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Abstract

Growing evidence indicates that the risk of heat extremes will increase as climate
change progresses and create a significant threat to public health and the economy.
Socioeconomic exposure is the key component for assessing the risk of such events. To
quantify socioeconomic exposure to heat extremes for 2016-2035 and 20462065, we
use the projections of five global climate models forced by using three representative
concentration pathways (RCPs) and projections of population and gross domestic
product (GDP), and we take into account the geographic change in the distribution in
shared socioeconomic pathways (SSPs). The exposure of the global population for
2046-2065 is the greatest under the RCP8.5-SSP3 scenario, up to 1037(x164) x 10°
person-days, and the global GDP exposure for 20462065 is greatest under the RCP2.6-
SSP1 scenario, up to 18(#2) > 10*°® dollar-days. Asia has the highest exposure among
all continents for both population and GDP, accounting for over half of the global
exposure. Africa has the largest increase in exposure, with the annual population and
GDP exposures increasing by over 9- and 29-fold, respectively, compared with the base
period (1986-2005). The effect of climate makes the dominant contribution (47%-53%)
globally for the change in population exposure. Changes in the geographic distribution
of GDP cause nearly 50% of the total change in GDP exposure for 2016-2035.
Mitigating emissions of greenhouse gases, either at the level of the RCP2.6 scenario or
at a more ambitious target, is essential for reducing socioeconomic exposure to heat

1


mailto:liuyujie@igsnrr.ac.cn

40
41
42

43
44

45

46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

extremes. In addition, designing and implementing effective measures of adaptation are
urgently needed in Asia and Africa to aid socioeconomic systems suffering from heat
extremes due to climate change.

Keywords socioeconomic exposure; heat extremes; climate change; population
exposure; gross domestic product (GDP) exposure

1 Introduction

Climatic extremes cause extensive economic damage each year, and the risks are
expected to increase with continued socioeconomic development and climate change.
Risk is usually represented as the probability of occurrence of hazardous events or
trends multiplied by the impact if these events or trends occur. Risk is due to the
interaction of hazard, exposure, and vulnerability. Exposure usually refers to the people,
livelihoods, resources, infrastructure, and economic, social, or cultural assets in places
and settings that could be adversely affected (IPCC, 2014). The prediction of changes
in exposure to future climatic extremes could, therefore, contribute to the need to
consider effective countermeasures to reduce vulnerability and risk. Global
socioeconomic exposure (i.e., exposure of the population and gross domestic product,
GDP) under climate change has received less attention (Burke et al., 2015; Carleton
and Hsiang, 2016), despite recent progress in assessing the hazards of climatic extremes
(Hirabayashi et al., 2013; Cook et al., 2014; King et al., 2017; Huang et al., 2017; Nath
et al., 2017). Such estimates are urgently needed to clarify future spatiotemporal
variation and changes in global socioeconomic exposure and thereby avoid adverse
effects on public health and the economy. The importance of assessing exposure is
gradually being recognized, as indicated by the published reports of the
Intergovernmental Panel on Climate Change (Field et al., 2012; IPCC, 2013), the
proposal of a new set of shared socioeconomic pathways (SSPs, O’Neill et al., 2014),
and some recent studies of the risk of climate change that considers the effects of
socioeconomic factors (Ceola et al., 2015; Mora et al., 2017; Zhang et al., 2018). The
integration of climate change with the social economy to estimate future risk, the
assessment of the relative importance of different factors, and the quantification of
uncertainty would provide a basis for adapting to extreme climate change and reducing
the risk of heat extremes.

Because of climate change, the frequency and intensity of climatic extremes, such as
heat extremes, have increased in recent decades and are likely to continue to increase
in the coming decades (IPCC, 2013). Heat extremes have been responsible for
significant public health threats and economic losses over the last 100 years. Data for
historical damage from the International Disaster Database
(https://www.emdat.be/emdat_db/) indicate that heat extremes affected 1.03 > 108
people, which includes the deaths of 183495 people, and caused worldwide economic
losses of 6.33 x<10'° USD from 1936 to 2019. Serious heat extremes have also occurred
more frequently in recent decades, such as those in Europe in 2003, 2018 and 2019
(Robine et al., 2008), Australia in 2008 (Vaneckova et al., 2008), Russia in 2010
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(Trenberth and Fasullo, 2012), and China in 2013 (Sun et al., 2014). Socioeconomic
exposure and disaster risks will be magnified in a warmer future (Jones, and O’Neill,
2016; Smirnov et al., 2016), when the more frequent and intense heat extremes of this
century (Fischer and Knutti 2015; Kharin et al., 2013) combine with a greater
population and the accumulation of wealth.

