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Abstract

This paper elucidates the heterogeneity of countries' and subnational regions' economic responses to plausibly
exogenous annual fluctuations in temperature and precipitation, using unbalanced panels over 1970-2018
(166 countries from Penn World Tables 10.01; 1,661 regions from MCC-PIK). We project climate change-driven
damages to per capita GDP by combining econometrically-estimated responses with an ensemble of NEX-GDDP
CMIP6 simulations from 30 global climate models (GCMs) extrapolated to 3,672 provinces responsible for 95%
of global economic production. We find substantial agreement among GCMs of average end-of-century per
capita GDP declines of up to 70% solely attributable to the central component of chronic physical climate risk
(i.e., climate change-driven shift in average temperature) - with the largest effects in provinces bordering the
equator and the tropics under a vigorous SSP5-8.5 scenario. First, our study provides a basis for producing
spatially disaggregated projections of climate-induced economic damages that consistently encompass the
majority of administrative regions. Second, we show that accounting for small-scale variations in localized
climatic exposure and intra-country economic heterogeneity yields aggregatedlosses that fundamentally alter
the conclusions of previous global GDP models.



1 Introduction

The global production systems, particularly food and energy, are expected to face crit-
ical pressure from increased demand and a changing climate over the next century
(Foley et al, 2005; Bodirsky et al, 2015). Prior regression analyses quantified the en-
vironmental determinants of economic production components (i.e., crop yields) using
high-frequency micro-data'; and have extensively focused on exposure to extreme heat
(Blanc and Schlenker, 2017; Massetti and Mendelsohn, 2020; Sue Wing et al, 2021),
change in soil moisture (Ortiz-Bobea et al, 2019), or a combination of the two (Haqiqi
et al, 2021).

Meanwhile, macro-scaled econometric analyses provided strong correlation evidence
between total economic output and temperature over temporal (Dell et al, 2012; Hsiang,
2010) and spatial (Nordhaus, 2006; Dell et al, 2009) vectors, but it is unknown whether
these results are connected, and if so, how? Relatively absent from macro-level assess-
ments (Dell et al, 2012), strong non-linear responses of output to temperature derived
from micro data? are mainly based on developed countries data and remain hardly ex-
tendable to places exposed to humid tropical climates like the emerging world is, besides
unveiling a major aggregation problem. If micro-level declines are captured within ag-
gregated macro-level data, the integration of production across extensive spatial (e.g.,
national) and temporal (e.g., annual) scales introduces variability in exposure to mo-
mentary temperature fluctuations. Unit components of the economy—such as crops
or labour—are subject to a wide distribution of localized thermal conditions. If acute
output reductions occur predominantly under extreme temperature conditions, the ag-

gregation process, which combines these moments with many cooler, highly productive

LA large body of cross-sectional studies suggested that farmland values and temperature have a hill-
shaped relationship with a peak value near the mean growing season exposure (Seo et al, 2009; Mendelsohn
and Massetti, 2017).

2Mainly due to data availability constraints, studies assessing the weather determinants of agriculture
productivity have focused on the U.S. using state or county-level data. See Schlenker and Roberts (2009);
Schlenker and Lobell (2010) and Burke and Emerick (2016). Similar conclusions can be drawn from the
climate-energy nexus literature (Deschénes and Greenstone, 2011; Aufthammer and Aroonruengsawat, 2011;
Auffhammer et al, 2017; Auffhammer, 2022). Temperature-energy demand responses have primarily been
estimated via state-level monthly averages of residential electricity load (Deschénes and Greenstone, 2011),
high-frequency data at the single-state or regional level (Franco and Sanstad, 2008; Miller et al, 2008; Allen et
al, 2016; Coffey et al, 2015) residential (Auffhammer and Aroonruengsawat, 2011) and city-level billing data
from electric utilities (Romitti and Sue Wing, 2022); and are mainly based on California and the American
South data.



intervals, would yield an overall output that exhibits only modest declines in response
to increases in the aggregate average temperature (Burke et al, 2015).

Historically, significant advancements have been achieved in integrating updated
methodologies for discounting (Drupp et al, 2018; Newell et al, 2022) and climate
dynamics (Millar et al, 2017) into the Integrated Assessment Models (IAMs) used
for Social Cost of Carbon (SCC) estimations (Rennert et al, 2022). Earlier TAMs
struggled to capture and monetize the full spectrum of sector-specific impacts and their
interlinkages. This limitation tended to favour improved approaches able to identify
plausibly causal damages on broad economic metrics, such as total economic output
(Burke and Tanutama, 2019; Kalkuhl and Wenz, 2020; Callahan and Mankin, 2022).
The emergence of pioneer econometric studies quantifying macroeconomic productivity
responses to climate spurred major revisions to SCC estimates (Ricke et al, 2018),
frequently yielding significantly higher values compared to studies focused on sector-
specific damages (Anthoff and Tol, 2013) or aggregated damages derived from meta-
analyses (Nordhaus, 2017).

Climate change is shifting the distribution of extreme heat events, making them
more frequent and intense over time (Orlowsky and Seneviratne, 2012). Shared socioe-
conomic pathways (SSP) forecasts unanimously predict rising global average surface
temperature circa-2050 (Meinshausen et al, 2020). Recent developments in both large-
scale spatial econometric regressions and the elaboration of global climate databases
have increased the level of spatial granularity, constrained the persistence, and widened
the scope of potential climatic drivers of macroeconomic productivity, but their impli-
cations for regional economic outputs remain unexplored. The absence of mid-century
projected changes in GDP accounting for small-scale variations in localized climatic
exposure and intra-country economic heterogeneity in the literature leaves our geo-
graphic understanding of macroeconomic systems’ adaptation potential incomplete. If
aggregated, the magnitude of resulting damages on economic production can spatially
vary greatly and fundamentally alter the conclusions of Burke et al (2015)’s global GDP
response model. Our intuition is that macro-level predictions of climate economic dam-
ages, because structured via country-by-year smoothed average variations in output,
may have significantly underestimated the true economic cost of climate shocks. In

response, Kotz et al (2024) laid a first stone by providing pioneer econometric evidence



showing how temperature-attributed historical gross regional output responses may
potentially imply larger and more spatially heterogeneous projected economic impacts.
Our paper aims to illuminating previously unanticipated interactions between techni-
cal aspects of the production system and the spatial determinants of output sensitivity
to climatic conditions, while offering more fine-grained decompositions of existing av-
eraged estimates of projected damages (Burke et al, 2015; Kotz et al, 2024) that have
masked localized disparities.

This leaves us with two main questions: (i) to what extent country-averaged tem-
perature deviations from the means sort out critical weather variability central to
causal inference in econometrics?; (i7) in projecting future climate change implica-
tions on gross regional economic production, can mid- and end-century global average
damages from rising average temperature reveal larger magnitudes?

This paper contributes to the literature by quantifying weather components’ re-
sponses of country- and administrative province-level annual per capita GDP for most
regions responsible for 95% of global economic production using an unbalanced panel
covering the 1970-2018 period from both Penn World Tables version 10.01 (PWT) and
the MCC-PIK Database of Subnational Economic Output (DOSE). Using a panel spec-
ification similar to what is commonly used in the literature quantifying climate change
impacts, we elucidate heterogenous output’ responses to temperature and precipita-
tion, which we attribute to both time-series and cross-sectional variations in plausibly
exogenous year-to-year weather fluctuations (i.e., the major propagation channels of
climate change, because unanticipated) and the identification of long climate normals
causing actors’ adaptation along the ’extensive margin’ (i.e., which manifests itself over
time in response to long stochastic warming processes following an upward trend). We
follow McIntosh and Schlenker (2006) and structure our fixed-effects model with a
non-linear polynomial temperature function enabling both within-country and cross-
country sources of variation to re-enter our equation, thus implicitly allowing economic
units in the dataset to adapt over time. We leverage spatial deviations by considering
the exposure of administrative provinces to climate fields, weighted by a time-invariant
measure of intra-country population density distributions derived from the 2015 Grid-
ded Population of the World dataset (CIESIN, 2004). Meteorological covariates are

compiled from historical 3-hourly global surface temperature and precipitation fields on



a 0.25 deg. grid from the Global Land Data Assimilation System (GLDAS) (Rodell et
al, 2004) collapsed and merged with our country- and province-specific economic pro-
duction data over matching years. We then compare our country-level GDP responses
(i.e., d la Burke et al (2015)) to our two main propagation channels of climate change
impacts (i.e., temperature and precipitation) with those inferred from province-level
data (i.e., a la Kotz et al (2024)). Combining our non-linear GDP responses derived
from the period 1970-2018 with an ensemble of NEX-GDDP CMIP6 simulations from
30 distinct global climate models (GCMs), we use the predictive structure of our equa-
tion to project climatically-driven changes in economic outputs under both moderate
(SSP2-4.5) and vigorous (SSP5-8.5) warming scenarios. We then distribute our collec-
tion of simulated impacts across both spatial and temporal vectors (namely adminis-
trative provinces and future epochs spanning 2030-2099), GCMs, multi-model median
subsets of "hotter’-’cooler’ /’likely’-'very likely’ GCMs, and SSPs. The burgeoning avail-
ability of SSP-specific 30 GCMs simulated under the Coupled Model Intercomparison
Project Phase 6 (CMIP6) exercise represents a golden opportunity to use the most
achieved time- and spatially-downscaled global warming simulations as part of our
macroeconomic projection modelling.

The rest of the paper is organized as follows. §2 presents the theoretical framework,
data and empirical modeling. In §3, estimated climate-output response functions are
presented along with projected damages distributed sub-nationally. In §4, our findings

are discussed before concluding remarks are provided.

2 Methods

2.1 A simple theoretical framework

Where do we stand theoretically? Our starting place is that climate change is by nature
a global public good problem that leaves no productive units or locations untreated
(Schlenker and Walker, 2016). The absence of a formal control group has fundamental
implications for the impact evaluation approach to climate change, whether historically-
measured or future-projected.

A pioneering theoretical formalization of the aggregation of cross-climatic damage



to productive units was offered in Burke et al (2015) which we explicitly recall here.
This serves as the foundation for our theoretical framework. It aims to model how
highly non-linear changes in productivity in short time scales and across many micro-
units do scale-up to explain the shape of macroeconomic responses over longer periods.
Let partition a typical macroeconomy into industries indexed by 7, assuming all indi-
vidual units of production within each industry respond homogeneously to temperature
shock®. Production in each industry occurs at various locations in space indexed by
¢ and countries, indexed by L£; which are large clusters of locations. The incremental
moments (hours) in time analysed in micro studies are indexed by ¢t and longer periods
of time composed of many sequential moments (years) are indexed by 7.

Following Deryugina and Hsiang (2014), capital K; and labour L; in each industry
show respective productivities AiK and AZL that are functions of instantaneous temper-
ature Ty, experienced at a location ¢ and time t. The total quantity of capital and
labour allocated to industry 7 is allowed to change with temperature. The price of a
unit of output is p amd « is a constant in this stylized production function. For a
sub-unit of the economy at a location ¢ at time ¢ using technologies available in ¢, the

total production function Y; ¢, is:

Yioi(Tos) = pil AR (To0) K g (Toa) ) (AF (T 1) Lio o (Tog)) (1)

The model assumes that capital and labour reallocation across locations in response
to temperature changes is slow. Changes in the total allocation of time individuals
allocate to labour is known to vary with temperature, which can be captured by changes
to labour productivity AiL since it has been empirically shown that labour is not mobile
across different industries in response to temperature (Graff Zivin and Neidell, 2014).
In a competitive equilibrium IEZ—;I = 12, capital-to-labour ratios are fixed and output
scaled linearly with the total quantity of capital and labour allocted to i (i.e., constant

returns to scale). Define U; o4 = p; K 36,7&[’%,2,? a scalar measure of resources applied to ¢

at location £ at time ¢. U; describe the number of modular units of production (firms)

3This is a constraining assumption. For instance, it has been shown that productive sectors’ energy
demand responses to temperature result from the intersection of: (7) the degree of individuals’ energy demand
sensitivity to weather (driven by people); (i¢) the intensity of future climate shifts (driven by climate); and
(#i1) the properties of buildings and indoor adaptation technologies (driven by building characteristics)
(Romitti and Sue Wing, 2022).



allocated to industry i. Eq. (1) can be simplified to:

Yioi(Toe) = (AF (To)“AF (Te)' ™) piK0 L o8 = fi(TeaUig ) (2)

Ji(Tey

Where f;(Ty4) is a function describing how overall productivity in industry ¢ re-
sponds to instantaneous temperatures. The economic framework presumes additive
separability across sectors and geographic regions, treating firms as atomistic entities
operating independently. However, significant climatic changes likely induce emergent
effects that extend beyond those experienced by individual firms responding to isolated
alterations in their immediate climate conditions. These emergent impacts arise due
to substantial inter-firm spillovers and the potential for novel price dynamics when
climatic events exhibit temporal or spatial correlation. For instance, disruptions in a
firm’s supply chain caused by climate-driven events could magnify the economic conse-
quences beyond the direct exposure of the firm itself. If such effects are significant and
traverse international boundaries, the empirical methodology employed here—which
analyzes country-specific impacts in isolation—may underestimate the broader eco-
nomic ramifications of large-scale climatic shifts. A measure of aggregate output such
as Gross Domestic Product (GDP) is formed by summing across all industries ¢ and
integrate production across all locations in a country and all moments in time within

the period of observation. Total output in country £ during year 7 becomes:

Yo, =N Vi, = // Ty U, g dldt 3
£ Zz: £ =2 ter eezf( )it ®)

Where the spatial and temporal distribution of units U; ¢, as well as the spatial
distribution of atmospheric temperatures, will determine what temperatures 7, ; in-
dividual units are exposed to. Within country £ and year 7, once can integrate the
number of points in time when individual productive units are exposed to a momentary
local temperature T; ¢ ; to construct a marginal distribution function summarizing tem-

perature exposure within industry 4. the shape of this marginal distribution function?

