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Estimates of global economic damage from climate change assess

the effect of annual temperature changes. However, the roles of
precipitation, temperature variability and extreme events are not yet
known. Here, by combining projections of climate models with empirical
dose-response functions translating shifts in temperature means and
variability, rainfall patterns and extreme precipitation into economic
damage, we show that at +3 °C global average losses reach 10% of gross
domestic product, with worst effects (up to 17%) in poorer, low-latitude
countries. Relative to annual temperature damage, the additional
impacts of projecting variability and extremes are smaller and dominated
by interannual variability, especially at lower latitudes. However,
accounting for variability and extremes when estimating the temperature
dose-response function raises global economic losses by nearly two
percentage points and exacerbates economic tail risks. These results call
for region-specific risk assessments and the integration of other climate

variables for abetter understanding of climate change impacts.

Projections of economic damage from climate change are key for evalu-
ating climate mitigation benefits, identifying effects on vulnerable
communities and informing discussions around adaptation needs, as
well as loss and damage financing. On a global or country level, such
assessments have focused on how projected changes in annual mean
temperatures affect gross domestic product (GDP)'*. However, the
widespread lossesinrecent years driven by flooding and drought sug-
gest that precipitation variability and extremes are similarly impor-
tant>*. Anthropogenic forcing is increasing the frequency and intensity
of precipitation extremes and variability on multiple scales, altering
daily temperature patterns and driving an overallincrease in precipita-
tionover land”®. Continued global warming is expected to exacerbate
these trends, potentially with uneven impacts across regions>*'°, There-
fore, including precipitation, variability and extremes canimprove the
precision, comprehensiveness and interpretability of climate change
damage estimations™.

Economic damage from climate change can be assessed either
bottom-up by quantifying, valuating and aggregating specificimpacts
(for example, crop failures or labour supply changes) or top-down
by identifying the statistical relationship between observed climatic
shifts and economic growth. While both approaches have advantages
and limitations, top-down approaches usually neglect climatic shifts
beyond annual temperature changes'. To address this shortcoming,
recent studies have estimated the relationship between macrolevel
income and awider range of climatic indicators, such as total precipita-
tion”™, temperature variability'®"” or temperature and precipitation
extremes and anomalies''®"’, However, these studies do not investigate
how much the inclusion of these climate indicators alters previous
economic assessments of climate change, whichis highly relevant for
policy-making and future adaptation. A notable exception is ref. 15,
which projects the effects of annual precipitation and temperature
shifts on inequality. A comprehensive assessment of the projected
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Fig.1|Illustrative example of GDP impact projections for one example
indicator (extreme precipitation) and region (NY state) at +3 °C global
warming. a, Projected extreme precipitation under SSP3-7.0 for an example
model run (ACCESS-CM2, black) and other CMIP6 model runs (grey). Vertical
lines denote the baseline period (blue) and the +3 °C global warming window
(brown). b, Dose-response function for extreme precipitation (black line)
and 95% confidence interval (grey area). Coloured dots and the blue diamond
represent extreme precipitation levels from a and the baseline period average.
Thered error bar illustrates the difference between the dose-response function
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for an example year (2061) and the baseline average, which equals the projected
damage for this year. Dose-response function values are transformed from
the original logarithmic changes to percentage of GDP by exponentiating and
subtracting one (Methods). ¢, Distribution of projected extreme precipitation
damage at +3 °C by CMIP6 model. Boxplot centre, hinges and whiskers denote
median, upper/lower quartiles and upper/lower deciles, respectively. For the
CESM2-LE and MPI-ESM1-2-LR large ensembles, the +3 °C global warming-level
window varies across ensemble members.

economicimpacts of intense periods of precipitation and temperature
anomalies, however, is still missing.

In this study, we draw upon recent advances in estimating dose-
response functions, which relate shifts in various climate indicators
(total precipitation, temperature variability, precipitation anomalies
and extremes) to GDP changes'. Combining these functions with
projections from 33 models of Coupled Model Intercomparison Pro-
ject Phase 6 (CMIP6), including two large ensembles, we investigate
how including these indicators affects the understanding of future
economic impacts at different global warming levels. Variability and
extremes introduce substantial climatic and associated economic
uncertainties and we conduct a variance decomposition to determine
the main uncertainty drivers. Furthermore, we explore howincluding
variability and extremes in empirical regressions alters the dose-
response function for annual mean temperature, which the extant lit-
erature has estimated controlling only for annual precipitation®>***,

Projecting GDP impacts for six climate indicators

Compared to annual temperature, future changes in precipitation
and temperature variability under climate change are subject to high
uncertainties®*>?, To capture these uncertainties, we use projections
from various CMIP6 models™ to analyse four climate indicators besides

annual mean temperature and annual precipitation: (1) day-to-day
temperature variability (how much daily temperatures deviate from
monthly means); (2) extreme precipitation (the annual sum of pre-
cipitation ondays with exceptionally high precipitation exceeding the
historical 99.9th percentile); (3) monthly precipitation deviation (how
much monthly precipitation deviates from historicalmeans throughout
the year); and (4) the number of ‘wet days’ with precipitation above
1mmd™. These indicators have been linked to forcing from GHGs****
as well as to income growth using a global sample'*'°. Considering all
indicators in one coherent estimation framework is crucial because
variability and extremes correlate strongly with annual temperature,
total precipitation and each other (Supplementary Fig. 3). Therefore,
combining dose-response functions from different estimations risks
double-counting impacts. Notably, our coherent estimation frame-
work' does not model damage from droughts and heat waves. There-
fore,weinclude heatinacomplementary analysis, whereas we find no
significant statistical link to economic growth for droughts, potentially
dueto limited spatial and temporal resolution and impact heterogene-
ity across regions (Supplementary Appendix F).