In socioeconomic systems, population is most closely related to heat extremes
because of its direct impact on public health (Wang et al., 2019). Various economic
sectors also can be seriously affected by heat extremes, such as agriculture (water
shortages) and industries that rely heavily on hydropower. In addition, tourism,
transportation, construction, and other industries are also affected by heat extremes to
varying degrees (IPCC, 2014). Considering the data on historical damage of heat
extremes (number of people affected, total damage on the economy, etc.) and the
availability of simulated socioeconomic data for the future, we selected population and
economic activity, expressed as GDP, to determine the impact of heat extremes on the
socioeconomic system. Many studies that have quantified future socioeconomic
exposure have not considered changes in populations or GDP but assumed that these
variables remain constant, which is inappropriate for predicting changes in exposure
(Bouwer, 2013; Sun et al., 2017). Most studies have also focused on changes in
exposure based on a specific pathway of emission of a greenhouse gas (GHG) or a
target of global mean temperature (GMT) rise such as 1.5 <C or 2.0 <C (Harrington and
Otto, 2018; Mishra et al., 2017). These analyses of the spatiotemporal variation in
exposure between scenarios and time periods are thus insufficient because the
population and economy (usually calculated by GDP) are both essential elements in
socioeconomic systems and are the factors most severely affected by climatic extremes.
The exposures of populations and GDP are usually predicted separately, and these two
elements are rarely used to assess socioeconomic exposure (Bowles et al., 2014;
Forzieri et al., 2017), although the spatial distributions of populations and economies
are also consistent. Given these factors, we focus in this work on simulating the global
exposure to extreme heat as a function of changes in climate and population or GDP.
The results constitute a first step toward understanding how interactions between
climate change and socioeconomic systems affect exposure patterns.

This study systematically quantify the global spatiotemporal distribution of and
changes in exposure of population and GDP to heat extremes under different scenarios
and over different time periods. Bias-corrected projections of five global climate
models (GCMs, Table 1) driven by representative concentration pathways (RCPs) are
used to calculate the frequency of extreme heat events (see Sec. 2.1, Materials).
Combined with population and GDP projections in SSPs (Figs. S1 and S2), which
consider changes in the geographic distribution of population and GDP (see Sec. 2.1,
Materials), the spatiotemporal variation of global exposure to extreme heat of the
population and GDP is quantified in both the base period (1986-2005) and in future
periods (2016-2035 and 2046-2065) under various scenarios (see Sec. 2, Materials and
Methods). We also assess the relative importance of climatic and socioeconomic factors
and their uncertainties to characterize the contribution of climate change and growth in
population and GDP to future changes in extreme-heat exposure. The main target of
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this study is quantifying the impact of heat extremes on socioeconomic system under
climate change to characterize variation of socioeconomic exposure among scenarios
and periods, distinguish high exposure regions, and identify dominant contributor for
exposure change, so as to support policymakers in the development of climate change
mitigation and adaptation strategies.

2 Materials and Methods

2.1 Materials

Daily climatic data were obtained from the Inter-Sectoral Impact Model
Intercomparison Project (ISI-MIP, Warszawski et al., 2014) for the Coupled Model
Intercomparison Project Phase 5 (CMIP5, Taylor et al., 2012) (Table 1), which contains
simulations from five GCMs based on RCPs. The RCP scenarios represent pathways
based on simulated impacts on land use, aerosol emissions, and GHGs (Vuuren et al.,
2011). The four RCPs cover the period up to 2100 and have radiative forcings from the
open literature that vary from 2.6 to 8.5 W/m?. The scenarios, RCP2.6, RCP4.5, and
RCP8.5, which represent low, middle, and high GHG emissions, respectively, were
selected for analysis (Vuuren et al., 2011). RCP6.0, which is interpreted as either a
medium baseline or a high-mitigation case between RCP4.5 and RCP8.5, is not used.
The base period was 19862005, which is the commonly used reference period in
assessments of projected changes in extreme indices and climate impacts (Schleussner
et al., 2016). Future periods in the 2030s and 2050s were given lengths of 20 years
(20162035 and 2045-2065) to be consistent with the base period. The spatial
resolution of the output data was offset-corrected and converted to 0.5°>0.5latitude
and longitude by spatial downscaling. Statistical bias-correction methods facilitate the
comparison between observed and simulated data during the historical reference period
and for a continuous transition into the future (Hempel et al., 2013). Preservation of
absolute changes in monthly temperature and relative changes in monthly precipitation
in each grid cell implies that the global warming trend and the climate sensitivities of
the GCMs are preserved, and the trend and the long-term mean are well represented,
which ensures the credibility of the simulated data (Hempel et al., 2013; Warszawski et
al., 2014).

