled on energy consumption

and temperature (Methods Step 1 ; Supplementary Section A). Energy consumption data

are derived from International Energy Agency (IEA) data files42 that describe electricity

and direct fuel consumption across residential, commercial, industrial, and agricultural

end-uses (excluding transportation) in 146 countries during 1971-2010. To make these

data usable for global analysis, we harmonize data across diverse reporting systems and

use econometric methods that minimize the influence of errors in record keeping (Methods

Step 1 ; Supplementary Section A.1).

Second, we econometrically estimate the effect of historical temperature distributions

on national annual per capita energy consumption using random year-to-year variation,24

and measure how this energy-temperature response differs across energy types (electric-

ity and other fuels), income levels, and climate zones.17 This allows us to observe the

effects of adaptive behaviors that populations undertake as they become richer31 and/or

are exposed to warmer climates34 (e.g. AC adoption). Our approach accounts for all

permanent differences between countries in energy consumption (e.g. due to geography

or history) and all common trends in energy consumption (e.g. due to macroeconomic
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fluctuations, price changes, or technological innovations) to identify a plausibly causal

effect30 of temperature distributions on energy consumption. We then use variation in

income level and climate zone to predict how the temperature-energy relationship may

change in association with these two factors. (Methods Step 2 ; Supplementary Section

B).

Third, we project impacts of climate change in 24,378 globally comprehensive geo-

graphic regions (roughly the size of US counties, See Extended Data Figure 1) through

2099 (the final year high-resolution climate simulations are available) by combining the

econometric results above with a probabilistic ensemble of downscaled climate projections

(Extended Data Figure 2)43 based on CMIP5 models.19 When projecting these impacts,

we account for how the energy-temperature response will evolve as populations become

richer and exposed to warmer climates (Methods Step 3 ). Standard socioeconomic sce-

narios22 forecast that over 90% of the end-of-century population will still remain within

the range of historical temperatures and incomes that we currently observe around the

world (See Extended Data Figure 3). In isolating the impact of future climate change

on energy consumption, we hold constant the current energy supply mix, an assumption

that should be relaxed in future work.

Fourth, we monetize and pool the empirically-derived damage estimates from the

last step and fit global energy expenditure damage functions by aggregating impacts

across locations and indexing them against the global mean surface temperature anomaly

(∆GMST) expressed in each climate model realization.18 These functions describe the

full distribution of global damage conditional on ∆GMST. We estimate damage func-

tions up to 2100 that evolve over time to reflect expected changes in socioeconomics and

adaptation, and extrapolate their continuing evolution forward to 2300 (Methods Step 4 ;

Supplementary Section D).17

Fifth, we adapt a probabilistic, simple climate-carbon cycle model25 to project the

distribution of annual ∆GMST up to 2300 that results from the release of 1 additional GtC

of CO2 (Methods Step 5 ; Supplementary Section E). Applying the distribution of impulse-

responses of ∆GMST to damage functions from the last step generates a probability

distribution for the stream of total global damages that result from the emission of a

marginal ton of CO2 today. This probability distribution accounts for uncertainty in our

econometric estimates at all stages of the analysis as well as climatological uncertainty.

Finally, the value of the flow of damage is discounted6 to capture the partial SCC for

global energy expenditure.
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Results

Energy consumption and temperature

The role of income

Empirically, we find that a population’s average income per capita is a key determinant

of how its end-use energy consumption responds to temperature. Electricity-temperature

responses (Figure 1a) are “U”-shaped (i.e. increasing with hot and cold temperatures),

but only in the seventh decile or higher of the global income distribution (annual per-

capita income≥$11,258, 2019 USD PPP), while the other fuels-temperature response is

“L-shaped” (i.e. increasing with cold temperatures) in the third decile or higher (annual

per-capita income≥$2,849, 2019 USD PPP). Above these thresholds, rising incomes ap-

pear to amplify both responses, such that in the top decile, electricity consumption rises

0.017 GJ-per-capita (4.6 kWh-per-capita, 66% of 2010 global average per capita daily

consumption) on a 35◦C day (relative to a 20◦C day) and 0.0068 GJ-per-capita (1.9 kWh-

per-capita, 27% of 2010 global average per capita daily consumption) on a 0◦C day, on

average, while direct consumption of other fuels increases 0.034 GJ per-capita (50% of

2010 global average per capita daily consumption) on a 0◦C day. These differing responses

likely reflect the use of electricity for cooling and heating, compared to the use of other

fuels (e.g. natural gas, oil, and coal) for heating. Prior research has documented similarly

“U”-shaped electricity-temperature responses in the top decile30,32–34 (See Supplementary

Section H for comparisons), but our data reveal that such responses do not generalize to

other income levels nor do they capture the substantial other fuels-temperature response,

which dominates on cold days (Figure 1b). To our knowledge, these findings represent the

first empirical demonstration of how economic development shapes energy-temperature

responses on a global, macroeconomic scale. The differing income thresholds at which

electricity and other fuels consumption starts to respond to temperature are consistent

with microeconomic evidence that air-conditioning is widely adopted only at very high in-

come levels,31,44 while solid fuels are burned for heating even in lower income settings.45,46

Adaptation to local long-run climate

While income per capita is the dominant driver of the energy-temperature response, long-

run climate also plays a smaller role in how populations adapt. For instance, higher

AC adoption in hot locations may increase electricity use on hot days.31,34 We em-

pirically recover how income and long-run climate continuously and jointly shape the

energy-temperature response (Methods, Equation 3; Supplementary Section B.3), thereby

accounting simultaneously for effects of economic development and climate (Figure 1c).

We find evidence that populations adapt to their long-run climate in ways that change

their energy consumption during hot and cold periods, conditional on their income level.
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For instance, on a 35◦C day, per capita electricity consumption is 0.004 GJ (16% of

2010 global average per capita daily consumption) greater in the hottest climate tercile

relative to the coldest. Conversely, on a 0◦C day, per capita consumption of electricity

and other fuels are respectively 0.0002 GJ (1% of 2010 global average per capita daily

consumption) and 0.027 GJ (40% of 2010 global average per capita daily consumption)

greater in the coldest tercile relative to the hottest. These results are consistent with

populations adopting more heating or cooling technologies when their climate is cooler or

hotter, respectively.

Impacts of future climate change

Accounting for local adaptation globally

Combining the measured relationships estimated using country-by-year energy consump-

tion observations (Figure 1c) with projections for how incomes and climate will change

over the next century in each of 24,378 globally comprehensive geographic units, we project

how the structure of energy-temperature responses will evolve (See Methods Step 3, and

Supplementary Section B.3). This spatial granularity contrasts with existing IAMs used

to develop SCC estimates, which partitioned the world into at most 16 units10 (Extended

Data Figure 1). Prior analysis18 demonstrated that accounting for this spatial granular-

ity is crucial in order to capture the unequal impacts of climate change within countries.

Applying the ensemble of downscaled climate models and surrogates (Methods Step 1 ;

Supplementary Section A.2.2) to our evolving projections of local energy-temperature re-

sponses, we isolate the additional energy consumption in each region caused by changes in

the temperature distribution, over and above any changes to consumption that would oc-

cur without climate change, such as those increases associated with economic development

(Methods, Equation 4).

Impacts on energy consumption

In a high emissions scenario (RCP8.5), we project that by end-of-century, most of the

world is expected to increase net annual per-capita electricity consumption and decrease

consumption of other fuels due to climate change (Figure 2a). The amplitude of these

effects reflects differences in incomes and climates across locations. Hot and wealthy loca-

tions exhibit large net increases in electricity consumption, although very cold locations

exhibit net declines where warming does not increase the number of hot days enough to

offset the loss of cold days. Low income regions, such as much of Sub-Saharan Africa, do

not increase electricity consumption as dramatically because they are projected to still

have relatively low incomes at end-of-century (e.g. see Ethiopia in Figure 1a). Declines

in consumption of other fuels are projected throughout the world, consistent with the use

of these fuels for heating across a wider range of incomes.
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To understand the scale of these impacts, they can be compared to current levels of

energy consumption (Figure 2b). In many of today’s rich countries, impacts at end-of-

century are projected to be modest relative to current consumption, e.g. a +2.7% relative

increase in annual US electricity consumption. This small magnitude is both due to high

current consumption levels in conjunction with the fact that many rich countries are in

temperate climates, where large projected increases and decreases in electricity consump-

tion – from more hot and fewer cold days, respectively – offset one another. In contrast,

in many of the poorest and/or most populous countries, the additional consumption im-

posed by climate change is projected to be substantial relative to current consumption,

e.g. a +2000% relative increase in annual Nigerian electricity consumption. This is due

both to uniformly hot temperatures and very low levels of current energy use.

Aggregating energy impacts globally, we project that in a high emissions scenario,

annual electricity consumption will increase due to climate change by 1.21 GJ per capita

(90% C.I. = [0.54, 2.43], p<0.001) in 2099 (RCP8.5), while consumption of other fuels

will decline 2.94 GJ per capita ([6.15, 1.02], p<0.01) (Figure 2c). Estimates in a moderate

emissions scenario (RCP4.5) are 0.44 and 1.16 GJ per capita, respectively. (Electricity im-

pacts do not include the primary energy lost in conversion to electricity.) It is notable that

ignoring the effects of income growth and climate adaptation on the energy-temperature

response would have resulted in dramatic underestimation of projected changes to global

energy consumption due to warming (green lines, Figure 2c; Supplementary Section D).

Impacts on total energy expenditures

We monetize the climate-change induced changes in total energy consumption (electricity

and other fuels combined) to develop a measure of the economic damages from climate

change, i.e. all economic resources that would be available for other purposes in the

absence of warming. In a baseline scenario of future real energy price growth of 1.4%

per year (the historical growth rate of US energy prices), we project that end-of-century

warming will cause net energy expenditure declines in much of the world, although there

are net increases in many tropical and subtropical middle-income regions, such as portions

of India, China, Indonesia and Mexico (Figure 3a). This pattern occurs because currently

low income countries will likely be rich enough by end-of-century to consume other fuels

on cold days but not rich enough to consume electricity on hot days, thus they experience

savings from warming because it reduces other fuel costs (e.g. Ethiopia in Figure 1a).

Hot middle income countries will be rich enough to spend on electricity for cooling in the

future, so in some regions the additional spending on electricity during hot days outweighs

the savings on cold days (e.g. India in Figure 1a). The largest overall savings are projected

to occur among today’s richest countries, however net savings are projected across most

of the present-day income distribution (Extended Data Figure 4).

Aggregating costs globally, we project modest net savings at end-of-century due to cli-
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mate change, amounting to 0.17 % ([−0.1%, 0.53%], p<0.3) and 0.08 % ([−0.03%, 0.21%],

p<0.25) of 2099 world GDP in RCP 8.5 and RCP 4.5, respectively (Figure 3b). The

magnitude of net global savings is similar across alternative pricing scenarios (Extended

Data Figure 5; Supplementary Section C). This result differs qualitatively from the in-

creased energy spending reported in prior studies16,18,30,32–34 that focused on electricity

consumption in wealthy regions. Because low and middle-income populations spend lit-

tle on electricity to cool and other fuels are consumed everywhere almost exclusively

for heating, projections that use only electricity-temperature responses from high-income

populations will overestimate new cooling expenditures and underestimate savings from

reduced heating, leading to systematic overestimation of the total energy damages from

climate change.

Future damages from CO2 emissions today

Damage functions describe the relationship between ∆GMST and global aggregate costs

in a sector or the economy as a whole—they are at the heart of all IAMs used to develop

SCC estimates,4,9–11 informing mitigation policy implications by summarizing the costs of

additional warming. We construct the first empirically-based global damage functions for

energy consumption using the method in refs. [18] and [17], organizing global aggregate

costs into functions of realized ∆GMST across 33,000 simulations (Figure 3c). These

damage functions evolve over time, thereby capturing the influence of changing demo-

graphics, rising incomes, and warming local climates (See Methods Step 4 ). Damages

are slightly quadratic in GMST anomaly, although essentially linear, with an additional

+1◦ ∆GMST warming at end-of-century (relative to 2001-2010 average) increasing annual

consumption of electricity 4.54 EJ ([4.50, 4.59], p<0.001) and decreasing consumption of

other fuels 11.28 EJ ([11.12, 11.44], p<0.001), causing a net reduction in energy expen-

ditures by $176 billion ([169, 183], p<0.001). Earlier and later damage functions are less

and more steep, respectively, primarily due to trends in income and population (Figure

3d; Methods Step 4 ; Supplementary Section D).

Since CO2 is long-lived in the atmosphere, the US National Academy of Sciences

recommends computing SCC values that capture damages through to the year 2300.6 To

do this, we combine our empirically-derived damage functions with the Finite Amplitude

Impulse Response (FAIR) climate model25 to project through to 2300 the distribution of

∆GMST responses to the emission of a marginal 1 GtC of CO2 (Supplementary Section E)

(The high-resolution CMIP5 model runs used above to project spatially granular impacts

end in 2100.) A CO2 pulse emitted today perturbs the future trajectory of atmospheric

CO2 concentrations nonlinearly, affected by the half life of CO2 in the atmosphere as it

is stored and released in the oceans and biosphere (Figure 4a-b). This results in future

∆GMST that deviates from the baseline scenario, which in turn causes a stream of energy

damages in future years (Figure 4c-d). The partial SCC from energy expenditure is the
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net present value (NPV) of these annual damages. Because there are multiple views on

how best to discount future damages into an NPV (see refs. [39,40]), we present multiple

estimates using both constant discount rates and rates that evolve with economic growth6

(“Ramsey” discounting,47 see Methods Step 5 ).

We find that one ton of CO2 emitted today generates a total energy expenditure burden

valued at -$13.93 to -$0.69 in net present value under the high-emissions RCP8.5 scenario

and -$4.16 to -$0.76 under a moderate-emissions RCP4.5 scenario (central estimates, 1.4%

price growth scenario, Figure 4e, Subpanel I), with most estimates between -$3 and -$1.

Our finding that the partial SCC from energy expenditure is negative and small in

magnitude is broadly robust across multiple pricing scenarios (Figure 4e, Subpanel II;

Extended Data Tables 1 and 2).

Discussion

Our estimates are the first, to our knowledge, to make use of globally comprehensive

data and empirical relationships to compute a global partial SCC for energy expendi-

ture. This approach reveals the critical role of economic development in shaping how

energy consumption patterns respond to climate change, as we find that much of the

world will remain too poor in coming decades to spend substantially on energy-intensive

cooling technologies. Our approach also demonstrates the importance of accounting for

non-electricity energy consumption since global populations use other fuels to cope with

cold temperatures even at low income levels. Together, these two factors explain why our

analysis indicates that total global energy expenditures are not likely to increase dramat-

ically in response to warming, and why marginal emissions today may in fact produce

savings in global energy expenditures.

The modest magnitude of the aggregate global impacts, however, masks substantial

important shifts in projected energy consumption. Most notably, projected impacts of

warming in many of today’s emerging economies may impose substantial costs and repre-

sent a large fraction of current consumption. For instance, we project that climate change

will increase end-of-century electricity consumption in India by over 100% of its current

consumption (Figure 2b). Future work should explore alternative approaches to valuing

global damages across space and time when costs are distributed unequally, as we find.14

Our approach is designed to isolate the effect of future climate change on energy

consumption under given emissions and socioeconomic pathways. However, a natural area

for future exploration is to account for feedback effects that climate change and climate

policy may introduce via changes in the energy supply mix, the trajectory of global

CO2 and local air pollutant emissions, and technological innovation.48,49 While future

work should explore the potential for these factors to alter the partial SCC for energy

consumption, we believe at least the CO2 emissions feedbacks are likely immaterial, given
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the small size of our aggregate estimated impacts (Extended Data Table 3).

Another extension to this analysis would be to account for additional types of future

technological advancements that may affect the energy consumption response to climate

change (e.g. changes in the relative cost of cooling technologies). Because we allow

energy-temperature responses to evolve with rising incomes and temperatures in our pro-

jection, our estimates reflect historical trends in advancement and diffusion of technology

that occur with changes in these two factors. Theoretically, larger values of the partial

SCC for energy consumption can arise if the price of cooling technology falls indefinitely

relative to other goods and services without a corresponding trend in efficiency. However,

these assumptions are unlikely to hold and we do not observe evidence of such a trend

historically. The difficulty of predicting the direction and magnitude of unprecedented

technological innovation under climate change underscores the critical need for further

research in this area.

The results of our analysis contrast with estimates derived from alternative approaches.

For example, the numerical-theoretical FUND IAM10 — the only modeling framework

where direct comparison is possible — estimates a partial SCC for energy expenditure16

of $10 per ton of CO2, which constitutes 90% of that model’s total SCC estimate (high

emissions scenario, 3% discount rate) and is considered uncertain by its developers.8 Our

findings differ from this estimate, in part, because FUND projects very large increases in

energy expenditures due to warming across many middle and low income regions, such

as China, North Africa, Southeast Asia and Sub-Saharan Africa; in contrast we project

small or negative changes in these regions (Supplementary Section I). This divergence

can be explained by the data used to inform these projections. In FUND, these regional

projections are driven by parameters (e.g. the income elasticity of cooling and heating

energy demand) that are calibrated using data from a single high-income country (the

United Kingdom),10 which we found exhibits energy consumption behavior fundamentally

different from these regions (Figure 1a). Our findings thus underscore the importance of

employing a representative empirical approach when estimating global impacts of climate

change.

We demonstrate the feasibility of combining global data, econometrics, detailed cli-

mate models, and modern computing to estimate a partial SCC for energy expenditure.

Although implementing such an approach substantially reduces the energy expenditure

partial SCC relative to prior estimates, this does not necessarily hold for all sectors of

the economy. While focusing on data from only wealthy locations can lead to large esti-

mates of certain climate change damages (e.g. energy expenditures), a similarly limited

data focus has been shown to severely underestimate damages in other areas (e.g. hu-

man health17). A total SCC, composed of many partial SCCs for different sectors of

the economy, would be required to determine the full social cost of warming to global

society. Our approach can be extended to the full range of outcomes potentially affected
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by climate (e.g. mortality,17 agriculture, labor), thereby providing an empirically-based

characterization of the total SCC.
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Impact of climate change on consumption in 2099 (GJ per capita) 
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Figure 2: Projected impact of climate change on energy consumption in the twenty-first
century. Projected impacts of climate change under high (RCP8.5) or moderate (RCP4.5) emissions
scenarios (SSP3 socioeconomic scenario). (a) The spatial distribution of projected consumption impacts
across 24,378 subnational geographic regions in 2099 (RCP8.5), accounting for the effect of income growth
and adaptation on energy-temperature responses in each region. Map (produced with R software, ggplot2
package, using GADM basemap50) displays mean impacts across 33 climate models and model surrogates.
(b) Aggregating to countries, grey bars show total impacts in 2099 (RCP8.5) alongside current consump-
tion levels for selected countries (blue=electricity; orange=other fuels). Percentages are ratios of grey
bars relative to colored bars. Intervals indicate 10th-90th percentiles of projected distributions, accounting
for climate model and econometric uncertainty (Supplementary Section B.5). (c) Aggregating globally,
time series of total global impacts. Shading indicates 10th-90th percentile range of projected distribu-
tions, accounting for climate model and econometric uncertainty. Boxplots show full distribution in 2099
(boxes=inter-quartile range; solid whiskers=10th-90th percentiles; dashed whiskers=5th-95th percentiles).
Green lines illustrate projected impacts if present-day energy-temperature responses are held fixed and
do not respond to rising incomes and changing temperatures.
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Fossil CO2 emissions 
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from climate sensitivity 
uncertainty (panels b,c)
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from climate sensitivity 
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Figure 4: Social cost of carbon for global energy consumption. (a)-(d) Effects of CO2 pulse
using FAIR simple climate model25 (RCP8.5). Black line is default configuration. Shading is interquartile
range sampling from constrained joint distribution of climate parameters (b-c), and also damage function
quantiles (d) (Supplementary Section E.2, E.4). (a) 1GtC (3.67 GtCO2) pulse released in 2020. (b)
Response of atmospheric CO2 concentrations, relative to baseline. (c) Impact on ∆GMST. (d) Change
in discounted flow of energy expenditures (2%/yr discount rate) using damage functions in Figure 3d.
Integral of this flow is the partial social cost of carbon (SCC) for energy consumption. (e) Estimates of
partial SCC for energy consumption under high (RCP8.5) and moderate (RCP4.5) emissions scenarios.
Rows apply different constant or Ramsey discount rates (δ=pure rate of time preference, η=elasticity of
marginal utility of consumption; see Methods Step 5 ). Subpanel I assumes future energy prices reflect
historical average US price growth (1.4%/yr). Parentheses contain 5th-95th percentile ranges, accounting
for damage function and climate model uncertainty. Subpanel II shows range of central estimates across
alternative energy price scenarios, including those from other models (Extended Data Tables 1-2). All
estimates use socioeconomic scenario SSP3 (Supplementary Section F contains alternative scenarios).

16



Extended Data Figure 1: Map of the 24,378 “impact regions” for which location-
specific projections are calculated. Map is produced with R software, ggplot2 package, using Global
Administrative Region dataset (GADM) basemap.50 A clustering algorithm17 is used to form these
impact regions from the full set of GADM administrative regions,50 such that they are roughly similar
in total population, and so that they are approximately internally homogenous with respect to mean
temperature, diurnal temperature range, and mean precipitation.
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Model weights by emissions scenario

a

b

Global mean surface temperature anomaly under RCP8.5:
Distribution across future climate projections

Extended Data Figure 2: Future climate projections used in generating probabilistic,
empirically-based climate change impact projections. Panel (a) shows local climate distributions
under the 21 climate models (outlined maps) and 12 model surrogates (dimmed maps) (Methods Step 1,
Supplementary Section A.2.2, A.2.3) that are weighted in climate change impact projections so that the
weighted distribution of the 2080 to 2099 global mean surface temperature anomaly (∆GMST) exhibited
by the 33 total models matches the probability distribution of estimated ∆GMST responses (blue-grey
line) under a high (RCP8.5) emissions scenario. For this construction, the anomaly is relative to values
in 1986-2005. Maps are produced with Python programming language, using data from ref. [43] and
Global Administrative Region dataset (GADM) basemap.50 Panel (b) lists all 33 models and model
surrogates, and their corresponding model weights for both high (RCP8.5) and moderate (RCP4.5)
emissions scenarios.43 These are used to capture climate model uncertainty when generating climate
change impact projections under a given emissions scenario (Supplementary Section B.5).
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Extended Data Figure 3: Sample overlap between present and future. The density plots
demonstrate the overlap in the joint income × long-run climate distributions at 2010 and 2090. Long-
run climate is measured by heating degree days (a) and cooling degree days (b). Distributions are for
24,378 impact regions, in 2010 (grey-black) and 2090 under the RCP8.5 emissions scenario and SSP3
socioeconomic scenario (red-orange). All impact regions within a country are assigned the national per
capita income. Although the future distribution is shifted towards higher incomes, greater cooling degree
days, and fewer heating degree days, the substantial overlap in the two distributions allows for credible
extrapolation of energy-temperature responses into the future (Methods Step 3 ).
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Extended Data Figure 4: Climate-change induced changes in total energy expenditures
at end-of-century, by present-day income deciles. The bar chart above depicts annual climate-
change induced changes in total energy expenditures at 2099 under a high emissions scenario (RCP8.5)
and the SSP3 socioeconomic scenario, separately for each decile of 2012 national per capita income.
Income deciles are calculated across all countries at 2012; representative countries in selected deciles are
indicated. Expenditures are calculated under a 1.4% annual price growth scenario and are expressed in
2019 USD per capita based on each decile’s projected 2099 population. Bars represent mean estimates
across an ensemble of 33 climate models. Intervals indicate 5th-95th percentiles of projected distributions,
accounting for climate model and econometric uncertainty (Supplementary Section B.5). The chart
demonstrates that heterogeneity in expenditure changes at end-of-century (Figure 2A) is systematically
correlated with present-day national income per capita. Over the upper half of the present-day income
distribution, we find that countries with higher incomes today are generally projected to experience larger
overall net savings at end-of-century. This partly reflects the fact that today’s richest countries tend to
be in temperate climates, where energy savings from fewer cold days will more than offset increases
in costs from more hot days. The smallest savings at end-of-century are projected to occur in middle
deciles of the present-day income distribution, which is consistent with many of these countries being
situated in the tropics and also attaining sufficiently high income levels at end-of-century to increase
electricity consumption due to more hot days. The positive correlation between present-day income and
net savings at end-of-century does not hold in the lower ranges of today’s income distribution. Net
savings in today’s poorest deciles (i.e. first and second) are actually higher than in the third and fourth
deciles, as many of the poorest countries are projected to remain too poor at end-of-century to increase
electricity consumption on hot days.