4Burke et al (2015) note that this marginal distribution is not a marginal probability distribution because
the total number of units at each temperature are not normalized by the total number of units. i.e. this
marginal distribution is more analogous to a histogram measuring frequencies rather than a histogram
measuring probabilities.



is describes by g¢;(-) which is mean zero and can be shifted by the location param-
eter T, defined as the average temperature in country £ during period 7. Hence,
gi(T —Tr..) takes the form of a histogram of the temperature that units U; are ex-
posed to within a large region and interval of time. Assuming g¢;(-)’ shape is constant
across countries or years®, unlike the climate x location parameter T[;,T, conferring
gi(+) two important properties. First, for a single industry, the total quantity or 'mass’
of productive units M; is the integral of ¢;(-) over all possible temperatures (including

those of the historical distribution):

Mi = / g (T — Tg’q—)dT = / / Uil’tdfdt (4)
—00 ter JLel

Second, the shape of g;() reflects the distribution of productive units across space

and time such that for z € (—o0,00):

[ a@-Tepar=[ [ Uit < (5)
ter JLeLl

—00

Where we can now formalize the total production at the aggregate level in terms

of average temperature Tz, expressed at the aggregate level, and g;(-):
Y(Ter) =Y ViTer) =S [ [ (@)Ut (6)
P ; JteT JLeL
=3 [ [ RT)g(T - Tepar (7)
; JteT JLeL

Where available information on the spatial and temporal distribution of U;,; is
no longer required. The reason is that if the shape of ¢;(-) is relatively homogeneous
across periods 7, then T, is a sufficient statistic for temperature exposure at the
aggregate level because changing annual average temperature T, shifts the distribu-
tion of temperature exposure for individual micro-level units. Esstentially, Burke et
al (2015) demonstrated that once can change variables by collapsing the joint spatial
and temporal distribution of temperatures and micro-level productive units into the
marginal distribution g;(-) and a location parameter TQT, which is a country’s annual

average temperature: our primary regressor of interest in the econometric framework

°In practice, the shape of g;(-) may actually vary based on changes in the within-country and within-year
distribution of temperatures that productive units are exposed to.



formalized below in §2.3.

In summary, if we let function f;(T) describe the productive contribution of an
individual productive unit in industry 4 (e.g., a firm) relative to instantaneous (e.g.,
daily) temperature T. For a given country, period and industry, they denote the
fraction of unit-hours spent below the critical temperature threshold as m;; and the
fraction above as m;o; such that the distribution of unit-hours across all temperatures
is gi(T —T) and centred at average temperature 7. Assuming g¢;(-) is mean zero. If
productivity loss within a single productive unit-hour has limited impact on other units
as suggested by the economic literature, then aggregate production function Y equals
the sum of output across industries, each integrated over all productive unit-hours in

the country and period analysed:

YT) =S¥ =Y [ ) (r-T)ar 0

As T rises a location warms on average, m;o increases gradually for all productive
units whose coordinate centroids fall inside the warming country. This growing number
of hours beyond the temperature threshold imposes gradual but increasing losses on
total output Y (T). In this view, Eq. (8) predicts that Y (T) is a smooth concave func-
tion with a derivative that is the average derivative of f;(T") weighted by the number of
unit-hours in each industry at each daily temperature. It also predicts that Y (T') peaks
at a temperature lower than the threshold value in f;(T), only if the slope of f;(T")
above the threshold is steeper than minus the slope below the threshold, as shown by
micro-scale evidence (Schlenker and Roberts, 2009). Predictions challenge the assump-
tion that macroeconomic responses should directly mirror highly non-linear micro-level
responses (Hsiang, 2010; Heal and Park, 2013). More critically, while aggregate pro-
ductivity losses are expected to align temporally with temperature fluctuations, such
changes may also exert significant influence on the long-term trajectory of an economy’s
output (Dell et al, 2012; Hsiang and Jina, 2014). For instance, transient productivity
shocks could disrupt the rate of investment in new productive assets, thereby inducing
persistent effects on future macroeconomic production.

How can we empirically test these theoretical derivations? Our direction is to next

use panel data on geo-economic production matched to historical measures of me-



teorological fields spanning the 1970-2018 period. We elaborate a version of Burke
et al (2015) country-level econometric model which we regionally-downscaled to sub-
national administrative areas, a la Kotz et al (2024). In an ideal experimental design,
the optimal setup would consist of two identical economic regions, one exposed to
an exogenous temperature increase and the other left unaffected—allowing for a di-
rect comparison of economic outcomes. Since such a counterfactual is unobservable
in reality, researchers approximate it by leveraging temporal variability within the
same region, contrasting years with anomalously high temperatures against those with
unusually low ones, driven by stochastic atmospheric fluctuations (Willmott and Mat-
suura, 2012). In this framework, cooler years serve as a 'control’ and warmer years as
the ’treatment’ (Burke et al, 2015). This within-region, over-time comparison avoids
the confounding influences inherent in conventional cross-country or -region analyses,
which infer temperature effects from economic differences across nations (Nordhaus,

2006).

2.2 Data

Our analysis brings together four sets of data:

Historical country-level GDP records. Countries’ annual real (inflation-adjusted)
per capita GDP series are taken from the Penn World Tables version 10.01° (Feenstra
et al, 2015), sub-setting 1970-2020 years for 166 economies, from which we compute
the first differences of the natural logarithmic transformation. As a robustness, we al-
ternatively process and collect World Development Indicators (WDI) data for identical
macroeconomic variables, sample of countries and time periods.

Historical gross regional GDP records. Administrative areas’ gross regional prod-
uct per capita data are taken from the MCC-PIK Database of Subnational Economic
Output (DOSE)” (Wenz et al, 2023). Its most recent version provides harmonized data
on reported economic outputs from 1,661 subnational regions across 83 countries with
varying temporal coverage from 1960 to 2019 from which we subset 1970-2018 years.
Sub-national units constitute the first administrative division below national. Recent

work has used interpolation and downscaling to yield estimates of sub-national eco-

6 Available at: https://www.rug.nl/ggdc/productivity /pwt/?lang=en
7 Available at: https://zenodo.org/records/ 7659600

10


https://www.rug.nl/ggdc/productivity/pwt/?lang=en
https://zenodo.org/records/7659600

nomic output at a global scale, but respective data sets based on official, reported values
only are lacking. Wenz et al (2023) instead assembled values from numerous statistical
agencies and yearbooks prior to apply harmonisation methods free of linear interpola-
tions for both aggregate and sectoral output. Resulting records have been shown to be
temporally- and spatially-consistent in regional boundaries, enabling coherent matches
with geo-spatial climatic fields. Following the general literature (Gennaioli and La
Porta, 2014; Kalkuhl and Wenz, 2020; Kotz et al, 2021, 2022) and most particularly
Kotz et al (2024), we focus on real subnational output per capita and convert values
from local currencies to US dollars to account for diverging national inflationary ten-
dencies and then account for US inflation using a US deflator. Conversions between
currencies are conducted using exchange rates from the FRED database of the Federal
Reserve Bank of St. Louis® and the national deflators from the World Bank?.

Historical weather exposures. Countries’ and administrative regions’ climate expo-
sures are calculated based on 3h 0.25 degree gridded surface temperature and precipi-
tation fields from NASA’s Global Land Data Assimilation System!'® (GLDAS— Rodell
et al, 2004). GLDAS is a new generation global high-resolution reanalysis data prod-
uct developed jointly by the National Aeronautics and Space Administration (NASA),
Goddard Space Flight Center (GSFC) and National Centers for Environmental Pre-
diction (NCEP) (Ji et al, 2015). GLDAS incorporates satellite and ground-based ob-
servations, producing consistent quality-controlled long global gridded time series of
optimal fields of land surface states and fluxes in near real time; while making available
other meteorological variables that are not commonly available in other reanalysis data
products either as consistent long time series, or at a high-spatial resolution''. GLDAS
0.25 degree fields are then collapsed into daily meteorological records over 1970-2018,
and matched to the spatial and temporal resolution of our GDP realizations using a
two-stage method.

First, we spatially aggregate the 0.25 degree grid-cell-level'? (x) weather expo-

8 Available at: https://fred.stlouisfed.org/series/ AEXUSEU(2022)

9 Available at: https://data.worldbank.org/indicator

10 Available at: https://ldas.gsfc.nasa.gov/gldas

HOther reanalysis data products available have either (i) a coarser spatial resolution (e.g. ECMWF-
ERA40 and JRA-55, both available from the mid-1950s but at 1.125 deg.) or (i¢) a shorter time series (e.g.
newly released ECMWF-ERA5 at 0.281 deg. from 1979-present day and NCEP-CFSv2 at 0.205 deg. from
2011-present day).

2Latitude (Y') and longitude (X) values are concatenated (Y_X) to generate a grid-cell string variable

11
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sure estimates to the administrative level (i) of GRP records (i.e., level 1 provinces)
and GDP records (i.e., level 0 countries) by day (d), using the population weighting
method!® presented below.

We use our network of NASA’s GLDAS 0.25 deg coordinates to compute time-
invariant weights (w) from highly-resolved population density estimates (D, ,,) taken
from downscaled time-invariant 2015 information from the Gridded Population of the
World raster dataset'* (updated version) (CIESIN, 2004); linking each country or
province (i) of the dataset with all NASA’s GLDAS centroids (z) that fall within
its boundaries. The population-density-weighted daily (d) average weather by country
country /region i, say for the temperature component (7} 4), is computed from grid-cell-
level daily climate values (T 4) matched with locationally-specific population density

information (Dy):

T = eri Da: Tm,d
S
rErL

Second, resulting daily (d) weather records matching each country/region-day are

9)

collapsed to the yearly frequency of our GDP observations t. We thus compute annual
measures of heat and moisture exposures —i.e., average temperature values (T';; in deg.
C) and cumulative precipitation (in mm/year); are matched to each country/region-
year output observation. Our raw estimation dataset contains 166 countries x year
(~9,000 obs.) and 1,661 administrative region x year (~82,000 obs.) spanning 1970-
2018.

Stmulations of climate change driven shifts in average temperature exposure. We
conduct a large-scale processing of high-resolution time- and spatially downscaled cli-
mate forecasts from NASA’s Earth Exchange Global Daily Downscaled Projections
(NEX-GDDP CMIP6). NEX-GDDP CMIP6 is an ensemble of 30 distinct global cli-
mate models (GCMs) simulated under the Coupled Model Intercomparison, Phase VI

(CMIP6— Eyring et al, 2016) exercise, whose outputs are biased-corrected and down-

uniquely identifying each 0.25 deg. resolved location of weather records; denoted x hereafter.

13We alternatively test the unweighted approach to straightforwardly aggregate NASA’s GLDAS grid-cell-
level information to the spatial resolution of our GDP records. Estimated responses, available upon request,
exhibit slightly weaker statistical power and are less reliable as they do not account for the heterogeneously
distributed populations within countries.

14 Available at: https://sedac.ciesin.columbia.edu/data/collection/gpw-v4
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scaled to a 0.25 deg. grid!'®. Temperature projections are truncated to the historical
geographic extents of the GDP realizations, and used to calculate variables, as in the
estimation dataset, for years in the historical (1985-2004) and future epochs (2021-
2040, 2031-2050, ..., 2099) under vigorous and moderate warming scenarios (SSP5-8.5
and SSP2-4.5, respectively). To account for uncertainty in the temporal realisation
of temperature forecasts, resulting time-series of GCM-specific simulated temperature
values are averaged over 20 year windows containing our mid-points of interest (e.g.,
2041-2060 averaged measures are thought more likely to accurately represent expected
2050 values than the GCM-simulated year 2050 alone) in each epoch before taking the
inter-epoch difference between current and future means, giving us the ‘Delta’ values
that we force into our global GDP model as part of our projection exercise; which we
have prior calibrated via historical responses econometrically estimated in §2.3.

Burke et al (2015) pointed out that estimates of the economic effects of climate
change are GCM-sensitive, and hence, multi-median impacts should be simulated from
a wide set of GCMs. Other sources of uncertainty propagation are attributable to
downscaling and bias-correction which can potentially alter local climate projections
in CMIP6 (Lafferty et al, 2023). A final concern is that a subset of CMIP6 GCMs may
be “too hot”, with representations of cloud feedbacks in some models associated with
higher-than-consensus global surface temperature response to doubled atmospheric
COy concentrations—equilibrium climate sensitivity (ECS) and global warming af-
ter 70 years of a 1% per annum increase in COa—transient climate response (TCR)
(Sherwood et al, 2020; Tokarska et al, 2020; Zelinka et al, 2020; Hausfather et al, 2022).
To mitigate the threat of bias potentially introduced by this phenomenon, we follow
Hausfather et al’s (2022) recommended procedure of excluding models with TCR and
ECS outside “likely” ranges (1.4-2.2°C, 66% likelihood, and 2.5-4°C, 90% likelihood,
respectively). That leaves us with 15 “likely” GCMs'® that form the basis of our impact
projections.

A regional summary statistics of the primary macroeconomic and climatic variables

is provided in Table A.1. Maps of 2000-2015 linear trends in temperature and precipi-

15The raw NetCDF4 files weigh approximately 14TB. Processing and computation stages are performed
using a High Performance Computing (HPC) cloud system.