The United Nations, the World Bank, and other organizations proposed future
socioeconomic projections for population and GDP. Many previous studies also
combined current socioeconomic data with future climatic data for analysis, although
these studies neglected to consider how changes in socioeconomic factors affect
exposure. We used the predictions of population and GDP from the scenarios of SSPs
based on the selected RCP scenarios. SSPs are reference pathways describing possible
alternative trends in the evolution of societies and ecosystems on a timescale of 100
years without climate change or implementation of climate policies (Riahi et al., 2017).
RCP2.6, 4.5, and 8.5 generally correspond to SSP1, 2, and 3, respectively, based on the
correspondence between the RCPs and SSPs provided by the IPCC (O’Neill et al., 2014,
Table S4). We therefore selected SSP1, 2, and 3 for this study. The RCP2.6-SSP1
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scenario assumes low carbon emissions, sustainable development proceeding at a
reasonably high pace, and fewer inequalities. The RCP4.5-SSP2 scenario assumes
moderate carbon emissions with medium growth in population and GDP. Finally, the
RCP8.5-SSP3 scenario assumes high carbon emissions with a rapidly growing
population and a low adaptive capacity. The projections of population and GDP were
obtained from the National Institute for Environmental Studies, Japan (NIES), which
were downscaled from the International Institute for Applied Systems Analysis
(ITASA). The spatial resolution was also 0.5° > 0.5< latitude and longitude. The
population and GDP projections were downscaled with explicitly considered spatial
and socioeconomic interactions between cities, and they used auxiliary variables,
including road network and land cover. The downscaling results were consistent with
the scenario assumptions and captured the difference in urban and non-urban areas in a
more reasonable manner, which ensures the prediction accuracy of the SSPs (Murakami
and Yamagata, 2016).
Table 1. Description of global climate models (GCMs).

Atmospheric

Model Institute resolution
(longitude x latitude)
GFDL-ESM2M Geophysical Fluid Dynamics Laboratory 2.5°%2°
National Institute of Meteorological
HadGEM2-ES . L 1.875°%1.25°
Research/Korea Meteorological Administration
IPSL-CM5A-LR Institute Pierre-Simon Laplace 3.75°%1.875°
Japan Agency for Marine-Earth Science and
MIROC-ESM- Technology, Atmosphere and Ocean Research 2 8ox 2 8°
CHEM Institute (University of Tokyo), and National
Institute for Environmental Studies
NorESM1-M Norwegian Climate Centre 2.5°%1.89°
2.2 Methods

2.2.1 Hazards of extreme heat

Annual days of extreme heat, which is also the frequency of extreme heat, were
used to quantify the hazard, which is defined as the daily maximum temperature
exceeding a threshold. The threshold for extreme heat was defined as the 90th percentile
of daily maximum temperatures for the base period (1986—2005) and was set at 25 <C
when the local 90th percentile was <25 <C (Garssen et al., 2005). We chose relative
thresholds rather than a fixed threshold to project global spatiotemporal variation and
changes in exposure because no single fixed threshold suffices for the substantial
differences in climatic conditions around the world (Gasparrini et al., 2015). Relative
thresholds were, therefore, the simplest definitions of regionally relevant extreme heat
around the globe. The frequency of extreme heat was calculated as follows:

C = Y355(TEM; > THR), 1)
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where C is the annual number of days of extreme heat (day), i is the i"" day of a year,
TEM is the daily maximum temperature (<C), THR is the local threshold (<C), C isthe
multi-model averaged value of C (day), and j is the j" GCM.

2.2.2 Exposure to extreme heat

We measured population and GDP exposure for each grid cell as the number of
extreme heat days multiplied by the number of people and GDP, respectively (Jones et
al., 2015). Therefore, the units of population and GDP exposures are person-days and
purchasing power parity (PPP) dollar-days, respectively. To calculate exposure in the
base period and in the future periods (2016-2035 and 2046-2065), we minimized
interannual variations by using 20-year averages of annual extreme heat days and of the
projections of population and GDP. The 20-year mean exposure for each projection of
the five climate models was calculated for the base period and for the future periods.
Moreover, exposure for the grid cells was also aggregated to global and continental
scales for further analysis. Explicitly, we have

E_ _ Z,Z,r?=1CmXP
p=——

20 ! 3)

E_G — Z%?ﬂzf)mx G’ (4)
where Ep is the 20-year-averaged population exposure (person-day), m is the m™" year
of the study period, C is the number of annual days of extreme heat (day), P is the
simulated population number (person), E; is the 20-year-averaged GDP exposure
(PPP $-day), and G is the GDP simulation (PPP $).