20



−0.3

−0.2

−0.1

0

2025 2050 2075 2100
Year

−0.6

−0.4

−0.2

0

Price scenario
0% growth
1.4% growth
3% growth
WITCHGLOBIOM42
MERGEETL60
REMINDMAgPIE1730
REMIND17CEMICS
REMIND17

C
ha

ng
e 

in
 e

ne
rg

y 
co

ns
um

pt
io

n 
du

e 
to

 c
lim

at
e 

ch
an

ge
 (%

 o
f G

D
P)

2025 2050 2075 2100
Year

RCP 4.5 RCP 8.5a b

Extended Data Figure 5: The impacts of climate change on energy expenditures.
Time series of changes in total global energy expenditures under the SSP3 socioeconomic scenario for
moderate (RCP4.5; Panel a) and high (RCP8.5; Panel b) emissions scenarios, assuming various energy
price trajectories. Three of these trajectories are based on direct extrapolation of present-day price
statistics at either moderate (1.4%), stagnant (0%), or high (3%) annual growth rates (Supplementary
Section C.1), while five are based on price projections from integrated assessment models (Supplementary
Section C.2) named in the legend. Expenditure changes in a given year are expressed as a percent of global
GDP in that year. Aggregate global expenditure changes are obtained by monetizing and summing over
the spatially disaggregated impacts across both electricity and other fuels. Regardless of the emissions
scenario or assumed price trajectory, end-of-century changes (i.e. net savings) represent a minute fraction
of the US $353 trillion end-of-century global GDP projected under SSP3.
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Extended Data Figure 6: Recovering local temperature-energy consumption relation-
ships using aggregate energy consumption data. An illustration demonstrating how the effect of
local temperature on local per capita energy consumption can be recovered from observations of local
temperatures and national per capita energy consumption. a: Let a hypothetical, linear response of
daily temperature and energy consumption exist at a local (i.e. grid cell) level, depicted by the diagonal
grey line. Let E denote baseline daily energy consumption on a 20◦C day. Average per capita energy
consumption is observed on day d in countries i (blue circle) and j (pink circle), respectively consisting
of 8 and 5 equally populated grid cells experiencing different temperatures. While the temperature is
observed in each grid cell, only the national average per capita energy consumption is observed. b:
Height of each bar represents unobserved energy consumption on day d within each grid cell. Pink bars
are grid cells in country j and blue bars are grid cells in country i. Energy consumption within each
grid cell responds to temperature within that grid cell. Averaging temperature and per capita energy
consumption across grid cells within each country produces the country-level observations in Panel a. A
regression using these observations recovers the grid cell-level response. Note that this illustration depicts
a linear energy-temperature response for illustrative purposes, however a nonlinear temperature-energy
consumption response can be recovered as well, if nonlinear transformations of temperature are computed
at the grid-cell-level before being aggregated to the national level (See Methods Step 2 and Equation 2).
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Discount rate:
Constant Constant Constant Constant

2% 2.5% 3% 5%

1.4% price growth

RCP 8.5 -2.27 -1.61 -1.25 -0.69
(-9.42,0.84) (-5.64,0.24) (-3.70,-0.04) (-1.27,-0.22)

RCP 4.5 -1.73 -1.43 -1.21 -0.76
(-8.49,0.50) (-5.31,0.00) (-3.67,-0.17) (-1.50,-0.27)

0% price growth

RCP 8.5 -0.99 -0.81 -0.70 -0.47
(-2.97,-0.04) (-1.99,-0.13) (-1.46,-0.17) (-0.72,-0.17)

RCP 4.5 -0.88 -0.81 -0.73 -0.52
(-2.87,-0.11) (-2.08,-0.19) (-1.63,-0.22) (-0.90,-0.20)

3% price growth

RCP 8.5 -7.45 -4.53 -3.06 -1.20
(-38.77,5.26) (-21.35,2.39) (-12.76,1.04) (-3.04,-0.21)

RCP 4.5 -5.04 -3.50 -2.63 -1.27
(-34.53,3.61) (-19.16,1.36) (-11.68,0.38) (-3.22,-0.33)

MERGE-ETL 6.0 prices

RCP 8.5 -1.77 -1.18 -0.87 -0.43
(-5.85,-0.34) (-3.36,-0.27) (-2.13,-0.23) (-0.71,-0.14)

RCP 4.5 -1.83 -1.26 -0.95 -0.49
(-6.18,-0.62) (-3.67,-0.43) (-2.43,-0.32) (-0.93,-0.17)

REMIND 1.7 (ADVANCE) prices

RCP 8.5 -6.40 -4.50 -3.44 -1.80
(-22.19,-1.55) (-13.66,-1.29) (-9.20,-1.10) (-3.38,-0.69)

RCP 4.5 -6.24 -4.58 -3.60 -1.96
(-22.18,-1.88) (-14.00,-1.50) (-9.74,-1.25) (-4.04,-0.75)

REMIND 1.7 (CEMICS) prices

RCP 8.5 -6.15 -4.32 -3.30 -1.70
(-22.52,-1.45) (-13.73,-1.19) (-9.17,-1.01) (-3.30,-0.63)

RCP 4.5 -6.09 -4.44 -3.47 -1.86
(-21.92,-1.50) (-13.78,-1.28) (-9.55,-1.10) (-3.93,-0.68)

REMIND-MAgPIE 1.7-3.0 prices

RCP 8.5 -6.04 -4.27 -3.27 -1.72
(-20.53,-1.36) (-12.56,-1.18) (-8.38,-1.03) (-3.00,-0.66)

RCP 4.5 -5.95 -4.39 -3.47 -1.90
(-20.81,-1.80) (-13.09,-1.46) (-9.08,-1.22) (-3.72,-0.73)

WITCH-GLOBIOM 4.2 prices

RCP 8.5 -6.30 -4.31 -3.22 -1.58
(-23.55,-0.38) (-14.65,-0.49) (-9.88,-0.53) (-3.41,-0.41)

RCP 4.5 -5.58 -4.05 -3.14 -1.65
(-22.81,-0.96) (-14.39,-0.78) (-9.95,-0.66) (-3.95,-0.41)

Extended Data Table 1: Social cost of energy consumption due to climate change under
alternative future price scenarios. This table displays estimates of a partial Social Cost of Carbon
for excess energy expenditure, under the socioeconomic scenario SSP3. Parentheses contain 5th-95th

percentile ranges, accounting for damage function and climate model uncertainty (Supplementary Section
E.4). Costs are valued under various projected energy price trajectories. Three of these trajectories are
based on direct extrapolation of present-day price statistics at either moderate (1.4%), stagnant (0%),
or high (3%) annual growth rates (Supplementary Section C.1), while five are based on price projections
from integrated assessment models (Supplementary Section C.2) named in the table. Costs are discounted
to the present using a constant annual discount rate (2%, 2.5%, 3%, or 5%). Estimates using Ramsey
discounting are displayed in Extended Data Table 2.
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Discount rate:
Ramsey Ramsey Ramsey Ramsey Ramsey Ramsey

δ = 0%, η = 1 δ = 0%, η = 2 δ = 0%, η = 3 δ = 1%, η = 1 δ = 1%, η = 2 δ = 1%, η = 3

1.4% price growth

RCP 8.5 -13.93 -6.00 -2.93 -3.35 -1.90 -1.20
(-81.41,13.56) (-33.28,5.17) (-14.87,2.02) (-16.46,2.13) (-8.20,0.81) (-4.45,0.25)

RCP 4.5 -4.16 -2.46 -1.60 -1.97 -1.38 -1.01
(-71.19,14.08) (-28.86,4.99) (-12.93,1.76) (-14.37,1.77) (-7.32,0.54) (-4.11,0.09)

0% price growth

RCP 8.5 -3.44 -1.72 -1.00 -1.20 -0.80 -0.58
(-20.04,2.55) (-8.59,0.87) (-4.10,0.25) (-4.64,0.24) (-2.52,0.00) (-1.51,-0.08)

RCP 4.5 -0.40 -0.66 -0.63 -0.82 -0.68 -0.56
(-15.76,2.89) (-6.99,0.89) (-3.53,0.21) (-4.08,0.16) (-2.39,-0.06) (-1.54,-0.12)

3% price growth

RCP 8.5 -67.08 -26.86 -11.81 -13.03 -6.48 -3.55
(-396.41,66.96) (-157.24,25.86) (-67.35,10.56) (-73.36,11.28) (-34.51,4.84) (-17.45,2.11)

RCP 4.5 -29.87 -13.14 -6.49 -7.46 -4.21 -2.60
(-374.36,59.47) (-144.86,21.91) (-60.82,8.41) (-65.96,8.78) (-30.71,3.45) (-15.56,1.32)

MERGE-ETL 6.0 prices

RCP 8.5 -13.02 -5.41 -2.51 -2.82 -1.51 -0.89
(-57.46,-1.38) (-22.82,-0.66) (-9.85,-0.36) (-10.77,-0.43) (-5.16,-0.27) (-2.70,-0.19)

RCP 4.5 -12.32 -5.21 -2.47 -2.81 -1.54 -0.94
(-60.50,-3.71) (-23.75,-1.64) (-10.20,-0.81) (-11.17,-0.93) (-5.42,-0.52) (-2.90,-0.31)

REMIND 1.7 (ADVANCE) prices

RCP 8.5 -37.64 -16.55 -8.19 -9.40 -5.34 -3.34
(-180.18,-3.60) (-74.59,-2.14) (-33.90,-1.41) (-37.72,-1.74) (-19.21,-1.23) (-10.66,-0.91)

RCP 4.5 -30.56 -14.11 -7.37 -8.61 -5.13 -3.34
(-181.99,-5.18) (-74.14,-2.94) (-33.41,-1.82) (-37.22,-2.23) (-19.08,-1.50) (-10.79,-1.06)

REMIND 1.7 (CEMICS) prices

RCP 8.5 -35.77 -15.79 -7.84 -9.01 -5.13 -3.20
(-187.73,-4.09) (-77.19,-2.22) (-34.85,-1.37) (-38.70,-1.68) (-19.55,-1.15) (-10.78,-0.83)

RCP 4.5 -30.33 -13.96 -7.25 -8.46 -5.01 -3.24
(-181.98,-0.89) (-73.98,-1.31) (-33.23,-1.14) (-36.97,-1.50) (-18.89,-1.15) (-10.64,-0.87)

REMIND-MAgPIE 1.7-3.0 prices

RCP 8.5 -35.03 -15.46 -7.68 -8.83 -5.04 -3.16
(-168.48,-1.83) (-69.72,-1.38) (-31.61,-1.07) (-35.13,-1.37) (-17.82,-1.06) (-9.85,-0.82)

RCP 4.5 -28.45 -13.22 -6.95 -8.14 -4.88 -3.19
(-171.20,-4.30) (-69.76,-2.61) (-31.44,-1.68) (-34.99,-2.08) (-17.92,-1.43) (-10.12,-1.02)

WITCH-GLOBIOM 4.2 prices

RCP 8.5 -39.88 -17.28 -8.39 -9.56 -5.30 -3.24
(-179.02,2.48) (-75.55,0.53) (-34.98,-0.07) (-39.20,-0.17) (-20.27,-0.29) (-11.36,-0.33)

RCP 4.5 -27.64 -12.82 -6.69 -7.79 -4.62 -2.98
(-181.90,-2.71) (-74.87,-1.48) (-34.04,-0.94) (-38.04,-1.11) (-19.59,-0.79) (-11.07,-0.59)

Extended Data Table 2: Social cost of energy consumption due to climate change under
alternative future price scenarios. This table displays estimates of a partial Social Cost of Carbon
for excess energy expenditure, under the socioeconomic scenario SSP3. Parentheses contain 5th-95th

percentile ranges, accounting for damage function and climate model uncertainty (Supplementary Section
E.4). Costs are valued under various projected energy price trajectories. Three of these trajectories are
based on direct extrapolation of present-day price statistics at either moderate (1.4%), stagnant (0%),
or high (3%) annual growth rates (Supplementary Section C.1), while five are based on price projections
from integrated assessment models (Supplementary Section C.2) named in the table. Costs are discounted
to the present using Ramsey discount rates under various values of the pure rate of time preference, δ,
and elasticity of marginal utility of consumption, η (Methods Step 5 ). Estimates using constant annual
discount rates are displayed in Extended Data Table 1.
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Electricity Other Fuels

Per capita impact (GJ) 1.2 -2.9

Total impact (billion GJ) 15.0 -36.6

Emissions factor (t CO2e per GJ) 0.11 0.05

Additional emissions (Gt CO2e) 1.6 -1.8

Extended Data Table 3: Feedback effects of climate change-induced energy consumption
on CO2 emissions. This table provides a calculation of additional CO2 emissions in 2099 resulting from
projected impacts of climate change on energy consumption under the RCP8.5 emissions scenario and
SSP3 socioeconomic scenario. The calculation assumes that all climate change impacts to electricity
consumption are powered by a combined cycle natural gas plant with 46 % efficiency (i.e. the average
2015 efficiency of US natural gas-fired combined-cycle technology),51 and all climate change impacts
to other fuels consumption are due to changes in natural gas consumption. Global average per capita
impacts at 2099 to electricity and other fuels consumption (Row 1) are taken from projections displayed in
Figure 2C (main text), and are converted to global total impacts (Row 2) by multiplying by the projected
world population in 2099 under SSP3. Multiplying total electricity impacts by the emissions factor for
natural gas52 scaled by 46% efficiency, and multiplying total other fuels impacts by the emissions factor
for natural gas (Row 3) yields additional emissions from projected climate change-induced electricity and
other fuels consumption (Row 4). While assuming all impacts occur through natural gas likely leads to
an upper bound in the magnitude of CO2 emissions feedbacks, the magnitude is nonetheless small when
compared to total 2099 global emissions of 100 Gt CO2 under RCP 8.5.53 While global CO2 emissions
feedbacks are likely negligible, it is possible that climate change-induced energy consumption will result in
substantial changes to local air pollutant emissions in certain locations. The extent of these changes will
depend heavily on the shape of the future global energy system, including for example, the location and
emissions trajectory of individual electricity generation plants throughout the world and the populations
who will be exposed to the air pollution from each. Future research should explore the local air pollution
implications of climate change-induced energy consumption.
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Methods

Here we provide an overview of the data and methods used to complete each of the five

stages of analysis that compose our modular approach to constructing a partial SCC.

Details on each stage can be found in the online Supplementary Information.

Step 1: Data assembly

We compile a comprehensive dataset on historical energy consumption, climate, and in-

come, as well as future projections of climate, income, populations, and energy prices

(Supplementary Section A). Historical data are used to econometrically estimate the

energy-temperature response, and how it differs by energy type (electricity and other

fuels), income, and climate. Future projection data are used to generate high-resolution

projected impacts of climate change, accounting for the effects of income growth and

warming on the shape of the energy-temperature response.

Historical datasets Annual data on final consumption of electricity and other fuels

for 146 countries from 1971 to 2010 were obtained from the International Energy Agency’s

(IEA) World Energy Balances dataset.42 We take electricity consumption directly from

the dataset, while other fuels consumption is constructed by aggregating over coal, peat,

oil shale and oil sands, oil products, natural gas, solar, wind, goethermal, biofuels and

waste, heat, and heat production from non-specified combustible fuels. For both electricity

and other fuels, we aggregate over the industrial, commercial/public services, residential,

agricultural, forestry, fishing, and non-specified sectors. Data inconsistencies and quality

issues in the IEA’s records are extensively documented.42 We classify every such change

in record-keeping methodology and employ specific data preparation and econometric

techniques to address each individually (Supplementary Section A.1).

Historical data on daily average temperature and precipitation, as well as historical cli-

matologies, are obtained from the Global Meteorological Forcing Dataset, v1 (GMFD),41

a global gridded (0.25◦ × 0.25◦) daily climate record available from 1948 to 2010.20 We

link high-resolution daily climate data to country-level annual energy consumption data

using a procedure detailed in Supplementary Section A.2.4 that preserves nonlinearity in

the energy consumption response to daily temperature.

We obtain historical values of country-level annual income per capita (constant dollar

PPP) from within the International Energy Agency’s World Energy Balances dataset,

which in turn sources these data from the World Bank.

Datasets of future projections We use a set of 21 high-resolution (0.25◦ × 0.25◦)

bias-corrected global climate projections that provide daily temperature and precipitation

through the year 2099 from the NASA Earth Exchange (NEX) Global Daily Downscaled

Projections (GDDP) dataset.54 We obtain climate projections based on two standardized

emissions scenarios: Representative Concentration Pathways 4.5 (RCP4.5, an emissions
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stabilization scenario) and 8.5 (RCP8.5, a scenario with intensive growth in fossil fuel

emissions).55–57 Because this set of 21 climate models systematically underestimates tail

risks of future climate change,43,58 we assign probabilistic weights to climate projections

and use 12 surrogate models that describe local climate outcomes in the tails of the

climate sensitivity distribution.43 The 21 models and 12 surrogate models are treated

identically in our calculations and are referred to as the surrogate/model mixed ensemble

(SMME). We utilize the probabilistic weights when calculating and reporting summary

statistics of impact estimates across the 33 models and surrogates (Extended Data Figure

2, Supplementary Section B.5). Full details on the SMME climate projections are in Sup-

plementary Section A.2.3. Gridded output from these projections is aggregated to 24,378

globally comprehensive agglomerated political units we call impact regions using the same

method applied to historical climate data (Supplementary Section A.2.4). Impact regions

are constructed to (i) respect national borders, (ii) be roughly equal in population across

regions, and (iii) have approximately homogenous within-region climatic conditions (Ex-

tended Data Figure 1).

Projections of national populations and income per capita are derived from the Shared

Socioeconomic Pathways (SSPs),59 a set of scenarios of socioeconomic development over

the 21st century in the absence of climate impacts or policy. We utilize population60 and

country-level GDP61,62 projections for scenarios SSP1, SSP2, SSP3, SSP4, and SSP5.63

These projections have been used as inputs to IAM-based projections of other social

and economic outcomes, such as land cover changes or air pollution, through the SSP

research program,59 although we do not utilize those outputs in our main calculations.

However, we do examine the sensitivity of our results to assuming alternative energy

price projections that are output from those IAM exercises. National population projec-

tions are respectively allocated to 24,378 impact regions based on current satellite-based

within-country population distributions64 (Supplementary Section A.3.3) or an alterna-

tive, time-varying scenario of within-country population distributions that reflects pro-

jected urbanization65,66 (Supplementary Section G.1).

The price trajectories we use to monetize estimated impacts of climate change are

constructed based on either of two distinct data sources— present-day statistics from the

IEA are used for our main estimates, while price projections from integrated assessment

models (IAMs) are used in sensitivity tests. We obtain present-day average electricity

generation costs by region of the world from the IEA’s World Energy Outlook 2017 (Figure

6.25); prices for other fuels are obtained from the IEA’s Energy Prices and Taxes Statistics

dataset. Price projections of electricity and other fuels’ prices from 5 IAMs were obtained

from IIASA’s Scenario Explorer database.67 Price projections from IAMs are only used to

examine the sensitivity of our results to alternative pricing assumptions, however it should

be noted that they are derived using models that express market equilibria different from

the projected changes in energy consumption that we estimate here. Details on how prices
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are assigned across countries and over time can be found in Supplementary Section C.

Step 2: Econometric estimation of energy-temperature responses

Using historical data on national annual per capita energy consumption, climate, and

income, we flexibly model electricity and other fuels consumption each as a function of

daily average temperatures within a year, while accounting for heterogeneity in energy-

temperature responses along the dimensions of both income and long-run climate. Im-

portantly, our econometric procedure is designed to recover nonlinear changes in local per

capita energy consumption at the grid-cell-by-day level, in response to locally experienced

daily temperatures and these other factors. Accounting for such local nonlinearity is cru-

cial in this context, since different locations within a country on the same day, or the

same location on different days within a year, may exhibit very different temperatures,

which generate divergent energy consumption responses.

We apply methods from prior research that has demonstrated the local effect of cli-

mate variables on many outcomes (including energy consumption) may be nonlinear in

important ways.68 These outcome variables are sometimes measured at the same tem-

poral and spatial resolution as that at which these nonlinear effects manifest (e.g. refs.

[69,70]). However, in most contexts, nonlinear effects emerge over timescales and spatial

scales (e.g., for individual grid cells on single days) that are much finer than the scale at

which outcome data are available30,71,72 (e.g., for entire countries over a year). Yet, de-

spite only observing spatially and temporally aggregated outcomes (i.e., annual national

per capita energy consumption), it is possible to empirically recover the nonlinear relation-

ships that take place at the spatial and temporal scale at which the climate variables are

recorded (i.e., the effect of daily grid-cell temperature on daily grid-cell per capita energy

consumption), provided that the climate variables are themselves aggregated in a way

that preserves nonlinearities.24,71

Recovering such high resolution energy consumption-temperature responses is only

possible because we observe the temperature on each day in each grid cell. Conceptually,

these data enable us to search for the grid cell-level temperature-energy consumption re-

lationship that, if applied to every grid cell for every daily temperature, would generate

predicted per capita energy consumption at the country-by-year level that best matches

observed consumption (see Extended Data Figure 6). This approach is established in the

broader literature; for example ref. [71] estimate nonlinear local effects of daily temper-

ature on crop yields using annual aggregate yields, and the approach is derived in the

review by ref. [72]. Here we implement this approach through a country-year level regres-

sion of per capita energy consumption on specific population-weighted nonlinear climate

variables (described below). A crucial step in implementation is properly constructing

weighted aggregates of nonlinear transformations of local daily temperature (Supplemen-
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tary Section A.2.4).