6The exhaustive list of 15 “likely” models that we subset from the full ensemble of 30 GCMs is provided
in Table A.2.
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tation (i.e., expressed as the ratio of the total trend for the 16-year period [°C per 16
years] normalized by the historical standard deviation o of year-to-year fluctuations
for the period 1985-2015) in each of the 249,000 unique 0.25 x 0.25 grid-cells from
NASA’s Global Land Data Assimilation System (GLDAS) and covering all land sur-
faces globally are provided in Fig. 1. Looking forward, Figs A.6-to-A.12 show spatially
distributed SSP-specific average temperature 'Deltas’ between multi-GCM median 20-
year average future epoch (2021-2040 [2030 mid-point], 2031-2050 [2040 mid-point],...,
2099) simulations and the global 1985-2004 historical baseline in each 0.25 x 0.25
NEX-GDDP CMIPG6 cell. This leaves an ensemble of absolute Deltas (A) showing the
spatial distribution of future climatically-driven shifts in temperature simulated under
both SSP2-4.5 moderate (bottom panel) and SSP5-8.5 vigorous (top panel) warming

scenarios, and with respect to the global temperature baseline (T') recorded historically.
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Temperature

Precipitation

Figure 1: Maps of the 2000-2015 linear trend in average temperature (top-panel) and pre-
cipitation (bottom-panel) in each of the 249,000 unique 0.25 x 0.25 grid-cells from NASA’s
Global Land Data Assimilation System (GLDAS) and covering all land surfaces globally.

For each cell, trends are computed as the ratio of the trend effect estimated via linear model (Im) over the 16-year period (i.e.,
°C per 16 years) normalized by the historical standard deviation (o) of year-to-year average weather component fluctuations
over the period 1985-2015. For instance, a 7" trend of 1.0 means that temperatures at the end of the period were 1.00 higher
than at the beginning of the period.
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2.3 Econometric Modeling of Climate-GDP/GRP Responses

We first empirically model the responses of per capita GDP to weather (temperature,
precipitation) using a 49-year longitudinal sample of 166 countries covering the most
recent period. We use a panel fixed effects (FEs) OLS model, similar to specifications
commonly used in the climate economics literature (Schlenker and Roberts, 2009; Burke
et al, 2015; Kotz et al, 2024).

We use the indices i, and ¢ to represent countries and years. Historical data provides
annual observations of first-differenced natural logarithm of per capita GDP (AY —per-
period growth rates in income). We deconvolve the factors that might affect these
changes via a polynomial function of temperature; and a quadratic function cumulative

precipitations (P). We estimate the benchmark empirical model:

Ayiy = AlnYiy = pi + v+ f0,)] + fr(Tig) + M Py + M PP + ey (10)

Where i are country-specific constant terms (fixed effects) that capture unobserved
idiosyncratic spatially-varying time-invariant influences (e.g., history, culture or to-
pography). Given the long time span of our dataset, attributing year-to-year plausibly
exogenous variations in per capita income to weather typically allows the use of low
frequency controls such as year fixed effects v; because they account for abrupt global
events (such as shocks to energy markets or global recessions) without over-capturing
cyclical temperature fluctuations. In addition to year dummies, gradual changes to in-
dividual countries’ growth rates that may be driven by slowly changing factors within
a country (e.g, demographic shifts, trade liberalization, and evolving political institu-
tions) are gradually accounted for by flexible time trends (Dell et al, 2012), formalized
as f[t;0.)]: a zone-specific!” function of time trend in years of sample that capture
unobserved country- or regionally- time-varying dynamics influencing per capita income
and correlated with climate. To do so, we use the Database of Global Administrative
Areas (GADM)!'® and spatially intersected grid-cell coordinates with the different sub-
national administrative region identifiers in which they fall. Output is GID(0), GID(1)

17Starting at unity (z(i) = 1 for country), zones’ size may extend to economic, trade or geographic clusters
of countries likely to share that of a common trend.
18 Available at: https://gadm.org/data.html
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and GID(2) for countries, provinces, and counties/district, respectively. Finally, € is
a random disturbance term that captures variations in per capita GDP orthogonal to
time and spatially-varying local climate conditions.

Note that our approach that simultaneously controls for both time-invariant and
time-varying influences is more reliable than only controlling for fixed observed vari-
ables (e.g. performing regressions on explicit covariates, such as demographic or polit-
ical variables) because it is robust to mismeasurement of controls, and it allows these
controls to differentially influence each country’s GDP level. For instance, our equa-
tion does not need to explicitly model the effect of demographic trends since our model
accounts for the fact that non-linear demographic trends may be different in differ-
ent countries, with measurement errors that differ between countries, and the effect
of demographic trends on income may also differ across them. Furthermore, many
traditionally adopted “control” regressors are themselves likely confounded by climatic
events, with possible bias if included as is (Hsiang et al, 2013). This issue named ’bad
control’ is discussed in detail in Angrist and Pischke (2009).

Estimated parameters of interest are the per capita GDP growth impacts of the
potentially non-linear effects of heat (captured by the function fr(7;+)) together with
precipitation (\); because idiosyncratic changes in local annual temperatures have been
shown to correlate with variations in precipitation (Auffhammer et al, 2013). We start
by estimating fr(7;+) as a simple quadratic (fr(T;:) = 1Ti+ + ,Bngt); prior to explore
more flexible functional forms (see §2.4).

We then transpose our econometric framework into a spatially-downscaled structure
following the same variable parametrization as for Eq. (10). Let indices r, and t
represent elements of 1,661 sub-national administrative regions level I (i.e., GID(1))

and years. Our panel FEs specification becomes:

Ayrs = DY, = pr + v+ f10, )] + fr(Trs) + M Pry+ Mo P2y + € (11)

Where the remaining structure of this augmented model is identical to its baseline
versions in Eq. (10). Although the motivating micro evidence focus on the output

level effect of temperature, we explicitly model the effect of temperature on output
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growth (A) because measures of GDP within a country exhibit such high levels of
serial correlation (p = 0.999) that they are hardly indistinguishable from a random
walk (i.e., their time-series present a unit root); likely to cause spurious estimates and
test statistics fail (Granger and Newbold, 1974; Angrist and Pischke, 2009; Hsiang et
al, 2013). Using first difference-transformed income values, besides accounting for year
fixed effects as well as country-specific quadratic trends in growth, leave a much less
problematic serial correlation in outcome (p = 0.125). Because some serial correlation
persists in the outcome, even after first differencing, we parametrically adjust our
standard errors by clustering them at the country-level to account for spatial correlation
and non-independence following (Cameron et al, 2011); thus controlling for arbitrary
patterns of autocorrelation between residuals within each location. In this framework,
and as for countries in Eq. (10), each administrative area is finally allowed its own level
and non-linear trend in growth, and the impact of temperature on growth is identified
from within-region deviations from this trend. It has been shown that controlling
for trends and convergence in incomes (Barro, 2003) using location-specific trends
outperforms auto-regressive models (Hsiang and Jina, 2014).

Temporary versus lasting productivity shocks. Short-term temperature fluctuations
are expected to influence productivity as changes in the current growth rate, similar to
Eq. (10). However, in economies exhibiting persistent growth dynamics (unit-root-like
behavior), temperature variations could have enduring consequences on income trajec-
tories. This could occur for two main reasons: (i) a one-period deviation can modify
future output by altering the growth rate of the capital stock, an effect that could
be intensified if resources must be reallocated toward costly adaptation investments
(Pindyck, 2013); (i) temperature shifts might directly influence the pace of techno-
logical progress—the primary driver of growth in standard models—such as through
negative impacts of higher temperatures on cognitive performance essential for inno-
vation (Graff Zivin et al, 2018; Dell et al, 2014).

If such temperature shocks permanently influence growth, the long-term economic
consequences of climate change become considerably larger, since even small annual
growth changes can compound to substantial differences in total GDP. Thus, correctly
characterizing whether temperature affects income through levels or growth is critical

for designing optimal policies (Moore and Diaz, 2015). Following Dell et al (2012),
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we incorporate lagged temperature terms (lag & € [1 : 5]) into Eq. (10) to explicitly
examine these dynamics'”?. Qualitatively, our central climate projections remain robust
under these alternative specifications, largely because our estimates align with a growth
effect that has lasting impacts on income.

A common misconception is that the empirical specification in Eq. (10) assumes
that economies are unable to adapt. In a fixed-effects setup with a simple linear temper-
ature term, identification relies exclusively on within-country variation (i.e., deviations
from a country’s mean temperature), which are difficult for agents to anticipate. Yet,
when using a higher-order polynomial for temperature, McIntosh and Schlenker (2006)
demonstrate that both within- and between-country variation contribute to identi-
fication. This allows countries with higher mean temperatures to exhibit different
sensitivities to within-country deviations. By leveraging both types of variation, the
model implicitly accounts for historical adaptation to long-term climate, while short-
run temperature fluctuations still capture unanticipated shocks. Importantly, for our
projections, as a country’s average temperature increases, additional warming effects
are modeled in line with observed responses of other countries at similar temperatures.
For completeness, we summarize McIntosh and Schlenker (2006)’s formal demonstra-
tion in § A.2; see also McIntosh and Schlenker (2006) for a detailed discussion.

Global function fr(-). A critical assumption of this approach is that there exists a
global function f7(-) on which all units (countries and administrative regions) lie. We
test this assumption by examining subsamples of the data and find no evidence that
fr(+) is dramatically different across various subsamples. Another related approach to
understanding whether the non-linear response observed in Fig. 2 is globally gener-
alizable, or whether it is just a composite effect of a negative and linear response in
poor, hot countries and no response in rich, cooler countries, is to allow temperature
to enter linearly in the regression and then to interact it with both country average

temperature as well as country average income. fr(-) becomes:

Jr(Tig) = 1T+ Bo(Tiy - Ti) + B3(Tir - Y5) (12)

BFor simplicity, in the remainder of this subsection we treat countries i as time-invariant indices and omit
provinces 7. A simple model with five lags and no controls would be: Y;; = 511;; + ﬁngt + 83151 +

541“5t_1 + -+ Bop1Ti -5 + BQsz’%t—& and the marginal effect on growth at temperature T* is given by
the derivative of Y;; evaluated at T*.
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where T; and Y; denote the average temperature and (log) average GDP per capita
in country 4, respectively. In the absence of the third term (i.e., 83(T;+ -Y;)), a non-
linear and concave temperature response similar to Fig. 2 would be indicated by 81 > 0
and (B2 < 0. However, if this differential response was actually being driven by income
—and in particular by the fact that poor countries respond differently to temperature
and that hot countries tend to be poor - then the inclusion of 83(7; -?i) should mean
that B2 = 0; with 51 < 0 and 83 > 0 (i.e, negative effects of temperature at low income
levels that attenuate as incomes rise).

Differential responsiveness. To test for differential responsiveness across income
groups and across different sectors of the economy in our data; we interact the temper-
ature and precipitation variables in Eq. (10) with an indicator for whether a country’s
purchasing-power-parity-adjusted (PPP)?? per capita income was below the 1990 global
median. Say D; = 1 for a country with below-median PPP per capita income in 1990

(D; = 0 otherwise); then the function fr(7;;) in Eq. (10) becomes:

fr(Tie) = BiTis + Bo(T) + Bs(Tie - Di) + Ba(T7, - Dy) (13)

Where (1 and (32 describe the response function for rich countries, and 3 and (4
describing adjustments to these parameters that are only applicable to countries with
below-median PPP per capita income in 1990 (D; = 1). If the response of rich and
poor countries are different in structure, than the adjustments f3 and/or 54 will be

significantly different from zero and the null hypothesis is to be rejected.

2.4 Empirical uncertainty

We account for empirical uncertainty by varying the functional form (FF) of the (7)
temperature component and (i) and the specification fixed effects.

FF of the temperature component. Given the considerable uncertainty surrounding
the shape of the temperature-GDP response function, we test a number of ways of
specifying its potential impact on output.

(1) Both historical and future economic impacts are likely to be the largest at the

temperate extremes. We account for this convexity by estimating non-linear quadratic

20PPP incomes adjust for price differences across countries.
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temperature components fr(T;;) = ®17;; + CDngt, where T;; are daily temperature
averaged by country-year; allowing for marginal effects of a given amount of warming
to vary locationally. We also explore more flexible functional forms of temperature
effect. Note that if linear fixed effects models allow to estimate consistent marginal
parameters under unobserved heterogeneity, the identification is solely driven by de-
viations from the group mean (i.e., equivalent to a joint demeaning of the dependent
and all independent variables). When introducing a quadratic term, it modifies the
identification which then results from within-unit variation over time but also from
between-unit variation in means (McIntosh and Schlenker, 2006). As it is not clear
whether a standard quadratic fixed effects model uses a source of variation which is
not strictly ‘within’, estimating weather impacts on output requires testing distinct
functions of its components. Our alternative quantification approaches include: (7)
testing higher polynomial orders in a parametric FE-OLS framework as presented in
§2.3; (i7) regressing restricted cubic splines with varying semi-parametric knots (2-7)
capturing N-shaped relations; (ii7) estimating non-parametric smoothed splines esti-
mated via Generalized Additive Model (GAM) (Wood, 2004) with location and time
fixed effects whose system of equations below presents both country-level (top, extends
Eq. (10)) and administrative region-level (bottom, extends Eq. (11)):

E [0 0] = ¥7 [Tiaa 07] + i+ v+ f[6:0.5)]

’ (5)
E Y, 0| =¥ [T00: 07| + 41+ f[:0, )]

Where ¥ = ¥ [~; é} are the fitted temperature splines we combine with average
temperature, historically observed and future shifted over epoch-specific simulations of
climate change.