2.2.3 Analysis of relative importance of change in exposure and cumulative
probability

Using techniques from a previous study (Jones et al., 2015), we evaluated the relative
importance of the effects of different factors by categorizing the changes in population
and GDP exposures in terms of the effects of climate, population, GDP, and interactions.
The impact of population and GDP was calculated by holding climate constant (i.e., the
20 year averages of annual days of extreme heat for the base period were multiplied by
the populations and GDPs in the RCP-SSP scenarios). Population and GDP were
similarly held constant when calculating the impact of climate (i.e., the population for
the base period was multiplied by the 20 year averages of annual days of extreme heat
in the RCP scenarios). The interactive effect was also calculated to determine whether
the areas with continued population and GDP growth experienced more heat extremes

under climate change. The changes in population and GDP exposure were categorized
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as follows:
AEp = C,AP + P,AC + APAC, (5)

AE; = C,AG + G,AC + AGAC, (6)
where AEjp is the total change in population exposure, AE is the total change in GDP
exposure, C, is the annual days of extreme heat for the base period, P, and G, are
the population and GDP for the base period, respectively, AC is the change in annual
days of extreme heat from the base period to future periods, and AP and AG are the
changes in population and GDP, respectively, from the base period to future periods.
Therefore, C,AP is the population effect, C,AG is the GDP effect, P,AC and
GpAC are the climatic effects, and APAC and AGAC are the interactive effects.

The uncertainties of changes in population and GDP exposure for future scenarios
were analyzed to evaluate the possible impact of climate change and growth on
population and GDP. The probability analysis of changes in population and GDP were
first separately calculated in each GCM based on the cumulative distribution function
(CDF). Next, the mean value and standard deviation for the five GCMs were computed.
The CDF of a random variable X represents the probability that X <x.

3 Results

3.1 Spatial pattern of population and GDP exposures to extreme heat

Figure 1 shows the multi-model average exposures of the population and GDP for
RCP8.5-SSP3 for 2046—-2065. Figure S3 shows the frequency of extreme heat, and Figs.
S4 and S5 show the population and GDP exposures, respectively. Tables S1 and S2
present the statistics for population and GDP exposures globally and continentally for
the RCP-SSP scenarios and the different time periods.

120°%
i

(a) (b)

;;;;;

0 0.1 1 10100 (X10°person-days) 0 1 10 1001000 (X10°PPP$-days)

Fig. 1: Multi-model global projections of average exposures of (a) population and (b)
GDP to extreme heat for the RCP8.5-SSP3 scenario for 2046—2065. PPP is purchasing
power parity in USD.

The spatial distribution of the frequency of heat extremes indicates latitudinal
zonality in each time period and for each scenario (Fig. S3). The threshold in the base
period exceeds 25 <C, except at latitudes >50<and on the Qinghai-Tibet Plateau. Heat
extremes are most frequent near the equator, and their frequency gradually decreased
with increasing latitude in both the base period and future periods. The frequency of
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extreme heat clearly increases over time. The highest frequency is 36.5 days in the base
period, whereas the frequency is projected to exceed 120 days in the RCP scenarios.
The frequency is significantly higher for 2046-2065 than 2016-2035 under each
scenario. The frequency is highest under the RCP8.5 scenario and lowest under RCP2.6,
but the difference between the scenarios is less than the difference between the time
periods.

The regions with high population and GDP exposures to extreme heat are primarily
concentrated in densely populated areas, such as India, China, midwestern Europe, the
eastern USA, and the coastal areas of South America, for both the base period and the
projected scenarios (Fig. 1). Exposure is also high near the equator in Africa because
of the frequent occurrence of extreme heat. Population exposure under the RCP
scenarios is highest for India and the east coast of China (>10 »x10° person-days). GDP
exposure is much higher for eastern China, the Indian subcontinent, western Europe,
and eastern North America than other locations such as northern Asia, northern North
America, and Middle Oceania, with annual GDP exposure >100 x10° PPP dollar-days.

3.2 Global and continental change in exposure to extreme heat

Annual exposure of the global population for the base period is 217.80 < 10° person-
days, which increases to 1037.06 x10° person-days for 2046—2065 under the RCP8.5-
SSP3 scenario (Table S1). The increase in population exposure is largest for the
RCP8.5-SSP3 scenario and smallest for RCP2.6-SSP1 (Fig. 2). The increase in global
annual GDP exposure is largest for 2046-2065 under the RCP2.6-SSP1 scenario (Fig.
3), with a 10.47-fold increase in exposure relative to the base period (Table S2). In
contrast, the increase is smallest for 2016-2035 under RCP8.5-SSP3, with an increase
of only 3.71-fold relative to the base period. The reason that the highest GDP exposure
appears in the RCP2.6-SSP1 scenario is that SSP1 is a “sustainable” scenario that
assumes economic growth is shared at the global scale, so GDP increases relatively
more in countries that currently have less wealth. Therefore, the exposed GDP at the
global scale is higher in RCP2.6-SSP1, despite the hazard of extreme heat being lower
in RCP2.6.