Specifically, let Ezjdtc denote consumption in GJ per capita in grid cell z of country

j, on day d of year t, for fuel category c (electricity, other fuels), and let Tzjdt denote

the temperature at grid cell z on day d. Let Tzjdt denote an M -element vector in which

each element (Tzjdt1, . . . , TzjdtM) is a nonlinear transformation of grid-cell-level daily tem-

perature (e.g., polynomial terms, Tzjdt1 = T 1
zjdt, Tzjdt2 = T 2

zjdt). We assume per capita

fuel category c energy consumption at grid cell z on day d is a function of the grid cell’s

temperature on that day, where this function, fc(Tzjdt), is a linear combination of the

nonlinear elements in Tzjdt:

Ezjdtc = fc(Tzjdt) = βc1Tzjdt1 + · · ·+ βcMTzjdtM =
M∑
m=1

βcmTzjdtm, (1)

where βc1, . . . , βcM are assumed to be constant average coefficients.

Daily grid-cell-level per capita energy consumption (Ezjdtc) is unavailable to us, but we

observe national annual per capita energy consumption (Ejtc), which is the population-

weighted average of daily per capita consumption across grid cells in the country, summed

over days in the year.24 Let wzj denote the share of a country j’s population that falls

into grid cell z. Country j’s per capita annual consumption in the year t is thus the

weighted average of daily per capita consumption across grid cells in j, aggregated over

all 365 days in year t:

Ejtc =
∑
d∈t

∑
z∈j

wzjEzjdtc =
∑
d∈t

∑
z∈j

wzj

[ M∑
m=1

βcmTzjdtm

]
=

M∑
m=1

βcm

[∑
d∈t

∑
z∈j

wzjTzjdtm

]
︸ ︷︷ ︸

T̃jtm︸ ︷︷ ︸
fc(T̃jt)

. (2)

The second line of Equation 2 is obtained by substitution from Equation 1 and in-

terchanging the order of summation, expressing national annual per capita energy con-

sumption as fc(T̃jt), where T̃jt is an M -element vector in which the mth element, T̃jtm,

is a country-by-year aggregation of the corresponding element from the grid-cell-level

daily vector Tzjdt (Supplementary Section A.2.4). Removing the coefficients βc1, . . . , βcM

from the summation over grid cells and days is possible given that these coefficients are

assumed homogenous within a country and year. Thus, a regression of country-level an-

nual per capita energy consumption (Ejtc) on variables that are country-year weighted

aggregates of the nonlinear temperature terms (T̃jt1, . . . , T̃jtM) recovers the same coeffi-
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cients, βc1, . . . , βcM , that describe the primitive grid cell-by-day relationship described by

Equation 1. (See Extended Data Figure 6 for a simplified, graphical illustration of this

concept.)

In practice, we allow energy-temperature responses to vary by income and long-run

climate, estimating the function fc(·) conditional on these covariates. If this conditional

function is homogenous within a country and year, then we can recover a grid cell-by-

day relationship, as demonstrated above. To model heterogeneity by income, we use

the 15-year moving average of a country j’s natural log of per-capita GDP in year t

(LogGDPPCjt). To model heterogeneity by long-run climate we use average annual

cooling degree days and heating degree days over the sample period (CDDj and HDDj).

Annual cooling (heating) degree days are a common measure of exposure to warm (cold)

temperatures and are defined as the cumulative deviations of daily average temperatures

from a benchmark of 20◦ C, over all days in the year where the average temperature

exceeded (fell below) 20◦ C. Because these measures do not change substantially over the

historical record, we do not rely on long-run temporal variation within the timespan of

the sample and instead use the average over the sample period (Supplementary Section

B.3).

Our estimating equation takes the following form:

Ejtc = fc(T̃jt|LogGDPPCjt, CDDj, HDDj) + gc(P̃jt) + αjic + δwtc + εjtc. (3)

In our main specifications, T̃jt contains linear and quadratic terms for a spline in daily

average temperatures (allowing a kink at 20◦C), each averaged over grid cells and summed

across the year, as shown in Equation 2. Exploiting flexible interactions between the three

income and long-run climate covariates (LogGDPPCjt, CDDj, and HDDj) and all terms

in the temperature vector (T̃jt), we estimate an energy-temperature response fc for fuel

category c that is conditional on income and long-run climate. Details of this procedure

can be found in Supplementary Section B.3. Importantly, the interactions involving the

long-run climate covariates are country-by-year aggregations of grid-cell-level interactions,

allowing us to recover heterogeneity in the energy-temperature response due to long-run

climate at the grid-cell level. In contrast, because our income data are available only

at the country-level, we recover heterogeneity in the energy-temperature response due to

income only at the country level.

All our econometric specifications control for the effects of precipitation through

the function gc(·), constructed analogously to fc(·); the vector P̃jt contains linear and

quadratic terms of daily cumulative precipitation, each averaged over grid cells and

summed annually. We also include a full set of country-by-reporting regime intercepts,

referred to here as “fixed effects” (αjic), where reporting regimes (i) are time spans within

a country where observations for a given fuel category are documented by the IEA to
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be comparable (Supplementary Section A.1). These fixed effects flexibly account for all

permanent differences in energy consumption across country-regimes. In addition, we

include world region-by-year fixed effects (δwtc) for each fuel category, where w indexes

world regions based on UN classifications (Oceania, N. America, N. Europe, S. Europe,

W. Europe, E. Europe, E. Asia, S.E. Asia, Central America/Caribbean, South America,

sub-Saharan Africa, N. Africa/W. Asia, S. Asia). These fixed effects flexibly account

for all world region-level trends and shocks in energy consumption. The use of fixed

effects is more reliable than trying to individually control explicitly for determinants of

energy consumption because it accounts for time-invariant and time-trending factors non-

parametrically. We thus exploit random within-country, year-to-year variation in realized

daily temperatures to identify a plausibly causal effect of historical temperature distri-

butions on energy consumption, and we use variation in income and long-run climate to

predict how the temperature-energy relationship may change in association with these

two factors (Supplementary Section B.3). It should be noted that because our long-run

climate measures (CDDj and HDDj) do not vary over time within a country, their direct

effect on energy consumption is absorbed in the fixed effects αjic. However, our objects of

interest in Equation 3 are the interactions of income and long-run climate with tempera-

ture, and not their direct effect on the level of energy consumption. Finally, εjtc denotes

the stochastic error term.

Due to evidence of unit root behavior in the dependent variable, we estimate Equa-

tion 3 in first-differences (Supplementary Section A.1). Furthermore we employ inverse

variance weighting to address differences in data quality across reporting regimes (Supple-

mentary Section B.1). Standard errors are clustered by country-fuel category-reporting

regime.

While Equation 3 is designed to causally identify the effect of daily temperatures

on per capita energy consumption, it does not identify overall levels of per capita en-

ergy consumption as these are absorbed in the spatial and temporal fixed effects. We

therefore express estimated electricity- or other fuels-temperature responses as predicted

consumption relative to a “mild” day with an average temperature of 20◦C. The matrices

of electricity- and other fuels-temperature responses in Figure 1c summarize the results

from estimating Equation 3, while Figures 1a and 1b display responses that are estimated

for each decile of the in-sample income distribution, but do not differ by long-run climate

(Supplementary Section B.2).

Step 3: Projecting the impacts of climate change

To estimate future per capita energy consumption impacts, we first use estimates from

Equation 3 along with observable characteristics (LogGDPPC, CDD, and HDD) to

predict energy-temperature responses at different points in time for each of 24,378 impact
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regions (Extended Data Figure 3). For each impact region r in country j at year t, we use

the estimated function f̂c(·) from Equation 3, along with 15-year moving averages of the

covariates (LogGDPPCjt,CDDrjt,HDDrjt), to predict energy-temperature responses for

each fuel category. Responses evolve over time as 15-year moving averages of the covariates

change for a given impact region r in country j, thereby reflecting the effects of adaptive

behaviors that populations undertake as they become richer and/or are exposed to warmer

climates. Because Equation 3 estimates the interaction between temperature and country-

level income as well as the interaction between temperature and grid-cell-level climate,

our projections reflect changes in income and climate at these two corresponding spatial

scales for internal consistency (Supplementary Section B.3).

We then apply a set of probabilistic climate change projections to the spatially and

temporally heterogeneous energy-temperature responses to compute per capita consump-

tion impacts for each fuel category c and impact region r in country j for each year from

2015 to 2099. The distribution of future daily average temperatures under a given emis-

sions scenario (RCP8.5 or RCP4.5) is obtained from the 33 projections in the SMME

(Supplementary Section A.2.3).

Let T̃rjt represent a vector containing impact region-by-year aggregations of nonlinear

grid-cell-level transformations of daily temperature in a future year t, under a warmer

climate. In contrast, let T̃rjt0 represent the counterfactual temperature vector for the same

impact region under a climatology that is the same as that of a historical baseline period

t0 (Supplementary Section B.4). These vectors are constructed in exactly the same way as

is done for the temperature vectors used in estimating Equation 3, except that we take a

weighted aggregation only over grid cells z within the impact region rather than the entire

country; e.g. element m of T̃rjt is T̃rjtm =
∑

d∈t
∑

z∈r wzrTzjdtm, where wzr denotes the

share of an impact region r’s population that falls into grid cell z (Supplementary Section

A.2.4). The impact of climate change on fuel category c is expressed as the estimated

change in per capita consumption relative to a no-climate-change counterfactual in which

the future climatology is the same as in t0:

ImpactOfClimateChangePerCapitacrjt = f̂c(T̃rjt | LogGDPPCjt, CDDrjt, HDDrjt)︸ ︷︷ ︸
Temperature-induced per capita energy consumption under climate change

(with income growth and climate-driven adaptation) (A)

− f̂c(T̃rjt0 | LogGDPPCjt, CDDrjt0 , HDDrjt0)︸ ︷︷ ︸
Temperature-induced per capita energy consumption without climate change

(with income growth) (B)

.

(4)

The object ImpactOfClimateChangePerCapitacrjt represents the change in annual per-

capita electricity or other fuels consumption due to a shift in the temperature distribution

under climate change, accounting for the evolution of energy-temperature responses as
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locations warm and incomes rise. It isolates the additional impact of climate change net

of other factors (e.g. income) that will change in the future. The two projections A and B

are identical in every way, except for the climate. Thus, we evaluate B using future levels

of income but use T̃ , CDD, and HDD values from a historical baseline t0 (Supplementary

Section B.4). All fixed effects and other controls cancel out and are therefore omitted.

We construct estimates of Equation 4 for all impact regions up to 2099 under emissions

scenarios RCP8.5 and RCP4.5, using each of the 33 climate projections in the SMME.

Figure 2a maps mean impact estimates across these 33 climate projections at year 2099

under RCP8.5, while 2B and 2C display impacts aggregated to the country and global

levels respectively. Confidence intervals around the means are constructed to reflect both

climatological and econometric sources of uncertainty. The distribution of impacts across

33 climate projections captures uncertainties in the climate system through to 2099, and

we additionally capture uncertainty arising from econometric estimation of Equation 3

using the delta method.73 Supplementary Section B.5 details the method used to combine

both these independent sources of uncertainty.

To highlight the critical importance of income growth and climate-driven adaptation in

shaping future energy-temperature responses, we also consider a “no-adaptation” impact

projection that ignores these factors (green lines in Figure 2c). To do this, we project

ImpactOfClimateChangePerCapitaNoAdaptationcrjt = f̂c(T̃rjt|LogGDPPCjt0 , CDDrjt0 , HDDrjt0)︸ ︷︷ ︸
Temperature-induced per capita energy consumption under climate change

(no adaptation)

− f̂c(T̃rjt0|LogGDPPCjt0 , CDDrjt0 , HDDrjt0)︸ ︷︷ ︸
Temperature-induced per capita energy consumption without climate change

(no adaptation)

,

(5)

which captures the change in consumption responses due to future temperature, holding

each impact region’s income and climate fixed at historical baseline values for all years in

the projection.

Step 4: Estimating global energy damage functions

Our fourth step is to pool empirical estimates of climate change impacts constructed

using Equation 4 to fit global energy damage functions, which express global energy

consumption costs of climate change as a function of the change in global mean surface

temperature relative to the 2001-2010 average level (∆GMST).4 These damage functions

summarize the economic costs of all impacts measured in the detailed empirical analysis,

demonstrating how they vary with the change in global mean surface temperature.

Damage functions through 2099 are directly built from estimates of global costs (Dtlps,
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denominated in either EJ or dollars) in each year (t) using 33 climate models (l), two emis-

sions scenarios (p), and a resampling of estimates (s) that captures uncertainty in the es-

timation of Equation 3. We interpret each of the resulting 33,000 simulation outputs Dtlps

as a potential realization of damages that result from the spatial distribution of warming

in model l, given the overall ∆GMST that is exhibited by that model under the emissions

scenario p. Multiple simulations lead to an empirically-derived distribution of potential

outcomes that are conditional on the ∆GMST value for the year, climate model, and

emissions scenario used to generate that projection. To construct damage functions, we

use these outcomes to estimate a conditional distribution of damages17,18 using ordinary

least squares, to obtain expected values, and quantile regressions, to capture uncertainty

in damages conditional on ∆GMST.

In our projections of the future, the underlying population distribution and level of per

capita income are evolving over time, thereby shaping the sensitivity of energy consump-

tion to warming and through it, global damages. These changes over time require the

construction of year-specific damage functions. Thus, we separately estimate a quadratic

damage function in each year:

D(∆GMST, t)tlps = ψt0 + ψt1∆GMSTtlp + ψt2∆GMST 2
tlp + εtlps, (6)

using all simulations within a 5-year window of t, thereby allowing the shape of the

function D(∆GMST, t)tlps to evolve flexibly and smoothly over the century. Figure

3c displays examples of damage functions at end-of-century, with each point in the

scatterplot representing an individual realization of Dtlps. The first and second panels

demonstrate examples of separate damage functions for electricity and other fuels re-

spectively, where the realizations are denominated in EJ. In these panels, a realization

of Dtlps is a global aggregation of per-capita consumption impacts projected in every

impact region at year t under climate model l, emissions scenario p, and simulation s,

i.e. Dtlps =
∑

j

∑
r∈jWrjt ∗ ImpactOfClimateChangePerCapitacrjt,lps, for fuel category

c (electricity or other fuels), where Wrjt denotes the population of impact region r in

country j at year t (Supplementary Section A.3.3). The third panel displays a damage

function for total energy expenditure, denominated in dollars. To monetize the projected

impacts of climate change on energy consumption, we apply country-specific real prices

for electricity and other fuels to the projected quantity impacts, thus reflecting differen-

tial costs across geographies and fuels. Hence, a realization of Dtlps in the third panel is∑
j

∑
r∈j
∑

cWrjt ∗ ρcjt ∗ ImpactOfClimateChangePerCapitacrjt,lps, where ρcjt denotes

a country-year specific price for fuel category c. Price trajectories up to 2099 are con-

structed in either of two ways: i) by extrapolating present-day prices under various price

growth scenario assumptions or ii) by utilizing price projections developed in existing

IAMs (Supplementary Section C).
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In addition to estimating expected damages, we estimate 19 quantile regressions (for

every fifth quantile from the 5th to 95th quantiles) to capture the full distribution of dam-

ages conditional on ∆GMST (Supplementary Section E.4). Quantile regressions also use

a quadratic functional form (Equation 6), but with different coefficients and residuals.

The resulting conditional distribution reflects econometric uncertainty in the impact esti-

mates from which damages are constructed, as well as differences in the spatial patterns

of warming exhibited across different climate models within the SMME. 5th-95th quantile

ranges from this conditional distribution are indicated by shaded areas in Figure 3c.

As described in the next step, we use the estimated dollar-denominated damage func-

tions to compute the net change in global energy expenditures associated with an ad-

ditional ton of CO2. Because CO2 is long-lived in the atmosphere, the US National

Academy of Sciences recommends computing SCC values that capture damages through

to the year 2300.6 Because CMIP5 models are not run beyond 2099, the SMME sample

ends in 2099. Therefore, it is necessary to develop a separate approach to extend these

damage functions beyond 2099. Details of this approach can be found in Supplementary

Section D.

Figure 3d depicts damage functions for every 10 years up to end-of-century (orange

and black curves, estimated using Equation 6), as well as extended damage functions for

every 50 years post-2100 (grey curves).

Step 5: Calculating the partial social cost of carbon

In the final step, we combine a probabilistic, simple climate-carbon cycle model with the

set of damage functions described above to compute the partial SCC. The partial SCC at

time t0 is defined as the marginal social cost from elevated energy expenditures imposed

by the emission of a marginal ton of CO2 at t0 holding all other factors fixed (including

the forecast trajectory of baseline greenhouse gas emissions). This is expressed as:

Partial SCCt0 =
2300∑
t=t0

DFt
dD̂(∆GMST, t)

d∆GMSTt

̂d∆GMSTt
dCO2t0

, (7)

where ̂d∆GMSTt
dCO2t0

is the estimated increase in ∆GMST that occurs at each moment in time

along the baseline climate trajectory (e.g. RCP8.5) as a result of a marginal unit of

emissions at time t0, which we approximate with an infinitesimally small pulse of CO2

emissions occurring at time t0. The values dD̂(∆GMST,t)
d∆GMSTt

are the marginal damages at each

moment in time that occur as a result of this small change in future global temperatures;

they are computed using the damage functions described in Equation 6. The discount

factor, DFt, converts damages in future year t into a net present value.

To calculate the change in ∆GMSTt due to a marginal pulse of CO2 in 2020, we
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adapt a version of the Finite Amplitude Impulse Response (FAIR) simple climate model

that has been developed especially for this type of calculation (Supplementary Section

E).25,74 Specifically, we use FAIR to calculate ∆GMSTt trajectories for emissions scenarios

RCP4.5 and RCP8.5, both with and without an exogenous impulse of 1 Gt C (equivalent

to 3.67 Gt CO2) in the year 2020, an approximation of an infinitesimal emission for which

the model numerics are stable. In FAIR, this emissions impulse perturbs the trajectory

of atmospheric CO2 concentrations and ∆GMSTt for 2020-2300, with dynamics that are

influenced by the baseline RCP scenario. In each scenario, the trajectory of damages in

the “RCP + pulse” simulation is differenced from the baseline RCP simulation to compute
dD̂(∆GMST,t)
d∆GMSTt

̂d∆GMSTt
dCO2t0

, and the resulting damages are converted into USD per 1t CO2 and

discounted to the present.

Because there are multiple views on how best to discount future damages (see refs.

[6,39,40] for reviews and discussions of various options and their implications), we present

multiple estimates using both constant discount rates and “Ramsey” discounting.6 In

the case of a constant discount rate r, DFt = e−r(t−t0). We use the range of values

r ∈ {0.02, 0.025, 0.03, 0.05} to explore the influence of the discount rate. The value

r = 0.02 is consistent with US Treasury rates over the last two decades,75,76 while the

remaining values are recommended by ref. [1].

In the case of Ramsey discounting, DFt = e−
∑t

s=t0
rsIs>t0 , where rs denotes the time-

varying discount rate for year s, and Is>t0 is an indicator variable taking a value of one

if year s > t0. Time-varying discount rates are calculated according to the Ramsey

equation rs = δ + ηgs, where the parameter δ measures the pure rate of time preference,

gs measures the growth rate of consumption in year s, and η is the elasticity of marginal

utility of consumption.47 We use global per capita income growth from the SSP scenarios

to obtain annual values for gs, and explore a range of parameter values for δ and η based

on prior literature29,39,47,77–83 and guidance from the US National Academy of Sciences.6

We present estimates using 6 combinations of δ and η values, choosing from δ ∈ {0%, 1%}
and η ∈ {1, 2, 3}. Details of how these combinations were selected can be found in

Supplementary Section E.3.

To capture uncertainty in the climate physic represented in FAIR, we generate a distri-

bution of future temperature trajectories by resampling the equilibrium climate sensitivity,

the transient climate response, the short thermal adjustment time, and the time scale of

rapid carbon uptake by the ocean mixed layer from a joint distribution that we constrain

using findings from the literature (Supplementary Section E.2). The solid lines in Figures

4a-d indicate trajectories arising from the median values in FAIR’s configuration parame-

ters and the shaded areas in Figures 4b-c indicate interquartile ranges calculated through

this resampling. The final range of uncertainty in projected damages (shaded area in

Figure 4d) combines this uncertainty in climate sensitivity with uncertainty in damages,

conditional on the climate sensitivity, by also resampling from quantiles of the damage
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function.

Figure 4e and Extended Data Tables 1 and 2 present partial SCC estimates under

RCP8.5 and RCP4.5, assuming various discount rates and future energy price scenarios.

5th-95th percentile ranges (in parentheses) account for econometric and climatological un-

certainty (Supplementary Section E.4). Additional partial SCC estimates demonstrating

sensitivity to alternative approaches for estimating post-2100 damages, and alternative

socioeconomic scenarios can be found in Supplementary Section F.
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A Data

A.1 Energy consumption data

Data assembly As described in Methods Step 1, we obtain data on final consumption

of electricity and other fuels from the International Energy Agency’s (IEA) World En-

ergy Balances dataset. Electricity consumption is taken from the ELECTR variable code,

and consumption of other fuels is obtained by aggregating over the following variable

codes: COAL (coal and coal products); PEAT (peat and peat products); OILSHALE (oil

shale and oil sands); TOTPRODS (oil products); NATGAS (natural gas); SOLWIND (so-

lar/wind/other); GEOTHERM (geothermal); COMRENEW (biofuels and waste); HEAT

(heat), and HEATNS (heat production from non-specified combustible fuels). For both

electricity and other fuels, we aggregate over the following sectoral codes: TOTIND, which

encompasses consumption in the industrial sector, and TOTOTHER, which encompasses

consumption in the commercial/public services, residential, agricultural, forestry, fishing,

and non-specified sectors. The non-specified sector includes consumption in the other

sectors within TOTOTHER if disaggregated figures are not provided for those sectors.

Harmonization of energy consumption data across diverse reporting regimes

The IEA extensively documents a range of data quality issues related to its energy con-

sumption data. Data quality issues can arise for a variety of reasons, including lack of

data, revisions to data, imputed data, and reporting inconsistencies. The documentation

identifies such issues for individual countries over specific years, often explicitly noting

“breaks in time series”.1 Our data preparation approach is based on upon reading and

categorizing all documentation pertaining to each year of each country in the data.