Weillustrate our approach for the example of extreme precipita-
tionimpacts on economic output for New York State at +3°C of global
warming (Fig.1). Onthe basis of how agiven CMIP6 model and scenario
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Fig.2|Distribution and variance decomposition of global GDP impacts.
a, Points and the error bars centred around them denote the mean and upper-to-
lower-decile range, respectively. ‘Variability and extremes’ comprises the four
indicatorsinb. Labelled grey horizontal lines denote example growth ratesin
real GDP?. b, Same as a, with ‘variability and extremes’ impacts disaggregated by
indicator. ¢, Variance decomposition for the combined GDP impacts of all climate

l*‘ Day-to-day Monthly precipitation - Number of wet " Extreme
temperature variability deviation days " precipitation
Disaggregation of variability and extremes

Global GDP contraction
—_ in 2009 (financial crisis)
& 25
—
o
5]
Q
E \ W
a 0+ -——- - —————— & NS s -
a * 7)}(: ®
(0] I
E t
Q
K=l
G} -2.5 4

T T T
1.5 2 3

Global warming level (°C)

Dose-response function Internal Climate model

uncertainty variability uncertainty
d
Day-to-day Monthly precipitation Number of wet Extreme
temperature variation deviation days precipitation
100 -[0.44%] [1%] %] [5%
=
% 3%
9
8 75 49%
5 ke
I i 82%
§ s
c 63%
o
8 254 48% 46%
2]
[20%] [23%]
o [15%]
T T T T T T T T T T T T
1.5 2 3 1.5 2 3 1.5 2 3 15 2 3

Global warming level (°C)

indicators and for indicator-specific impacts. Indicator-specific decompositions
are feasible because impacts in the underlying regression model are additive

and hence can be projected separately. For absolute variances and coefficients
of variation, see Supplementary Figs. 8 and 9.d, Same as ¢, with ‘variability and
extremes’ disaggregated by indicator.

project therespective climate indicator (Fig.1a), we compare the GDP
impactsinagivenyear against the average impactsifthe climate wereto
remain constantat levels of arecentbaseline period (Fig.1b)*>". For each
model and scenario, the baseline period is the 41-year period during
which global warming equals the historical warming between1979 and
2019 (+0.84 °C), whichis the climatic baseline used for estimating the
dose-response functions used here (Methods)™. We then repeat this
procedure for different CMIP6 models and potential damage param-
eter estimates based on statistical uncertainty and aggregate results
tothe national level. Thisyields a distribution of GDP impacts for each
country featuringall yearsin each model and scenario associated with
the same global warming level (Fig. 1c). Therefore, the main sources of
uncertainty in our GDPimpact distribution for agiven global warming
level and territory are (1) internal variability for the same CMIP6 model
because the magnitude of extremes can vary strongly fromyear to year
and, for large ensembles, across model runs, (2) statistical uncertainty
inthe dose-response functions and (3) projection differences between
CMIP6 models.

Global results

We examine the impact on global GDP for all indicators combined, as
well as the separate impacts from annual temperature, annual precipita-
tion and the four variability and extremes indicators (Fig. 2a). Global
GDP is estimated to be 3.2% lower (lower/upper decile: 1.2-5.4%) at

+1.5 °C of global warming, compared to aworld with no further climate
change beyondrecentlevels. At +3 °C, global GDP decreases by 10.0%
(5.1-14.9%). When disaggregated by climate indicator, global impacts
are strongly determined by the annual mean temperature changes,
which account for a GDP reduction of 10.0% at +3 °C. This estimate
is consistent with recent top-down studies focusing exclusively on
damage from annual temperature changes and projecting impacts of
7-14% of GDP per capitaloss by the end of the century at global warming
levels of more than +4 °C (refs. 4,8,20); with other top-down studies
estimating damage even higher? as a result of their assumption that
temperature changes impact growth trajectories persistently'>?*?.
For context, a 10% reduction exceeds the GDP loss of the COVID-19
pandemic when global growth plummeted from +2.6%in 2019 to -3.1%
in 2020 or the effect of the global financial crisis in 2009 when global
output shrunk by -1.3% (ref. 28). Importantly, recent research sug-
gests that damage attributed to annual temperature covers heat wave
impacts atleast partially'®. Indeed, when disentangling the two, we find
that almost half of annual temperature damage can be attributed to
heat extremes (Supplementary Appendix F).

By contrast, increases in annual precipitationin many areas have
asmall positive impact on global GDP (0.2% at +3 “C warming) and the
combined impact of the variability and extremes indicators remains
centred around zero. While this suggests alack of signal, disaggregat-
ing projections by individualindicators reveals otherwise (Fig. 2b). At
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Fig.3| Country-level GDP impacts and uncertainty at +3 °C of global
warming. a, Mean GDP impact at +3 °C of global warming for sovereign countries
(other territories in dark grey) considering all six indicators in ¢, using shapefiles
fromref. 42.b, Same as abut only considering the bottom four ‘variability and
extremes’ indicatorsin c.c, Mean GDP impact (x axis) and share of the impact
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distribution agreeing with the sign of the mean (y axis) for sovereign countries
by World Bank income group (colour) and the global economy (grey diamond)
at+3 °C. Middle income comprises lower- and upper-middle-income countries
for conciseness. Dashed horizontal lines denote thresholds for 66% and 90%
likelihood following IPCC terminology®.

+3 °C, extreme precipitation reduces global GDP by 0.2% (0.1-0.4%),
with 99% of our impact distribution indicating economic losses as
extreme precipitation increases around the globe (Supplementary
Fig. 5). Notably, these impacts are much lower than annual tempera-
ture damage. This is somewhat expected because extremes have a
lower temporal and spatial correlation. Therefore, aggregation from
daily, location-specific events to annual indicators and country-level
projections reduces signals more strongly compared to annual mean
temperature™, However, a 0.2% GDP loss due to extreme precipita-
tionglobally for anaverage year still represents a tenth of the damage
caused by the catastrophic 2022 floods in Pakistan, estimated at 2.2%
of GDP¥. Global GDP losses from extreme precipitation are compen-
sated, on average, by temperature variability reductions in higher
latitudes (+0.1% of global GDP at +3 °C)***° and fewer wet days (+0.2%).
However, only 63% and 74% of the impact distribution imply global
economic gains for these indicators, respectively. Monthly precipita-
tion deviations, on average, add to global GDP losses (0.2% at +3 °C),
but uncertainty ranges remain centred around zero.