The population exposure is highest for Asia, followed by Africa, and lowest in
Oceania in both the base period and the RCP scenarios. Exposure in Asia and Africa in
the base period is 63% and 14%, respectively (Table S1). The percentage of population
exposure under the three RCP scenarios decreases for Asia and increases for Africa.
The percentage of population exposure for 2046-2065 under the RCP8.5-SSP3
scenario decreases for Asia to 53% and increases for Africa to 29% of global exposure.
Exposure for the continental GDP in the base period ranks as follows: Asia > North
America > Europe > South America > Africa > Oceania (Table S2).

The percent of GDP exposure increases for Asia, Africa, and South America and
decreases for North America, Europe, and Oceania. The increase in both continental
population and GDP exposures is largest for Africa, with the annual population
exposure >9.20-fold higher under the RCP8.5-SSP3 scenario for 2046-2065 than for
the base period, and the change of population exposure is 1.22-fold larger over the same

period and under the same scenarios for Europe than in the base period, which is the
8
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smallest change among the continents. GDP exposure increases the most in Africa,
by >29.34-fold relative to the base period under the RCP2.6-SSP1 scenario for 2046—
2065, whereas GDP exposure in North America is 3.99-fold higher for 20462065 than
the base period, which is the lowest among continents.

Figure 2 presents the relative changes in population exposure for the projected
scenarios relative to the base period. The rate of change is highest in Africa in regions
near the equator. Population exposure for 2016—-2035 under the RCP2.6-SSP1 scenario
increases more than 2-fold. The increase in the coastal regions of South America is also
rapid, by more than 2-fold for 20462065 under the RCP4.5-SSP2 scenario. The rate
of change, however, is <50% in areas where the rate has usually been high, such as
China, the USA, and Western Europe. Population exposure is much higher for 2046—
2065 than 2016—-2035 under each scenario when the differences are compared between
different time periods, with time, the population increases gradually, and when that
increase is crossed with the more frequent heat extremes affected by climate change.
Population exposure is highest under the RC8.5-SSP3 scenario, where population
growth is rapid, followed by the RCP4.5-SSP2 and RCP2.6-SSP1 scenarios.
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Fig. 2: Multi-model global projections of average relative change in population
exposure to extreme heat for the three RCP scenarios and two time periods relative to
the base period: (a) RCP2.6-SSP1, (b) RCP4.5-SSP2, (c) RCP8.5-SSP3, (1) 2016-2035,
(2) 2046-2065.
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Figure 3 presents the spatial distributions of the average relative changes in GDP
exposure for the RCP scenarios projected by multiple models. GDP exposure for 2016—
2035 increases most rapidly in eastern China, with a more than 9-fold increase relative
to the base period. GDP exposure also changes for central Africa and the South Asian
subcontinent, with more than 6-fold increases relative to the base period. GDP exposure
increases for 2046—2065 relative to the base period and 2016—2035. The increase in
exposure is largest for Asia and is >12-fold higher than the base period in many
countries, such as China, India, and Mongolia. GDP exposure also changes for Africa,
South America, and Eastern Europe. The change in exposure is relatively small for
North America and Oceania, less than 6-fold relative to the base period. GDP exposure
is highest under the RC2.6-SSP1 scenario, where GDP growth is fastest, followed by
the RCP4.5-SSP2 and RCP8.5-SSP3 scenarios.
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Fig. 3: Multi-model global projections of average relative change in GDP exposure to
extreme heat for the three RCP scenarios and two time periods relative to the base
period: (a) RCP2.6-SSP1, (b) RCP4.5-SSP2, (c) RCP8.5-SSP3, (1) 2016-2035, (2)
2046-2065.

3.3 Analysis of relative importance of change in exposure
To determine the relative importance of various factors, we categorize the changes

in population and GDP exposures in terms of the effects of population, GDP, climate,
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and their interactions. Figures 4-6 show the changes in exposure and its components
for the globe and for the continents under the three RCP scenarios. The change in global
exposure of the population is primarily affected by the climate, whereas the change in
global exposure of GDP is mainly attributed to the GDP effect (Fig. 4).

