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Over the 21st century, human-caused climate change is projected to vastly increase the occurrence of severe heat,
which has deleterious health, economic, and societal impacts. Over the same period, global human population is
expected to increase from 7.8 to 10.9 billion, placing more people in harm’s way. Here, we combine projections
of sustained heat from climate models with spatially explicit population projection scenarios. We find that: (1) by
2090, high climate change and population growth scenarios show a ~5-, ~10-, and ~100–1000-fold increase in
the population exposed to a mean hottest monthly temperature of 30 ºC, 35 ºC, and 40 ºC, respectively; (2)
globally, population growth, warming, and their interaction, are the major drivers for the increase in exposure at
milder, harsher, and extreme, temperatures, respectively; and (3) differences between population growth sce
narios show that policy can potentially reduce the level of increase in exposure by up to 70%. Based on our
analyses, the major driver for the increased heat exposure is the dangerous combination between global warming
and population growth in already-warm cities in regions like Africa, India, and the Middle East.

1. Introduction
Anthropogenic climate change has already increased mean global
temperature from that of the 1950s by ~1.0 ºC, and projections indicate
that another 2.5–4 ºC increase is possible by the end of the 21st century
in high emissions scenarios (Hansen, Sato, & Ruedy, 2012, IPCC 2014:
Pachauri et al., 2014). Temperature projections made by models be
tween 1970 and 2007 and actual temperatures have recently shown that
the high-end projections matched the observations quite well (Haus
father, Drake, Abbott, & Schmidt, 2020). Temperatures related with
extreme heat rise faster than average temperatures because climate
change drives an increase in both the mean and the variance of tem
peratures (Field, Barros, Stocker, & Dahe, 2012). Thus, increasing oc
currences of severe heat stress have been widely documented and
attributed to anthropogenic forcing of the climate (Diffenbaugh et al.
2011; Field, Barros, Stocker, & Dahe, 2012) and future projections
indicate still larger increases in occurrence of severe heat conditions
(Jones et al., 2015; Jones, Tebaldi, O’Neill, Oleson, & Gao, 2018; Mora
et al., 2017; Sherwood & Huber 2010; Xu, Kohler, Lenton, Svenning, &
Scheffer, 2020). Extreme heat events have numerous harmful conse
quences on ecosystems and society. For example, the 2003 heatwave in

Europe killed an estimated 70,000 people (Robine et al. 2008). Further
warming is expected to decrease worker productivity during hot months
of the year (IPCC 2018: Hoegh-Guldberg et al., 2018).
Human populations have also increased rapidly starting in the 1950s
(2.5 billion people at the time), reaching 7.8 billion people in 2020, and
are projected to increase to 10.9 billion by the end of the 21st century in
a mid-range scenario (UN 2019). Similar to temperatures, projections
made decades ago (Bulatao, Bos, Stephens, & Vu, 1990; Frejka, 1981;
Vu, 1985) proved remarkably accurate. Crucially, human population is
unequally distributed across the globe, with the majority of population
residing in moderate precipitation (500–1500 mm year− 1) and relatively
warm regions (mean annual temperature > 15 ºC) (Sherwood & Huber
2010; Small & Cohen 2004; Xu et al., 2020). Governments and inter
national organizations have worked to address both climate change and
population growth, albeit with relatively limited success to date (Bon
gaarts & O’Neill, 2018). Recent studies have emphasized the substantial
benefits of considering population efforts alongside climate policies
(Ahmadalipour, Moradkhani, Castelletti, & Magliocca, 2019; Rohat,
Flacke, Dosio, Dao, & van Maarseveen, 2019). In particular, the inter
action between changing populations and climate change is crucial
because growing populations may place more people “in harm’s way”
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for climate impacts, as well as influencing adaptation capacity.
The heterogeneity of the spatial distribution of human population is
also expressed in the congregation into dense metropolitan areas. In
2007, for the first time in human history, the share of urban population
increased over that of rural population. This trend continues to intensify,
and according to UN projections, by 2050, 68% of the world population
is projected to live in urban areas. In turn, this means that the grand
challenge of the combined increase in global population size and high
temperatures is exacerbated with the urban challenges of increased
density and the urban heat island (Peng et al. 2012). Cities are typically
warmer than their adjacent rural areas, and, due to their interference
with the natural surface-atmosphere heat balance, have higher rates of
extreme hot nights (McCarthy, Best, & Betts, 2010). For example, urban
areas in a city in India were up to 2.1 and 2.3 ºC warmer than suburban
areas during day and night, respectively (Borbora & Das, 2014).
While recent literature has focused on historical and projected
changes in heatwaves (Jones et al., 2015; Jones et al., 2018; Mora et al.,
2017; Sherwood & Huber 2010), a detailed assessment of spatiotem
poral patterns in population exposure to severe heat across temperature
thresholds, population scenarios, and climate scenarios from
multi-model ensemble projections is urgently needed. An estimated
~30% of the world’s population is currently exposed to climatic con
ditions conducive of heat-related mortality for at least 20 days a year
(Mora et al., 2017). Moreover, this percentage is projected to increase to
48–74%, depending on the greenhouse gas emission scenario. Recent
studies show a 4–6 fold increase in US population exposure to heat ex
tremes (temperatures higher than 35 ºC) toward the end of the century
(Jones et al., 2015), and a significant increase in the exposure to these
events on a global scale (Jones et al., 2018). Here, we leverage recent
spatially explicit population projection scenarios and Earth system
model output to examine population exposure to extreme heat. We ask:
(1) how does the change in population exposure to heat between 2010
and 2090 vary with temperature threshold? (2) What are the spatial and
temporal patterns of severe heat exposure? And (3) what are the relative
drivers of change in exposure among climate change alone, population
growth alone, and their interaction?