Toexplore uncertainty drivers, we decompose the variance in GDP
impacts from each climate indicator into statistical dose-response
functionuncertainty, climate model uncertainty and internal variabil-
ity (Fig. 2c). For annual temperature damage, uncertainty is primarily
driven by the dose-response function, particularly at higher global
warming levels. By contrast, impact uncertainty for annual precipita-
tion and variability and extremes is dominated by internal variability.
Additional analyses focusing onthe two large ensemblesin our sample

suggest that this stems primarily from interannual variation within
model runs rather than differences across ensemble members (Sup-
plementary Figs.15and 16). Moreover, disagreement between CMIP6
models plays either acomparable or amore substantial role than dose-
response function uncertainty for these additional indicators (except
for monthly precipitation deviation) and is particularly pronounced
for day-to-day temperature variability and the number of wet days
(Fig. 2d). Notably, the share of climate model uncertainty decreasesin
global warming for annual temperature impacts but not for variability
and extremes because even for astronger global warming signal, GDP
impact projections do not converge between models.

Country-level results

Because global aggregates risk masking heterogeneities across
regions, we further investigate the combined country-level GDP
impacts from all six climate indicators at +3 °C of warming (Fig. 3a).
Allcountries face GDP losses, in line with recent evidence that climate
change might not benefit cooler countries economically*. Impacts are
more severe in the Global South and highest in Africa and the Middle
East, where higher initial temperatures make countries particularly
vulnerable to additional warming. Considering the combined GDP
impact of all four variability and extremes indicators reveals a clear
North-Southdivide (Fig.3b). While for higher latitudes, the decrease
intemperature variability and, for some countries, wet days (Supple-
mentary Fig.5) mitigates overall GDP damage, variability and extremes
exacerbate GDP losses in most parts of the Global South. However,
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these effects vary substantially across the full distribution of projected
impacts for each country.

Annual temperatureis the only indicator where negative impacts
arise for atleast 90% of ourimpact distribution for all countries (upper
dashed linein Fig. 3c), including substantial impacts in several colder
countries partially because the temperature dose-response function
deployed here implicitly features damages from higher inter-annual
temperature variability as well (Supplementary Appendix C). Annual
precipitationincreases benefit most countries on average, but for many
countries, less than two-thirds of the distribution supports the sign
of expected impacts (lower dashed line). For day-to-day temperature
variability, we find a clear divide between relatively certain gains for
afew high-income countries and less certain, smaller losses for many
lower-income countries as a result of variability increases in lower
latitudes®. While extreme precipitation increases in most regions,
projected damages are highest and least uncertain for middle- and

high-income countriesin higher latitudes such as Chinaand the United
States®. In contrast, low-income countries are more likely to face losses
from shiftsin precipitation deviation and wet days, but high uncertain-
ties limit the conclusions that can be drawn.

Overallimpact of including variability and
extremes

The results in the previous sections seemingly suggest that includ-
ing variability and extremes in GDP impact projections exacerbates
disparities between higher- and lower-income countries (Fig. 3) but
does not substantially alter the implications of climate change for
global GDP (Fig. 2), particularly since annual temperature damages cap-
ture heat wave impacts to some extent already. However, providing an
apples-to-apples comparison with the recent climate economicslitera-
turerequires calculating damage on the basis of the current ‘status quo’
approach, which (1) projects only damage from annual temperature
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changes and (2) estimates the relationship betweenincome growth and
annual temperature controlling only for annual precipitation"**?°,
When comparing the resulting global GDP impacts following this sta-
tus quo methodology to our approach, which (1) projects damage for
all six indicators and (2) controls for all our climate indicators when
estimating the temperature dose-response function (Fig. 4a), we find
thatincluding variability and extremesincreases global damage at +3 °C
of global warming by 1.8 percentage points (10.0% instead of 8.2%).
The mainreasonfor thisincrease is that controlling for variability
and extremes, instead of only for annual precipitation, increases the
estimated effect of mean temperature changes (Fig. 4b). The marginal
GDPimpactofa+1°Criseinannual temperature increases by more than
0.5 percentage pointsirrespective of theinitial temperature level when
allclimateindicators areincluded as control variables (red line). Most
of this effect is driven by including temperature variability (dotted line),
which leads to higher impacts, particularly for colder regions. There-
fore, the positive impacts of temperature variability in Fig. 3 obscure
that, in fact, including this parameter leads to higher global damage
sinceit disentangles potential benefits of reduced variability from the
negative effects of temperature increases. As aresult, including all
climateindicators exacerbates GDPimpacts across the globe (Fig. 4c).

Exposure to tail risks

Aside from average impacts and the uncertainty around them, prudent
risk management by policy-makers also requires information about
tail risks. Therefore, we examine the percentage of the present global
population living in countries that have a non-negligible chance (at
least 5%) of suffering from damage exceeding different thresholds at
different global warming levels (Fig. 5a), both for our main approach
(solid line) and the status quo approach (dotted line). Even at +1.5 °C,

tail risks are substantial, with 99% of the global population living in
countries with a non-negligible risk of suffering GDP damage of 5% or
higher if all climate indicators are included. Notably, including vari-
ability and extremes increases tail risks considerably (Fig. 5b). While
under the status quo, 54% of the global populationis projected to face
damage of atleast 15% with alikelihood of at least 5% at +3 °C of warming,
thisincreases to 68% of the population when variability and extremes
areincluded. The share of the global population facing catastrophic
impacts of 20% or higher with a 5% chance rises from 4% to 17%. How-
ever, disaggregating these results by individual climate indicators
(Supplementary Fig. 6) highlights that the increase in global exposure
to catastrophic climate change damage is primarily driven by higher
temperature damage if underlying regression models control for more
climateindicators thanjust annual precipitation and less by the direct
impacts of these indicators on global GDP.