The climate effect accounts for nearly half of the total change in population exposure
(47%-53%) in each scenario and for each period. The effect of population change for
2016-2035 is larger than the interactive effect, which reverses for 2046-2065. The GDP
effect is responsible for nearly 50% of the total change in GDP exposure for 2016-2035,
with approximately 30% and 20% attributable to the effects of climate and interactions,
respectively. The change in GDP exposure for 2046-2065 under the RCP4.5-SSP2 and
RCP8.5-SSP3 scenarios is dominated by the interactive effect, at 49% and 53%,
respectively, followed by the effects of GDP and climate. The increase in the influence
of the interactive effect highlights the importance of the interactions between GDP and
climate change in increasing GDP exposure under the scenarios of high GHG emissions.
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5 800
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Change
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Fig. 4: Categorization of projected aggregate global changes in (a) population and (b)
GDP exposure to extreme heat under the RCP2.6-SSP1, RCP4.5-SSP2, and RCP8.5-
SSP3 scenarios. Error bars are the standard deviations for the results of the five GCMs.
PPP is purchasing power parity in USD.

The relative importance of the factors of change in population exposure at the
continental level varies between regions (Fig. 5). As noted above, the percent of
population exposure worldwide is highest for Asia and Africa, but the dominant
contribution to the change differs between the two continents. The effect of climate is
the dominant contribution for Asia, Europe, North America, and South America for all
scenarios and periods. This result indicates that an increased frequency of heat extremes
amplifies population exposure, even in the absence of population increases on these
continents. In contrast, the contribution of the three factors (i.e., the effects of
population, climate, and the interaction) for Africa is nearly identical for 2016-2035
because of the strong population increase projected for this continent. The interactive
effect, however, becomes the primary contribution for 2046—2065, particularly under
the RCP8.5-SSP3 scenario, accounting for 53% of the total change, which is more than
the sum of the population and interactive effects. The contributions of the GDP and
interactive effects for Oceania are nearly the same for 2016-2035 under the three
scenarios. In contrast, the interactive effect makes the primary contribution to the
change in GDP exposure for 2046-2065 under the RCP4.5-SSP2 and RCP8.5-SSP3
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Fig. 5: Categorization of projected aggregate continental change in population exposure
to extreme heat under the RCP2.6-SSP1, RCP4.5-SSP2, and RCP8.5-SSP3 scenarios.
Error bars are the standard deviations for the results of the five GCMs: (a) Africa, (b)
Asia, (¢) Europe, (d) North America, (e) Oceania, (f) South America.

Between continents, the differences in relative importance to GDP exposure to the
effects of GDP, climate, and interactions are clear (Fig. 6), and the contribution of GDP,
climatic, and interactive effects under the various scenarios and periods also varies
among continents. The largest contribution for Asia and North America is from GDP
for 20162035 under the three scenarios and for 2046-2065 under the RCP2.6-SSP1
scenario, whereas the interactive effect is the dominant contribution for 2046-2065
under the RCP4.5-SSP2 and RCP8.5-SSP3 scenarios. The GDP effect for Africa and
South America is the primary contributor for 20162035, whereas the interactive effect
is the primary contributor for 2046-2065. The difference between the interactive and
GDP effects also increases for the pathways involving high GHG emissions in these
two continents. The interactive effect for the RCP8.5-SSP3 scenario accounts for 64%
of the total change for Africa, exceeding the contribution of 35% for the GDP effect.
The interactive effect accounts for 58% of the total change for South America, whereas
the GDP effect accounts for only 22%. The increase in GHG emissions leading to
climate change and more frequent heat extremes can account for the increase in the
difference between the interactive and GDP effects. The interaction between climate
and change in GDP amplifies the exposure, but the GDP effect decreases, and the
interactive effect increases as GDP growth slows under the pathways with high GHG
emissions, which leads to the large difference between the effects under the RCP8.5-
SSP3 scenario. The GDP effect is the primary contributor for Europe and Oceania for
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all periods and scenarios, except for 2046-2065 under the RCP8.5-SSP3 scenario,
which implies that GDP exposure on these two continents would increase quickly
without the impact of climate change. For almost all continents, GDP exposure is
dominated by the GDP effect under the RCP2.6-SSP1 scenario because GDP grows
fastest under this scenario.
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Fig. 6: Categorization of projected aggregate continental change in GDP exposure to
extreme heat under the RCP2.6-SSP1, RCP4.5-SSP2, and RCP8.5-SSP3 scenarios.
Error bars are the standard deviations for the results of the five GCMs. PPP is
purchasing power parity in USD: (a) Africa, (b) Asia, (c) Europe, (d) North America,
(e), Oceania, (f) South America.