When carrying out our analyses, we address documented data quality issues in one of

two ways– imposing fixed effects that account for mean differences in energy consumption

across time spans of observations documented to be incomparable, or dropping of these

incomparable observations. Although there are 146 countries in the data, we use the IEA

documentation to identify 275 distinct reporting “regimes” for electricity consumption (i.e.

time spans within a country where reporting practices are documented to be comparable)

and 294 regimes for other fuels consumption. All our regressions contain fixed effects at

the country-regime level (i.e. an indicator variable for each country-by-regime), which

account for mean differences in energy consumption across reporting regimes. While

country-regime fixed effects are a powerful way to deal with known data quality issues,

they are not always a sufficient remedy if observations fail to meet even basic standards

of comparability. In some cases it is necessary to drop observations altogether. We drop

an observation whenever its definition of a fuel or sector category is documented to be at

odds with the standard definitions. For instance, we drop observations from Sweden prior

1For instance, in the documentation for Denmark, it is noted that “major revisions were made by the
Danish administration for the 1990 to 2001 data, which may cause breaks in time series...”.
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to 1993, as certain road transport fuel consumption was included under the commercial

sector during those years, but not during other years for Sweden or any years for other

countries. A total of 412 observations are dropped for electricity consumption and 1,117

observations are dropped for other fuels consumption. In our released code base, we

provide cleaning scripts depicting precisely the fixed effects imposed and the observations

dropped.

Unit root behavior in energy consumption data Despite data preparation mea-

sures to guard against quality issues, there continue to exist what appear to be persistent

shocks in energy consumption, even within a country-regime. For example, Figure A.1

displays the time series for other fuels consumption in Italy, with each color indicating a

distinct regime. Persistent shocks to consumption do not always appear to be tied to a

change in regime. Motivated by such patterns, we formally test for a unit root in electric-

ity and other fuels consumption for each of the country-regime time series, using both the

augmented Dickey-Fuller and Phillips-Perron tests under various lag lengths (including

a time trend in each case). The null hypothesis is that there exists a unit root. Figure

A.2 plots the histogram of p-values from the country-regime time series tests. Panel a

displays tests on electricity consumption time series while Panel b displays tests on other

fuels consumption time series. Each histogram within a panel represents a variant of the

unit root test (augmented Dickey-Fuller or Phillips-Perron, each with different lag length).

In all variants of the test for both electricity and other fuels consumption, the mass of

very high p-values (i.e. close to p = 1 and far above the conventional rejection threshold

of p = 0.05) suggests that it is very difficult to reject a unit root in a large number of

time series.2

With strong suggestive evidence of unit root behavior in our energy consumption data,

we estimate all regressions (detailed in Supplementary Section B) in first differences, as

first differences remove confounding sources of spurious correlation that can enter due to

unit root behavior.73

A.2 Climate data

This section describes the climate data that we use in this analysis as well as some of

the methods employed to make these data consistent with the scale and resolution of

the energy consumption data. Broadly speaking, we use two classes of climate data, the

first being historical data to estimate energy-temperature responses, and the other being

future climate data which are used to project the damages of climate change into the future

under various emissions scenarios. We begin by describing the historical data, followed

by the future projection data, and finally we detail the method we use to spatially and

2It should be noted that unit root tests tend to be underpowered. Hence we consider the full distri-
bution of p-values, rather than just how many p-values fall below a conventional rejection threshold such
as p = 0.05.
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Figure A.1: Per-capita consumption of other fuels in Italy (1971-2012). Each color represents
a time span of years where reporting practices are documented by the IEA to be comparable (i.e. a
“regime”). Persistent shocks to consumption do not always correspond to known changes in the regime
(e.g. in 1989).
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Figure A.2: Unit root tests by country-regime time series. Panel a depicts the histogram
of p-values from unit root tests on every country-regime time series for electricity consumption; Panel
b does the same for other fuels consumption. The tests are repeated using different testing procedures
(Augmented Dickey-Fuller, Phillips-Perron) and lag length (0,1,2) combinations, in each case including
a trend. The existence of a unit root is always the null hypothesis, which fails to be rejected for a
substantial number of time series (often with very high p-values), regardless of testing procedure and lag
length. Vertical red lines mark p-values of 0.05.
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temporally aggregate these outputs to match the lower resolution energy consumption

data.

A.2.1 Historical climate data

Data on historical climate exposure is used to estimate the energy-temperature response

as well as the heterogeneity in the response by average climatology. For this estimation,

we use the Global Meteorological Forcing Dataset, v1 (GMFD).41 These data provide sur-

face temperature and precipitation information using a combination of both observations

and reanalysis. The reanalysis process uses a weather forecasting model to assimilate

observational weather data in order to establish a gridded dataset of meteorological vari-

ables. The particular reanalysis used is the NCEP/NCAR reanalysis, which is downscaled

and bias-corrected using a number of station-based observational datasets to remove bi-

ases in monthly temperature and precipitation while retaining daily variability from the

NCEP/NCAR reanalysis product.413 Data are available on a 0.25◦×0.25◦ resolution grid

from 1948-2010. The temporal frequency is up to 3-hourly, but the daily data are used for

this analysis. We obtain daily average temperatures and monthly average precipitation

for all grid cells globally. A primary reason for using GMFD in our regression analysis is

that GMFD is used to bias-correct the climate model projections (described below).4

A.2.2 Climate projection data

Data on the future evolution of the climate is obtained from a multi-model ensemble of

Global Climate Model (GCM) output. However, two important limitations arise when

integrating GCM outputs into the current analysis. First, the relatively coarse resolution

(∼ 1◦ of longitude and latitude) of GCMs limits their ability to capture small-scale climate

patterns, which renders them unsuitable for climate impact assessment at high spatial

resolution. Second, the GCM climate variables exhibit large local bias when compared

with observational data.

To address both of these limitations, we use a high-resolution (0.25◦ X 0.25◦) set of

global, bias-corrected climate projections produced by NASA Earth Exchange (NEX): the

Global Daily Downscaled Projections (GDDP).545 The NEX-GDDP dataset comprises 21

climate projections, which are downscaled from the output of GCM runs in the Coupled

Model Intercomparison Project Phase 5 (CMIP5) archive.19 The statistical downscaling

3These observational datasets are generally available at finer spatial resolutions, but coarser temporal
resolutions (e.g., monthly) resolutions than the reanalysis product. Therefore, while the observational
datasets are used to downscale the reanalysis in space, they are employed for bias correction on a monthly
temporal scale, with submonthly temporal variation provided by the reanalysis.41

4Because GMFD only contains climate data up to 2010, we are necessarily limited to using energy
consumption data only up to 2010 in this analysis.

5Climate projections used were from the NEX-GDDP dataset, prepared by the Climate Analytics
Group and NASA Ames Research Center using the NASA Earth Exchange, and distributed by the
NASA Center for Climate Simulation (NCCS).
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algorithm used to generate the NEX-GDDP dataset is the Bias-Correction Spatial Disag-

gregation (BCSD) method,54,84 which was developed to address the aforementioned two

limitations. This algorithm first compares the GCM outputs with observational data on

daily maximum temperature, daily minimum temperature, and daily precipitation during

the period 1950-2005. NEX-GDDP uses a climate dataset from GMFD for this purpose.41

A daily, quantile-specific relation between GCM historical period outputs and historical

observations is derived from this comparison. This relation is then used to adjust the

GCM outputs in historical and in future time periods so that the systemic bias of the

GCM is removed. To disaggregate the bias-corrected GCM outputs to higher resolution,

this algorithm interpolates the daily changes relative to climatology in GCM outputs

into the spatial resolution of GMFD, and merges the fine-resolution changes with the

climatology of the GMFD data.6

For each GCM, three different datasets are generated. The first uses historical emis-

sions to simulate the response of the climate to historical forcing from 1850 to 2005. The

second and third use projected emissions from Representative Concentration Pathways

4.5 and 8.5 (RCP4.5 and RCP8.5) to simulate emissions under those two emissions sce-

narios up to 2100. RCP 4.5 represents a “stabilization” scenario in which total radiative

forcing is stabilized around 2100;55,57 RCP8.5 simulates climate change under intensive

growth in fossil fuel emissions from 2006 to the end of the 21st century. We use daily

average temperature and daily precipitation in the RCP4.5 and RCP8.5 scenarios from

this dataset, where the daily average temperature is approximated as the mean of daily

maximum and daily minimum temperatures.

A.2.3 SMME and model surrogates

The CMIP5 ensemble of GCMs described above is an “ensemble of opportunity”, not a

systematic sample of possible futures. Thus, it does not produce a probability distribu-

tion of future climate change. Moreover, relative to “simple climate models” designed

for probabilistic sampling of the global mean surface temperature (GMST) response to

radiative forcing, the CMIP5 ensemble systematically fails to sample tail outcomes.43,58

To provide an ensemble of climate projections with a probability distribution of GMST

responses consistent with that estimated by a probabilistic simple climate model, we use

the surrogate model mixed ensemble (SMME) method43 to assign probabilistic weights to

climate projections produced by GCMs and to improve representation of the tails of the

distribution missing from the ensemble of GCMs. Generally speaking, the SMME uses

(1) a weighting scheme based on a probabilistic projection of global mean surface tem-

perature from a simple climate model (in this case, MAGGIC6)85 and (2) a form of linear

pattern scaling86 that preserves high-frequency variability to construct model surrogates

6Details are available in Appendix A of the NEX-GDDP documentation: https://gdo-dcp.ucllnl.
org/downscaled_cmip_projections/techmemo/downscaled_climate.pdf
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to fill the tails of probability distribution that are not captured by the GCM ensembles.

This method provides us with an additional 12 surrogate models.

The SMME method first divides the unit interval [0,1] into a set of bins. For this anal-

ysis, the bins are centered at the 1st, 6th, 11th, 16th, 33rd, 50th, 67th, 82nd, 89th, 94th, and

99th percentiles. Bins are narrower in the tails to ensure samples are created for portions

of the GMST probability distribution function that are not captured by CMIP5 mod-

els. The bounds and center of each bin are assigned corresponding quantiles of GMST

anomalies for 2080-2099 from simple climate model (SCM) output; in the application

here and that of ref. [43], this output came from the MAGICC6 model,85 constrained to

match historical temperature observations and the conclusions of the IPCC Fifth Assess-

ment Report regarding equilibrium climate sensitivity. The GMST of CMIP5 models are

categorized into bins according to their 2080-2099 GMST anomalies.

If the number of CMIP5 models in a bin is less than 2, surrogate models are generated

to raise the total number of models to 2 in that bin. The surrogate models are produced

by using the projected annual GMST of the SCM that is consistent with the bin’s central

quantile to scale the spatial pattern of a selected CMIP5 model, then adding the intercept

and residual from the same model. There are two cases of selecting CMIP5 models for

pattern and residual. When there is only one CMIP5 model in a bin, an additional model

is selected that has a GMST projection close to GMST in the bin and a precipitation

projection over the region of interest complementary to the model already in the bin (i.e.,

if the model in the bin is relatively dry, then a relatively wet pattern is selected, and vice

versa). When there is no CMIP5 model, two models are picked with GMST projections

close to that of the bin, with one model being relatively wet and one being relatively dry.

In the final probabilistic distribution, the total weight of the bin is equally divided among

the CMIP5 models and surrogate models in the bin. For instance, if four models are in

the bin centered at the 30th percentile, bounded by the 20th – 40th percentiles, each will

be assigned a probability of 20% ÷ 4 = 5%. The resulting distribution of GMST for all

members of the SMME is shown in Extended Data Figure 2a, and the weights assigned

to each GCM and surrogate under each emissions scenario are shown in Extended Data

Figure 2b.

A.2.4 Aggregation of gridded climate data to administrative boundaries

We combine daily, grid-cell level temperature data with annual country-level per capita

energy consumption data to empirically recover the nonlinear, daily grid cell-level rela-

tionship between temperature and per capita energy consumption. Importantly, in order

to recover this daily, grid cell-level relationship, it is necessary that the daily, gridded

temperature data are aggregated to the country-year level in a way that reflects temper-

ature extremes experienced in individual grid cells within a country, on individual days

within a year. Specifically, nonlinear transformations of temperature must be computed
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at the grid-cell-by-day level before averaging values across grid cells in a country using

population weights, and finally summing over days within a year.

To see how this calculation is operationalized, consider the second-order polynomial

specification for temperature used in our main set of results for estimation of Equation 3 in

Methods (equivalent to Equation B.6 in Supplementary Section B). In this case, we begin

with data on average temperatures for each day d of year t at each grid cell z in country

j, denoted as Tzjdt. These grid-cell-level values must then be aggregated to the level of

country j in year t. To do this, we first raise grid-cell-level temperature to the power

k, computing (Tzjdt)
k for k ∈ {1, 2}. Let Tzjdt denote the grid cell-by-day temperature

vector [(Tzjdt)
1, (Tzjdt)

2]. We then take a spatial average over country j for each element

in Tzjdt, weighting the average by grid-cell-level population.7 We then sum each element

over the 365 days in the year t. The vector of country-by-year temperature variables we

use for estimation is thus:

T̃jt =
∑
d∈t

∑
z∈j

wzjTzjdt =

[∑
d∈t

∑
z∈j

wzj(Tzjdt)
1,
∑
d∈t

∑
z∈j

wzj(Tzjdt)
2

]
, (A.1)

where wzj is the share of j’s population that falls into grid cell z, and where superscripts

indicate exponents. This procedure recovers grid cell-by-day-level nonlinearities in the

energy-temperature (and energy-precipitation) response, because energy consumption is

additive across time and space (See Equation 2 in Methods).24

Instead of following the above procedure, it would be possible, in principle, to simply

estimate the effect of average annual country-level temperature and its square on annual

country-level per capita energy consumption. Under this approach, temperature values

would first be averaged across grid cells in a country and summed over days within a

year, before nonlinear transformations are computed, and the vector of country-by-year

temperature variables would instead be:

T̈jt =

[(∑
d∈t

∑
z∈j

wzjTzjdt

)1

,

(∑
d∈t

∑
z∈j

wzjTzjdt

)2
]
.

While such an approach would be analogous to the analysis of some earlier studies,

such as refs. [27,87], it would require assumptions that neglect key findings from existing

literature. Specifically, this approach would assume that average per capita energy con-

sumption across a country reflected average temperatures across that country. However,

prior work30–33,69 has demonstrated both that (i) local per capita energy consumption

on a given day reflects the local daily temperature rather than temperatures at distant

locations within the same country, and (ii) the per capita energy consumption response

7Population weights are time-invariant and calculated from the 2010 Gridded Population of the World
dataset. Data are available here: https://sedac.ciesin.columbia.edu/data/collection/gpw-v4.
We account for fractional grid cells that fall partially within administrative units.
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to temperature is highly nonlinear. For example, on a single day in the United States, per

capita energy consumption may simultaneously be abnormally high in Phoenix, Arizona,

because electricity is heavily used for air conditioning due to high temperatures; low in

San Francisco, California, where temperatures are moderate; and high in Chicago, Illinois

where it is cold and other fuels are used for heating.

Because local, daily temperatures influence local, daily per capita energy consumption

in a nonlinear manner, country-level annual average per capita energy consumption can-

not be expressed as a function of T̈jt in a manner that generalizes across countries that

have differing geographic extents (see ref. [24] for additional discussion of this issue). We

therefore circumvent this issue by exploiting highly resolved temperature data as in Equa-

tion A.1, thus allowing us to estimate local temperature-per capita energy consumption

relationships that plausibly generalize across grid cells, regardless of each country’s size

and shape. Projections of the change in per capita energy consumption (in response to

changing temperatures) can then be computed for any aggregation of grid cells, including

our 24,378 custom impact regions (Extended Data Figure 1).

In future projections, all daily gridded climate projection data from each of the 33

members of the SMME are aggregated across space and time to the impact region-by-

year level based on the approach in Equation A.1. For impact region r in country j, the

vector of annual, impact region-by-year temperature variables we use for projections is

thus:

T̃rjt =
∑
d∈t

∑
z∈r

wzrTzjdt =

[∑
d∈t

∑
z∈r

wzr(Tzjdt)
1,
∑
d∈t

∑
z∈r

wzr(Tzjdt)
2

]
where wzr is the share of impact region r’s population that falls into grid cell z.

A.3 Socioeconomic data and downscaling methodologies

This section provides details of the socioeconomic data used throughout our analysis,

which includes historical national incomes, future projections of incomes, and future pro-

jections of population counts. Additionally, because we require these variables at high

spatial resolution for future projections, we detail the downscaling procedures we use to

disaggregate available socioeconomic projections, which are generally provided at rela-

tively low resolution.
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A.3.1 Historical income data

Our main specification (Equation 3 in Methods and Equation B.6 in Supplementary Sec-

tion B) estimates heterogeneity in energy-temperature responses as a function of income

and long-run average climate in each location. We obtain country-level annual income

data from within the International Energy Agency’s World Energy Balances dataset; these

income data originally are sourced by the IEA from the World Bank. For each country-

year, the historical income variable is calculated as the 15-year moving average of the

natural log of per-capita GDP.

A.3.2 Income projections

Future projections of national incomes are derived from the Organization for Economic

Co-operation and Development (OECD) Env-Growth model62 and the International Insti-

tute for Applied Systems Analysis (IIASA) GDP model,60 as part of the “socioeconomic

conditions” (population, demographics, education, income, and urbanization projections)

of the Shared Socioeconomic Pathways (SSPs). The SSPs propose a set of plausible

scenarios of socioeconomic development over the 21st century in the absence of climate

impacts and policy for use by the Integrated Assessment Modeling (IAM) and Impacts,

Adaptation, and Vulnerability (IAV) scientific communities.

While there are many models within the SSP database, only the IIASA GDP model

and OECD Env-Growth model provide GDP per capita projections for a wide range of

countries. The IIASA GDP model describes incomes that are lower than the OECD Env-

Growth model, so we produce results for both of these models to capture uncertainty

within each socioeconomic scenario (we compute results for five socioeconomic scenarios:

SSP1, SSP2, SSP3, SSP4, and SSP5). To construct annual estimates, we smoothly in-

terpolate between the time series data in the SSP database, which are provided in 5-year

increments. For each 5-year period, we calculate the average annual growth rate, and

apply this growth rate to produce each year’s estimate of GDP per capita.8

A.3.3 Population projections and downscaling methodology

Future projections of national populations are derived from the International Institute

for Applied Systems Analysis (IIASA)60 population projections as part of the Shared So-

cioeconomic Pathways (SSPs).9 The IIASA SSP population projections provide estimates

of population by age cohort, gender, and level of education for 193 countries from 2010

to 2100 in five-year increments. Each projection corresponds to one of the five SSPs, as

defined in ref.22

8OECD estimates of income are provided for 184 countries and IIASA’s GDP projections cover 171
countries. For the remaining countries, we apply the average GDP per capita from the available countries
for the baseline period, and allow this income to grow at the globally averaged growth rate.

9The population data are accessed from the SSP database.63
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To assemble population projections for each of our 24,378 impact regions (Extended

Data Figure 1), we downscale the country-level projections from the SSPs using 2011

high-resolution LandScan estimates of populations.64 Populations for impact regions in

countries or areas not given in the SSP database are held constant at the values estimated

by LandScan in 2011. Thus, for any given impact region r in year t, population for scenario

v (poprtv) is estimated as:

p̂oprtv =

 popSSPctv

(
popLandScan

r,2011∑
r∈c pop

LandScan
r,2011

)
, if r ∈ C

popLandScanr,2011 , if r /∈ C
(A.2)

where popSSPctv is the SSP population given for country c and year t for scenario v,

popLandScanr,2011 is the LandScan estimate for impact region r, and C is the set of 193 countries

available in the SSP Database. Note that while this approach distributes country-level

projections of population heterogeneously to impact regions within a country, it fixes the

relative population distribution within each country at the observed distribution today.

In Supplementary Section G.1, we explore how our projected impacts are affected by

alternative assumptions on the evolution of within-country population distributions over

time.65,66
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B Estimating energy-temperature responses and pro-

jecting impacts of climate change

This section provides details on the estimation of energy-temperature responses and pro-

jection of climate change impacts. Section B.1 demonstrates estimation of global average

energy-temperature responses, while Section B.2 introduces heterogeneity by income. Sec-

tions B.3 and B.4 respectively explain how we estimate and project energy-temperature

responses as a function of both income and long-run climate. Finally, Section B.5 de-

tails the procedure for characterizing econometric and climatological uncertainty in our

estimates of the energy consumption impacts of climate change.

B.1 Global average energy-temperature response

Our energy-temperature responses flexibly model per capita annual electricity and other

fuels consumption each as a function of daily average temperatures within a year. Let Ejtc

denote consumption in GJ per capita in country j, year t, and fuel category c (electricity,

other fuels). The temperature and precipitation vectors T̃jt and P̃jt contain country-by-

year aggregations of nonlinear grid-cell-level transformations of daily temperature and

precipitation, respectively. These vectors thus summarize the full distribution of daily av-

erage weather in country j, year t (Supplementary Section A.2.4). The basic econometric

specification for a global average energy-temperature response is:

Ejtc = fc(T̃jt) + gc(P̃jt) + αjic + δwtc + εjtc. (B.1)

Our primary object of interest is the effect of temperature on per capita energy con-

sumption, represented by the response function fc(·), which differs for electricity and

other fuels. In our estimation of Equation B.1, the vector T̃jt contains polynomials of

daily average temperatures (up to fourth order), each summed across the year, and the

vector P̃jt contains polynomials of daily cumulative precipitation (up to second order),

also each summed annually. We estimate fc(·) and gc(·) as linear functions of the nonlin-

ear elements of T̃jt and P̃jt, respectively. This construction allows us to estimate a linear

regression model while preserving the nonlinear relationship between per capita energy

consumption and temperature that takes place at the grid-cell-by-day level.24

Equation B.1 identifies the energy-temperature response from plausibly random year-

to-year variation in temperature within a country. The econometric specification includes

a full set of country-by-reporting regime fixed effects (αjic), where reporting regimes (i)

are time spans within a country where observations for a given category are documented

by the IEA to be comparable (Supplementary Section A.1). These fixed effects ensure

that we isolate within-location year-to-year variation in temperature and precipitation

exposure, which is as good as randomly assigned. In addition, we include world region-
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by-year fixed effects (δwtc) for each category, where w indexes world regions based on

UN classifications (Oceania, N. America, N. Europe, S. Europe, W. Europe, E. Europe,

E. Asia, S.E. Asia, Central America/Caribbean, South America, sub-Saharan Africa, N.

Africa/W. Asia, S. Asia). These fixed effects account for regional time-varying trends or

shocks to energy consumption which are unrelated to the climate. Finally εjtc denotes the

stochastic error term; standard errors are clustered by country-category-reporting regime.

Due to evidence of unit root behavior in the dependent variable (Supplementary Sec-

tion A.1), we estimate Equation B.1 and all other regressions in first-differences. Ad-

ditionally, to address differential data quality across reporting regimes, we employ an

inverse variance weighting procedure in all regressions. In particular, we utilize Feasi-

ble Generalized Least Squares (FGLS) weights to downweight low credibility country-

reporting regimes based on their residual variance.10 To implement this weighting, we

first estimate the regression in first differences. Using the residuals from this regression,

we calculate a country-category-reporting regime level weight equal to the inverse of the

average value of the squared residuals, where the average is taken across all year obser-

vations that fall within a given country-category-reporting regime. We then apply these

weights to the regression in a second stage. Observations from all years within a given

country-category-reporting regime are given the same weight in the second stage; country-

category-reporting regimes with higher average residual variance thus receive lower weight.