Discussion

Taken together, our results illustrate that projecting top-down dam-
age of variability and extremes exacerbates global disparities further.
Aggregate GDP loss projections, however, remain primarily driven
by the impacts of mean temperature changes, which seem to cover
economic losses due to heat waves at least partially’®—an important
finding for climate-economy modelling that complementary assess-
ments of economic damage should corroborate to disentangle different
impact channels better. As a result, overall uncertainty in GDP losses
is dominated by the temperature dose-response function. However,
substantial climatic uncertainties still limit the understanding of direct
impacts by variability and extremes, particularly for low-income coun-
tries, which are expected to suffer the most but exhibit the largest
uncertainties.

For scholars studying the economic effects of climate change,
ourresults suggest a potential downward biasin temperature damage
estimates by not disentangling the impacts of changesin temperature
means and temperature variability. Future studies estimating tempera-
ture dose-response functions should test how including variability and
extremes indicators linked to economic growth alters their findings.
Notably, such biases could also be caused by other climate indicators
not explicitly considered here and their direction and magnitude are
likely to vary by location®. Furthermore, since the signal clarity is
highest for extreme precipitation, this indicator seems most suitable
to be included in climate-economy calculations, such as the social
cost of carbon.

While our results rest on strong empirical foundations and awide
range of state-of-the-art climate models, there are several reasons
why actual GDP impacts may exceed our projections. First, while the
temperature dose-response function seemstoinclude heatimpacts at
least partially, the dose-response functions used here do not explicitly
cover important climate extremes, most notably droughts®. Second,
tobe conservative, we abstract from the possibility that climatic shifts
do not only change GDP growth in a given year but alter a country’s
long-rungrowthtrajectory persistently. While such persistencein GDP
losses remains empirically debated"*'*?"**, it would increase damage
estimates substantially*?. Third, aggregation across time and space
is more likely to reduce signals in precipitation patterns because of
their lower spatial and temporal correlation compared to annual mean
temperature™™, For these reasons, our results should be seen as an
important first step, but they certainly do not exclude the possibility
oflarger GDP losses. Furthermore, econometric-based dose-response
functionssuchasthe ones used here have several limitations; for exam-
ple, the risk of conflating weather impacts with climatic shifts or the
extrapolation ofimpacts to warming levels that go far beyond historical
observations, with the implicit assumption thatadaptation remains at
historically observed levels***°. In addition, specification questions
can further exacerbate socioeconomic uncertainties” and uniform
dose-response functions for aggregate GDP can mask heterogeneities
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between countries, sectors and income segments®. Moreover, consid-
eringimpactsin percentage of GDP implicitly assigns lower weights to
poorer regions within countries that are disproportionately exposed
to climate change risks”. Lastly, the distributions presented here
might underestimate true climatic uncertainties for at least three
reasons: (1) measurementimperfections in the reanalysis data under-
lying the dose-response functions, particularly for precipitation and
lower-income regions®>*%; (2) using single runs for most CMIP6 models
may underestimate tail risk events (Supplementary Appendix E); and
(3) not all CMIP6 models, despite representing the current frontier of
global climatic projections, fully capture future changes intemperature
variability and precipitation®>,

Nevertheless, our study represents a key improvement in
top-down damage projections, highlights the risks of omitting cli-
mate indicators beyond annual temperature, either as impact chan-
nels or control variables, and identifies the most promising fields for
additional research. Building on our work, researchers could integrate
further climate indicators, such as droughts, into a comprehensive
assessment of climate change impacts. Aside from improvementsin cli-
mate modelling, particularly for developing countries, this would also
require more empirical studies to robustly identify the link between
economic growth and different climatic extremes, ideally combined
with animproved temporal or spatial resolution”. In addition, future
research should assess the impact of controlling for these extremes on
temperature dose-response functions and enhance the understanding
of potential adaptation mechanisms and the persistence of GDP losses,
ideally by consistently estimating and implementing persistence for
each climate indicator under consideration.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41558-024-01990-8.
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Methods

Climatic data

Daily temperature and precipitation projections are taken from 33
CMIP6 models under two low-emission scenarios (Shared Socioeco-
nomic Pathways SSP1-1.9 and SSP1-2.6) and one high-emission sce-
nario (SSP3-7.0) to calculate bias-corrected, annual climate indicators
for the 1850-2100 period. Owing to computational constraints, we
use only one realization for most model-scenario pairs. However,
to explore the role of intra-ensemble variation, we include 30 reali-
zations of MPI-ESM1-2-LR and all 100 realizations of the CESM2-LE
large ensemble under SSP3-7.0, which provides us with a total of 199
model-realization-scenario pairings (Supplementary Tables 1-3).
Time series switch between historical scenarios and the respective
Representative Concentration Pathway (RCP)-SSP pair in 2015 and
areregridded ontoacommon2.5° x 2.5°longitude-latitude grid using
conservative remapping®.

Consistent with our source of empirically calibrated dose-
response functions, which relies on ERAS data', we calculate annual
average temperature 7, annual total precipitation RA as well as four
climateindicators using the equationslisted below before downscaling
andregridding the annualindicators from2.5°t0 0.25° (the grid resolu-
tion of ERAS). Notably, the indicators used here have been motivated
and subjected to various robustness checks by previous studies''.

Day-to-day temperature variability:

0.5

Tm 25 (LS (= Tnd) M
xt = 12 Pl D x,d,a,t X,a,t

a d=1

where T, 4, is the temperature for grid cellxof day d of month ainyear
tand D, € {28, 30, 31} is the number of days in the respective month a.
T, . denotes the mean temperatureinmonth a of year t for the respec-
tivegrid cell.

Extreme precipitation:

365
RADx,t = Z Rx,d,t X I(Rx,d,t > Rx,99p9,base) (2)
d=1

where R, 4, is the precipitation of grid cell x on day d of year ¢, /() is an
indicator functionand R, gop9.sc d€notes the 99.9th percentile of daily
precipitationingrid cell x over a historical baseline period.

Number of wet days with precipitation exceedinglmmd™

365
RDy; = Y KRy 4, > Immd~1) 3)
d=1

Grid-cell-level annual climate indicators are then aggregated to
the subnational region level (ADM1) using the geospatial data from
the Database of Global Administrative Areas (GADM, v.3.6) and area
weighting.