(2) We complement our empirical approach with a panel version of Eq. (10) linking
per capita income to a wider range of intervals capturing exposure to the full distribu-
tion of temperature. Instead of cumulative degree day (base 0°C) aggregated by year,
we define a vector of dummies as the number of days by country-year in which the
daily mean temperature falls within the j}h of the 12 bins of 3°C intervals (0-3,3-6°C,
ect): > ;. o7 [TZJtT] While it reduces the number of parametric assumptions structur-

ing the estimated relationship, the primary low functional form restriction implied by

21



this quantile bin model is that the impact of the daily mean temperature on yearly
GDP realizations is constant within 3°C intervals. The choice of 12 temperature bins
results from a preference to allow the data, rather than parametric assumptions, to
determine the shape of the temperature-per capita income relationship, while offering
precisely estimated responses that remain empirically valid.

(3) We also test a more parsimonious model that focuses entirely on the upper and
lower tails of the daily temperature distribution ( j%, j%Q). The remaining structure of
this augmented model is identical to its baseline versions in Egs. (10) and (11).

FF of the FEs. Other omitted variables influencing both trends in temperature and
economic output may play out. Starting from a simple FEs structure of country-specific
linear time trends (i.e., f[t;©,(,)] = ©;1t), we test how log[per capita GDP] responses
vary with: (1) increasing Chebychev polynomial orders from quadratic to octic (8*)
(0.4 = 5:2 ®,(;);'); (2) variation in the spatial clustering of the flexible trend
function (z(7)-from administrative areas level I to countries, and extending towards
multi-country economic or geographic clusters likely to share that of a common trend).
For instance Burke et al (2015)’s preferred specification — quadratic country-specific
time trends (©;1t + ®i72t2), is again of interest because it allows growth rates to evolve
non-linearly over time; and since the dependent variable is the derivative of income,
each country is allowed its own level and non-linear trend in growth, and the impact
of exogenous changes in temperature and precipitation on growth is identified from

within-country deviations from this trend (McIntosh and Schlenker, 2006).

2.5 A Simple Damage Projection Framework: the Delta
Method

Our fitted regional GDP model in Eq. (10) facilitates projection of long-run GRP
per capita changes associated with climate change-driven shifts in the temperature
factor. We provide below a simplified formalization of our projection framework: the
Delta-method.

Use = {T'} to denote the main weather covariate: temperature. Recall that
in Section §2.2, we have computed and concatenated GCM-simulated values of this

factor’s exposure for an ensemble of future 20-year averaged values corresponding to
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the climate epochs’ midpoints being analyzed (2021-2040, 2031-2050, ..., 2099); and,
following the same temporal parametrization as for an historical baseline period (1995-
2014); we have calculated the inter-epoch differences to construct local region-specific
shifters (Az) and added these offsets to the 1995-2014 historical mean of these same
sub-national predictors () to construct projected future climate values: £ = T + Ax.
The latter are combined with our fitted econometric model estimated in Section §2.2
to project GRP per capita changes induced by these region- and epoch-specific climate
shifters.

For communication purpose, we reduce the temperature functional form fr(7, ;)
to one simple semi-elasticity (ﬁ ) of a linear temperature variable — instead of the
actual polynomial characterising fr (7} +). A simple projection framework for region r

in future epoch t* can be formulated as:

gr,t* = ﬁi,r + Uy + f[t*; é\z(r)] + IBTTT,t* (14)

and for our historical benchmark period t°:
0 _ o 15 0.9 AT
Yrpo = Hiyr + Vo + f[t ﬂez(r)] + 8 Tr,to (15)

Facilitating computation of our primary impact metric: the projected fractional
change (%) in GRP per capita as the inter-epoch difference (g, ¢+ — y? (0) in outputs;
such that the sub-national region x weather factor x epoch combination of climate

shift-induced % change in regional GRP per capita can be computed as:

¥yir = BT (Trpe — T,y 0] (16)

Where Tvnt* = Tnto + AT, 4+. This leaves us with an ensemble of region-specific
simulations ¥, ;+ that we distribute across the following vectors: (i) 15 ’likely’ Global
Climate Models (GCMs); (i7) moderate (2-4.5) or vigorous (5-8.5) SSP warming sce-
narios; (ii7) future epochs (2030, 2040, ..., 2100). The burgeoning availability of SSP-
specific GCM simulations from the Coupled Model Intercomparison Project Phase 6
(CMIP6) presents a unique opportunity to incorporate the most advanced time- and

spatially-downscaled warming projections into our macroeconomic modelling.
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Within a given country, we assume regions to be heterogeneously exposed to climate
deltas, leading to equally heterogeneous economic impacts. §2.2 describes the spatial
coverage of administrative province-level gross regional product time-series data in the
raw DOSE product. It is to be noted that spatial gaps in sub-national output for
some African and Middle-Eastern countries remain, leaving an incomplete geographic
coverage globally?!. This is an obstacle that Kotz et al (2024) faced. To project climate-
driven economic damages in administrative regions lacking DOSE data, we apply a two-
step approach. First, by spatially intersecting the missing administrative regions with
their respective ensembles of GCM simulated localized Deltas derived from outputs
of the NEX-GDDP CMIP6 processing in Section §2.2. Second, by combining these
with our globally estimated non-linear semi-elasticities deemed theoretically suitable
to capture the sign and shape of the general temperature-output relationship from all
countries. We thus obtain a synthetic ’enhanced’ vectorized projection matrix linking
predicted per capita GDP impacts to each administrative provinces. This approach
has the advantage of offering consistent coverage across all 3,672 sub-national regions

globally, while providing empirically valid damage estimates.

3 Results

3.1 Empirical results

The panel model results showing the log|GDP per capita] responses to country-annual
average temperature exposure per year [deg.°C] are presented in Fig. 2.

Parametric FE-OLS findings in panel a Fig. 2 suggest that country-level economic
production is smooth, non-linear, and concave in temperature, with a maximum at
13 °C, well below the threshold values recovered in micro-level analyses (Schlenker

and Roberts, 2009) and consistent with predictions from equation (8). Cold-country

21 Among its limitations, the global DOSE dataset of reported sub-national economic output exhibits both
temporal and spatial inconsistencies, with coverage restricted to 83 countries. A key characteristic of DOSE
is its strict reliance on officially reported macroeconomic data from diverse national statistical offices and
yearbooks, as Wenz et al (2023) deliberately excluded interpolation methods to address data gaps. While
this approach ensures fidelity to observed values, it also results in discontinuous time series, particularly in
under-reported provinces. Moreover, challenges related to administrative boundary consistency persist due
to historical changes, which can lead to spatial mismatches when integrating with geospatial climate data.

This issue is discussed further in §2.2.
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productivity increases as annual temperature increases, until the optimum. Produc-
tivity declines gradually with further warming, and this decline accelerates as average
temperature rises. Note that our results almost perfectly match Burke et al (2015)’s
response function (shown in blue) despite differences in the source of macroeconomic
data, as well as the spatial and temporal resolution of climate fields prior aggregation.
This study calculates countries’ climatic exposures based on 3h 0.25 degree gridded
surface temperature and precipitation fields from NASA’s Global Land Data Assimi-
lation System (GLDAS— Rodell et al, 2004) collapsed into daily climatic records over
1970-2018, and matched to the period of our macro-output realizations (see § Methods).
Burke et al (2015) used reconstruction data from the University of Delaware containing
0.5 degree gridded monthly average metrological fields over 1960-2010. Both studies
account for heterogenous intra-country population allocation and spatially aggregate
grid-cell-level weather exposure by country via a weighted collapsing method incor-
porating time-invariant sub-national population density statistics from the Gridded
Population of the World dataset (2015 Version) (CIESIN, 2004).

This non-linear temperature-GDP pattern is globally representative but not driven
by outliers. Besides, it is robust to estimation procedures that allow heterogenous re-
sponse functions across income groups; as well as more flexible functional forms than
parametric FE-OLS. We have adopted Burke et al (2015)’s preferred specification of
the FEs — country-by-year constant terms plus quadratic country-specific time trends
in years of sample (y; + v + @; 1t + ©; ot?), is again of interest because it allows growth
rates to evolve non-linearly over time; and since the dependent variable is the derivative
of income, each country is allowed its own level and non-linear trend in growth, and the
impact of exogenous changes in temperature and precipitation on growth is identified
from within-country deviations from this trend (McIntosh and Schlenker, 2006). Panel
b Fig. 2 showing non-parametric unrestricted spline of average temperature estimated
globally from a Generalized Additive Model (GAM) (Wood, 2004) empirically vali-
dates the inverted-U shape of the response function. This method has the advantage
of reducing the number of parametric assumptions constraining the shape of complex
predictor’s responses via unrestricted smooth functions. Panel ¢ Fig. 2 complements
our robustness approach with a semi-parametric restricted cubic spline with up to

3-8 Knots estimated globally. Knots are locations along a predictor variable’s range
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where pieces of the smooth function join; and thus where the shape of the smooth
function can change. Splines fit the data in sections divided by these Knots, with
each section’s shape adjusted to minimize error. Finally, Panel d Fig. 2 extends the
quadratic transformation of average temperature in panel a with 3"d to 7" polynomial
orders; while holding the parametric setting constant. All macro-econometric models
(including the more flexible functional forms) yield similar non-linear global per capita
GDP-temperature response functions to our main estimates in panel a. Finally, panel
e Fig. 2 shows that global non-linearity is driven by differences in countries’ average
temperature, not GDP. Orange dots and lines show the point estimate and 95% CI for
the marginal effects of temperature on GDP per capita growth evaluated at different
temperature baselines estimated from a model that interacts each country’s year-to-
year temperature fluctuation with its own average calculated across the sample period
(i.e., 0y/ 0Ty = Ba+ By -T;). Orange dots and lines show equivalent estimates from a
model that includes an interaction between annual temperature and average GDP per
capita (i.e., 0y/6T;+ = Ba+ By-T; + fe -7;). Point estimates are similar across the
two models, suggesting that the non-linear response is not due to hot countries being
poorer on average. Panel f Fig. 2 shows a slightly varying cumulative marginal effect
of temperature on per capita GDP as additional lag-transformed temperature variables
(h(T;¢—p) with p = [1,3]) are included (note that standard errors are estimated from
1000 block-Bootstrap resampling iterations); suggesting that lagged effects and longer-
term persistence may play out in the overall macroeconomic damages. This motivates
us to differentiate between short- (contemporaneous regressors) and long-term (con-
temporaneous regressors plus lagged effects up to five lags) models to form the basis
of our projections. Another area of investigation relates to the spatial structure of the
estimation model. Regional heterogeneity in the temperature-GDP relationship gives
additional weight to local climatic variability (because less smoothed by country-level
averaging methods) which matter in our understanding of the heterogenous spatial
distribution of climate shocks (Mahlstein et al, 2013).

This is now what we turn to. The panel model results showing the log|GDP per
capita] responses to administrative province-annual average temperature exposure per
year [deg.°C] are presented in Fig. 3.

Parametric FE-OLS findings in panel a Fig. 3 suggest that sub-national adminis-
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trative province-level economic production is smooth, non-linear, and concave in tem-
perature, with a maximum at 13 °C, again below the threshold values recovered in
micro-level analyses Schlenker and Roberts (2009) and consistent with predictions
from equation (8). Cold-province productivity increases as annual temperature in-
creases, until the optimum. Productivity declines gradually with further warming, and
this decline accelerates as average temperature rises. It is important to highlight that
our estimated response-function almost perfectly matches Burke et al (2015)’s response
function (shown in blue) despite differences in both the source and spatial resolution of
macroeconomic data (Burke et al (2015): countries by year; this study: administrative
provinces by year) and the implied differences in the spatial and temporal resolution
of climate fields prior aggregation.

Here, we have adapted Burke et al (2015)’s preferred specification of the FEs to
the spatial structure of our econometric model — province-by-year constant terms plus
quadratic province-specific time trends in years of sample (u, + v + @y 1t + O, ot?),
serving the same purpose as in Eq. (10) (since the dependent variable is the derivative
of income, each province is allowed its own level and non-linear trend in growth). The
non-linear pattern of the responses found in a Fig. 3, while not driven by outliers, show
an additional turning point (N-shaped) once more flexible functional forms are tested.
In Panel b Fig. 3, the non-parametric unrestricted spline of average temperature
estimated globally from a Generalized Additive Model (GAM) (Wood, 2004) exhibits
a N-shaped response function. However, in Panel ¢ Fig. 3, a semi-parametric restricted
cubic spline show differential responses whether the number of knots is 3-4 (U-shaped),
or 5-8 (N-shaped). This finding is confirmed by Panel d Fig. 3, whether the polynomial
order of average temperature in the FE-OLS parametric equation is 2-3 (U-shaped)
or 4-6 (N-shaped). We conclude that all province-level climate econometric models
(including the more flexible functional forms) yield non-linear global per capita GDP-
temperature response functions.

We consistently confirmed this pattern regionally by estimating locally-stratified
response functions over typical climate zones (i.e., Asia [temperate continental]; Brazil
[tropical savanna]; India [tropical monsoon]; Sweden [temperate to subarctic]) pre-

sented in Fig. A.5. Finally, estimated responses are highly robust to variation in the
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specifications of the constant terms?? and left-hand side variables (i.e., first-differenced
log, natural log) as shown in Tables A.3-A.14 and Fig. A.2 (for parametric FE-
OLS models), Fig. A.3 (for non-parametric GAM models), and Fig. A.4 (for semi-

parametric restricted cubic splines).