Formally, for Equation B.1, each observation in country j, reporting regime i, category

c receives a weight wjic = 1
V ar(∆εjtc∈jic)

, and the weighted, first-differenced regression

specification is:

ωjic

[
∆Ejtc

]
= ωjic

[
∆fc(T̃jt) + ∆gc(P̃jt) + ∆δwtc + ∆εjtc

]
, (B.2)

where ∆ here denotes the first-difference operator.11 To operationalize Equation B.2, we

estimate ωjic with ω̂jic = 1

V̂ ar(∆̂εjtc∈jic)
, where ∆̂εjtc denotes the residual for the country j,

year t, category c observation from the unweighted, first-differenced regression, and V̂ ar

refers to the sample variance.

As discussed in Methods Step 2, the estimated electricity- or other fuels-temperature

response is expressed as the difference between predicted per capita consumption on a day

where the average temperature is T and predicted per capita consumption on a “mild” day

with an average temperature of 20◦C. The blue curve in Figure B.1 displays the global,

population-weighted electricity-temperature response estimated from Equation B.2, while

the orange curve displays the other-fuels temperature response.12 Over the time period

10We assume constant residual variance within each country-category-reporting regime.
11The fixed effects αjic disappear upon first differencing as they are time-invariant.
12These are obtained by estimating Equation B.2 with population weights in addition to inverse-

variance weights. Population weighting assigns each country’s observations a weight proportional to its
average population over the years of the sample. Given that Equation B.2 does not model heterogeneity in
the energy-temperature response by income and long-run climate, population weights give us the response
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represented by the data (1971-2010), electricity consumption exhibits little sensitivity

to temperature on average, globally speaking (blue curve, Figure B.1), while other fuels

consumption is seen to increase at cold temperatures (orange curve, Figure B.1). The

lack of an electricity-temperature response, particularly on hot days, reflects the fact that

during the sample period, most of the global population is too poor to access electricity-

intensive protective technologies such as air-conditioning. In contrast, consumption of

other fuels is seen to increase on cold days, reflecting the use of these fuels for heating

across a broader range of the global population.
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Figure B.1: Population-weighted global average electricity-temperature response (blue)
and other fuels-temperature response (orange). Each point on the curve denotes the additional
per-capita daily consumption at a daily average temperature denoted on the horizontal axis, relative to
a daily average temperature of 20◦C. Shaded areas indicate 95% confidence intervals.

B.2 Energy-temperature response heterogeneity by income

The global average energy responses to temperature shown in the previous section are

likely to mask substantial heterogeneity by income, as consumption of electricity and

other fuels is strongly correlated with wealth. To demonstrate how energy-temperature

responses vary by income, we estimate responses for each decile of GDP per-capita as

follows:

Ejtc = fcq(T̃jt) + gc(P̃jt) + φcq + αjic + δwtc + εjtc, (B.3)

where q indexes the in-sample decile of the 15-year moving average GDP per-capita that

country j in year t falls into, and φcq is a fuel category-specific decile fixed effect.13 As

for the average global person.
13Income deciles are calculated for all country-year observations in the sample and are used to define

10 bins of income, which are held fixed through time. Thus the decile boundaries do not change year to
year. Fuel category-specific decile fixed effects flexibly account for the direct effect of income on the level
of consumption.
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with Equation B.1, we take into account nonlinearities in the temperature response, fcq,

but do so via a second-order polynomial due to the large number of additional parameters.

Thus, the vector T̃jt contains linear and quadratic terms of daily average temperatures,

each summed across the year (Supplementary Section A.2.4). The electricity- and other

fuels-temperature responses in main text Figure 1a and 1b are obtained from estimating

Equation B.3 in first-differences using inverse variance weighting (as shown in Equation

B.2).

B.3 Energy-temperature response heterogeneity by income and

long-run climate

All climate impact projections computed throughout our analysis incorporate heterogene-

ity in the energy-temperature response not only by income, but also by long-run average

climate. To represent heterogeneity in the energy-temperature response along the dimen-

sions of both income and long-run climate, we estimate Equation 3 (Methods) including

flexible interactions between temperature and the following covariates:

1. Income measured as the 15-year moving average of a country’s natural log of per-

capita GDP (LogGDPPC).14

2. Long-run climate is measured by average annual values of the following two vari-

ables over the time period of the sample:15

• Heating degree days (HDD) are defined as the cumulative deviations of daily

average temperatures from a benchmark of 20◦ C, over all days where the

average temperature fell below 20◦ C. Formally, heating degree days in year t

are defined as
∑

d∈t |Td − 20| ∗ ITd<20, where Td is the average temperature on

day d and ITd<20 is an indicator variable equal to one if Td < 20.

• Cooling degree days (CDD) are defined similarly over days where the daily

average temperature exceeds 20◦ C, i.e. cooling degree days in year t are∑
d∈t |Td − 20| ∗ ITd>20.

These variables were carefully chosen based on the intersection of prior evidence from

the literature, economic theory, and inclusion in standard projections of the global econ-

omy developed for integration with physical climate models.22 Prior literature has empha-

sized the adaptive significance of income per-capita31 and average climate.34 For example,

14Because changes in income are unlikely to immediately translate into changes in the energy-
temperature response, we take an average over incomes in the current year and 14 previous years (equally
weighted). See Supplementary Section G.2 for an exploration of alternative assumptions on the role of
income growth.

15Because long-run climate is slow moving, it is difficult to rely on temporal variation within the
timespan of the sample. We therefore utilize only cross-sectional variation to characterize heterogeneity
in the energy-temperature response due to long-run climate.
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higher per-capita GDP is associated with more widespread electrification and reliable elec-

tricity provision, and entails greater capability to invest in protective measures such as

air-conditioning, which can amplify the energy-temperature response as demonstrated in

main text Figure 1a. Furthermore, the energy-temperature response may also depend on

long-run exposure to extreme temperatures as places with greater previous exposure may

differ in their adaptive behaviors.17

To illustrate how we model the effects of income and long-run climate on the energy-

temperature response, consider a stylized example where per capita energy consump-

tion (E) is a linear function of temperature (β · T ), and the slope β itself depends on

LogGDPPC, CDD, and HDD:

β = ξ0 + ξ1LogGDPPC + ξ2CDD + ξ3.HDD

Then per capita energy consumption would be:

E = β · T = (ξ0 + ξ1LogGDPPC + ξ2CDD + ξ3HDD) · T︸ ︷︷ ︸
f(T̃ |LogGDPPC,CDD,HDD) in Equation 3

. (B.4)

In this example, the parameters ξ0, ξ1, ξ2, and ξ3 govern how LogGDPPC, CDD,

and HDD shape the energy-temperature response. These parameters can be recovered

through a regression containing temperature and its interactions with the three covariates:

E = ξ0T + ξ1(LogGDPPC · T ) + ξ2(CDD · T ) + ξ3(HDD · T ) + ε, (B.5)

where ε denotes the stochastic error term.

In practice, we estimate a more complex form of f(T̃ |LogGDPPC,CDD,HDD)

than Equation B.4, designed to flexibly account for nonlinearities in both the energy-

temperature response and how it varies due to each of the covariates. Let T̃jt denote the

vector containing linear and quadratic terms of daily average temperatures, each summed

across the year (Supplementary Section A.2.4). To capture the role of income-driven

adaptation, we interact a linear spline of LogGDPPC with each element of T̃jt. A knot

point of the income spline is set separately for electricity and other fuels consumption,

based on the point in the in-sample income distribution at which consumption starts to

become responsive to temperature. Figure 1a (main text) suggests that this point is the

beginning of the seventh decile for electricity (GDPPC = $11, 258, 2019 USD PPP) and

the beginning of the third decile for other fuels (GDPPC = $2, 849, 2019 USD PPP). In

addition to interactions of income with temperature exposure, we also flexibly control for

the direct effect of income on per capita energy consumption through a piecewise linear

function of LogGDPPC that also allows for step-wise jumps at these points.

To capture the role of climate-driven adaptation, the long-run average climate mea-
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sures CDD and HDD are interacted with the daily temperature vector T̃jt, but only over

specific daily temperature ranges holding adaptive significance. Specifically, we allow

long-run exposure to warm temperatures (measured by CDD) to modulate the energy-

temperature response on warm days, where the average temperature is at least 20◦ C.

Conversely, long-run exposure to cool days (measured by HDD) modulates the energy-

temperature response on cool days, where the average temperature is below 20◦ C. Figure

B.2 provides graphical intuition for this split interaction on either side of 20◦ C. We gener-

ate these interaction terms for each grid cell z and day d, before averaging across grid cells

within a country j using population weights and finally summing over days within a year t

(Supplementary Section A.2.4). This procedure recovers grid cell-by-day-level heterogene-

ity in the energy-temperature response due to long-run climate.16 Letting Tzjdt denote

the average temperature on day d of year t, in grid cell z of country j, and CDDzj denote

the average annual cooling degree days in grid cell z of country j over the time period

of the sample, the daily temperature × CDD vector of interactions used in estimation is

thus:[
˜T × CDD

]
jt

=

[
365∑
d=1

∑
z∈j

wzj(T
1
zjdt − 20)ITzjdt≥20CDDzj,

365∑
d=1

∑
z∈j

wzj(T
2
zjdt − 202)ITzjdt≥20CDDzj

]
,

where wzj is the share of j’s population that falls into grid cell z, superscripts indicate

polynomial powers, and the variable ITzjdt≥20 is an indicator for whether Tzjdt ≥ 20.

Similarly, the daily temperature × HDD vector of interactions is:

[
˜T ×HDD

]
jt

=

[
365∑
d=1

∑
z∈j

wzj(20− T 1
zjdt)ITzjdt<20HDDzj,

365∑
d=1

∑
z∈j

wzj(202 − T 2
zjdt)ITzjdt<20HDDzj

]
.

The form of Equation 3 (Methods) that we estimate thus specifies per capita energy

consumption in country j, year t, and category c as a function of temperature, and income

and climate covariates, as follows:

16Unlike long-run climate, our income data are only measured at the country level. It is not possible to
similarly generate the interaction between the daily temperature vector and LogGDPPC at the grid level,
and we can thus only recover country-by-day-level heterogeneity in the energy-temperature response due
to income. When constructing impact estimates (Supplementary Section B.4), we therefore use country-
level income projections, but gridded, high-resolution climate projections.
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Figure B.2: Modeling adaptation to long-run climate. The schematics above illustrate how we
model adaptation to long-run climate separately for two sides of the energy-temperature response (below
and above 20◦ C), through long-run average heating degree day (HDD) and cooling degree day (CDD)
measures. Panel a illustrates hypothetical responses under two different long-run average HDD values
(HDD1 and HDD2), holding fixed the long-run average CDD value at CDD1. Changing the long-run
average HDD value from HDD1 to HDD2 only alters the response to temperatures less than 20◦ C.
Similarly, Panel b illustrates hypothetical responses under two different long-run average CDD values
(CDD1 and CDD2), holding fixed the long-run average HDD value at HDD1. Changing the long-run
average CDD value from CDD1 to CDD2 only alters the response to temperatures ≥ 20◦ C.

Ejtc = fc(T̃jt | LogGDPPCjt, CDDj, HDDj) + gc(P̃jt) + αjic + δwtc + εjtc

= βc · T̃jt︸ ︷︷ ︸
Effect of temperature

+ [η1c · T̃jt](Īc − LogGDPPCjt)ILogGDPPCjt<Īc
+ [η2c · T̃jt](LogGDPPCjt − Īc)ILogGDPPCjt≥Īc︸ ︷︷ ︸

Effect of income growth on energy-temperature response

+ γc ·
[

˜T × CDD
]
jt︸ ︷︷ ︸

Effect of climate-driven adaptation
on energy-temperature response

for days ≥ 20◦ C

+ λc ·
[

˜T ×HDD
]
jt︸ ︷︷ ︸

Effect of climate-driven adaptation
on energy-temperature response

for days < 20◦ C

+
[
κ1cLogGDPPCjt + φ1

]
ILogGDPPCjt<Īc

+
[
κ2cLogGDPPCjt + φ2

]
ILogGDPPCjt≥Īc︸ ︷︷ ︸

Direct effect of income on per capita energy consumption

+ θc · P̃jt︸ ︷︷ ︸
Precipitation controls

+αjic + δwtc︸ ︷︷ ︸
Fixed effects

+ εjtc︸︷︷︸
Error term

, (B.6)

where Īc denotes the income knot point for category c, and ILogGDPPCjt<Īc
and ILogGDPPCjt≥Īc

are indicator variables for whether LogGDPPC in country j, year t, is< or≥ the category

c income knot point. We estimate this model in first-differences using inverse variance

weighting (Supplementary Section A.1 and B.1).
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Equation B.6 relies on both year-to-year variation in temperature and income within

locations and cross-sectional variation in long-run climate between locations. We rely on

cross-sectional variation to identify the climate interaction effects because each location

has not experienced an alternative long-run climate (within our sample) that could be

exploited to identify these effects . As a result, the case for causally interpreting the coef-

ficients capturing climate interactions in Equation B.6 is weaker than for other coeffcients

in Equation B.6 and those in Equation B.1. Moreover, while we rely on within-location

year-to-year variation in income to identify the effects of income, there may exist unob-

served location-specific, time-varying factors affecting energy consumption that are corre-

lated with fluctuations in income (e.g., reliability of electricity supply), posing a potential

threat to identification. However, we nonetheless view the estimates from Equation B.6 as

informative, since our objects of interest are the interactions of income and climate with

temperature, and not their direct effect on the level of energy consumption. Although

unobserved factors surely affect the level of energy consumption, their potential influence

on its sensitivity to temperature is less direct, particularly after adjustment for income

and climate.

The matrices in main text Figure 1c summarize the results of estimating Equation B.6,

with each cell in a matrix displaying a predicted energy-temperature response evaluated

at a particular point in the income × long-run climate space within the estimation sample.

The cells are ordered vertically by LogGDPPC terciles (increasingly rich from bottom

to top) and horizontally by CDD terciles (increasingly warm climate from left to right).

The predicted energy- temperature response function in each cell is evaluated at the mean

values of LogGDPPC, CDD, and HDD within their respective terciles.

We use the estimated parameters from Equation B.6 to extrapolate energy-temperature

responses across locations over time based on projected future incomes and climate (this

procedure is detailed in Methods Step 3 ). Extended Data Figure 3 demonstrates the

overlap in the joint income-climate distributions at 2010 and 2090. Although the future

distribution is shifted towards higher incomes, greater cooling degree days, and fewer

heating degree days, the substantial overlap in the two distributions allows for credible

extrapolation of energy-temperature responses into the future.

B.4 Projecting the energy consumption impacts of climate change

To estimate future per capita energy consumption impacts for each fuel category c and

impact region r in country j for each year from 2015 to 2099, we apply a set of proba-

bilistic climate change projections to the spatially and temporally heterogenous energy-

temperature responses described above (and detailed in Methods Step 3 ). The distribution

of future daily average temperatures under a given emissions scenario (RCP8.5 or RCP4.5)

is obtained from the 33 projections in the SMME (Supplementary Section A.2.3).
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Let T̃rjt represent a vector containing impact region-by-year aggregations of nonlinear

grid-cell-level transformations of daily temperature in a future year t, under a warmer

climate. In contrast, let T̃rjt0 represent the counterfactual temperature vector for the

same impact region under a climatology that is the same as that of a historical baseline

period t0. These vectors are constructed in exactly the same way as is done for the

temperature vectors used in estimating Equation B.6, except that we take a weighted

aggregation only over grid cells z within the impact region rather than the entire country

(Methods Step 2 ; Supplementary Section A.2.4).

The impact of climate change on annual per capita consumption in fuel category

c is expressed as the estimated change in consumption relative to a no-climate-change

counterfactual in which the future climatology is the same as in t0. The precise form of

Equation 4 (Methods) with which we project impacts is thus:

ImpactOfClimateChangePerCapitacrjt = f̂c(T̃rjt | LogGDPPCjt, CDDrjt, HDDrjt)︸ ︷︷ ︸
Temperature-induced per capita energy consumption under climate change

(with income growth and climate-driven adaptation)

− f̂c(T̃rjt0 | LogGDPPCjt, CDDrjt0 , HDDrjt0)︸ ︷︷ ︸
Temperature-induced per capita energy consumption without climate change

(with income growth)

=
[
β̂c · T̃rjt

+ [η̂1c · T̃rjt](Īc − LogGDPPCjt)ILogGDPPCjt<Īc
+ [η̂2c · T̃rjt](LogGDPPCjt − Īc)ILogGDPPCjt≥Īc

+ γ̂c ·
[

˜T × CDD
]
rjt

+ λ̂c ·
[

˜T ×HDD
]
rjt

]
︸ ︷︷ ︸

Temperature-induced per capita energy consumption under climate change
(with income growth and climate-driven adaptation)

−
[
β̂c · T̃rjt0

+ [η̂1c · T̃rjt0 ](Īc − LogGDPPCjt)ILogGDPPCjt<Īc
+ [η̂2c · T̃rjt0 ](LogGDPPCjt − Īc)ILogGDPPCjt≥Īc

+ γ̂c ·
[

˜T × CDD
]
rjt0

+ λ̂c ·
[

˜T ×HDD
]
rjt0

]
︸ ︷︷ ︸

Temperature-induced per capita energy consumption without climate change
(with income growth)

,

(B.7)

where the ̂ denotes estimated objects from Equation B.6, and LogGDPPCjt, CDDrjt,

and HDDrjt denote 15-year moving averages of the covariates for impact region r in

country j and future year t.17 The object ImpactOfClimateChangePerCapitacrt rep-

17Because impact regions are small in area, with many being smaller than a sin-
gle grid cell, we generate the multiplicative interactions between the daily temperature

and CDD directly at the impact region scale. Formally

[
˜T × CDD

]
rjt

is calculated as
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resents the change in annual per-capita electricity or other fuels consumption due to a

shift in the temperature distribution under climate change, accounting for the evolution

of energy-temperature responses as locations warm and incomes rise. It isolates the addi-

tional impact of climate change net of other factors (e.g. income) that will change in the

future. The no-climate-change counterfactual is constructed to be identical in every way,

except for the climate, and is therefore evaluated at the future level of income. However,

we do not allow CDD and HDD values to evolve beyond those of a historical baseline t0.

We construct estimates of Equation B.7 for all impact regions up to 2099 under emis-

sions scenarios RCP8.5 and RCP4.5, using each of the 33 climate projections in the SMME

(Figure 2 in the main text). In addition, to highlight the critical importance of income

growth and climate-driven adaptation in shaping future energy-temperature responses, we

also display a “no-adaptation” impact projection in which energy-temperature responses

f̂c(·) are determined solely by an impact region’s income, CDD, and HDD values in the

baseline t0 (Methods Equation 5).

In implementing all projections, we define the baseline period t0 as having the clima-

tology of 1981-2005. However, in order to reflect the present-day extent of adaptation,

we take the year 2015 as the baseline for income and climate covariates (LogGDPPC,

CDD, and HDD).18 In addition, we normalize impacts of climate change to be zero on

average between the years 2001 and 2010.

B.5 Accounting for uncertainty in projected energy consump-

tion impacts of climate change

An important feature of our analysis is to develop estimates of the energy consumption

impacts of climate change that reflect the uncertainty inherent in these future projec-

tions. This uncertainty arises from two distinct sources– climatological and econometric.

The confidence intervals displayed in Figure 2c in the main text, as well as the kernel

density plots in Figure 3a and confidence intervals in Figure 3b, represent the combined

uncertainty from both these sources.

To account for uncertainty in the climate system, we construct estimates of the en-

ergy consumption impacts of future climate change (Equation 4 in Methods) for each of

33 distinct climate projections in the surrogate model mixed ensemble.19 Distributions[
CDDrjt

∑365
d=1

∑
z∈r wzj(T

1
zjdt − 20)ITzjdt≥20, CDDrjt

∑365
d=1

∑
z∈j wzj(T

2
zjdt − 202)ITzjdt≥20

]
. The mul-

tiplicative interactions involving HDD are similarly generated.
18Income projections of the SSPs are available in 5-year increments, with 2015 being the most recent

historical year available.
19Note that while the surrogate model mixed ensemble fully represents the tails of the climate sensitivity

distribution (Methods Step 1 ; Supplementary Section A.2.3), there remain important sources of climate
uncertainty that are not captured in our projections. These include some climate feedbacks that may
amplify the increase of global mean surface temperature, as well as some factors affecting local climate
that are poorly simulated by GCMs.
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of climate change impacts are provided by weighting across the 33 projections using the

weights listed in Extended Data Figure 2b. Furthermore, independent of physical uncer-

tainty, an important second source of uncertainty arises from the econometric estimation

of Equation B.6. To account for this econometric uncertainty, we apply the delta method73

to characterize the Gaussian distribution of impacts (Methods Equation 4) under each of

the 33 climate projections. Finally, to characterize the full distribution of impacts across

both climate and econometric uncertainty, we construct the mixture distribution of these

33 Gaussian distributions20 using Newton’s method.88

The confidence intervals for the global impact time series shown in Figure 2c and

Figure 3b in the main text are derived from quantiles of such mixture distributions.

Importantly, the same method to characterize uncertainty can also be applied to impacts

for individual impact regions, as illustrated by the kernel density plots for selected impact

regions in Figure 3a.

20Probability weights for each of the 33 climate projections are used in the construction of the mixture
distribution (Supplementary Section A.2.3).43
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C Valuing impacts

To monetize the projected impacts of climate change on energy consumption, we apply

geographically-specific real prices for electricity and other fuels to the projected quantity

impacts constructed from Equation B.7, thus reflecting differential costs across geogra-

phies and fuels.21 We consider a range of future price scenarios, constructed either from

direct extrapolation of present-day price statistics or from price projections generated by

integrated assessment models (IAMs).

C.1 Extrapolating present-day prices

For scenarios based on direct extrapolation (e.g., Subpanel I in Figure 4e in the main

text), impacts on electricity consumption are valued using an average cost of electricity

generation, which the IEA’s World Energy Outlook 2017 provides globally as of 2016 at

the country or world region level.22 Impacts on other fuels consumption are valued using

residential and non-residential end-user prices excluding taxes, which the IEA’s Energy

Prices and Taxes dataset provides for coal, oil, and natural gas fuels in 55 countries as

of 2012.23 Countries that lack price data for a given fuel are assigned the global average

price for that fuel. To obtain a price for the pooled, multi-fuel “other fuels” category, we

weight the prices of the individual fuels according to their shares in a country’s overall

“other fuels” consumption as of 2012 (the most recent year for which consumption data

are available).24 Thus, each country receives unique prices at which its impacts on other

fuels consumption are valued.25 To extrapolate prices into the future, we consider three

annual price growth trajectories: a moderate growth trajectory of 1.4% annual price

growth (equal to the historical growth of US real energy prices), a stagnant trajectory of

0% annual price growth, and a high growth trajectory of 3% annual price growth.26

21All prices are converted to 2019 USD PPP, the unit in which we express damages and partial SCC
estimates.