3.4 Analysis of cumulative probability of changes in population and GDP
exposures

Figure 7 shows the cumulative distribution functions for changes in population and
GDP exposures under the various scenarios and time periods relative to the base period.
The changes are smaller for 2016-2035 than 20462065 for both population and GDP
exposure, which indicates that population and GDP exposures increase rapidly over
time, independent of the scenario. Population and GDP exposures, however, differ
between the three scenarios and the two time periods. The cumulative probability of an
increase in population exposure is >90% for 2016-2035 and >95% for 2046-2065. The
change is largest under RCP8.5-SSP3, with 90% probability of a zero- to 10-fold
increase for both periods, followed by RCP4.5-SSP2 and RCP2.6-SSP1, with a 90%
probability of a zero- to 7-fold increase relative to the base period. The future increase
is much faster for GDP exposure than for population exposure because of the faster

growth in GDP. The change in GDP exposure for 2046-2065 under the RCP2.6-SSP1
13
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scenario is the largest among all time periods and scenarios, with 90% probability of a
difference of —1- to 43-fold, with a 10% probability for an increase >43-fold relative to
the base period. The increase for 2046—2065 is —1- to 35-fold under RCP8.5-SSP3 and
—1- to 31-fold under RCP4.5-SSP2 for the same probability. The changes are much
smaller for 20162035 than for 20462065, with >70% probability of a zero- to 7-fold
increase for the three scenarios. The change for 20462065 is largest under RCP2.6-
SSP1, with nearly a 15% probability of a >15-fold increase relative to the base period,
whereas the increases are 7- and 11-fold under the RCP4.5-SSP2 and RCP8.5-SSP3
scenarios, respectively, for the same probability.
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Fig. 7: Cumulative probability of projected change in (a) population exposure and (b)
GDP exposure to extreme heat relative to the base period. Error bars are the standard
deviations for the results of the five GCMs.

4 Discussion

4.1 Impact of a warmer climate on socioeconomic exposure to extreme heat

Our study shows spatiotemporal variation and changes in exposure and its
components at global and continental levels. The results indicate variations among the
continents (Figs. S4 and S5). For example, population exposure is highest in Asia (Fig.
S4), accounting for >50% of the global exposure, followed by Africa, North America,
Europe, South America, and Oceania. The percent of population exposure for Africa
and South America is projected to increase over time and with an increase in GHG
emissions, whereas the percentage of population exposure for Asia, Europe, and North
America is projected to decrease over time. GDP exposure accounted for >50% of the
total exposure for Asia (Fig. S5), with likely increases under the future scenarios,
followed by North America, Europe, Africa, South America, and Oceania. The percent
of exposure for developing countries, such as in Africa and South America, increases
for the future scenarios. In contrast, decreases would be likely for developed countries,
such as those in North America, Europe, and Oceania. Extreme heat under climate
change would thus affect Asia the most, where population and GDP exposures are
highest. Exposure for Africa is expected to increase rapidly in the future. Therefore,
more attention should be directed to Asia and Africa for deeper research on extreme
heat exposure and risk assessment. In addition, the design and implementation of
effective adaptive measures are urgently needed in regions with high socioeconomic
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exposure, to lessen populations suffering from heat extremes and reduce the economic
losses under climate change.

We estimate future socioeconomic exposure based on SSP projections with to various
RCP scenarios. Because the current data are well understood and widely accepted,
however, some previous research is based on current spatial distributions and
population and GDP exposures (Hsiang et al., 2017). We also calculate exposure to
future extreme heat regardless of changes in population and GDP (Table S3). The
results indicate that socioeconomic exposure would increase significantly under climate
change, with distinct differences among the RCP scenarios, even if population and GDP
exposures are maintained at current levels. Exposure is lowest under the RCP2.6
scenario and highest under the RCP8.5 scenario. Population and GDP exposures are
1.72- and 1.67-fold higher under RCP8.5 than under RCP2.6, respectively. Both results
for the SSP projections and the current fixed values highlight the importance of
reducing emissions. Overall, it is potential to mitigate the impact of climate change on
both extreme heat hazards and population exposures under the RCP2.6 scenario
compared to RCP4.5 and 8.5 scenarios. And the efficiency of reducing emissions
should be further quantified in future studies under RCP2.6 or other ambitious warming
target, such as 1.5<C and 2<C warming target proposed in Paris Agreement (UNFCCC,
2015), which will be helpful for making climate change mitigation strategies.

4.2 Uncertainty, limitation and further research

Heat extremes could be measured by using different thresholds (e.g., 90, 95, 97.5,
and 99th percentile of daily maximum temperatures over the base period). The spatial
patterns of exposure and change are generally similar, whereas the quantity of exposure
and the relative importance of factors differ greatly (Liu et al., 2017). Assessing
socioeconomic exposure under climate change has many uncertainties, except for the
indices that measure extreme heat. The primary sources of uncertainty include scenarios
of GHG emission (Maurer, 2007), GCMs (Soden et al., 2018), predictions of population
and GDP (Chen et al., 2018) and the calculation method of exposure (Zhang et al.,
2018). The research of Bonan and Doney (2018) on global change in stresses on
terrestrial and marine ecosystems show that the uncertainty on land is mostly from
model uncertainty, which contributes nearly 80% of the total uncertainty in the 21%
century. We evaluate population and GDP exposures based on five GCM simulations
after downscaling and assessing the various scenarios and time periods separately.
Figures 4-7 show the differences between the GCMs. In addition to displaying the mean
value of five GCMs, the standard deviation of five GCMs is also displayed as error bars
in the figures. This study generates assessments by considering different sources of
uncertainty, so the results can be considered as reasonable with relatively high accuracy.