Monthly precipitation deviation, which we calculate only at the
ADMl level and not at the grid-cell level, consistent with ref. 14:

2 p  _PR R:
RMi,t — 2 i,a,t i,a,base x _|,a,base
a=1 0Oj,a,base RAi,base

@)

whereR; .. denotes precipitation totalsinmonth a of year ¢ for agiven
ADMI-level region i. Variables denoted by a bar represent averages
across the baseline period, either for the full year or for a specific
month, while o; ... denotes the month-specific standard deviation
across the baseline period for region i. As for all other climate indi-
cators, region-level monthly precipitation R, ,, is derived from
grid-cell-level values based on area weighting.

For the baseline-dependent climate indicators RD and RM, our
source of dose-response functions' uses 1979-2019 as the historical

baseline period, during which global warming relative to pre-industrial
levels over1850-1900 averaged +0.84 °C according to Berkeley Earth
data (the best estimate for the observed warming and, in a previous
version, used in the IPCC AR6; ref. 8). However, the 1979-2019 time
period candiffer climatically across CMIP6 models, whichwarmatvery
different paces*‘. To maintain consistency and ensure that all climate
indicators are based on the same baseline in terms of global warming,
we, therefore, identify the corresponding 41-year window during which
global warming relative to pre-industrial levels over 1850-1900 aver-
ages +0.84 °C for each climate model-realization and scenario. Then,
we use the +0.84 °C window to calculate all values with a‘base’ subscript
in equations (2) and (4). Warming-level windows for each
model-realization-scenario pairing are calculated following the
approachbyref.10 and shownin Supplementary Tables 1-3. However,
percentile-based indicators, such as our extreme precipitation meas-
ure, can exhibitartificial jumps at the end of the baseline period, caus-
ing potential frequency increases and discontinuities outside this
period'***¢, To correct this, we use the bootstrap resampling proce-
dure developed by ref. 46, estimating the percentile applied to each
year inthebaseline period on the basis of the remaining 40 yearsin the
baseline period and then using the average across these percentiles
forallyears outside the baseline period. Mathematical expressions for
the bootstrap resampling procedure and the calculation of global
warming levels, as well as more information on the suitability of CMIP6
and ERAS5 datato assess variability and extremes, are provided in Sup-
plementary Appendix A.

Bias correction

We bias-correct annual climate indicators using the change factor
method*’, which adds model-projected changes compared to a ref-
erence period to the corresponding reference period average of an
observational dataset. For any climate indicator Cout of the sixindica-
tors considered here, bias-corrected values are obtained as follows:

Ciﬁ.le\fs + (Cx,t,m,r,s - —x,ref,m,r,s) (5)

where C, .. represents the raw climate indicator output of climate
model m’srealization runder scenariosinyear tfor grid cell x. (‘.‘Ef‘r’e‘fand
Curetmrs Fepresent the reference period average in ERAS and for the
climate model run, respectively. As a reference period, we use 1950-
1990, during which global warming averaged +0.38 °C according to
Berkeley Earth. Therefore, Cy rerm s is calculated for the 41-year global
warming-level window corresponding to +0.38 °C (for the specific
global warming-level windows, see Supplementary Tables 1-3). We
bias-correct each annual indicator separately and, for the monthly
precipitation deviation, apply the change factor method to the underly-
ing monthly precipitation amounts. As a reference period, we use
1950-1990 because of its low influence of anthropogenic forcing and,
to avoid impossible values, further impose zero lower bounds for all
non-negative climate indicators and an upper bound of 365 for the
number of wet days. Inaddition, the bias-corrected monthly precipita-
tiondeviationinsomeselected casesyields values that are one or two
orders of magnitude above the maximum in our raw CMIP6 data. To
address these outliers, we cap bias-corrected monthly precipitation
deviation onthe basis of the highest values observed for the raw CMIP6
dataforupto+3°C of global warming (-11.6; Supplementary Table 4),
which affects only observations beyond the 99.993th percentile of our
distribution.

Bias-correcting annual climate indicators ensures the highest con-
sistency for eachindicator with the ERA5 data used to estimate dose—
response functions by ref. 14 (Supplementary Figs.1-3). However, it can
lead toinconsistencies between the different climate indicators derived
from the same daily temperature or precipitation and, as outlined
above, to outlier valuesinafew cases. As arobustness check, we apply
the change factor method to the underlying daily temperature and
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precipitation values of an example model runinstead, whichincreases
the computational burden of bias correction considerably but leaves
our conclusions unchanged (Supplementary Fig. 4).

GDPimpacts

Dose-response functions for subnational economic growth are taken
fromref. 14, which jointly estimates the impact of all six indicators on
income per capita growth. The resulting dose-response functions
for each climate indicator are shown in Supplementary Fig. 7 and the
underlying regressionis reproduced in Supplementary Table 7, column
5. Importantly, this regression model has been subjected to compre-
hensive robustness checks, such as using alternative datasets and
variable definitions, controlling for region-specific time trends or
assessing seasonal heterogeneities'. Mathematically, the specification
of theregression can be summarized as

Gie =D hS(C) + i+ 6 +€, (6
C

while the fullmodelis written outin Supplementary equation (5). Here,
g, denotes the economic growth of ADMI-level regioniin year t, meas-
ured as the first difference of the log-transformed gross regional prod-
uct per capita*. a;, 6, and ¢, denote fixed effects and the error termand
hCisthe estimated dose-response function specific to climate indicator
Ci.where C € {T,RA, T,RD,RD, RM} For instance, for annual precipitation
RA, the relationship witheconomic growth is estimated as a quadratic
relationship such that

RRARA; ) = BRARA;  + BRARAT, %)

where g and 34 are the respective regression coefficients.