22Costs are specified for the following geographies: Japan, European Union, Korea, Brazil, Australia,
Mexico, Southeast Asia, Middle East, India, Africa, United States, China, Canada, Russia. When a
cost is not available specific to a particular geography we extend these costs based on UN world region
classifications: Oceania receives the Australia cost, N., S., and W. Europe receive the EU cost, E. Europe
receives the Russia cost, Central America/Caribbean receive the Mexico cost, S. America receives the
Brazil cost, N. Africa receives the Middle East cost, and S. Asia receives the India cost.

23We take a weighted average of residential and non-residential prices, with a weight of 16% on residen-
tial and 84% on non-residential. These weights are determined based on the average share of consumption
in these two sectors in the set of 55 countries where a sectoral breakdown is available.

24Although our consumption data do cover fuels besides coal, oil, and natural gas (including solar,
geothermal, and biofuels), no price data are available for fuels other than coal, oil, and natural gas. We
therefore extend the weighted average price to the remaining fuels.

25Even countries that are assigned the global average price for the individual fuels will differ in the
shares of each fuel in their other fuels consumption mix.

26These trajectories apply globally to prices for both electricity and other fuels. The 1.4% growth
trajectory is informed by US price data on end-use energy average prices from 1970-2015, taken from
the State Energy Data System of the U.S. Energy Information Administration. The IEA’s Energy Prices
and Taxes dataset also provides country/fuel historical price time series for OECD as well as developing
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C.2 Price projections from IAMs

As a complement to price scenarios extrapolated from present-day prices, we also consider

price scenarios based on projections of multiple IAMs. IAMs simulate the entire energy

system and determine energy prices by equilibrating supply and demand. We obtain price

projections of IAMs from IIASA’s Scenario Explorer database.27 This database contains

output from 416 IAM × scenario combinations, of which 155 include price projections for

electricity and other fuels as part of their output. To monetize impacts under RCP8.5,

we limit ourselves to scenarios that do not posit any policies to mitigate greenhouse gas

emissions (e.g. carbon price). There are 5 IAM × scenario combinations that satisfy this

requirement. To monetize impacts under RCP4.5, we identify a counterpart scenario for

each of these combinations that is broadly consistent with RCP4.5. Table C.1 lists the

IAM × scenario combinations whose price projections we utilize for monetizing impacts

under RCP8.5 and RCP4.5.

IAM Scenario for RCP8.5 Scenario for RCP4.5

WITCH-GLOBIOM 4.2 ADVANCE NoPolicy ADVANCE 2030 WB2C

REMIND 1.7 ADVANCE NoPolicy ADVANCE 2030 WB2C

REMIND 1.7 CEMICS-Ref CEMICS-2.0-CDR8

MERGE-ETL 6.0 BAU DAC2 66

REMIND-MAgPIE 1.7-3.0 SMP REF Def SMP 2C Def

Table C.1: IAMs and scenarios used for monetizing impacts under RCP8.5 and RCP4.5.
This table lists IAMs and associated scenarios whose price projections we use to monetize the projected
impacts of climate change on energy consumption. IAMs and scenarios were selected from IIASA’s
Scenario Explorer database,67 based on availability of future price projections and suitability for RCP8.5
and RCP4.5 emissions trajectories.

Every IAM × scenario reports electricity, oil, coal, natural gas, and biofuels prices for

6 world regions up to 2100.28 To obtain a price for the “other fuels” category, we weight

the prices of the individual fuels according to their shares in a region’s overall “other

fuels” consumption in each year, where the consumption levels for years up to 2100 are

reported by the IAM × scenario.

Panel b of Extended Data Figure 5 presents the time series of total global monetized

impacts under RCP8.5 assuming various price trajectories, while the Panel a does the

countries (including China, India, Brazil, and Indonesia). Although these time series are of variable
length and not comprehensive across fuels for many countries, they exhibit a median annual price growth
of 0.64%, with an interquartile range of -0.46% to 2.13%. Thus a 0%-3% price growth range is broadly
consistent with the range of historical price growth in various countries/fuels.

27https://data.ene.iiasa.ac.at/iamc-1.5c-explorer/#/workspaces.
28The 6 regions are OECD 1990 and EU, Eastern Europe and former Soviet Union, Middle East and

Africa, Latin America, Asia, and Rest of the World. Prices are available at 5-year intervals and are
linearly interpolated for the intervening years.
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same for RCP4.5.29 Regardless of the emissions scenario or assumed price trajectory,

end-of-century damages (i.e. net savings) represent a minute fraction of the US $353

trillion end-of-century global GDP projected under SSP3. For both end-of-century global

cost estimates (Extended Data Figure 5) and partial SCC values (RCP8.5, 2% discount

rate, see Extended Data Table 1), our 0% and 3% price growth trajectories provide lower

and upper bounds, respectively, for the magnitude of estimates. All estimates based

on IAM price projections, as well as the 1.4% price growth trajectory, fall within these

bounds. For transparency and simplicity, we highlight results under 1.4% price growth

in the main text, while reporting SCC central estimate ranges across all price scenarios

(Figure 4e, Subpanel II).30

29The panels display global aggregations of monetized per-capita annual impacts projected in every
impact region in a given year.

30SCC central estimates and 5th-95th percentile ranges for each price scenario are presented in Extended
Data Tables 1 and 2.
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D Damage function estimation

As described in Methods Step 4, we pool empirical estimates of climate change impacts

constructed using Equation B.7 to fit global energy damage functions. These damage

functions express global energy consumption costs of climate change as a function of

the change in global mean surface temperature relative to the 2001-2010 average level

(∆GMST).4 Summarizing the economic costs of all impacts measured in the detailed

empirical analysis, these functions can be differentiated everywhere, allowing for marginal

costs of a CO2 impulse to be computed for any global climate trajectory. Due to differences

in the availability of climate and socioeconomic projections pre- and post-2100, there are

some important differences in our approach for calculation of damage functions before

and after 2100.

Computing damage functions through 2100 As detailed in Methods Step 4, we

estimate time-varying damage functions for all years t prior to 2100 directly from the

high-resolution climate change impact projections described in Supplementary Section

B.4 and converted to dollar values as described in Supplementary Section C. To construct

a damage function for year t, we pool all simulated damage estimates (globally summed

across 24,378 impact regions and converted to dollar value) within a 5-year window of t

and estimate the quadratic damage function shown in Equation 6 (Methods).31 Because

the underlying population distribution and level of per capita income are evolving over

time, the shape of our estimated damage functions change throughout the 21st century

(see Figure 3d in main text).

Computing damage functions after 2100 Data limitations in climate and so-

cioeconomic projections beyond end-of-century necessitate an alternative approach to

estimating post-2100 damage functions. Only 6 of the 21 GCMs that we use to build

our surrogate model mixed ensemble are run by their respective modeling teams to sim-

ulate the climate after the year 2100 for both RCP scenarios, and post-2100 data are not

available in the NEX-GDDP downscaled and bias-corrected projections that we use for

generating high-resolution impact projections (Supplementary Section, A.2.2). Further-

more, the SSPs needed to project future incomes and demographics also end in 2100.

Although one approach is to simply end economic cost calculations in 2100,18 neglecting

post-2100 damages is a substantial omission as a large fraction of costs, in net present

value, are thought to occur after 2100 at 3% discount rates.89

To estimate post 2100-damages, we follow the method in ref. [17] to extrapolate

changes in the damage function beyond 2100 using the observed evolution of damages in

the last fifteen years of the 21st century. To implement this extrapolation, we pool values

Dtlps from 2085-2099 and estimate a quadratic model similar to Equation 6 (Methods), but

31Because damage functions are intended to explicitly model damages conditional on ∆GMST and not
to integrate over ∆GMST, we do not utilize climate model weights (Extended Data Figure 2b) in their
estimation.
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interacting each term linearly with year t.32 This allows us to estimate a damage surface

as a parametric function of time. We then predict extrapolated damage functions for all

years after 2100, smoothly transitioning from our flexible climate model-based damage

functions prior to 2100.33

Figure 3d in the main text illustrates damage functions every 10 years prior to 2100,

as well as extrapolated damage functions for the years 2150, 2200, 2250, and 2300. Ex-

trapolated damages continue to become more steeply negative post-2100, as they did

pre-2100.34

Damage functions without income growth or climate adaptation The damage

functions displayed in Figure 3c-d in the main text are based on empirical estimates of

climate change impacts constructed using Equation B.7, and thus reflect the effects of

income growth and climate adaptation on the energy-temperature response. In Figure

D.1, we find that ignoring the effects of income growth and climate adaptation on the

energy-temperature response would have substantially underestimated the steepness of

the separate damage functions for electricity and other fuels. The steepness of the total

energy expenditure damage function would have also been underestimated, but to a lesser

extent. This is because ignoring income growth and climate adaptation would reduce

projected gains to electricity consumption, but also reduce projected savings of other

fuels consumption (see also Figure 2c in main text). Due to these countervailing effects,

the total expenditure damage function is less affected than the damage functions by fuel.

Figure D.1 displays damage functions based on “no adaptation” impact estimates

constructed using Methods Equation 5. As in Figure 3c-d in the main text, damages are

slightly quadratic in GMST anomaly, although essentially linear. However, an additional

+1◦ ∆GMST warming at end-of-century (relative to 2001-2010 average) reduces annual

consumption of electricity by 0.33 EJ35 (compared to an increase of 4.54 EJ in Figure

3c) and reduces the consumption of other fuels by only 2.28 EJ (compared to a reduction

of 11.28 EJ in Figure 3c), causing a net reduction in energy expenditures by $108 billion

(compared to $176 billion in Figure 3c). The differences between the damage relationships

32The specific interaction model we estimate is: D(∆GMST, t)tlps = ν0 + ν1∆GMSTtlp × t +
ν2∆GMST 2

tlp × t+ εtlps.
33Furthemore, we also separately estimate a time-interacted regression for each of 19 quantiles (i.e.

every 5th percentile from the 5th to 95th), which we use to predict these quantiles of the damage functions
for years after 2100. See Methods Step 4 for details.

34Constructing damage functions using damage estimates denominated as a share of GDP yields es-
sentially equivalent damage functions up to 2100. However, the lack of GDP projections post-2100
prevents us from computing such damage functions post-2100 in a form that can be used to calculate an
SCC. Future research should refine the characterization of post-2100 damage functions by incorporating
improvements in climate, population, and income projections as they become available.

35This reduction occurs because present-day low-income locations in the tropics would not be projected
to increase electricity consumption due to warming, if the effects of future income growth and climate
adaptation on the electricity-temperature response are ignored. In contrast, present-day high-income
locations at high latitudes would still be projected to save electricity as warming reduces the number of
extreme cold days (Figure 1 in main text).
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in Figure 3c-d in the main text and Figure D.1, underscore the importance of incorporating

the effects of income growth and climate adaptation on energy-temperature responses.

Figure D.1: Global energy damage functions, without income growth or climate adapta-
tion Total global electricity consumption impacts (a), other fuels consumption impacts (b), and changes
in total energy expenditures (c) at end-of-century (all assuming no income growth or climate adaptation)
are indexed against the global mean surface temperature anomaly (∆GMST) realized in each climate
model simulation (blue dots=RCP 4.5; red dots=RCP 8.5; see Methods Step 4 ). Solid black curves
depict the damage functions estimated from these points; shaded areas indicate the range between 5th

and 95th quantiles (Methods Step 4 ). To contrast, the dashed black curves depict damage functions that
incorporate the effects of income growth and climate adaptation on the energy-temperature response
(also depicted in Figure 3c). Probability density functions below display the distribution of ∆GMST
anomalies at end of century in each emissions scenario across all 33 climate models and model surrogates.
Damage functions that evolve over time (d) are estimated up to 2100, and their continuing evolution
extrapolated forward to 2300. Orange curves depict damage functions for every 10 years pre-2100; the
black curve depicts the end-of-century damage function; grey curves depict damage functions for every
50 years post-2100, all assuming no income growth or climate adaptation.
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E Calculation of an energy consumption partial so-

cial cost of carbon using a simple climate model

In principle, one could compute an energy partial social cost of carbon (SCC) estimate

by perturbing each global climate model (GCM) in the surrogate model mixed ensem-

ble (SMME) with a pulse of CO2 and projecting energy consumption for each location

in both the original and perturbed simulations. However, in practice, such a procedure

would prevent the calculation of an SCC for any climate trajectory that did not exactly

coincide with one of the 33 models, and would also be prohibitively costly from a computa-

tional standpoint. Instead, we rely on a probabilistic, simple climate-carbon cycle model

(hereafter, “simple climate model”), in combination with our empirically-derived damage

functions, to construct energy partial SCC estimates. We detail this implementation here.

E.1 Set up of the climate module using a simple climate model

A core component of any analysis of the SCC is the climate module used to estimate

both the baseline climate and the response of the climate system to a marginal change

in greenhouse gas emissions. The Finite Amplitude Impulse Response (FAIR) model25,74

satisfies key criteria for such a module, including those outlined by the National Academies

of Sciences, Engineering, and Medicine.6 In particular, the National Academies recom-

mends that the climate module be transparent, simple, and “consistent with the current,

peer-reviewed scientific understanding of the relationships over time between CO2 emis-

sions, atmospheric CO2 concentrations, and CO2-induced global mean surface tempera-

ture change, including their uncertainty” [6, p. 88]. For this last criterion, the authors

recommend that the module be “assessed on the basis of its response to long-term forc-

ing trajectories (specifically, trajectories designed to assess equilibrium climate sensitivity,

transient climate response and transient climate response to emissions, as well as historical

and high- and low-emissions scenarios) and its response to a pulse of CO2 emissions.” The

authors specifically point to the FAIR model as an example of a model that is structurally

capable of meeting all these criteria.

The FAIR model is defined by five equations that represent the evolution of global

mean variables over time t. Global mean surface temperature GMST is the sum of two

temperature variables, T0 and T1, representing the slow and fast climate system response

to forcing F :
dTi
dt

=
qiF − Ti

di
, i ∈ {0, 1}, (E.1)

where the qi values collectively define the equilibrium climate sensitivity (ECS), and

where the di values (the thermal adjustment times) along with qi define the transient

climate response (TCR). The ECS is the sensitivity of the climate (as measured by GMST

increases) to a doubling of atmospheric CO2, relative to some initial state. The TCR is
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the average temperature response to a doubling of CO2 in which the CO2 increases by 1%

each year. The ECS is larger than the TCR, as it captures the time taken for the climate

system to fully adjust to increased CO2.

The CO2 concentration above the pre-industrial baseline, R, is the sum of four frac-

tions, Rj, representing different uptake timescales:

dRj

dt
= ajE −

Rj

αjτj
, j ∈ {0, 1, 2, 3} (E.2)

where E is the CO2 emissions rate, aj values represent the fraction of emissions that enter

each atmospheric fraction, τj values represent the base uptake time scale for each fraction,

and where αj is a state-dependent coefficient that reflects feedbacks from temperature onto

uptake timescales. The remaining three equations describe forcing F as a function of R

and of exogenous non-CO2 forcing, and α as a function of global mean surface temperature

and atmospheric CO2 concentrations.25,74

We obtain the latest release of the FAIR model, which was version 1.3.2 at the time of

computation, from its online repository.36 As described below in Section E.2, we develop

a methodology to generate energy partial SCC estimates that capture uncertainty in

climate sensitivity by varying four core parameters in FAIR: the equilibrium climate

sensitivity (ECS), the transient climate response (TCR), the short thermal adjustment

time (d2), and the time scale of rapid carbon uptake by the ocean mixed layer (τ3). By

varying these four parameters across thousands of Monte Carlo simulations, we are able to

capture uncertainty in the short and long term response of temperature and the carbon

cycle to changes in emissions. The median values across our uncertainty distributions

(described in detail below) for each core model parameter are as follows: ECS is 2.72◦C

per CO2 doubling, TCR is 1.58◦C per CO2 doubling, d2 is 3.66 years, and τ3 is 4.03 years.

Throughout our implementation, all other parameters in FAIR are held fixed at their

default values.

The two scenarios considered in this analysis, RCP4.5 and RCP8.5, represent two

widely divergent emissions and climatic pathways, especially in years beyond 2050. Fol-

lowing the method used in previous estimates of the SCC,6 we include projections starting

in the current period (here defined as 2020) through the year 2300. Due to the long resi-

dence times of CO2 in the atmosphere and the changes in global mean surface temperature

associated with CO2 emissions, SCC estimates can vary significantly depending on the

definition of this window, especially when low discount rates are applied. To illustrate

the large differences across RCP scenarios, Figure E.1 shows fossil CO2 emissions, CO2

concentrations, total radiative forcing (the difference between incoming solar radiation

and outgoing terrestrial radiation), and temperature as anomalies from FAIR’s reference

state, which is year 1765, for the median climate parameters listed above and under each

36https://github.com/OMS-NetZero/FAIR/tree/v1.3.2.
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emissions scenario.

Figure E.1: Behavior of key variables in the FAIR simple climate model un-
der median climate parameters: Each panel shows the temporal trajectory of key
variables in FAIR that are used in our calculation of the social cost of carbon. The tra-
jectories shown arise under FAIR run with median climate parameter values calculated
from our uncertainty distributions for the equilibrium climate sensitivity, transient cli-
mate response, short thermal adjustment time, and time scale of rapid carbon uptake by
the ocean mixed layer. The values are shown as anomalies from the year 1765, FAIR’s
reference state.

In order to estimate the marginal effect of CO2 emissions, we add two additional

scenarios to the “control scenarios” of RCP4.5 and RCP8.5. Each additional scenario

adds a 1 GtC (3.67 Gt CO2) pulse of fossil CO2 emissions in 2020 to each of the control

scenarios described above. The FAIR model is then run again for these pulse scenarios,

resulting in a new time series of concentrations, forcing, and temperature anomalies.

The difference between the control and pulse scenarios, including climate uncertainty

(discussed below), is shown in the main text Figure 4A-D; as described below and in

Methods Step 5, this difference is used to construct energy partial SCC estimates.

E.2 Methodology for capturing uncertainty in climate sensitiv-

ity within the simple climate model FAIR

The analysis described above relies solely on the simple climate model FAIR with key

climate parameters set to median values that are computed from their uncertainty dis-

tributions. However, a complete study of the energy partial SCC should represent the
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uncertainty in key model parameters, including the joint probability distribution of the

ECS and TCR. We now discuss the development of such uncertainty distributions and

the representation of climate uncertainties in FAIR.

To represent climate uncertainties, we vary TCR, ECS, d2, and τ3 such that our

climate uncertainties conform to those of the literature. These four parameters represent

the behavior of the short and long timescales of response of temperature and the carbon

cycle. For TCR and ECS, we draw upon constraints from the IPCC Fifth Assessment

Report (AR5);90 for d2 and τ3 we follow ref.,25,74 based on refs.91 and.92

In general, we produce initial distributions of these parameters based on constraints

from the literature. However, a key difference between our approach and those in the

existing literature is that we explicitly model the tails of the climate sensitivity uncertainty

distributions. The AR5 synthesis generally regards the 5–95% ranges of variables in

the CMIP5 models as representing the “likely” range (central at least 66% probable

range) due to structural uncertainty. Previous studies based on CMIP5 results91,93 and

those using the CMIP5 5–95% range of TCR and ECS as 5-95% input ranges to their

models25,74 thus show results that characterize only the central 66% of possibilities. Here

we explicitly model the tails of the input and output distributions by generating TCR

and ECS distributions with likely ranges as specified by the AR5 report. To preserve the

expected correlation between TCR and ECS, rather than sampling ECS directly, we follow

refs.25,94 and instead sample the realized warming fraction (RWF, the ratio of TCR/ECS),

which is nearly independent of TCR. We subsequently filter the parameter sets to ensure

consistency with expectations regarding the initial pulse adjustment timescale (the time

it takes the climate system to reach a warming peak following a pulse emission of CO2).

Below we outline the sources used to construct the distributions of each parameter.

• TCR: Ref.90 concludes that “TCR is likely in the range 1◦C to 2.5◦C... is positive

and extremely unlikely greater than 3◦C” (p. 1112). In IPCC terminology,95 likely

refers to a probability of at least 66%, very likely to a probability of at least 90%,

and extremely likely to a probability of at least 95%. Thus we construct a log-normal

distribution for TCR with a 17th to 83rd percentile range of 1.0-2.5 ◦C.

• RWF: An RWF likely range of 0.45 to 0.75 is approximately consistent with the

ECS likely range of 1.5 – 4.5◦C.90 We construct a normal distribution for RWF

following this central 66% likelihood range, and sample this distribution, along with

TCR, to construct the ECS distribution as TCR/RWF .

• ECS: Ref.90 concludes that “ECS is positive, extremely unlikely less than 1◦C

(high confidence), and very unlikely greater than 6◦C (medium confidence)” (p.

1111) and likely between 1.5 and 4.5◦C. To construct our sampling distribution, we

randomly draw samples from the TCR and RWF distributions, and obtain ECS
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samples by calculating TCR/RWF . The constructed ECS samples follow a log-

normal distribution with a 17th-83rd percentile range of 1.60-4.65 ◦C.

• d2:d2:d2: The AR5 does not assess the range of d2. We construct our distribution of d2 as

a log-normal distribution with a 5-95th percentile range of 1.6-8.4 years.25,74

• τ3:τ3:τ3: Ref.91 summarized τ3 in three comprehensive Earth System Models (HADGEM2-

ES, MPI-ESM, NCARCSM1.4), seven Earth System Models of Intermediate Com-

plexity (EMICs), and four box-type models (ACC2, Bern-SAR, MAGICC, TOTEM).

Using the mean (4.03) and standard deviation (1.79) of these values, we construct

a normal distribution for τ3.

After defining these distributions, we generate a 100,000-member ensemble of param-

eter sets via Monte Carlo sampling. As τ3 should be larger than 0, we sample from a

truncated normal distribution, and discard parameter sets in which τ3 < 0 or > 2× 4.03

to keep the mean of τ3 in parameter sets consistent with the multi-model mean in ref.91

About 2.4% of parameter sets are filtered by this constraint. Similarly, RWF must be less

than 1. We therefore truncate its distribution at 1, which is the 99.4th percentile, and

truncate at the 0.06th percentile to keep symmetry (which also removes unrealistic RWF

values near and less than 0 that cause unrealistic, large and/or negative ECS values).

About 1.2% of parameter sets are filtered by this constraint. After applying the τ3 and

RWF filters, which have a small overlap, we are left with 96,408 parameter samples. Using

these remaining parameter samples, we evaluate model performance according to several

criteria.

Our criteria for evaluating model performance are described in detail below, and sum-

marized in Table E.1 and Figure E.2.

Initial pulse-adjustment timescale (IPT) The National Academies highlights the

IPT as a measure that is important for SCC computations, yet does not provide a clear,

consistent definition.6 It “measures the initial adjustment timescale of the temperature

response to a pulse emission of CO2” and is “the time over which temperatures converge

to their peak value in response to the pulse.” [6, p. 88]. This could either be the time

to an initial peak, or the ultimate maximum temperature change over the duration of a

simulation, which also depends on simulation length. Here we catalogue multiple versions

of a potential IPT metric, comparing with previous literature where appropriate.