22G8eparately for PWT, WDI and DOSE estimation datasets and across the full set of parametric FE-
OLS, non-parametric and semi-parametric frameworks, we test our results’ consistency against the following
specifications of the fixed-effects (FEs): province-by-year fixed effects and province-specific quadratic time
trends; province fixed effects and province-specific quadratic time trends; province-by-year fixed effects and
province-specific linear time trends; province-by-year fixed effects excluding province-level time trends.
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Figure 2: Global non-linear log|GDP per capita] responses to country-annual average tem-

perature exposure per year [deg.°C].

a Parametric FE-OLS results from this study (N=6,697) versus Burke et al (2015) (N=6,584) are shown in solid red and blue lines
(respectively) and normalised to the optimums. 95% confidence intervals shown in shaded red (this study) and blue (Burke et al, 2015)
are derived from standard errors clustered at the country-level to account for spatial correlation and dependence across units. Regarding
climate variables, this study calculates countries’ climatic exposures based on 3h 0.25 degree gridded surface temperature and precipi-
tation fields from NASA’s Global Land Data Assimilation System (GLDAS— Rodell et al, 2004) collapsed into daily climatic records
over 1970-2018, and matched to the period of our macro-output realizations (see §Methods). Burke et al (2015) used reconstruction
data from the University of Delaware containing 0.5 degree gridded monthly average metrological fields over 1960-2010. Both studies
account for heterogenous intra-country population allocation and spatially aggregate grid-cell-level weather exposure by country via a
weighted collapsing method incorporating time-invariant sub-national population density statistics from the Gridded Population of the
World dataset (2015 Version) (CIESIN, 2004).

b-c More flexible functional forms validate the non-linear shape of the global GDP-temperature relationship estimated from parametric
FE-OLS in a. b Non-parametric unrestricted spline of average temperature estimated globally from a Generalized Additive Model
(GAM). This has the advantage of reducing the number of parametric assumptions constraining the shape of complex predictor’s re-
sponses via unrestricted smooth functions. ¢ Semi-parametric restricted cubic splines with up to 3-8 Knots estimated globally. Knots are
locations along a predictor variable’s range where pieces of the smooth function join; and thus where the shape of the smooth function
can change. Splines fit the data in sections divided by these Knots, with each section’s shape adjusted to minimize error. d Parametric
FE-OLS splines with up to 2-7 polynomial order in the calibration of the average temperature functional form. All regressions in a-b-
c-d, whether parametric (a, d), non-parametric (b) or semi-parametric (c); include country-specific quadratic time trends in years of
sample, country-by-year fixed effects and precipitation controls. All macro-econometric models (including the more flexible functional
forms) yield similar non-linear global per capita GDP-temperature response functions to our main estimates. This suggests that the
inverted-U shaped response function in our main specification is not an artifact of the parsimonious 2nd order polynomial.

e Global non-linearity is driven by differences in countries’ average temperature, not GDP. Orange dots and lines show the point estimate
and 95% CI for the marginal effects of temperature on GDP per capita growth evaluated at different temperature baselines estimated
from a model that interacts each country’s year-to-year temperature fluctuation with its own average calculated across the sample period
(i.e., 0y/0T; + = Ba + By -T;). Orange dots and lines show equivalent estimates from a model that includes an interaction between
annual temperature and average GDP per capita (i.e., 6y/6T; + = ﬁa + Bb ST + BC ;). Point estimates are similar across the two
models, indicating that the non-linear response is not due to hot countries being poorer on average. f Cumulative marginal effect of
temperature on per capita GDP as additional lag-transformed temperature variables (h(T; ¢—p) with p = [1,3]) are included. Solid
points and lines indicate the sum of the contemporaneous and lag; marginal effects and its 95% CI at each temperature baseline. For
all marginal effect models, standard errors are estimated from 1000 block-Bootstrap resampling iterations.



Figure 3: Global non-linear log|GDP per capita] responses to administrative province-annual

average temperature exposure per year [deg.°C].

a Parametric FE-OLS results from this analysis on sub-national gross regional product per capita (N=36,583) versus Burke et al (2015)’ study
performed at the country-level (N=6,584) are shown in solid red and blue lines (respectively) and normalised to the optimums. 95% confidence
intervals shown in shaded red (this study) and blue (Burke et al, 2015) are derived from standard errors clustered at the levels of sub-national
regions (i.e., administrative provinces) and countries (respectively) to account for spatial correlation and dependence across units. Regarding
climate variables, this study calculates sub-national provinces’ climatic exposures based on 3h 0.25 degree gridded surface temperature and
precipitation fields from NASA’s Global Land Data Assimilation System (GLDAS— Rodell et al, 2004) collapsed into daily climatic records
over 1970-2018, and matched to the period of our gross regional output realizations (see §Methods). Burke et al (2015) used reconstruction data
from the University of Delaware containing 0.5 degree gridded monthly average metrological fields over 1960-2010. Both studies account for
heterogenous intra-country population allocation and spatially aggregate grid-cell-level weather exposure by province/country via a weighted
collapsing method incorporating time-invariant sub-national population density statistics from the Gridded Population of the World dataset
(2015 Version) (CIESIN, 2004).

b-c More flexible functional forms validate the non-linear shape of the global GDP-temperature relationship estimated from parametric FE-OLS
in a. b Non-parametric unrestricted spline of average temperature estimated globally from a Generalized Additive Model (GAM). This has the
advantage of reducing the number of parametric assumptions constraining the shape of complex predictor’s responses via unrestricted smooth
functions. ¢ Semi-parametric restricted cubic splines with up to 3-8 Knots estimated globally. Knots are locations along a predictor variable’s
range where pieces of the smooth function join; and thus where the shape of the smooth function can change. Splines fit the data in sections
divided by these Knots, with each section’s shape adjusted to minimize error. d Parametric FE-OLS splines with up to 2-7 polynomial order in
the calibration of the average temperature functional form. All regressions in a-b-c-d, whether parametric (a, d), non-parametric (b) or semi-
parametric (c); include province-specific quadratic time trends in years of sample, province-by-year fixed effects and precipitation controls. All
macro-econometric models (including the more flexible functional forms) yield similar non-linear global per capita GDP-temperature response
functions to our main estimates. This suggests that the inverted-U shaped response function in our main specification is not an artifact of the
parsimonious 2nd order polynomial.

e Global non-linearity is driven by differences in sub-national provinces’ average temperature, not GDP. Orange dots and lines show the point
estimate and 95% CI for the marginal effects of temperature on GDP per capita growth evaluated at different temperature baselines estimated
from a model that interacts each province’s year-to-year temperature fluctuation with its own average calculated across the sample period
(i-e., 8y/6Tr 4 = =Ba+pBy Thr ). Orange dots and lines show equivalent estimates from a model that includes an interaction between annual
temperature and average GDP per capita (i.e., 6y/6Ty ;¢ = Ba+By-Tr+Be -y,.). Point estimates are similar across the two models, indicating
that the non-linear response is not due to hot provinces being poorer on average. f Cumulative marginal effect of temperature on per capita
GDP as additional lag-transformed temperature variables (h(Ty ; +— p3 ith p = [1, 3]) are included. Solid points and lines indicate the sum of
the contemporaneous and lagged marginal effects and its 95% CI at eac temperature baseline. For all marginal effect models, standard errors
are estimated from 1000 block-Bootstrap resampling iterations.



3.2 Projected macroeconomic damages

This section presents and decomposes the projection results on economic production.

Using Eq. (14), future epoch temperature values are combined with with our esti-
mated parameters from Eqs. (10) and (11) to calibrate our projected economic impacts
of the shifts in temperature exposure in both high- and moderate-warming scenarios
(SSP5-8.5 and SSP2-4.5, respectively) distributed at both country and administra-
tive province levels. While they differ in terms of economic trajectories and climate
stringency forecasts, both set of climate models predict vigorous warming to cause sub-
stantially more extreme high temperature circa-2050. Explained in §2.2, a subset of 15
"likely" GCMs is selected for the main analysis to account for the ’hot model’ problem
(Hausfather et al, 2022). An exhaustive model classification of the full ensemble of 30
GCMs is provided in Table A.2.

Fig. 4 shows projected damages derived from SSP5-8.5 vigorous warming GCM
simulation scenario. Note that in Panels a-b, estimates are econometrically structured
from country-level climatic data matched with year-to-year per capita GDP realisa-
tions (d la Burke et al (2015)). Panel a Fig. 4 shows the spatial distribution of the
multi-model median impacts from our ensemble of 15 "likely" SSP5-8.5 realizations
globally. From changes in temperature alone, end-century median per capita GDP
declines are recorded for the most countries with striking heterogenous magnitudes
identified in the 5%-55% range, interspersed with isolated regions of negligible losses
(0-5%), whereas the largest damages are concentrated in areas overlapping the tropics
or near the equator (particularly central Africa, America and Asia). For most countries,
strong agreement on net negative climate-shift effect on per capita GDP increasing as
the absolute latitude of the country’s centroids declines. This geographic pattern em-
pirically confirms previous findings on the heterogenous distribution of climate change
effects on crop yields across agro-climatic zones (Sue Wing et al, 2021). Some countries
experience slightly net positive per capita GDP increases, which we link to the mini-
mal average temperature baseline at which they are exposed to (i.e., the left-side of the
inverted U-shape curve in panel a Fig. 2), and the comparatively lower temperature
'delta’ (A) predicted by CMIP6 in these northern areas. Note that this conclusions

holds even under the most vigorous (SSP5-8.5) warming scenario realization.
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Panel b Fig. 4 graphically summarizes model response x temporal effect combi-
nations of aggregate percentage per capita GDP impacts. With considerable magni-
tude, results reveal wide macroeconomic damages ranging at 17%, 25%, 50%, 70%
by end-century, depending on the choice of differentiated/short-run, pooled/short-run,
differentiated /long-run, pooled/long-run (respectively). Pooled versus differentiated
implies that each income group is then allowed its own temperature-GDP response
function. We empirically confirm that additionally accounting (long-run model) for
lagged temperature regressors up to 5 years leaves larger cumulative per capita GDP
changes. This indicates that long-persisting dynamic effects in the initial calibration of
the temperature-output response function, in agreement with Kotz et al (2024)’s most
recent conclusion. This is the section of this analysis that we now turn to.

The 2"-t0-3"¢ array of Fig. 4 looks more holistically at the spatial, temporal,
climate model distribution of per capita GDP projected damages. Panels c-g show
estimates econometrically structured from sub-national administrative region-level cli-
matic data matched with year-to-year gross regional per capita product realisations (a
la Kotz et al (2024)).

Panel ¢ Fig. 4 shows the spatial distribution of the multi-model median impacts
from our ensemble of 15 "likely" SSP5-8.5 realizations globally. From changes in temper-
ature alone, province-level end-century median per capita GDP declines show further
heterogeneity (compared to country-level in panel a) ranging from 5%-to-85%. We
empirical confirm the regional patterns identified in the first array of Fig. 4, although
per capita GDP losses are larger once we account for intra-country local climatic vari-
ability exposing some administrative provinces at higher risks than others in the future
(Mahlstein et al, 2013). Some general pattern of particularly high zonal impacts in-
clude southern Europe, south western United States (US), western Mali, north Nigeria
and tropical Asia.

Panel d Fig. 4 shows projected per capita GDP damages (%) globally averaged
across provinces leaving point-level estimates from each of the 30 CMIP6 GCMs at
epoch 2099. We find that SSP5-8.5 (red) vigorous GCMs exhibit structural differences
in temperature simulations, thus enabling us to empirically confirm Hausfather et al
(2022)’s observation of the 'hot model problem’ from their most recent analysis of

CMIP6 exercise outputs (see §2.2. SSP2-4.5 (orange) moderate GCMs exhibit similar
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but more concentrated patterns of model-specific heterogeneity in the prediction of
output damages.

Panel e Fig. 4 displays province-level mean trajectories of multi-model median
projected damages (%) from 15 ’likely’” GCMs distributed across epochs’ mid-points.
Most sub-national administrative are strongly concentrated around the global mean
(captured by the solid black line), prior to diverge with time (i.e., which correlates
with increases in both temperature anomalies - level, and their distribution - space),
as shown by the relatively wide inter-region x decade range of impacts in the latter
epochs. Panel f Fig. 4 looks more holistically at the global region-averaged multi-
model median projected changes in per capita GDP from 15 ’likely’ GCMs. Despite
heterogenous province-level trajectories of damages shown earlier (Panel a, which we
link to the persisting weight of local temperature shifts relative to country’s average),
continent-averages suggest net output losses increasing with time for all global re-
gions. Damages are particularly striking for Africa, South and North America, while
more moderated but still significant in Europe and Australia. Finally, panel g Fig.
4 compares projected impacts across FE-OLS model specifications (as in panel b:
pooled/differentiated; short/long run. See §Methods), where shading represents the
34% and 10% confidence intervals reflecting the ’likely’ and ’very likely’ ranges of the
GCMs (respectively) following Hausfather et al (2022)’s recommended procedure (see
§2.2. In panel b, we empirically showed that when projected impacts are econometri-
cally structured with lagged temperature regressors (up to 5 years), larger cumulative
damages are observed. Panel g extends this finding by showing that not only does
the model matters (i.e., response’ stratification and temporal persistence of the tem-
perature regressor’s effect); but also the spatial resolution of the global GDP models
(i.e., country xyear (panels a-b) d la Burke et al (2015) versus provincexyear (panels
c-g) a la Kotz et al (2024)) used to structure the projections. Our findings therefore
concur with those of Kotz et al (2024) suggesting that computing climate damages
from the local-provincial level, rather than aggregating by country, yields significantly
higher estimates of economic losses, thus leaving large place for patterns of spatial dif-
ferences. This stems from greater accuracy in capturing localized climate and economic
heterogeneity, as our approach better accounts for small-scale variations in exposure

to extreme climate impacts and gross regional economic vulnerability, particularly in
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densely populated regions with higher exposure of infrastructures and sectors to cli-
mate risks and lower adaptive capacity. Aggregated, country-level estimates of climate
damages may understate the true economic cost of future climate shocks.