To calculate the impacts of climate change, we compare annual
economic impacts against the average impact during the historical
baseline period for the same model-realization-scenario pairing,
suchthat ourimpacts represent changes froma hypothetical scenario
in which climate remains constant, following previous studies>". As
abaseline period for GDP impacts, we again use the +0.84 °C global
warming-level window for a given realization rof climate model mand
RCP-SSP pair sfor consistency with the calculation of our climate indi-
cators. Therefore, annualimpacts, in percentage of GDP, of all climate
indicators combined due to shifts relative to the baseline period are
calculated as follows

iy = exp (Z he(Gyp) - 4—11 > hc(Q,k)) -1 (8)

C kek C

where Kis the 41-year model-realization-scenario-specific baseline
period corresponding to +0.84 °C of global warming. Note that we
exponentiate and subtract one to convert logarithmic changes to
percentage of GDP, but impacts of different indicators and years are
added and averagedinlogscale. Individual GDPimpacts of each climate
indicator are obtained by using only the respective individual dose-
response function in equation (8), instead of the sum across dose-
response functions Y -h“(C, ). Similarly, the combined GDP impacts of
variability and extremes are calculated by summing only the dose-
response functions for 7,RD,RD and RMin equation (8). More detailed
mathematical expressions for all steps inequation (8) are provided in
Supplementary Appendix C.

Importantly, the model specification by ref. 14 features annual
temperature in first-differences compared to previous years and not
inabsolute levels:

8t = +/31T(Ti,t —Tie1) +ﬁ;(Ti,t—1 —Tit2)
+ﬁ§(Ti,t =T DTix +ﬁ1(Ti,t—1 —Tie )T+

To translate these regression coefficients into impact projec-
tions, we calculate cumulative impacts following ref. 4, such that the
dose-response function for annual temperature used in equation (8)
reads as follows:

t
AT (Ti,t- ) = (ﬁlT(Ti,j =T +/g(Ti,j—1 =Tij-2)
j=ko (10)

3Ty = T j-0Ti s + BL(Tijor — T j-2) T 1)

where k, denotes the first year in the baseline period K. As we discuss
in Supplementary Appendix C, this procedure implicitly includes
impacts of inter-annual temperature variability that persist over time.

For extreme precipitation RD, the dose-response function esti-
mated by ref. 14 interacts extreme rainfall with the annual mean tem-
perature T because the marginal impact of extreme precipitation is
lower in warmer climates. Projecting this out under climate change,
however, would make the strong assumption that global warming
increases the resilience of countries to extreme precipitation world-
wide.Because thereisno evidence supporting such apositive feedback
of warming and because the heterogeneity of extreme rainfall effects
inref. 14 is equally well-explained by the latitude of a country (see R2
and Adjusted R2 in Supplementary Table 4 of ref. 14), which is
time-constant, we hold temperature in the interaction constant at the
average level during the baseline period such that

N N 0 s 1
HRP(RD; ) = BRPRD; +ﬂ§DRDi,tﬁ >, Tik (11
kek

When projecting damage of climate change, a core methodo-
logical choice is whether to assume that impacts affect GDP levels,
suchthattheeconomybouncesbackinthe following year or whether
to assume that a part of the damage persists and alters the long-run
growth trajectory. Assuming persistence has a substantial impact
on damage projections and the associated uncertainty?**”. Recent
empirical analyses differin methods and outcomes, with no consensus
yet"*1>?13* Tobe conservative, here we assume no persistenceinimple-
menting ;,, aside fromany persistence implicitin the methodology by
ref. 4, and provide further mathematical expressions and discussions
of damage persistence in Supplementary Appendix C. Furthermore,
by holding historical dose-response functions and baseline periods
for climate indicators constant, our approach rests on the common
implicitassumption that future adaptation outcomes mirror historical
ones>**, in line with the mixed evidence on macro-economic adapta-
tion so far*>**?', In addition, we follow ref. 27 in equating relative GDP
per capita impacts with relative GDP impacts (that is, assuming that
any decrease in GDP per capitais caused by a climate change-induced
reductionineconomic output and not by anincrease in population).

Spatial aggregation of GDP impacts

We aggregate the GDP impacts calculated via equation (8) from the
subnational detail (ADM1) to the country level (ADMO) using GDP
weighting. For GDP weights, we use 2010 GDP data downscaled to a
0.5°grid by ref. 49. To deal with 105 outlier grid cellswith raw GDP data
exceeding US$10%°, we apply a ceiling at $10'°, which is the next highest
grid-cell GDP value inthe dataset. Note that we hold thisintracountry
income distribution constant across all years and SSPs. This simplifi-
cation stems from the SSPs not directly informing spatial intracoun-
try GDP per capita distributions and also prevents our results from
being driven by changes in the weighting scheme over time rather
than climatic changes, which is standard practice in the literature?.
To calculate GDP impacts at the global level, we weigh each country
iwithits share in global GDP in year ¢ as per the respective SSP. Since
the SSP database does not provide GDP growth trajectories for a few
sovereign countries, namely Andorra, Liechtenstein, Kosovo, Nauru,
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North Korea, San Marino, South Sudan and Tuvalu, these economies
arenot represented in our damage projections for the global economy.

GDP impactdistribution

To capture dose-response function uncertainty, we draw 1,000 esti-
mates for the dose-response function parameters &, g8, T, . jointly
from the multivariate Gaussian distribution estimated by ref. 14 (main
specification, standard errors clustered at the country level). Applying
eachMonte Carlodraw to each of the 199 model-realization-scenario
pairings provides us with199,000 differentimpact projection pathways
for each territory. For each model-realization-scenario pairing, we
thenidentify the 20-year window corresponding to a global warming
level of +1°C, +1.5°C, +2 °C, +3 °Cand +4 °C, respectively, following the
approachby ref.10 (for the specific global warming-level windows, see
Supplementary Tables1-3. This provides us with aconditional distribu-
tion of GDP impacts for agiven territory and warming level. Aside from
reducingtheimportance of individual RCP-SSP scenarios, condition-
ing results on global warming levels also reduces the need to omit or
down-weight ‘hot models’in CMIP6, which project too much warming*.
Since not all models reach all warming levels and to prevent the two
large ensembles from dominating our results, we weight models
inversely such that each CMIP6 model has the same sampling probabil-
ity for each warming level following ref. 18. All summary statistics of
the distribution (means, percentiles, variances and so on) are calcu-
lated using these CMIP6 model weights.