This study is also subject to some limitations. First, our study quantified
spatiotemporal variation of population and GDP exposures to extreme heat as an
important first step for estimating changes in risk, which made progress compared to
the previous studies ignoring the spatiotemporal variation of the socioeconomic risk
(Barnett et al., 2012; Gasparrini and Armstrong, 2011; Voorhees et al., 2011). However,

we do not estimate changes in vulnerability due to the lack of more advanced damage
15



502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528

529
530

531
532
533

data due to heat extremes. In further studies, we should also concentrate on assessing
vulnerability when the data are available, which is also essential for assessing risk. In
addition, adopting measures such as the use of air conditioning and the purchase of
insurance should be taken into account. These factors would likely improve resilience
to heat extremes and thus decrease vulnerability and limit the impact of climate change.
Second, the effect of urban heat islands (UHIs) in addition to global warming is not
considered explicitly in the climate change simulations in this study. UHIs are
confirmed to exacerbate the extent and intensity of heat extremes in urban areas and
increase the risk to urban residents in heat extremes (Dan and Bou-Zeid, 2013; Hajat
and Kosatky, 2010; Mishra et al., 2015). Recently, as the importance of urbanization in
climate change has come to be realized, several case studies simulating the impact of
urbanization on extreme temperature events been done (Chen and Frauenfeld, 2016;
Grossman-Clarke et al., 2010; Wang et al., 2012). Some research focused on intensely
urbanized places such as eastern China, the eastern USA, and Western Europe, which
is consistent with the results of our studies on high-exposure regions. However, some
other regions such as western Africa and northern India are also expected to suffer high
exposure to heat extremes in the future. More attention should be focused on these
regions in future studies (see Fig. 8). However, global studies are rare because of a lack
of precise land-use and population data. Some other studies assess the future urban
climate change by using GCM (Fischer et al., 2012; Oleson, 2012). However, given the
coarse spatial resolution, the influence of GCM on underlying urban surfaces could not
be fully appreciated, so the impact of future urban development on UHIs was not
considered in these studies. As a result, the effect of UHIs on extreme temperature
events may be underestimated. Therefore, in future studies, the design and nesting of
urban land surface models and the estimation of UHI, especially the heat island
estimation during heat extremes, should be taken into account, since they are critical
for estimating exposure and risk to heat extremes in cities due to climate change.
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Fig. 8: Regions with high future exposure under climate change. E.g. Western Europe
(region 1), the eastern USA (region 2), eastern China (region 3), western Africa (region
4) and northern India (region 5), may face more risk in heat extremes coupled with the
effect of urban heat islands in intensely urbanized places.
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5 Conclusions

This study generated four key findings. First, the regions with the highest population
and GDP exposures to extreme heat are primarily concentrated in densely populated
areas, such as India, China, midwestern Europe, the eastern USA, and the coastal areas
of South America. Second, global population exposure for the years 2046—2065 is
highest under the RCP8.5-SSP3 scenario, with exposure increasing 3.76-fold relative
to the base period 1986—2005. The RCP2.6-SSP1 scenario produces the highest global
GDP exposure, with exposure increasing 10.47-fold for 2046—2065. Third, exposure is
highest for Asia for both population and GDP, which exceeds 50% of the global
exposure. The increase in exposure is largest for Africa, with the annual population and
GDP exposures 9.20- and 29.34-fold higher, respectively, than during the base period.
In contrast, the relative changes in population and GDP exposures are lowest for Europe
and North America, respectively. Fourth, the effect of climate is the dominant
contribution globally to change in population exposure, accounting for nearly half of
the total change (47%-53%). The effect of GDP is responsible for nearly 50% of the
total change in GDP exposure for 2016-2035, whereas the interactive effect makes the
primary contribution for 2046-2065 under the RCP4.5-SSP2 and RCP8.5-SSP3
scenarios, accounting for 49% and 53% of the total change, respectively. In conclusion,
mitigating emissions of greenhouse gases, either at the level of the RCP2.6 scenario or
at a more ambitious target of reduction, is important for reducing socioeconomic
exposure to heat extremes. In addition, designing and implementing effective measures
of adaptation are urgently needed in Asia and Africa to aid socioeconomic systems
suffering from heat extremes due to climate change.
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