In a SSP2-4.5 future, we will have smaller changes in temperature shifts. Figs. 6
and 5 show projected damages derived from an intermediate mid-point scenario be-
tween SSP5-8.5 vigorous & SSP2-4.5 moderate warmings as well as SSP2-4.5 moderate
warming GCM realizations (respectively). Compared to Fig. 4, consistent patterns of
projected per capita GDP damages are found but in a lower intensity extent and show-
ing early signs of decreasing marginal damages (rather concave shapes after 2060). In
Appendix, Figs. A.13-A.27 show more holistically SSP (SSP5-8.5, SSP5-8.5-2-4.5 mid-
point, SSP2-4.5) x epochs combinations of spatially- and GCM-distributed per capita
GDP projected impacts which exhibit declining intensity as we move from end-century

(2081-2099) towards an earlier future (2041-2060 mid-century epoch).
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Figure 4: Projected climate-shift impacts (%) on per capita GDP, future epochs relative to
constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warming scenario, 15
likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated impacts,
epoch 2099, econometrically structured from country-level climatic data matched with year-to-year per capita GDP realisations (d la
Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature
effects only. b Comparing projected damages across FE-OLS model specifications using the same econometric approach as in a:
pooled versus differentiated (each income group is then allowed its own temperature-GDP response function); short run versus long
run (the equation additionally accounts for lagged temperature regressors up to 5 years). See §Methods. ¢ Spatially distributed
province-level multi-model medians of 15 ’likely’ CMIP6 GCMs simulated estimates, epoch 2099, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product realisations (a la
Kotz et al (2024), idem for d-g). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run
temperature effects only (idem for d-f). d Cross-region globally averaged projected damages (%), point-level estimates from each of
the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at epoch 2099, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios. e Province-level mean trajectories of projected damages (%),
multi-model medians of 15 ’likely’ CMIP6 GCMs. Black lines denote the global average. Impacts, in red, are normalised to 0 at epoch
2010. f Regionally averaged projected damages, multi-model medians of 15 ’likely’ CMIP6 GCMs. g Comparing projected damages
across FE-OLS model specifications: pooled versus differentiated (each income group is allowed its own temperature-GDP response
function); short run versus long run (the equation additionally specifies for lagged temperature regressors up to 5 years); see § Methods.
Shading represents our exercise of intra-GCM subset stratification, where the 34% and 10% confidence intervals reflect the ’likely’ and
‘very likely’ ranges (respectively) across the 15 GCMs that formed of the basis of our projections following Hausfather et al (2022)’s
recommended procedure (see §2.2.)



Figure 5: Projected climate-shift impacts (%) on per capita GDP, future epochs relative to
constant historical 1985-2004 temperature means, intermediate mid-point scenario between
SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 ’likely’ CMIP6 global climate models
(GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated impacts,
epoch 2099, econometrically structured from country-level climatic data matched with year-to-year per capita GDP realisations (a
la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run tem-
perature effects only. b Comparing projected damages across FE-OLS model specifications using the same econometric approach as
in a: pooled versus differentiated (each income group is then allowed its own temperature-GDP response function); short run versus
long run (the equation additionally accounts for lagged temperature regressors up to 5 years). See § Methods. ¢ Spatially distributed
province-level multi-model medians of 15 ’likely’ CMIP6 GCMs simulated estimates, epoch 2099, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product realisations (a
la Kotz et al (2024), idem for d-g). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for
short-run temperature effects only (idem for d-f). d Cross-region globally averaged projected damages (%), point-level estimates
from each of the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at
epoch 2099, SSP5-8.5 vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios. e Province-level mean trajectories of
projected damages (%), multi-model medians of 15 ’likely’ CMIP6 GCMs. Black lines denote the global average. Impacts, in red,
are normalised to 0 at epoch 2010. f Regionally averaged projected damages, multi-model medians of 15 ’likely’ CMIP6 GCMs.
g Comparing projected damages across FE-OLS model specifications: pooled versus differentiated (each income group is allowed
its own temperature-GDP response function); short run versus long run (the equation additionally specifies for lagged temperature
regressors up to 5 years); see §Methods. Shading represents our exercise of intra-GCM subset stratification, where the 34% and
10% confidence intervals reflect the ’likely’ and ’very likely’ rang¢p (respectively) across the 15 GCMs that formed of the basis of
our projections following Hausfather et al (2022)’s recommended procedure (see §2.2.)



Figure 6: Projected climate-shift impacts (%) on per capita GDP, future epochs relative to
constant historical 1985-2004 temperature means, SSP2-4.5 moderate warming scenario, 15
likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated impacts,
epoch 2099, econometrically structured from country-level climatic data matched with year-to-year per capita GDP realisations (d la
Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature
effects only. b Comparing projected damages across FE-OLS model specifications using the same econometric approach as in a:
pooled versus differentiated (each income group is then allowed its own temperature-GDP response function); short run versus long
run (the equation additionally accounts for lagged temperature regressors up to 5 years). See §Methods. ¢ Spatially distributed
province-level multi-model medians of 15 ’likely’ CMIP6 GCMs simulated estimates, epoch 2099, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product realisations (a la
Kotz et al (2024), idem for d-g). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run
temperature effects only (idem for d-f). d Cross-region globally averaged projected damages (%), point-level estimates from each of
the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at epoch 2099, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios. e Province-level mean trajectories of projected damages (%),
multi-model medians of 15 ’likely’ CMIP6 GCMs. Black lines denote the global average. Impacts, in red, are normalised to 0 at epoch
2010. f Regionally averaged projected damages, multi-model medians of 15 ’likely’ CMIP6 GCMs. g Comparing projected damages
across FE-OLS model specifications: pooled versus differentiated (each income group is allowed its own temperature-GDP response
function); short run versus long run (the equation additionally specifies for lagged temperature regressors up to 5 years); see § Methods.
Shading represents our exercise of intra-GCM subset stratification, where the 34% and 10% confidence intervals reflect the ’likely’ and
‘very likely’ ranges (respectively) across the 15 GCMs that formed of the basis of our projections following Hausfather et al (2022)’s
recommended procedure (see §2.2.)



4 Discussion and conclusion

This paper elucidates the heterogeneity of countries’ and subnational provinces’ eco-
nomic product responses to plausibly exogenous year-to-year fluctuations in tempera-
ture and precipitation using an unbalanced panel covering the 1970-2018 period. We
draw on both the Penn World Tables version 10.01 (166 countries) and the MCC-
PIK Database of Subnational Economic Output (1,661 regions), and attribute output
responses to both weather fluctuations (the major propagation channels of climate
change) and adaptation (which manifests itself over time in response to climate shift).

Our econometric approach is top-down and our identification strategy thus isolates
most of time-series and cross-sectional variations in ambient climate measurements
by exploiting the higher spatial resolution of the global administrative province-level
economic dataset from Wenz et al (2023).

Both panel models approximate a global non-linear U-shaped temperature-per
capita output response function, allowing us to extend Burke et al (2015)’s results
- limited to countries - to sub-national administrative provinces, thus bridging with
Kotz et al (2024), despite differences in the source, length and temporal/spatial res-
olution of the raw climatic field data prior aggregation. Again, our study uses daily
0.25 degree gridded surface weather fields from NASA’s GLDAS whereas Burke et al
(2015) used reconstruction data from the University of Delaware containing 0.5 degree
gridded monthly average metrological fields over 1960-2010. Our results are robust to
alternative (i) econometric estimators (parametric, semi-parametric, non-parametric),
(ii) temperature functional forms (2"?-to0-8"" polynomial orders), (iii) specifications of
the flexible trend function (i.e., includes increasing its Chebychev polynomial orders
from quadratic to octic; and variation in its spatial clustering z(i)—from administrative
areas level I to countries, and extending towards multi-country economic or geographic
clusters likely to share that of a common trending effect).

We project climate change-driven damages in per capita GDP by combining our
non-linear responses estimated over the period 1970-2018 with an ensemble of NEX-
GDDP CMIP6 simulations from 30 distinct global climate models (GCMs).

Results draw two important conclusions. First, our study provides a basis for pro-

ducing spatially disaggregated projections of climate change-induced economic damages
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that consistently encompass the majority of administrative regions responsible for 95%
of global economic production. Second, we show that accounting for small-scale vari-
ations in localized climatic exposure and intra-country economic heterogeneity yields
aggregated losses that fundamentally alter the conclusions of previous global GDP
models. We do find substantial agreement among GCMs on average end-century per
capita declines of <75% from temperature shifts alone - with the largest effects in
regions bordering the equator and the tropics (i.e., West Africa, Central America,
South Asia), under a vigorous SSP5-8.5 warming scenario. However, while in generally
good agreement with Burke et al (2015)’s country-level projections, our province-level
calibrated per capita GDP changes show systematically larger mean values.

We suggest that country-level estimates of climate damages from Burke et al (2015)
may have underestimated the true economic cost of future climate shocks, in line with
Kotz et al (2024)’s conclusion. Moreover, the findings highlight substantial variabil-
ity in projected macroeconomic damages based on econometric calibration choices.
While pooled and stratified approaches yield comparable patterns, our empirical anal-
ysis shows that incorporating lagged temperature regressors—extending up to five
years—results in significantly larger cumulative changes in per capita GDP. This under-
scores the importance of capturing long-term dynamic effects in the initial calibration
of the temperature-output response function, while bridging with the recent findings
of Kotz et al (2024).

Our study provides a basis for making more regionally localised projections of cli-
mate change-induced economic damages but is not without caveats. Caveats are pri-
marily associated with the competitively higher spatial resolution of global data set of
reported sub-national economic output (DOSE) (Wenz et al, 2023) that was derived
by assembling values from numerous statistical agencies and yearbooks prior to apply
harmonisation methods free of linear interpolations. First, the ‘reported’ nature of the
DOSE project implies that its internal validity is inherently limited by the accuracy of
national and regional administrations in displaying their economic output. Despite the
increased spatial and temporal coverage of DOSE in comparison to most pre-existing
datasets, data gaps in both dimensions remain, and so the use of satellite-derived data
products could be a promising avenue for filling out these gaps. Spatially, sub-national

output data for a large number of African and Middle-Eastern countries, suggesting a
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sampling skewed towards relatively wealthier western regions (over-represented), and
leaving an incomplete geographic coverage globally. It is an obstacle faced by Kotz
et al (2024); which we addressed in the projection stage following a two-stage method
described in §2.2. Temporally, DOSE tends to be unbalanced with the majority of ob-
servations taking place over the last three decades of coverage (1990-2020) compared to
the earlier decades (1960-1990). A final limitation is that converting sub-national nom-
inal GRP values in local currencies to real GRP data in USD is not straight-forward,
partly due to the lack of auxiliary data at the sub-national level (i.e., GDP deflators
are generally unavailable at the global scale).

Moreover, historical fields from NASA’s Global Land Data Assimilation System
(GLDAS— Rodell et al, 2004) may suffer from limitations associated with the relatively
coarse spatial resolution (0.25 deg. grid) of this dataset which incompletely captures
localized hydrological processes. For instance, used land surface models (Noah-LSM,
VIC) rely on parametrization that oversimplify our representation of complex processes,
soil properties (e.g., satellite-based soil moisture or snow cover data) and vegetation
types, whereas its atmospheric forcing data (e.g., precipitation, temperature, radiation)
from reanalysis may propagate measurement errors throughout the system (Viviers et
al, 2024). Similar arguments limit the accuracy of NEX-GDDP CMIP6’s ensemble of
29 global climate models (GCMs) simulated under the Coupled Model Intercompari-
son, Phase VI (CMIP6— Eyring et al, 2016) exercise. Certain feedbacks, such as those
involving ice-sheet dynamics or vegetation-atmosphere interactions, are either poorly
represented or absent (Zelinka et al, 2020). This explains the 'hot model problem’ dis-
cussed earlier in §2.2 of the paper. Other remaining sources of uncertainty propagation
are attributable to downscaling and bias-correction which might potentially alter local
climate projections in CMIP6 (Lafferty et al, 2023). A more exhaustive discussion on
the limits of the methodologies used to construct the GLDAS, NEX-GDDP and DOSE

datasets and their recommended usage is provided in Appendix, §A.1.
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A.1 Supplementary data discussion

This section discusses the limits of the methodologies used to construct the GLDAS,
NEX-GDDP and DOSE datasets as well as their recommended usage.