To assess the IPT, we set CO2 concentrations to 2010 levels (389 ppm) and hold

them constant throughout the simulation. To provide an emissions baseline to which a

pulse will be added, we numerically solve the CO2 emissions pathway in FAIR to meet

the CO2 concentration pathway for each parameter sample. We then construct a pulse

experiment, in which 100 GtC of CO2 is injected instantaneously in the year 2015. The

difference in temperature between the pulse and control run measures the temperature
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response to a CO2 pulse. To quantify the time to initial peak, we define the IPT as

the time at which the time derivative of the temperature response first becomes negative

(noting that, in many simulations, feedbacks between temperature and the carbon cycle

mean that the temperature rises again after the initial peak and decline, and reaches

the maximum temperature later. Therefore, the time to initial peak is not necessarily the

same as the time to maximum temperature). The resulting IPT has a median of 9.0 years,

with a central 90% probability range of 0–24.0 years. We drop parameter sets that lead

to simulations in which the first negative time derivative of temperature occurs after 100

years post-pulse, indicative of temperatures that only increase throughout the experiment

(in contrast to the simulations with an initial post-pulse decrease in temperature that

begins increasing again after a time). This results in a filtering out of 112 additional

parameter samples on top of the τ3 and RWF filters, yielding a total number of post-

filtering simulations of 96,306 for examination in the remaining discussion.

We also evaluate other potential metrics: the time to maximum temperature consid-

ering the full 500 year simulation, the time to maximum temperature considering just

the 100 years post-pulse, and the time to maximum temperature considering 100 years

post-pulse but excluding simulations reaching max at year 100. We find central 90% prob-

able ranges of 4.0–485 (median 19.0), 4.0–100 (median 12.0), and 3.0–23.0 (median 9.0),

respectively. The results of ref.91 and other subsequent analysis93 indicate that a peak

in warming in response to a pulse emission occurs within about a decade after emission.

In particular, ref.93 estimate a central 90% range for time to peak warming of 6.6–30.7

years, with a median of 10.1 years, and 2% of simulations reaching maximum at the end of

their 100-year simulations. Ref.,93 however, do not sample from continuous distributions

of ECS and TCR, but rather use narrower discrete distributions of parameters based on

individual CMIP5 GCMs; thus, we expect their range to be narrower than that in our

analysis. Considering the first 100-years of simulation, our median time to peak warm-

ing is comparable to ref.,93 but spans a wider range of outcomes, as expected, with 24%

of simulations reaching their peak at 100 years post-pulse (44% reach peak warming at

simulation’s end in year 2500).

Transient climate response to emissions (TCRE) The TCRE measures the ratio

of transient warming to cumulative carbon emissions at the time of CO2 doubling in a

simulation with a 1% /year increase (year 70). TCRE is between 0.8 and 2.5◦C per

1000 GtC with at least 66% probability.90 To assess TCRE, we set up an experiment

that increases CO2 concentrations at 1%/year until CO2 concentrations double in year

70. Again, for each parameter sample, we numerically solve the CO2 emissions pathway

in FAIR to meet the CO2 concentration pathway. The resulting TCRE exhibits a likely

range of 0.88–2.34◦C per 1000 GtC, which is consistent with the central 66% probable

range assessed by AR5.

Longevity of pulse warming Coupled climate-carbon cycle experiments indicate
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that a majority (about 70% in the multimodel mean) of peak warming persists 500 years

after emissions.91 In our IPT experiments, the central 66% probable range is 72.9 – 137.6

percent of initial peak warming persists after 500 years.

Representative Concentration Pathway (RCP) experiments We assess the

warming in the RCP experiments relative to those in the CMIP5 multi-model ensemble,

noting that we compare the central 66% probability ranges from our ensemble to those of

the CMIP5 5th–95th percentile range (Table E.1).

The final reduced sample set constitutes 96,306 samples as noted above, and the di-

agnostic metrics are essentially unchanged from the pre-filtering distributions (see Table

E.1). Based on this post-filtering evaluation, we conclude that the resulting distribu-

tion is adequately consistent with our target constraints and the recommendations of the

National Academies of Sciences, Engineering, and Medicine.6 We apply the retained pa-

rameter sets to FAIR to produce climate projections that represent climactic uncertainties

and are further used in calculating the SCC uncertainty, as described in the next section.

The interquartile range of the final SCC values across the entire distribution of parameter

sets are shown in Figure 4E in the main text.
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Figure E.2: Distributions of key FAIR parameters for climate sensitivity un-
certainty both before and after applying constraints: Each panel indicates the
distribution of a key parameter in the FAIR simple climate model, both before (red curve)
and after (blue shading) the imposition of constraints described in the text. Distributions
shown from left to right are: transient climate response (TCR); realized warming frac-
tion (RWF) used to define ECS (=TCR / RWF); equilibrium climate sensitivity (ECS)
shown only after applying constraints due to unrealistic values in the initial distribution
occurring as RWF→ 0; short thermal adjustment time (d2); time scale of rapid carbon
uptake by the ocean mixed layer (τ3).
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Parameter Distribution from literature Pre-IPT distribution Post-IPT distribution Distribution Source

TCR (C) [1.00, 2.50] [1.00, 2.49] [1.00, 2.50] Lognormal AR5
RWF [0.45, 0.75] [0.45, 0.75] N/A Normal NAS (2017)
ECS (C) [1.5, 4.5] [1.60, 4.65] [1.61, 4.61] Lognormal AR5
d2 (years) (1.6, 8.4) (1.6, 8.4) (1.6, 8.3) Lognormal 25,74

τ3 (years) 91 4.04 (1.07, 6.96) 4.04 (1.25, 6.79) Normal 91

point estimates

Key metrics
TCRE (C/TtC) [0.8, 2.5] N/A [0.88, 2.34] Normal AR5
Time to Tmax (years) (6.6, 30.7) (4.0, 100.0)∗ (4.0, 100.0)∗ N/A 93

RCP 4.5 GMST

2046− 2065 1.4 [0.9, 2.0] N/A 1.38 [0.73, 1.98] (0.51, 2.88) Normal AR5
2081− 2100 1.8 [1.1, 2.6] N/A 1.81 [0.93, 2.60] (0.65, 3.88) Normal AR5
2181− 2200 2.3 [1.4, 3.1] N/A 2.37 [1.13, 3.46] (0.78, 5.41) Normal AR5
2281− 2300 2.5 [1.5, 3.5] N/A 2.73 [1.24, 4.01] (0.85, 6.45) Normal AR5

RCP 8.5 GMST

2046− 2065 2.0 [1.4, 2.6] N/A 2.05 [1.09, 2.90] (0.77, 4.20) Normal AR5
2081− 2100 3.7 [2.6, 4.8] N/A 3.71 [1.96, 5.31] (1.39, 7.73) Normal AR5
2181− 2200 6.5 [3.3, 9.8] N/A 7.34 [3.82, 10.60] (2.69, 15.35) Normal AR5
2281− 2300 7.8 [3.0, 12.6] N/A 8.86 [4.48, 12.84] (3.11, 18.84) Normal AR5

Table E.1: Comparisons of the distributions of key FAIR parameter values: This table compares the distributions of key FAIR
parameter values that pass the initial pulse-adjustment timescale (IPT) constraint against the relevant distributions from the literature
(included in the IPT constraint is filtering of τ3 and RWF as specified in the text). Distributions shown are: transient climate response
(TCR); realized warming fraction (RWF); equilibrium climate sensitivity (ECS); short thermal adjustment time (d2); time scale of rapid
carbon uptake by the ocean mixed layer (τ3); transient climate response to emissions (TCRE); and the change in global mean surface
temperature (GMST) from the reference period 1986-2005 at various points in the projections. Note that RWF is only used to create our
ECS distribution, and so the post-IPT distribution of RWF is not reported. Distributions reported are determined by the reference values
from the literature, so that different parameters have different descriptions of their associated distributions: 5 to 95% ranges are given in
( ), 17 to 83% ranges (likely ranges for AR5) are given in [ ], and means are given without ( ) or [ ].
∗ We only consider the first 100 years post-pulse.93
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Finally, we assess the reasonableness of the “handoff” between the SMME models, with

which the damage function is estimated (Equation 6 in Methods), and FAIR, with which

future damages due to a pulse of CO2 are calculated using the difference in temperature

between the pulse and control runs. A comparison of climate sensitivity uncertainty

across these two climate projections is important, as the climate sensitivity uncertainty

captured in the empirically-based projections of energy damages derives from the SMME,

while the uncertainty we proliferate through to the SCC relies on the simple climate

model FAIR. Figure E.3 shows the distribution of GMST changes relative to 2001-2010

(∆GMST) over time, according to the SMME (top row) and the simple climate model

FAIR (bottom row). SMME data are available until the year 2100; thus, the two rows

show a direct comparison between FAIR and the SMME models for these years, showing

a strong amount of overlap in both RCP4.5 and RPC8.5 distributions of warming and

indicating the handoff is reasonable (as would be expected based on the construction of

the SMME).

E.3 Converting temperature scenarios to an energy expenditure

partial SCC

We convert the temperature scenarios developed in the climate module into estimates of

energy-related damages using the global damage functions described in Methods Step 4

and in Supplementary Section D. These damage functions characterize energy expendi-

ture impacts as a function of ∆GMST (changes in GMST relative to 2001-2010). The

coefficients on these quadratic damage functions are constructed for each year from 2015

to 2300, as described in Methods Step 4 and Supplementary Section D. We then gener-

ate annual estimates of temperature-related energy expenditure changes by applying the

∆GMST values from both the control FAIR scenarios (RCP4.5 and RCP8.5), as well as

pulse scenarios, to the empirically derived damage functions. After computing energy ex-

penditure changes associated with each scenario, we subtract each control scenario from

the corresponding pulse scenario and divide by the pulse amount to estimate the marginal

effect of the pulse.

Figure E.4 depicts the marginal effect of the pulse under both the RCP4.5 and RCP8.5

control scenarios. A CO2 pulse emitted today perturbs the future trajectory of atmo-

spheric CO2 concentrations nonlinearly, affected by the half life of CO2 in the atmosphere

as it is stored and released in the oceans and biosphere (Figure E.4A-B). This results in

future ∆GMST that deviates from the control scenario, which in turn causes a stream

of energy damages in future years (Figure E.4C-D).37 Annual damages, discounted using

37All time series in Figure E.4 represent the difference between a pulse scenario and control scenario.
The background CO2 concentration has a large effect on the ability of the land and ocean to absorb the
marginal CO2 pulse, hence less of the pulse is absorbed by the land and ocean in a high CO2 background
(RCP8.5) than in a low CO2 background (RCP4.5) leading to more CO2 remaining in the atmosphere

83



G
lo

ba
l m

ea
n 

te
m

pe
ra

tu
re

 ri
se

 (°
C 

ab
ov

e 
20

01
-2

01
0 

av
g.

)

Global climate models & 
surrogate models
33-model ensemble

Simple climate model
FAIR

RC
P 

4.
5 

RC
P 

8.
5 

F
ig
u
re

E
.3
:
D
is
tr
ib
u
ti
o
n
o
f
ch

a
n
g
e
s
in

g
lo
b
a
l
m
e
a
n
su

rf
a
ce

te
m
p
e
ra

tu
re

fr
o
m

a
n
e
n
se
m
b
le

o
f
g
lo
b
a
l
cl
im

a
te

m
o
d
e
ls

a
n
d

su
rr
o
g
a
te

m
o
d
e
ls

a
n
d
fr
o
m

th
e
si
m
p
le

cl
im

a
te

m
o
d
e
l
F
A
IR

:
T

op
ro

w
:

D
is

tr
ib

u
ti

on
of

ch
an

ge
s

in
gl

ob
al

m
ea

n
su

rf
ac

e
te

m
p

er
at

u
re

re
la

ti
ve

to
20

01
-2

01
0

av
er

ag
e

(∆
G

M
S
T

)
fr

om
20

01
to

21
00

,
ac

co
rd

in
g

to
an

en
se

m
b
le

of
33

G
C

M
s

an
d

su
rr

og
at

e
m

o
d
el

s
th

at
fo

rm
th

e
su

rr
og

at
e/

m
o
d
el

m
ix

ed
en

se
m

b
le

(S
M

M
E

).
S
ec

on
d

ro
w

:
D

is
tr

ib
u
ti

on
of

∆
G

M
S
T

fr
om

20
01

to
23

00
,

ac
co

rd
in

g
to

96
,3

06
of

si
m

u
la

ti
on

ru
n
s

of
th

e
si

m
p
le

cl
im

at
e

m
o
d
el

F
A

IR
.

84



either constant or Ramsey discount rates, are then summed through time to create a net

present value, following Equation 7 in Methods. This final value is the net present value

of the energy expenditure impacts caused by a marginal emission of CO2.

Constant discount rates of 2.5%, 3%, and 5% discount rates are recommended in refs.

[6,96]. However, we also include a 2% discount rate because it conservatively reflects

changes in global capital markets over the last several decades;76 the average 10-year

Treasury Inflation-Indexed Security value over the available record of this index (2003-

present) is just 1.01%.75

In addition to constant discount rates of 2%, 2.5%, 3%, and 5%, we also present

results under Ramsey discounting as recommended in ref. [6].38 In this case, we calculate

a global discount rate, rs, for each year s according the Ramsey equation rs = δ + ηgs,

where the parameter δ measures the pure rate of time preference, gs measures the growth

rate of consumption in year s, and η is the elasticity of marginal utility of consumption.

We use global per capita income growth from the SSP scenarios to obtain annual values

for gs,
39 and use 6 combinations of δ and α values, choosing from δ ∈ {0%, 1%} and

η ∈ {1, 2, 3}. This set of values is broadly accepted in the literature, and a subset of these

values can satisfy the recommendation in ref. [6] that they “produce certainty-equivalent

discount rates consistent, over the next several decades, with consumption rates of interest.

Achieving both objectives is not necessarily guaranteed, since the Ramsey formula is a

normative formulation of discounting that may or may not match any observed interest

rates when sensible values for δ, η, and g are applied.

A value of δ = 0% implies that individuals with equal income but at different moments

in time are treated equally, while a value of 1% means that damages experienced later

in time are down-weighted by 1% per year, after adjusting for income. Many authors

throughout economics have argued that a value of zero (or very near zero) is the only

ethically reasonable choice, and such ethical judgement is required since this formulation

of discounting is normative.3940 However, some authors nonetheless advocate a non-zero

value on the grounds that a non-zero value is required to ensure the total value for the

overall discount rate r is a specific value.77 A value of 1% has been used in many contexts,29

so we consider it as well.

in a high CO2 world (Figure E.4B). However, a high background CO2 also means the change in CO2

concentration results in a relatively smaller change in radiative forcing, as radiative forcing from the
marginal CO2 pulse is proportional to the natural logarithm of the ratio of the pulse concentration
change to background CO2 concentration. This compensating effect means there is a smaller change in
the temperature anomaly in a high CO2 background (RCP8.5) than in a low CO2 background (RCP4.5)91

(Figure E.4C).
38Future work should also explore the implications of other more complex discounting procedures, such

as declining discount rates.97,98
39The SSPs do not provide projections of income growth post-2100. We therefore assume that in each

SSP, the annual growth rate in every year post-2100 is equal to the average annual growth rate from
2085-2099 in that SSP.

40Ramsey himself deemed it “ethically indefensible” to use a positive value of δ for social discounting.47
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Based on the literature, we examine cases where the elasticity of marginal utility of

consumption, η, takes values of 1, 2 or 3. Unlike δ, these values have an empirical basis in

macroeconomics, with estimates generally centered around 2 and mostly falling between

1 and 3.78–83

A final consideration in the recommendations of ref. [6] is checking whether the val-

ues we use “produce certainty-equivalent discount rates consistent, over the next several

decades, with consumption rates of interest. Examining the SSPs, which determine the

global GDP growth rate we would use to compute the Ramsey discount rate, the average

growth rate is 2.5% per year for 2020-2040 and 2.2% per year for 2020-2050 (since the

next several decades does not precisely define what interval to consider). These values

produce discount rates that generally align with a range of consumption interest rates of

2.2%-8.5%. Values around 3%-5% are likely to be more plausible for the consumption rate

of interest than values near the top of this range, although as mentioned earlier, there is

not a theoretical guarantee that these values should align. Nonetheless, there exist high,

medium, and low values within this set that would satisfy Recommendation 6-2 in ref.

[6].

E.4 Uncertainty in the energy partial SCC

We characterize uncertainty in the energy partial SCC in three ways: accounting for cli-

mate sensitivity uncertainty only, damage function uncertainty only, and full uncertainty

(both climate and damage function, reported in main text Figure 4E). Here we briefly

describe how these values are generated.

Energy partial SCC estimates accounting for both climate sensitivity and

damage function uncertainty As described in Methods Step 4, damage functions are

computed using estimates of the global monetized damages in each year generated from

33 climate models, two emissions scenarios, and a resampling of damage estimates that

captures uncertainty in the estimation of Equation 3 (Methods). These multiple simu-

lations (we draw 100 realizations of global damages for each climate model, emissions

scenario, SSP trajectory, and year) give us an empirically-derived distribution of poten-

tial economic outcomes that are conditional on the ∆GMST value for the year, emissions

scenario, and climate model used to generate that projection. To account for uncertainty

in a single year’s damage function, we pool these realizations for the associated 5-year

window (see Methods Step 4 and Supplementary Section D). We then run quantile regres-

sions to fit quantile-specific damage functions for 19 quantiles (i.e. every 5th percentile

from the 5th to 95th). As in the mean damage function estimation, extrapolation past the

year 2100 is accomplished using a time interaction model (Supplementary Section D). In

this extrapolation, we allow each quantile to evolve over time heterogeneously, based on

the observed changes over time that we estimate at the end of the 21st century.
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Figure E.4: The effects of a CO2 pulse in the RCP4.5 and RCP8.5 emissions scenarios,
using the FAIR simple climate model.25,74 Effects in RCP4.5 are depicted in blue, while effects
in RCP8.5 are depicted in red. Solid lines use the default configuration, shaded area is the interquartile
range of projections, sampling from a constrained joint distribution of climate parameters (b-c) and also
damage function quantiles (d). (a) A 1GtC pulse released in 2020. (b) The effect on atmospheric CO2

concentrations, relative to the control scenario. (c) The impact on global mean surface temperature
anomalies (∆GMST). (d) The change in the discounted flow of energy expenditures estimated with the
empirically-derived damage functions in Figure 3D (1.4% annual price growth, 2% annual discount rate).
Integration of this flow is the partial social cost of carbon for energy expenditure under the given control
scenario — RCP4.5 or RCP8.5 (Table E.2).

87



We run each quantile-specific damage function through each of the 96,306 sets of

FAIR parameters and up-weight runs in order to reflect probability mass in the damage

function uncertainty space. This process reflects a joint sampling from the full space

of damage function uncertainty and climate sensitivity uncertainty. The relevant SCC

5th-95th percentile ranges are resolved from the resulting distribution of energy partial

SCCs.

Energy partial SCC estimates accounting for climate sensitivity uncertainty

only: To isolate uncertainty in the energy partial SCC that derives from climate sensi-

tivity uncertainty, we run the mean damage function through each of the 96,306 sets of

FAIR parameters. The corresponding SCC 5th-95th percentile range is resolved from the

resulting distribution of energy partial SCCs.

Energy partial SCC estimates accounting for damage function uncertainty

only: To isolate uncertainty in the energy partial SCC that derives from uncertainty in

the damage function, we run the set of quantile-year damage functions through FAIR with

each climate parameter fixed at its median value (as is done in the central energy partial

SCC estimates) and up-weight runs in order to reflect probability mass in the damage

function uncertainty space. The corresponding SCC 5th-95th percentile range is resolved

from the resulting distribution of energy partial SCCs.

Table E.2 reproduces SCC estimates from Figure 4e, Subpanel I (main text) and

Extended Data Table 2, with interquartile ranges separately showing the influence of

climate sensitivity and damage function uncertainty.
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F Sensitivity of the energy consumption partial so-

cial cost of carbon

The partial SCC estimates shown in the main text and in Table E.2 depend upon a set of

future price scenarios, damage function extrapolation beyond 2100, and are reported for a

particular socioeconomic scenario (SSP3). In Extended Data Tables 1 and 2, we provide a

range of additional partial SCC estimates under alternative future price scenarios. In this

section, we provide estimates under alternative extrapolation approaches for the damage

function, and multiple different socioeconomic scenarios. In all cases, we show estimates

under multiple discount rates and baseline emissions trajectories.

F.1 Alternative approach to estimating post-2100 damages

We explore the importance of post-2100 extrapolation of the damage function (Supple-

mentary Section D) by using an alternative approach to estimating post-2100 damages, in

which we calculate partial SCC estimates using a damage function held fixed at its end-

of-century shape for all years 2100-2300. With this alternative approach, most estimates

of the energy consumption partial SCC remain between -$3 and -$1 (1.4% price growth

scenario), indicating that extrapolation of the damage function has negligible impact on

our partial SCC estimates, due in part to the important role of discounting (Table F.1).

F.2 Alternative socioeconomic scenarios

In the main text, we display climate change impact projections and estimates of the

partial social cost of carbon under the socioeconomic scenario SSP3. Each SSP scenario

models a different possible pathway of economic development, population growth, and

demographics. Here, we show estimates of the energy consumption partial social cost

of carbon under alternative scenarios (SSP1, SSP2, SSP4, and SSP5, alongside SSP3).