Variance decomposition

To decompose the observed variance in our conditional global GDP
impactdistribution for a given warming level, we adapt the approach
by ref. 50 based on the partitioning method by ref. 51. First, we carry
out projections using point estimates for all dose-response function
parameters (abstracting from dose-response function uncertainty)
and calculate internal variability as the average across CMIP6 mod-
els of each model’s variance of global GDP impacts in a given global
warming-level window. For CMIP6 models with only a single run in
our analysis, this within-model variance stems from climatic differ-
ences between different scenario-years, whereas for the two large
ensembles, it alsoincludes differences between ensemble members.
Correspondingly, we calculate climate model uncertainty as the
variance between the mean global GDP impact of CMIP6 models for
a given global warming level. Lastly, we calculate dose-response
function uncertainty as the variance across dose-response function
Monte Carlo draws of the mean GDP impact for each Monte Carlo draw
(that is, an average across all CMIP6 models and scenario-years in
therespective global warming-level window). Mathematical expres-
sions for each variance component are provided in Supplementary
Appendix D. Notably, this approach rests on the commonly made
assumption that variance drivers are orthogonal, thus abstracting
from interaction terms>2. As a robustness check, we use an alterna-
tive approach by ref. 3 (Supplementary Appendix D), which does not
affect our conclusions.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

CMIP6 temperature and precipitation indicators are available on
the ETH Zurich CMIP6 repository**>. CESM2 large ensemble outputs
are available at https://www.earthsystemgrid.org/dataset/ucar.cgd.
cesm2le.output.html. Tx5d and PDSI values from ref. 18 (used in Sup-
plementary Appendix F) are available at https://github.com/ccalla-
han45/CallahanMankin_ExtremeHeatEconomics 2022 (ref. 54). The
historical climate data and the economic growth data to estimate the
dose-response functions from ref. 14 are available from ref. 55. ERAS

reanalysis data are available at https://www.ecmwf.int/en/forecasts/
datasets/reanalysis-datasets/era5. Source dataare provided with this
paper. All additional data are publicly available from ref. 56.

Code availability
Allscriptsused to conduct the analysis and create the figures are pub-
licly available from ref. 56.

References

43. Jones, P. First- and second-order conservative remapping
schemes for grids in spherical coordinates. Mon. Weather Rev.
127, 2204-2210 (1999).

44, Hausfather, Z., Marvel, K., Schmidt, G. A., Nielsen-Gammon, J. W. &
Zelinka, M. Climate simulations: recognize the ‘hot model’
problem. Nature 605, 26-29 (2022).

45. Zhang, X. et al. Indices for monitoring changes in extremes based
on daily temperature and precipitation data. WIREs Clim. Change
2, 851-870 (2011).

46. Zhang, X., Hegerl, G., Zwiers, F. W. & Kenyon, J. Avoiding
inhomogeneity in percentile-based indices of temperature
extremes. J. Clim. 18, 1641-1651 (2005).

47. Tabor, K. & Williams, J. W. Globally downscaled climate
projections for assessing the conservation impacts of climate
change. Ecol. Appl. 20, 554-565 (2010).

48. Wengz, L., Carr, R. D., Kogel, N., Kotz, M. & Kalkuhl, M. DOSE—
global data set of reported sub-national economic output. Sci.
Data 10, 425 (2023).

49. Murakami, D., Yoshida, T. & Yamagata, Y. Gridded GDP projections
compatible with the five SSPs (shared socioeconomic pathways).
Front. Built Environ. 7, 760306 (2021).

50. Schwarzwald, K. & Lenssen, N. The importance of internal climate
variability in climate impact projections. Proc. Natl Acad. Sci. USA
119, 2208095119 (2022).

51. Hawkins, E. & Sutton, R. The potential to narrow uncertainty
in regional climate predictions. Bull. Am. Meteorol. Soc. 90,
1095-1108 (2009).

52. Lehner, F. et al. Partitioning climate projection uncertainty with
multiple large ensembles and CMIP5/6. Earth Syst. Dynam. 11,
491-508 (2020).

53. Brunner, L., Hauser, M., Lorenz, R. & Beyerle, U. The ETH
Zurich CMIP6 next generation archive: technical documentation.
Zenodo https://zenodo.org/doi/10.5281/zenodo.3734127
(2020).

54. Callahan, C. W. & Mankin, J. S. Globally unequal effect of
extreme heat on economic growth. GitHub https://github.com/
ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022
(2022).

55. Kotz, M., Levermann, A., & Wenz, L. Data and code for the
publication ‘The effect of rainfall changes on economic
production’. Zenodo https://zenodo.org/doi/10.5281/
zenodo.5657456 (2021).

56. Waidelich, P., Batibeniz, F., Rising, J., Kikstra, J. S., & Seneviratne,
S. Scripts and data for ‘Climate damage projections beyond
annual temperature’. Zenodo https://zenodo.org/doi/10.5281/
zenodo.10465253 (2024).

Acknowledgements

We thank M. Hauser, J. Krug and I. de Vries, as well as participants
at the NAVIGATE-ENGAGE Summer School 2023 and the 16th
IAMC Annual Meeting 2023 for valuable comments. This work was
supported by the European Union’s Horizon 2020 research and
innovation programme, European Research Council under grant
agreement no. 948220, project no. GREENFIN (P.W.) and by the
Natural Environment Research Council under grant agreement no.
NE/S007415/1 (J.S.K.).

Nature Climate Change


http://www.nature.com/natureclimatechange
https://www.earthsystemgrid.org/dataset/ucar.cgd.cesm2le.output.html
https://www.earthsystemgrid.org/dataset/ucar.cgd.cesm2le.output.html
https://github.com/ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022
https://github.com/ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://zenodo.org/doi/10.5281/zenodo.3734127
https://github.com/ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022
https://github.com/ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022
https://zenodo.org/doi/10.5281/zenodo.5657456
https://zenodo.org/doi/10.5281/zenodo.5657456
https://zenodo.org/doi/10.5281/zenodo.10465253
https://zenodo.org/doi/10.5281/zenodo.10465253

Article

https://doi.org/10.1038/s41558-024-01990-8

Author contributions

All authors conceived the study. F.B. prepared the underlying climate
data and conducted the bias correction. PW. and J.R. performed

the data aggregation and developed the projection methodology.
P.W. carried out the impact projections, analysed and visualized

the results and wrote the manuscript. All authors reviewed the
manuscript.