A valid concern can arise from the statistical downscaling methodology employed
in NASA’s Earth Exchange Global Daily Downscaled Projections (NEX-GDDP
CMIP6— Eyring et al, 2016) which does not adequately account for the effects
of local land use changes (e.g., urban heat island effects or deforestation impacts),
topography or highly localized climate dynamics (Zhang et al, 2024). This is partic-
ularly pronounced in regions with complex terrain or limited observational data such
as high-altitude areas (Wu et al, 2023). Moreover, the literature has highlighted some
models’ tendency in underestimating precipitation in humid regions and overestimat-
ing temperature in arid zones, with for instance the multi-model ensemble (MME)
simulations showing biased accuracy of resulting indices of drought and evapotran-
spiration in China (particularly in the Qinghai-Tibet Plateau and central Xinjiang,
where observational data are sparse) (Liu et al, 2024). Climate extremes uncertainty
(e.g, droughts or heavy rainfall) are incompletely solved due to limitations in the
multi-model averaging process which over-homogenize (dampen) performance and
sort out some of the frequency and intensity of extreme event variability crucial to
impact assessments (like in the present study) (Dioha et al, 2024). Note that the
downscaling itself introduces additional challenges in correctly capturing drought
indices. While indices like SPI (Standardized Precipitation Index) perform better in
specific regions, others like SPEI (Standardized Precipitation Evapotranspiration In-
dex) may misrepresent conditions due to biases in the input climate variables (zhai et
al, 2020). Temporal heterogeneity biases stem from a likely mismatch in seasonal and
annual trends. While the models effectively reproduce long-term warming trends,
they struggle to accurately represent inter-annual variability and seasonal cycles.
This issue is particularly prominent in monsoon regions, where precipitation trends
are seasonal specific-humidity is high (Sylvestre et al, 2024). Research directions to
improve both spatial and temporal accuracy include dynamic downscaling methods
that incorporate physical mechanisms (i.e., topography and land-atmosphere inter-

actions) and advanced ensemble techniques (i.e., Bayesian model averaging).
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Data from NASA’s Global Land Data Assimilation System (GLDAS— Rodell et
al, 2004), which relies on observation-based meteorological forcing precipitation and
radiation data, suffer from similar limitations ranging from resolution constraints,
forcing data quality, temporal coverage, model simplifications, validation of uncer-
tainty and an inadequate representation of human activities (Mistry, 2019). GLDAS
uses multiple land surface models (e.g., Noah, CLM, and Mosaic) which employ
simplified representations of physical processes (e.g., assumptions in soil moisture
dynamics or vegetation parameters might not reflect actual conditions). Also, pro-
cesses like irrigation, urbanization, and land management are either oversimplified
or excluded in some models; which may lead to inaccuracies in regions were the feed-
back effect of anthropogenic activities is significant (Gu et al, 2019). While validation
of GLDAS outputs against independent regional/global datasets is ongoing, discrep-
ancies often arise due to differences in spatial resolution, data sources, or model
physics (Viviers et al, 2024). For instance, Ji et al (2015) compare the GLDAS daily
surface air temperature at 0.25 deg. gridded resolution with two reference datasets:
(a) Daymet data (2002 and 2010) for the conterminous U.S. at 1-km gridded reso-
lution and (b) global meteorological observations (2000) from the Global Historical
Climatology Network (GHCN). Other limitations such as larger uncertainty in the
surface air temperature estimates over high mountainous areas are well documented
in the literature, as well as missing data in the grid-cells close to water bodies (which
can be filled using the appropriate interpolating technique: bilinear, near neighbour
or inverse-distance mapping). Users of the GLDAS-derived data products in econo-
metric analyses (De Cian et al, 2019; Sue Wing et al, 2021) have recommended to
pay attention to these caveats.

The global data set of reported sub-national economic output (DOSE) (Wenz et
al, 2023) exhibits several caveats, including temporal and spatial inconsistencies (i.e.,
only 83 countries are represented) mentioned earlier in the paper. See Fig. A.1 for a
look at the spatial coverage of administrative province-level per capita GDP time-
series data (fraction of countries) in the raw DOSE product. Although the dataset
harmonizes data for aggregate and sectoral outputs, variations in sectoral reporting
standards across countries may introduce biases in sector-specific analyses. DOSE

aggregates information and presents both the advantage and the drawback of be-
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ing strictly grounded in reported macroeconomic values from heterogeneous national
statistical offices and yearbooks (i.e., Wenz et al (2023) voluntarily excluded interpo-
lation methods to fill out missing data); which limits the continuous nature of time
series in under-reported provinces. Finally, boundary consistency challenges remain
due to historical change leading to mismatches when we integrate with geospatial cli-
mate information in §2.2. A relevant assessments of the social cost of carbon (SCC)
implications of reduced-form steeper damage functions estimated from DOSE can

be found in Wenz et al (2024).
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A.2 Identifying non-linearities in a fixed effects model

McIntosh and Schlenker (2006) demonstrated that structuring a fixed-effects model
with a higher-order polynomial temperature function allows a mix of within-country
and cross-country sources of variation to play out. Contrary to the standard interpre-
tation wherein fixed effects models are identified solely by deviations from the group
mean, a quadratic explanatory variable causes group means to re-enter the identifi-
cation which has implications for our global GDP econometric model. A summary
of the formalization is presented below.

One can algebraically demonstrate that a quadratic term in the fixed effects estima-
tor captures non-linearity between units.Let x; ; in group 4 in period t to be covariate
drawn from a distribution with group mean p;. Assuming the true data-generating

process can be written as:

Yit = Praig + Borl; + Ba(wip — pi)” + i + € (17)

This specification incorporates three distinct channels through which y; ; can display
a non-linear association with x;;. The first mechanism involves the potential non-
linear dependence of the fixed effects (¢;) on the covariate, or alternatively, the
possibility that the conditional mean of the outcome across units exhibits convexity
or concavity in the distribution of . To evaluate this, one could perform a dummy-
variable fixed effect regression and subsequently examine the relationship between
the dummy coeflicients and the group-specific averages of x. Nevertheless, since the
primary objective of employing the within transformation is to eliminate ¢; from
the outcomes, we presume that such convexity lies outside the focus of researchers
utilizing fixed-effects models and therefore omit it from further analysis.

The two critical types of non-linearities pertinent to fixed-effects models are the
global non-linearity stemming from a quadratic relationship in x;; and the within-
unit non-linearity originating from a quadratic term in (z;; — ;). Specifically, if
B3 = 0 in Eq. 17, the model simplifies to a quadratic functional form with fixed
effects, a structure extensively examined in prior studies and referred to here as the
global model. Conversely, if 5o = 0, the specification includes only deviations from

the group mean, which we denote as the within model. Finally, the hybrid model
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extends this framework by allowing both £ and (3 to take non-zero values.

Consider the standard estimate of the global model:

Yir = Bt + Pox + ci + et (18)

The key insight into the difference between global and within non-linearity comes
from the fact that equation Eq. (18) first squares the covariate and then demeans

it. Recall that
T
. . . _ 1
p; = E[zi | i], which can be estimated by z; = — Z:cit.
TS

To fix notation, let Z;; = x;; — T; and 5022 = % Ethl x?t. The quantity which we arrive

at by squaring and then demeaning, which we denote by #2, can be written as

B2 = [y — T+ 3)% — 37 = B+ 2307 + (3] — 72
In other words, the canonical use of non-linear fixed effects given by Eq. (18) does
not measure non-linearity within units, as the terminology used to describe the
estimator might suggest, because #2 is in general not equal to #2,. Further, we see
that by squaring the covariate before demeaning it, we re-introduce a function of
the mean of the covariate into the identification.

What does the standard non-linear fixed effects estimator measure? A simple way

to see this is to use our DGP to write out the mean of the outcome for each fixed

effect unit. Taking averages over group ¢ one gets:

i = P1Zi + B} + Bs(wit — pi)* + ¢ + & (19)
First noting that
| T
(@it — i)® = (wie — ) = &y — 2wqep + i = T > [xft = 2@itpi + Mﬂ -
=1

T3y — 2@itpls + i — Ty + 2Tips — 1y = Tgy — 2Titfls.

We can subtract Eq. (19) from Eq. (17) to give an explicit representation of both
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the global and the within variation in the conditional mean as:

Elyit | zit] = 513 + G237 + B3 [i‘ _2] (20)
= {51 - 253,1%} Ty + [ B2 + ,5’3] (21)
= [B1+ 2801 810 + [ B2 + 6] 85, — [77 — ). (22)

Several notable aspects emerge regarding the practical application of non-linear func-
tional forms with fixed effects, as highlighted by these equations. Equation Eq. (20)
specifies the appropriate model to simultaneously account for both global and within-
unit non-linearities. When the two types of non-linearity are expressed in the ad-
ditively separable form outlined in Eq. (17), it becomes necessary to incorporate
two distinct squared terms: the squared demeaned variable, which captures global
non-linearities, and the demeaned squared variable, which accounts for within-group
non-linearities. This combined approach is referred to as the hybrid estimator.

Eq. (21) and Eq. (22) demonstrate the implications of using a model that is misspec-
ified by including only one type of non-linearity as a regressor while the other is also
present in the data-generating process (DGP). Eq. (21) reveals that estimating Eq.
(18) in the presence of within-group non-linearities can induce bias not only in the
estimation of the quadratic coefficient but also in the linear coefficient. To accurately
recover global non-linearity, it is essential to square the covariate and subsequently
demean it, provided that within-group non-linearity is absent from the data. In such
cases, f3 = 0, leading to the recovery of by = 1 and by = Ss.

Eq. (22) addresses the opposite scenario, illustrating that a model which accounts
only for within-group non-linearity will be misspecified unless 2 = 0, indicating the
absence of global non-linearity in the DGP. When s #% 0, the presence of global
non-linearity introduces potential bias into both the linear and quadratic terms. For
an extended review of this methodological issue, see the reference paper McIntosh

and Schlenker (2006).
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A.3 Tables and figures

Figure A.1: Spatial coverage of the global data set of reported sub-national economic output
(DOSE) (Wenz et al, 2023) across administrative provinces.

Notes: Colours green and red denote the sub-national administrative provinces (i) covered by the
raw DOSE dataset (1,661 regions) over 1970-2018 years versus (ii) those where time-series per
capita GDP data are insufficient for panel regressions (respectively). For (i), see §A.1 for a de-
tailed discussion on the reporting and aggregation methods used in Wenz et al (2023). For (i),
we overcome missing administrative data in DOSE by extrapolating our gridded CMIP6 climate
change simulations available globally for locations with no reported economic outputs and obtain a
synthetic ’enhanced’ vectorized matrix linking projected per capita GDP impacts to each adminis-
trative provinces, and offering a consistent coverage of all countries (166) and sub-national regions
(3,672) globally (see §2.5).
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Table A.1: Regional Descriptive Statistics

Variable Mean S.D.
World
Regional GDP per capita (local 2015 prices converted to US dollars) 13014 15670
Regional GDP per capita (US dollars, US 2015 prices) 13449 17223
Annual average Temperature (deg. C) 14.47 7.49
Annual cumulative degree days DD > 0 and DD < 29 (°C) 5173 2126
Annual cumulative degree days DD > 29 (°C) 18.66  74.95
Annual cumulative daily Precipitation (mm) 8000 5564
Annual average Precipitation (mm) 2191 15.24
Num. GID(0) 75
Num. GID(1) 1481
Americas
Regional GDP per capita (local 2015 prices converted to US dollars) 19519 18874
Regional GDP per capita (US dollars, US 2015 prices) 16721 18812
Annual average Temperature (deg. C) 16.38  6.97
Annual cumulative degree days DD > 0 and DD < 29 (°C) 5953 2186
Annual cumulative degree days DD > 29 (°C) 8.09 37.82
Annual cumulative daily Precipitation (mm) 8489 5646
Annual average Precipitation (mm) 23.25 15.46
Num. GID(0) 13
Num. GID(1) 270
Europe
Regional GDP per capita (local 2015 prices converted to US dollars) 17901 16821
Regional GDP per capita (US dollars, US 2015 prices) 19217 18712
Annual average Temperature (deg. C) 8.9 39
Annual cumulative degree days DD > 0 and DD < 29 (°C) 3594 985
Annual cumulative degree days DD > 29 (°C) 0.32 2.4
Annual cumulative daily Precipitation (mm) 5660 2329
Annual average Precipitation (mm) 15.5 6.38
Num. GID(0) 33
Num. GID(1) 545
Asia
Regional GDP per capita (local 2015 prices converted to US dollars) 6723 83808
Regional GDP per capita (US dollars, US 2015 prices) 7921 12657
Annual average Temperature (deg. C) 16.99 7.81
Annual cumulative degree days DD > 0 and DD < 29 (°C) 5702 2099
Annual cumulative degree days DD > 29 (°C) 40.96 110.94
Annual cumulative daily Precipitation (mm) 9981 6875
Annual average Precipitation (mm) 27.33  18.83
Num. GID(0) 19
Num. GID(1) 495
Africa
Regional GDP per capita (local 2015 prices converted to US dollars) 1269 3031
Regional GDP per capita (US dollars, US 2015 prices) 1209 3029
Annual average Temperature (deg. C) 21.62 3.4
Annual cumulative degree days DD > 0 and DD < 29 (°C) 7449 1162
Annual cumulative degree days DD > 29 (°C) 22.7 78.36
Annual cumulative daily Precipitation (mm) 7013 4151
Annual average Precipitation (mm) 19.2 11.36
Num. GID(0) 8
Num. GID(1) 151
Oceania
Regional GDP per capita (local 2015 prices converted to US dollars) 36329 11745
Regional GDP per capita (US dollars, US 2015 prices) 34526 16011
Annual average Temperature (deg. C) 14.34 4.17
Annual cumulative degree days DD > 0 and DD < 29 (°C) 5078 1225
Annual cumulative degree days DD > 29 (°C) 5.98 22.65
Annual cumulative daily Precipitation (mm) 8153 3680
Annual average Precipitation (mm) 22.33  10.08
Num. GID(0) 2
Num. GID(1) 20

Notes: S.D. indicates standard deviation. GID(0) and GID(1) denote country and sub-national administrative province iden-
tifiers (respectively) and are extracted from the Database of Global Administrative Areas (GADM). Country-level descriptive
statistics are available upon request to the authors. For further information on the methods used to convert regional economic
outputs into U.S. dollars and U.S. 2015 prices, see Egs. (1) and (2) in Wenz et al (2023) (respectively).
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Table A.2: Classification of GCMs to correct Hausfather et al (2022)’s hot model problem

GCM ID Model Classification
ACCESS-ESM1-5 1 likely
BCC-CSM2-MR 2 likely
CESM2 3 not-likely
CESM2-WACCM 4 not-likely
CMCC-CM2-SR5 5 likely
CMCC-ESM2 6 likely
CNRM-CMe6-1 7 not-likely
CNRM-ESM2-1 8 not-likely
CanESMb 9 not-likely
EC-Earth3 10 none
EC-Earth3-Veg-LR 11 not-likely
FGOALS-g3 12 likely
GFDL-CM4 13 likely
GFDL-ESM4 14 likely
HadGEM3-GC31-LL 15 not-likely
[ITM-ESM 15 not-likely
INM-CM4-8 16 likely
INM-CM5-0 17 none
IPSL-CM6A-LR 18 likely
KACE-1-0-G 19 none
KIOST-ESM 20 none
MIROC6 21 likely
MIROC-ES2L 22 likely
MPI-ESM1-2-HR 23 likely
MPI-ESM1-2-LR 24 likely
MRI-ESM2-0 25 likely
NorESM2-LM 26 likely
NorESM2-MM 27 none
TaiESM1 28 none
UKESM1-0-LL 29 not-likely

Note: This model classification is based on Hausfather et al’s (2022) recommended procedure of excluding models with TCR
and ECS outside “likely” ranges (1.4-2.2°C, 66% likelihood, and 2.5-4°C, 90% likelihood, respectively). That leaves us with 15
“likely” GCMs that form the basis of our modelling of projected economic impacts and which accounts for the ’hot models’
identified in the last generation of climate model simulations in CMIP6. For a more exhaustive review of this probem, see
Hausfather et al (2022).
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Figure A.2: Robustness test: Parametric FE-OLS global log|GDP per capita] responses
to administrative province-annual average temperature exposure per year [deg.°C| against

varying specifications of the Fixed-Effects (FEs).