Results from these alternative scenarios are generally similar in magnitude to those from

SSP3.
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Constant Ramsey

Discount Rate 2% 2.5% 3% 5%
δ = 0% δ = 0% δ = 0% δ = 1% δ = 1% δ = 1%
η = 1 η = 2 η = 3 η = 1 η = 2 η = 3

1.4% price growth

RCP 8.5 -1.79 -1.40 -1.15 -0.69 -5.87 -3.12 -1.84 -2.22 -1.45 -1.01

RCP 4.5 -1.83 -1.48 -1.24 -0.76 -5.28 -2.91 -1.79 -2.18 -1.47 -1.05

0% price growth

RCP 8.5 -0.93 -0.78 -0.68 -0.47 -2.18 -1.28 -0.84 -1.04 -0.74 -0.56

RCP 4.5 -1.00 -0.86 -0.76 -0.53 -2.06 -1.27 -0.87 -1.08 -0.79 -0.61

3% price growth

RCP 8.5 -4.55 -3.24 -2.45 -1.16 -20.39 -10.01 -5.40 -6.33 -3.76 -2.39

RCP 4.5 -4.36 -3.21 -2.49 -1.26 -17.64 -8.85 -4.91 -5.82 -3.56 -2.33

MERGE-ETL 6.0 prices

RCP 8.5 -1.18 -0.91 -0.74 -0.42 -3.97 -2.10 -1.23 -1.48 -0.95 -0.65

RCP 4.5 -1.34 -1.03 -0.84 -0.48 -4.65 -2.42 -1.40 -1.69 -1.08 -0.74

REMIND 1.7 (ADVANCE) prices

RCP 8.5 -5.10 -3.92 -3.16 -1.77 -17.36 -9.18 -5.36 -6.43 -4.13 -2.82

RCP 4.5 -5.52 -4.26 -3.45 -1.95 -19.03 -9.96 -5.79 -6.95 -4.46 -3.05

REMIND 1.7 (CEMICS) prices

RCP 8.5 -4.94 -3.78 -3.04 -1.68 -16.99 -8.96 -5.21 -6.25 -4.00 -2.72

RCP 4.5 -5.37 -4.12 -3.32 -1.85 -18.80 -9.79 -5.66 -6.80 -4.34 -2.95

REMIND-MAgPIE 1.7-3.0 prices

RCP 8.5 -4.86 -3.74 -3.02 -1.70 -16.45 -8.71 -5.09 -6.11 -3.93 -2.69

RCP 4.5 -5.31 -4.10 -3.33 -1.89 -18.02 -9.47 -5.52 -6.64 -4.28 -2.93

WITCH-GLOBIOM 4.2 prices

RCP 8.5 -4.95 -3.71 -2.93 -1.56 -18.46 -9.53 -5.42 -6.45 -4.04 -2.70

RCP 4.5 -5.06 -3.82 -3.03 -1.65 -18.94 -9.71 -5.52 -6.57 -4.13 -2.77

Table F.1: Social cost of energy consumption due to climate change under alternative
approach to estimating post-2100 damages. This table displays estimates of a partial Social Cost
of Carbon for excess energy expenditures under the socioeconomic scenario SSP3. Costs are discounted
to the present using either a constant annual discount rate (2%, 2.5%, 3%, or 5%) or Ramsey discount
rates under various values of the pure rate of time preference, δ, and elasticity of marginal utility of
consumption, η (Methods Step 5 ). In contrast to the estimates in Figure 4e (main text) and Extended
Data Tables 1 and 2, these estimates are calculated using a damage function held fixed at its end-of-
century shape for all years 2100-2300.
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Constant Ramsey

Discount Rate 2% 2.5% 3% 5%
δ = 0% δ = 0% δ = 0% δ = 1% δ = 1% δ = 1%
η = 1 η = 2 η = 3 η = 1 η = 2 η = 3

SSP1

RCP 4.5 -1.71 -1.45 -1.25 -0.79 -1.50 -0.76 -0.47 -1.10 -0.62 -0.41

SSP2

RCP 8.5 -1.35 -1.16 -1.01 -0.68 -1.46 -0.80 -0.53 -1.02 -0.65 -0.46

RCP 4.5 -1.45 -1.32 -1.18 -0.78 -1.29 -0.92 -0.61 -1.16 -0.75 -0.52

SSP3

RCP 8.5 -2.27 -1.61 -1.25 -0.69 -13.93 -6.00 -2.93 -3.35 -1.90 -1.20

RCP 4.5 -1.73 -1.43 -1.21 -0.76 -4.16 -2.46 -1.60 -1.97 -1.38 -1.01

SSP4

RCP 8.5 -2.16 -1.57 -1.23 -0.70 -7.88 -2.54 -1.11 -2.27 -1.11 -0.67

RCP 4.5 -1.90 -1.52 -1.28 -0.78 -3.96 -1.75 -0.97 -1.79 -1.05 -0.69

SSP5

RCP 8.5 -1.35 -1.23 -1.12 -0.80 -1.03 -0.61 -0.41 -0.88 -0.53 -0.37

Table F.2: Social cost of energy consumption due to climate change under alternative
socioeconomic scenarios. This table displays estimates of a partial Social Cost of Carbon for excess
energy expenditures under various socioeconomic scenarios, for the 1.4% price annual growth trajectory.
For each RCP, we selected the four SSPs which, in their marker scenarios, had end-of-century CO2

concentrations and radiative forcing changes most similar to that RCP. This resulted in our selecting
SSPs 1-4 for RCP 4.5 and SSPs 2-4 for RCP 8.5. Costs are discounted to the present using either a
constant annual discount rate (2%, 2.5%, 3%, or 5%) or Ramsey discount rates under various values of
the pure rate of time preference, δ, and elasticity of marginal utility of consumption, η (Methods Step 5 ).
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G Robustness and sensitivity checks

In this section, we explore how alternative assumptions about population distributions,

income growth and climate-driven adaptation affect our projected impacts. In addition,

we conduct a robustness check to address issues of data quality.

G.1 Alternative assumptions on future within-country popula-

tion distributions

To construct global measures of the projected impacts of climate change, we aggregate

projected per capita impacts across all 24,378 impact regions using each region’s projected

future population. In our main results, these impact region-level population projections

are obtained by allocating projected national populations under the SSP scenarios based

on current satellite-based within-country population distributions (Supplementary Section

A.3.3). Here, we conduct a sensitivity analysis in which we use an alternative, time-

varying allocation of national populations developed in ref. [66] that reflects projected

urbanization.65 Figure G.1 displays the time series of global per-capita electricity and

other-fuels consumption impacts under the within-country population distributions from

ref. [66]. Impacts are seen to be extremely similar to our main estimates. This is likely due

to high spatial correlation of temperature within country borders and minimal covariance

between temperature exposure and changing population dynamics within countries.

G.2 Alternative assumptions on the role of income growth and

climate-driven adaptation

In our main results, we use the estimated coefficients from Equation B.6 in combination

with high-resolution data on future incomes (LogGDPPC) and climates (HDD, CDD)

to extrapolate energy-temperature responses over time, thus capturing future changes

in the responses due to income growth and climate-driven adaptation (Supplementary

Section B.3). In conducting this extrapolation, it is necessary to make an assumption

regarding the rates at which energy-temperature responses evolve with changing incomes

and climates. As discussed previously, our projections rely on 15-year moving averages of

LogGDPPC, HDD, and CDD (Supplementary Section, B.3).

Here, we conduct a sensitivity analysis where the speed at which energy-temperature

responses change with income and climate covariates is deterministically reduced by half.

This exercise is used to understand how the impacts of future climate change differ if

energy-temperature responses evolve more slowly with income and climate than is esti-

mated in the historical data.41

41Note that in our econometric estimation of Equation B.6, income is modeled as a 15-year moving
average, while climate is treated as a time-invariant average over the entire sample (Supplementary
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Figure G.1: Projected impacts of climate change under time-varying within-country pop-

ulation distributions. The dashed lines present the time series of average global energy consumption

impacts of climate change (in GJ per capita), in which future national populations are allocated spatially

within a country based on projections developed in ref. [66]. To contrast, the solid lines present impacts in

which future national populations are allocated spatially based on current satellite-based within-country

population distributions (Supplementary Section A.3.3). All impacts are calculated under the SSP3

socioeconomic scenario using climate projections from a single climate model (CCSM4).
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In the main projection, income grows for each impact region r according toGDPPCrt =

ρjtGDPPCr,t−1, where j indicates the country that region r falls into, and ρjt is a country-

and year-specific growth rate given exogenously by the SSP scenarios. The moving aver-

age values of heating degree days for region r used in the main projection are specified by

HDDrt = HDDr,t−1 +∆HDDrt, and moving averages of cooling degree days are specified

similarly. In this “slow adaptation” alternative approach, we replace income growth with

GDPPCrt =
(
ρjt−1

2
+ 1
)
GDPPCr,t−1 after the year 2015, and we reduce linear change

in heating degree days by replacing it with HDDrt = HDDr,t−1 + ∆HDDrt

2
. The linear

change in cooling degree days is similarly replaced. Note that both the main and slow-

adaptation analyses generate identical incomes, heating degree days, and cooling degree

days (and hence, energy-temperature responses) in 2015.

Figure G.2 displays the time series of global per-capita electricity and other-fuels

consumption impacts under a slow-adaptation scenario. Impacts under slow-adaptation

are seen to be considerable lower in magnitude than our main estimates.
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Figure G.2: Projected impacts of climate change under a slow-adaptation scenario. The
dashed lines present the time series of average global energy consumption impacts of climate change (in
GJ per capita) under a slow-adaptation scenario, where the speed at which energy-temperature responses
change with income and climate covariates is reduced by half. To contrast, the solid lines present projected
impacts based on the estimates of the main model (Equation B.6). All impacts are calculated under the
SSP3 socioeconomic scenario using climate projections from a single climate model (CCSM4).

Section, B.3), due to limited in-sample variation in the average climate. Thus, the decision of how
quickly the energy-temperature response evolves with climate in the future is less informed by historical
data than is the case for income.
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G.3 Data quality

The IEA data on energy consumption are of differential quality across countries as well as

years within a country, and issues of quality and comparability are extensively noted in

the documentation. All our specifications account for data quality and comparability con-

cerns through inverse variance weighting, imposition of country-regime fixed effects, and

dropping observations that fail to meet basic standards of comparability (Supplementary

Sections A.1 and B.1). To further ensure that data quality issues do not pose a threat

to our core findings, here we conduct a robustness check in which we re-estimate Equa-

tion B.6 after dropping additional observations in which the energy consumption data is

obtained by imputation.42 If the energy consumption data in such cases are themselves

estimated as a function of income and climate variables, it is possible that our results

simply reflect this imputation procedure rather than a real causal relationship. Figure

G.3 displays the matrices of energy-temperature responses when estimating Equation B.6

including and not including observations with imputed energy consumption data (dark

and light response curves respectively).43 The predicted responses are similar, thus our

results do not seem to be an artifact of imputed energy consumption data.
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Figure G.3: Energy-temperature response as a function of income and climate: Robust-
ness to imputed data. This figure displays the results from an econometric specification that models
heterogeneity in the energy-temperature response due to both income and long-run climate (Equation
B.6). The dark response curves are identical to those from Figure 1c (main text), while the light response
curves are estimated using a subset of the data in which observations with imputed energy consumption
data are dropped. Each cell within a matrix represents predicted energy-temperature responses at a point
in the income × long-run climate covariate space within the full sample. Cells are ordered vertically by
income terciles (increasing income from bottom to top) and horizontally by terciles of annual cooling
degree-days (increasingly warm climate from left to right) (Supplementary Section B.3).

42The documentation notes instances where the energy consumption data are derived solely from
estimates by either the IEA or country government. For electricity consumption 145 additional country-
years are dropped, while for other fuels consumption 465 additional country-years are dropped.

43The dark curves are identical to those from the matrices in Figure 1c (main text).
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H Comparisons to other studies

In this section, we consider prior econometric and process model-based estimates of cli-

mate change impacts on energy consumption, and compare them to their nearest coun-

terparts from among our estimates. Although not perfectly comparable in their scope or

their intent, we generally find that estimates from prior studies are qualitatively consistent

with those from this analysis (Table H.1).

Ref. [33] estimates the effect of temperature on electricity consumption using daily

data from European countries, and use these estimates to project the impacts of climate

change under one of the 33 climate projections (i.e. GFDL-ESM2M) in our SMME.

Their analysis encompasses electricity consumption in all sectors, including transportation

(which we exclude).44 Moreover, they do not account for the effect of income differences or

climate-driven adaptation on the electricity-temperature response. Nonetheless, their end-

of-century impact projections under RCP8.5 for major European countries are comparable

in magnitude and direction to ours (Table H.1A). Ref. [32] similarly estimate the effect of

temperature on electricity electricity consumption using daily data from the US, and use

these estimates to calculate a mean impact across the across climate projections in the

CMIP5 ensemble (Supplementary Section A.2.2). While their analysis also includes the

transportation sector (which we exclude) and does not account for the effect of income

differences or climate-driven adaptation on the electricity-temperature response, their

estimates are qualitatively consistent with ours (Table H.1B).

Ref. [31] estimate the effect of temperature on residential electricity consumption us-

ing billing data from Mexico, and use the estimates to calculate a mean impact across

25 climate projections.45 Importantly they account for the effect of income growth and

climate-driven adaptation via increased air-conditioning adoption. Although their analy-

sis is limited to the residential sector (excluding commercial, industrial, and agricultural

consumption, which we include), their end-of-century impact projections under RCP8.5

for Mexico (in percentage terms) are qualitatively similar to ours (Table H.1C).

Using the NEMS energy model, ref. [18] project the impact of climate change on total

energy expenditures in the United States, accounting for the direct effects of warming

along with price, supply-side, and macroeconomic feedbacks. Calculating a mean impact

across the full set of climate projections in the SMME, they project a 12.1% increase in

annual energy expenditures at end-of-century (relative to 2012) due to climate change

under RCP8.5, while we project a 4.1% decrease (Table H.1D) under a 0% price growth

scenario.46 However, the two studies have important differences in scope and approach.

44As of 2013, transportation accounted for less than 3% of electricity consumption in the EU. See
https://www.eea.europa.eu/ds_resolveuid/8d7f4a83fc3a4936be07b8d40c24352c.

45These climate projections are drawn from 25 climate models that have partnered with Climate
Wizard, an online tool developed by the Nature Conservancy.

46Because ref. [18] assume a stationary economy with no population growth, we use our per-capita
estimates under a 0% price growth scenario as the point of comparison.
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Most fundamentally, the analysis in ref. [18] is limited to the residential and commercial

sectors (excluding industrial and agricultural consumption, both of which we include)47

and also does not account for the effect of income differences or climate-driven adap-

tation on energy-temperature responses. The exclusion of industrial consumption likely

contributes to the positive estimate in ref. [18]. Industrial consumption accounts for

approximately half of non-transport end-use energy consumption both in the US and

globally.48 Recent evidence suggests that unlike residential and commercial consumption,

industrial electricity consumption does not exhibit responsiveness to temperature,99 and

to our knowledge, no existing study specifically examines industrial end-use consumption

of other fuels. Although the energy consumption data used in our analysis lacks consistent

sectoral breakdowns across all fuels, countries, and years, future research should examine

the effects of temperature on energy consumption by fuel and end-use sector across diverse

socioeconomic settings and climate zones.49

Ref. [38] use a process model-based approach to project the impact of climate change

on global cooling and heating expenditures under the SSP2 socioeconomic scenario. Using

one of the 33 climate projections (i.e. CESM1-BGC) in our SMME, they project that at

end-of-century, climate change under RCP8.5 will lead to a net increase in global expen-

ditures representing 0.3% of 2100 global GDP (Table H.1E). For the same socioeconomic

scenario, climate projection, and RCP, we project a similarly modest change in global

expenditures, despite using a purely econometric approach. Although the magnitudes

are similar, it should be noted that the two studies do not purport to estimate the same

object. While the authors explicitly model changes to cooling and heating demands, our

estimates encompass changes from all end uses, not necessarily limited to cooling and

heating. Another important distinction is that the estimates in ref. [38] are specific to the

endogenously determined price trajectories of the GCAM energy model.

Ref. [99] estimate an electricity consumption damage function for Shanghai, China. To

compare our findings, we follow their approach and estimate a similar damage function for

Shanghai based on climate projections in the CMIP5 ensemble (Supplementary Section

A.2.2). In particular, we index the projected percent increase in Shanghai’s electricity

consumption to the global mean surface temperature increase in each realization, and

estimate a linear damage function using pooled realizations from 2080 to 2099 (Methods

Step 4 ).50 Although their analysis is limited to the residential sector (excluding commer-

47While NEMS does model industrial energy consumption, it does not model the direct effect of warm-
ing on industrial consumption. Thus the impact projections in ref. [18] reflect changes to industrial
consumption only via general equilibrium effects arising from climate-driven changes in residential and
commercial consumption.

48Data available from U.S. EIA Monthly Energy Review and IEA World Energy Balances dataset.
49Ref. [18] does not contain a breakdown by fuel.
50Based on the procedure described in Methods Step 4, we build such a damage function from esti-

mates of Shanghai’s projected increase in electricity consumption (Dtlps, denominated as percent of 2015
consumption) in each year (t) using 21 climate models (l), two emissions scenarios (p), and a resampling
of estimates (s) that captures uncertainty in the estimation of Equation 3 (Methods). The linear damage
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cial, industrial, and agricultural consumption, which we include), we obtain qualitatively

similar estimates for the percentage increase in Shanghai’s consumption per 1◦C increase

in global mean surface temperature (Table H.1F).

function we estimate through ordinary least squares is: D(∆GMST, t)tlps = ψ0 + ψ1∆GMSTtlp + εtlps,
using all realizations from 2080-2099 as done in ref. [99].
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Geography Study Estimate Our Estimate

A. Wenz et al., 2017
Change in annual per-capita electricity consumption at
end-of-century under RCP8.5, as percent of 2012 con-
sumption.

France 0.9% 0.8%

Germany -0.8% -0.5%

Greece 7.3% 3.5%

Italy 1.3% 1.9%

Spain 5.2% 3.6%

United Kingdom -1.7% -0.9%

Notes: Both estimates are based on climate projections
from the GFDL-ESM2M climate model. Wenz et al.’s es-
timates include electricity consumption in the transporta-
tion sector, which we exclude.

B. Auffhammer et al., 2017
Change in annual electricity consumption at 2090 under
RCP8.5, as percent of 2012 consumption.

United States 7.9% 2.3%

Notes: Both estimates represent mean impacts across cli-
mate projections in the CMIP5 ensemble (Supplementary
Section A.2.2). Auffhammer et al.’s estimates include elec-
tricity consumption in the transportation sector, which we
exclude.

C. Davis and Gertler, 2015
Change in annual electricity consumption at end-of-
century under RCP8.5, as percent of 2010 consumption.

Mexico 83.1% 44.6%

Notes: Our estimates represent mean impacts across all
climate projections in the SMME (Supplementary Sec-
tion A.2.3), while Davis and Gertler’s estimates represent
mean impacts across 25 climate models that have part-
nered with Climate Wizard, an online tool developed by
the Nature Conservancy. Davis and Gertler’s estimates
only encompass electricty consumption in the residential
sector, whereas ours also include commercial, industrial,
and agricultural end-uses.

D. Hsiang et al., 2017
Change in annual per-capita energy expenditure at 2090
under RCP8.5, as percent of 2012 expenditure.

United States 12.1% -4.1%

Notes: Both estimates represent mean impacts across all
climate projections in the SMME (Supplementary Section
A.2.3). Hsiang et al.’s estimates are for the period 2080-
2099 and do not include energy consumption in the indus-
trial sector, which we include. Our estimates determine
future expenditures under the 0% price growth scenario,
while those of Hsiang et al. use prices determined endoge-
nously through the NEMS (AEO 2013) energy model.

Continued on next page.
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Continued from previous page.

Geography Study Estimate Our Estimate

E. Clarke et al., 2018
Change in total annual energy expenditures at end-of-
century under RCP8.5 and SSP2 socioeconomic scenario,
as percent of 2100 global GDP.

Global 0.3% -0.00005%

Notes: Both estimates are based on climate projections
from the CESM1-BGC climate model. Clarke et al.’s es-
timates explicitly model changes to cooling and heating
demands, while our estimates encompass changes from all
end uses, not limited to cooling and heating. Our esti-
mates determine future expenditures under the 1.4% price
growth scenario, while those of Clarke et al. use prices de-
termined endogenously through the GCAM energy model.

F. Li et al., 2019
Change in annual electricity consumption at end-of-
century per 1◦C increase in global mean surface tempera-
ture, as percent of 2015 consumption.

Shanghai, China 9.2% 12.8%

Notes: Both estimates are based on climate projections
in the CMIP5 ensemble (Supplementary Section A.2.2).
In both studies, the projected percent increase in Shang-
hai’s electricity consumption is indexed to the global mean
surface temperature increase in each realization, and a lin-
ear damage function is estimated pooling realizations from
2080 to 2099 (Methods Step 4 ). Li et al.’s estimates only
encompass electricty consumption in the residential sec-
tor, whereas ours also include commercial, industrial, and
agricultural end-uses.

Table H.1: Comparison of our climate change impact projections with those of other stud-
ies. This table compares our projected impacts of climate change on energy consumption (right column)
with those of previous studies that focus on specific geographical regions and fuels (middle column). Our
projected impacts are derived from the main model (Equation B.6). Caveats to comparability are noted
below each study comparison.
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I Comparison to regional estimates from the FUND

integrated assessment model

Figure I.1 compares our estimates of energy expenditure damages at 2099 with those of

the FUND integrated assessment model for each of the 16 world regions defined by FUND.

For each region, we display our damage estimates reflecting income growth and adapta-

tion (Equation 4 in Methods, Figure 3a), income growth but not adaptation51, and neither

income growth nor adaptation (Equation 5 in Methods). In all cases, we aggregate dam-

ages over all impact regions within the FUND region. For most regions, the magnitude

and direction of FUND’s damage estimates contrast starkly with ours, regardless of how

we model the consequences of income growth and adaptation on the energy-temperature

response.52 In particular, FUND projects dramatically larger increases in energy con-

sumption due to climate change across many middle and low income regions, such as

China, North Africa, Southeast Asia and Sub-Saharan Africa. These contrasts are con-

sistent with concerns regarding FUND’s limited empirical basis for calibration — e.g.

FUND’s parameters for the income elasticity of cooling and heating energy demand are

calibrated using data from a single wealthy country — the UK.100–103 We estimate that

replacing FUND’s energy expenditure damage function with those estimated here (Fig-

ure 3c-d), while retaining all other features of FUND’s climate and economic modeling,

dramatically reduces FUND’s partial SCC estimate from $10 to -$0.20 per ton of CO2

(high emissions scenario, 3% discount rate).

When contrasting our estimates with those FUND, it is also important to note a con-

ceptual difference in the objects calculated by models such as FUND versus those derived

from reduced-form econometric estimates. While FUND specifically models the impact of

climate change on cooling and heating energy demand, our econometric estimates capture

a total behavioral response of end-use energy consumption to climate change, including

not only heating and cooling channels but also, for instance, changes to consumption due

to climate-driven changes in economic output.27 Future research should further explore

the specific channels through which energy consumption patterns are altered under a

changing climate.

51The impact projection in this case reflects the effect of income growth on the temperature sen-
sitivity of energy consumption, but not the effect of climate adaptation. Formally, the calculation is
f̂c(T̃rjt | LogGDPPCjt, CDDrjt0 , HDDrjt0)− f̂c(T̃rjt0 | LogGDPPCjt, CDDrjt0 , HDDrjt0).

52Although Figure I.1 displays our estimates of energy expenditure damages under a 1.4% annual price
growth scenario, Extended Data Figure 5 and Table 1 indicate that the overall discrepancy between our
results and those of FUND would be significantly larger under most other price growth scenarios.
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Figure I.1: Comparison to regional estimates from FUND. Figure I.1 compares our energy
expenditure damage estimates at 2099 under a high emissions scenario (RCP8.5), the SSP3 socioeconomic
scenario, and the 1.4% annual price growth scenario to those of FUND under its “business-as-usual”
scenario, for each of the 16 world regions defined by FUND. Damages are expressed as a fraction of
2099 regional GDP. We depict our main estimates reflecting income growth and adaptation (leftmost bar
per region), income growth but no climate adaptation (second bar from left), and no income growth or
climate adaptation (third bar from left), all of which represent an aggregation of damages across impact
regions within a FUND region and a mean across 33 climate models and model surrogates. Intervals
indicate 5th-95th percentiles of projected distributions, accounting for climate model and econometric
uncertainty (Supplementary Section B.5).
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