Funding
Open access funding provided by Swiss Federal Institute of
Technology Zurich.

Competinginterests
The authors declare no competing interests.

Additional information
Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41558-024-01990-8.

Correspondence and requests for materials should be addressed to
Paul Waidelich.

Peer review information Nature Climate Change thanks Marshall Burke
and the other, anonymous, reviewer(s) for their contribution to the
peer review of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Nature Climate Change


http://www.nature.com/natureclimatechange
https://doi.org/10.1038/s41558-024-01990-8
http://www.nature.com/reprints

nature portfolio

Corresponding author(s):  Paul Waidelich

Last updated by author(s): Mar 17, 2024

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed
|:| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

D The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X| A description of all covariates tested

|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

O XOX XX 5

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
Z~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

X X X

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  RStudio Server (version 2022.07.2) based on R (version 4.2.2) and JupyterLab (version 3.6.2) based on Python (version 3.9.10) was used.

Data analysis RStudio Server (version 2022.07.2) based on R (version 4.2.2) and JupyterlLab (version 3.6.2) based on Python (version 3.9.10) was used.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

CMIP6 temperature and precipitation indicators are available on the ETH Zurich CMIP6 repository (https://doi.org/10.5281/ZENOD0.3734128; Brunner et al., 2020).
CESM2 large ensemble outputs are available at https://www.earthsystemgrid.org/dataset/ucar.cgd.cesm2le.output.html. Tx5d and PDSI values from Callahan &
Mankin (2022) (used in Appendix F) are available at https://github.com/ccallahan45/CallahanMankin_ExtremeHeatEconomics_2022. Scripts to estimate the dose-
response functions deployed here and the underlying climate and economic data from Kotz et al. (2022) are available at https://zenodo.org/record/5657457 (Kotz

o)
Q
=:
C
o
i}
©}
=
g
5
@
i}
©}
=
2
«
(%)
C
3
3
Q
=
~

Lcoc Y210y




et al., 2021). ERAS reanalysis data is available at https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5. Source data are provided with this paper.
All additional data are publicly available at https://doi.org/10.5281/zenodo.10825603 (Waidelich et al., 2024).

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A - No human research participants

Population characteristics N/A - No human research participants
Recruitment N/A - No human research participants
Ethics oversight N/A - No human research participants

Note that full information on the approval of the study protocol must also be provided in the manuscript.

o)
Q
=:
C
o
i}
©}
=
g
5
@
i}
©}
=
2
(@]
(%)
C
3
3
Q
=
~

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Projections of economic income impacts of six different climate indicators (annual mean temperature, annual total precipitation,
day-to-day temperature variability, extreme precipitation, monthly precipitation deviation, number of wet days) under different
global warming levels until 2100.

Research sample Based on daily temperature and precipitation information between 1850-2100 from 33 CMIP6 models, including two large
ensembles, and 3 RCP-SSP pairs (SSP1-1.9, SSP1-2.6, and SSP3-7.0), resulting in N=199 model-scenario combinations.

Sampling strategy All CMIP6 models for which the six climate indicators of interest could be computed for the same ensemble realization in the ETH
Zurich CMIP6 next-generation archive were used. To account for statistical uncertainty about the dose-response function
parameters, a Monte Carlo sample size of N=1,000 was chosen following the extant literature on top-down damage function
projections.

Data collection We calculate annual climate indicators at the grid cell level for each model-scenario pair, aggregate them to ADM1-level subnational
regions, and then feed them through indicator-specific dose-response functions, using a different draw from the multivariate
distribution of dose-response function parameters for each Monte Carlo run. The resulting annual economic damage projections are
then further aggregated to the country or global level and mapped to global warming levels based on the global mean surface
temperature time series for the underlying model-realization-scenario pairing. Economic damage projections are calculated for each
climate indicator separately and for combinations of indicators.

Timing and spatial scale  We retrieved daily temperature and precipitation data from each model and employed conservative remapping (Jones, 1999) to
regrid data onto a common 2.5°x2.5° longitude—latitude grid. This regridding enables comparison across different models.
Subsequently, we calculated annual temperature and precipitation indicators for the period 1850-2100. To ensure compatibility with
ERAS reanalysis, we further regridded the annual temperature and precipitation indicators from the original 2.5° resolution to a finer
0.25° grid resolution.

Data exclusions No observations were excluded from the data analysis. However, the study's global and country-level figures and results only feature
sovereign ADMO-level territories since historical data on economic income and future projections are often unavailable for non-
sovereign territories. The omitted non-sovereign ADMO-level territories are listed in the Supplementary Information.

Reproducibility N/A - No experiments performed
=
Randomization N/A - No experiments performed i
No
Blinding N/A - No experiments performed X

Did the study involve field work? [ yes No




Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies & |:| ChlIP-seq
|:| Eukaryotic cell lines & |:| Flow cytometry
|:| Palaeontology and archaeology & |:| MRI-based neuroimaging

|:| Animals and other organisms
|:| Clinical data

|:| Dual use research of concern

>
Q)
o
c
=
D
©
(@]
3
=
o
=
3
©
(@]
=
>
Q
wm
c
3
3
Q
<

XX NXXNXNX s

120C Y210\




	Climate damage projections beyond annual temperature

	Projecting GDP impacts for six climate indicators

	Global results

	Country-level results

	Overall impact of including variability and extremes

	Exposure to tail risks

	Discussion

	Online content

	Fig. 1 Illustrative example of GDP impact projections for one example indicator (extreme precipitation) and region (NY state) at +3 °C global warming.
	Fig. 2 Distribution and variance decomposition of global GDP impacts.
	Fig. 3 Country-level GDP impacts and uncertainty at +3 °C of global warming.
	Fig. 4 Comparison with status quo impact projections based on annual temperature only.
	Fig. 5 Exposure of global population to tail risks of GDP losses.