Parametric FE-OLS splines are restricted with a 3rd polynomial order function of average temperature exposure.

Predicted responses are obtained by multiplying point-level estimated coefficients with the average temperature
distribution reflected in the z-axis. Assuming index p denotes administrative provinces of the estimation dataset;
red, green, orange, and black dashed lines indicate the following specifications of the constant terms (respectively):
province-by-year fixed effects and province-specific quadratic time trends (up + v¢ + ©p 1t + ®p,2t2); province
fixed effects and province-specific quadratic time trends (up + @p 1t + @,,)2752); province-by-year fixed effects and
province-specific linear time trends (up + v¢ + @ 1t); province-by-year fixed effects excluding province-level time
trends (up + v¢). For all GAM regressions, standard errors are clustered at the administrative province-level. Across
all FEs specifications, parametric FE-OLS cubic functions of average temperature show highly similar non-linear
shapes that empirically confirm our main parametric FE-OLS result displayed in panel a Fig. 3.
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Figure A.3: Robustness test: Non-parametric Generalized Additive Model (GAM) global
log[GDP per capita] responses to administrative province-annual average temperature expo-
sure per year [deg.°C| against varying specifications of the Fixed-Effects (FEs).

Assuming index p denotes administrative provinces of the estimation dataset; red, green, orange, and black dashed
lines indicate the following specifications of the constant terms (respectively): province-by-year fixed effects and
province-specific quadratic time trends (up + vt + @p 1t + ®p72t2); province fixed effects and province-specific
quadratic time trends (up + @p 1t + ®p’2t2); province-by-year fixed effects and province-specific linear time trends
(up + v¢ + Op 1t); province-by-year fixed effects excluding province-level time trends (up + v¢). For all GAM regres-
sions, standard errors are clustered at the administrative province-level. Across all FEs specifications, non-parametric
GAM responses yield highly similar non-linear shapes that empirically confirm our main non-parametric result
displayed in panel b Fig. 3.
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Figure A.4: Robustness test: Semi-parametric restricted cubic splines of global log[GDP per
capita] responses to administrative province-annual average temperature exposure per year
[deg.°C] against varying specifications of the Fixed-Effects (FEs).

Semi-parametric restricted cubic splines are calibrated with 6 Knots. Knots are locations along a predictor variable’s
range where pieces of the smooth function join; and thus where the shape of the smooth function can change. Splines
fit the data in sections divided by these Knots, with each section’s shape adjusted to minimize error. Assuming index
p denotes administrative provinces of the estimation dataset; red, green, orange, and black dashed lines indicate
the following specifications of the constant terms (respectively): province-by-year fixed effects and province-specific
quadratic time trends (up + vt + ©Op 1t + ®p’2t2); province fixed effects and province-specific quadratic time trends
(tp + Op 1t + ®p72t2); province-by-year fixed effects and province-specific linear time trends (up + vt + Op 11);
province-by-year fixed effects excluding province-level time trends (pp 4 v4). For all GAM regressions, standard errors
are clustered at the administrative province-level. Across all FEs specifications, semi-parametric restricted cubic
splines show highly similar non-linear shapes that empirically confirm our main semi-parametric result displayed in
panel c Fig. 3.
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Figure A.5: Regionally-stratified non-linear log[GDP per capita] responses to administrative

province-annual average temperature exposure per year [deg.°C] in typical climate zones.
Panels show semi-parametric restricted cubic splines with up to 3-8 Knots estimated regionally on typical climate
zones (i.e., a Asia [temperate continental]; b Brazil [tropical savanna]; ¢ India [tropical monsoon]; d Sweden
[temperate to subarctic]). Knots are locations along a range of predictor variables where pieces of the smooth
function join; and thus where the shape of the smooth function can change. Splines fit the data in sections divided by
these Knots, with each section’ shape adjusted to minimize error. All regionally stratified semi-parametric regressions
in a-b-c-d include (sub-national) province-specific quadratic time trends in years of sample, province-by-year fixed
effects and a quadric function of precipitation controls.
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Figure A.6: Spatially distributed SSP-specific temperature ’Deltas’ between multi-GCM
median 2099 simulations and the global 1985-2004 historical mid-point in each of the 249,000
unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2099 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.7: Spatially distributed SSP-specific average temperature ’Deltas’ between multi-
GCM median 20-year average 2081-2099 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2081-2099 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.8: Spatially distributed SSP-specific average temperature ’Deltas’ between multi-
GCM median 20-year average 2071-2090 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2071-2090 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.9: Spatially distributed SSP-specific average temperature ’Deltas’ between multi-
GCM median 20-year average 2061-2080 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2061-2080 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.10: Spatially distributed SSP-specific average temperature 'Deltas’ between multi-
GCM median 20-year average 2051-2070 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2051-2070 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.11: Spatially distributed SSP-specific average temperature 'Deltas’ between multi-
GCM median 20-year average 2041-2060 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2041-2060 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.12: Spatially distributed SSP-specific average temperature 'Deltas’ between multi-
GCM median 20-year average 2031-2050 simulations and the global 1985-2004 historical
mid-point in each of the 249,000 unique 0.25 x 0.25 grid-cells from NEX-GDDP CMIP6 and

covering all land surfaces globally

For each cell, deltas are computed as the inter-epoch difference between the average multi-model median
temperatures simulated by 30 distinct Global Climate Models (GCMs) from NASA’s Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP CMIP6— Eyring et al, 2016) at epoch 2031-2050 minus
the 20-year mid-point 1985-2004 historical temperature referential (i.e., 1995 mid-point) averaged globally.
This leaves an ensemble of absolute Deltas (A) showing the spatial distribution of future climatically-driven
shifts in temperature simulated under SSP2-4.5 moderate (bottom panel), intermediate SSP2-4.5-SSP5-
8.5 (centre panel) and SSP5-8.5 vigorous (top panel) warming scenarios, and with respect to the global
temperature baseline (T') recorded historically.
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Figure A.13: Projected climate-shift impacts (%) on per capita GDP, 2081-2099 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2081-2099 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2081-2099 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2081-2099 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.14: Projected climate-shift impacts (%) on per capita GDP, 2081-2099 epoch rel-
ative to constant historical 1985-2004 temperature means, intermediate mid-point scenario
between SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 ’likely” CMIP6 global climate
models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2081-2099 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2081-2099 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (d la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2081-2099 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.

7



Figure A.15: Projected climate-shift impacts (%) on per capita GDP, 2081-2099 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP2-4.5 moderate warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2081-2099 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2081-2099 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2081-2099 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.

78



Figure A.16: Projected climate-shift impacts (%) on per capita GDP, 2071-2090 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2071-2090 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2071-2090 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2081-2099 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.17: Projected climate-shift impacts (%) on per capita GDP, 2071-2090 epoch rel-
ative to constant historical 1985-2004 temperature means, intermediate mid-point scenario
between SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 ’likely” CMIP6 global climate
models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2071-2090 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2071-2090 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (d la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2081-2099 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.18: Projected climate-shift impacts (%) on per capita GDP, 2071-2090 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP2-4.5 moderate warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2071-2090 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2071-2090 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2071-2090 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.19: Projected climate-shift impacts (%) on per capita GDP, 2061-2080 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2061-2080 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2061-2080 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2061-2080 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.20: Projected climate-shift impacts (%) on per capita GDP, 2061-2080 epoch rel-
ative to constant historical 1985-2004 temperature means, intermediate mid-point scenario
between SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 ’likely” CMIP6 global climate
models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2061-2080 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2061-2080 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (d la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2061-2080 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.21: Projected climate-shift impacts (%) on per capita GDP, 2061-2080 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP2-4.5 moderate warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2061-2080 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely” CMIP6 GCMs simulated estimates, 2061-2080 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2061-2080 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.22: Projected climate-shift impacts (%) on per capita GDP, 2051-2070 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2051-2070 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2051-2070 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2051-2070 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.23: Projected climate-shift impacts (%) on per capita GDP, 2051-2070 epoch rel-
ative to constant historical 1985-2004 temperature means, intermediate mid-point scenario
between SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 ’likely” CMIP6 global climate
models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2051-2070 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2051-2070 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (d la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2051-2070 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.24: Projected climate-shift impacts (%) on per capita GDP, 2051-2070 epoch rel-
ative to constant historical 1985-2004 temperature means, SSP2-4.5 moderate warming sce-

nario, 15 ’likely” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2051-2070 epoch, econometrically structured from country-level climatic data matched with year-to-year per
capita GDP realisations (a la Burke et al (2015)). Chosen equation specification to calibrate the projections is pooled FE-
OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model medians of 15
’likely’ CMIP6 GCMs simulated estimates, 2051-2070 epoch, econometrically structured from sub-national administrative
region-level climatic data matched with year-to-year gross regional per capita product realisations (a la Kotz et al (2024)).
Chosen equation specification to calibrate the projections is pooled FE-OLS accounting for short-run temperature effects
only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from each of the full set of 30 CMIP6
GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at 2051-2070 epoch, SSP5-8.5
vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.25: Projected climate-shift impacts (%) on per capita GDP, 2041-2060 mid-century
epoch relative to constant historical 1985-2004 temperature means, SSP5-8.5 vigorous warm-

ing scenario, 15 ’likely’ CMIPG6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2041-2060 mid-century epoch, econometrically structured from country-level climatic data matched with year-
to-year per capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections
is pooled FE-OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model
medians of 15 ’likely’ CMIP6 GCMs simulated estimates, 2041-2060 mid-century epoch, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product reali-
sations (a la Kotz et al (2024)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting
for short-run temperature effects only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from
each of the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at
2041-2060 mid-century epoch, SSP5-8.5 vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.

88



Figure A.26: Projected climate-shift impacts (%) on per capita GDP, 2041-2060 mid-century
epoch relative to constant historical 1985-2004 temperature means, intermediate mid-point
scenario between SSP5-8.5 vigorous & SSP2-4.5 moderate warmings, 15 'likely’ CMIP6 global

climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2041-2060 mid-century epoch, econometrically structured from country-level climatic data matched with year-
to-year per capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections
is pooled FE-OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model
medians of 15 ’likely’ CMIP6 GCMs simulated estimates, 2041-2060 mid-century epoch, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product reali-
sations (a la Kotz et al (2024)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting
for short-run temperature effects only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from
each of the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at
2041-2060 mid-century epoch, SSP5-8.5 vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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Figure A.27: Projected climate-shift impacts (%) on per capita GDP, 2041-2060 mid-century
epoch relative to constant historical 1985-2004 temperature means, SSP2-4.5 moderate

warming scenario, 15 ’likely’” CMIP6 global climate models (GCMs).

a Spatially distributed country-level multi-model medians of 15 ’likely’ CMIP6 Global Climate Models (GCMs) simulated
impacts, 2041-2060 mid-century epoch, econometrically structured from country-level climatic data matched with year-
to-year per capita GDP realisations (d la Burke et al (2015)). Chosen equation specification to calibrate the projections
is pooled FE-OLS accounting for short-run temperature effects only. b Spatially distributed province-level multi-model
medians of 15 ’likely’ CMIP6 GCMs simulated estimates, 2041-2060 mid-century epoch, econometrically structured from
sub-national administrative region-level climatic data matched with year-to-year gross regional per capita product reali-
sations (a la Kotz et al (2024)). Chosen equation specification to calibrate the projections is pooled FE-OLS accounting
for short-run temperature effects only. ¢ Cross-region globally averaged projected damages (%), point-level estimates from
each of the full set of 30 CMIP6 GCMs (including those falling inside and outside the ’likely’ and ’very likely’ ranges) at
2041-2060 mid-century epoch, SSP5-8.5 vigorous (red) versus SSP2-4.5 moderate (orange) warming scenarios.
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A.4 Nomenclature

CMIPG ..... Coupled Model Intercomparison, Phase VI

DOSE ...... MCC-PIK Database of Subnational Economic Output
ECMWEF ... European Centre for Medium-Range Weather Forecasts
ECS ........ Equilibrium Climate Sensitivity

ERA5 ...... ECMWEF Reanalysis V.5

GAM ...... Generalized Additive Model

GCMs ...... Global Climate Models

GLDAS .... Global Land Data Assimilation System

GSFC ...... Goddard Space Flight Center

IAMs ....... Integrated Assessment Models

MPC ....... Microsoft Planetary Computer

NEX-GDDP NASA Earth Exchange Global Daily Downscaled Projections
NOAH-LSM  NOAH-Land Surface Model

PWT ...... Penn World Table

RCPs ...... Representative Concentration Pathways
SCC ....... Social Cost of Carbon

SSPs ....... Shared Socioeconomic Pathways

TCR ....... Transient Climate Response

VIC ........ Variable Infiltration Capacity
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