between the two scenarios, and SSP5 assumes that technological inno
vation allows for climate change adaptation, with little mitigation. For
simplicity, we chose to exclude SSP4 (Inequality; Riahi et al., 2017),
since its projections of population growth and environmental impacts lie
in between those produced by other scenarios. Therefore, the range of
possible responses was covered by the “Tier 1′′ scenarios, i.e. SSP1, 2, 3,
and 5. SSP1 is generally consistent with the radiative concentration
pathway (RCP) 2.6 or 1.9, SSP2 with RCP 4.5, SSP3 with a 7.0 W/m2
change by 2100, and SSP5 with RCP 8.5 (Van Vuuren & Carter 2014).
We used climate projections from seven climate/Earth system
models in the Coupled Model Intercomparison Project Phase 6 (CMIP6;
Eyring et al., 2016) (Table 1). These models were chosen because they
provided monthly temperature projections for the historical period
studied here. We downloaded the monthly average surface air temper
ature (‘tas’) for all climate models and all SSPs, comprising historical
data from 1850–2014 and future projections from 2015–2100. We took
a subset of the years 1995–2014 for the historical period and 2081–2100
for future projections to capture inter-annual variability around the
focal population estimates from 2010 and 2090.
2.2. Analyses
We regridded all climate model output and population projections to
a common 1×1 ◦ grid using resampling via bilinear interpolations,
ensuring that the distributions of population and hottest temperatures
were preserved after resampling, in order to facilitate direct compari
sons between temperatures and population. Since the majority of human
population is living in clustered urban and rural settlements, we tested
that re-projecting both the population and climate datasets to 1 ◦ did not
bias the results. To do so, we calculated the population exposed across
various temperature thresholds in SSP3 in the 2090s via the resampling
method we used for all other analyses (x-axis of Fig. S1) and then
calculated exposure using the raw resolution of the population data
(0.125 ◦ grid; y-axis of Fig. S1). The two were almost identical (less than
1% difference). The r2 between the two is >0.999 and the slope between
them was 1.006. It is therefore very unlikely that our resampling had any
major impact on the results.
For each grid cell, year, and climate model combination, we
extracted the hottest month of the year. Severe heat can be quantified in
a wide variety of ways, including percentile-based approaches and ab
solute temperature thresholds (Rohat et al., 2019; Sherwood & Huber,
2010). We chose the absolute temperature of the hottest month because
we are focused on average exposure to severe heat, rather than indi
vidual hot spells or heatwaves. In both 2010 and 2090, we calculated the
total population globally experiencing a hottest month above a given
temperature threshold (e.g. 35 ºC) and estimated the standard deviation
via the variation across the 20 year windows within a climate model and
across all seven climate models. We then calculated the percentage
change in population exposed by comparing 2090 population exposure
to 2010 exposure.
We conducted an additional analysis to examine the relative
importance of climate change alone, population growth alone, and the
interaction between the two in driving the change in exposure. We
estimated the climate-alone contribution by calculating the change in
population exposure at a given temperature threshold using 2081–2100

2. Methodology
2.1. Datasets
We used spatially-explicit population projections for four shared
socioeconomic pathway (SSP) scenarios that bracket the full range of
population and climate changes expected in the 21st century (Jones &
O’Neill 2016). The population data can be downloaded from the Na
tional Center for Atmospheric Research (NCAR) website and data portal
(https://www.cgd.ucar.edu/iam/modeling/spatial-population-scena
rios.html). The spatial projections are based on a parameterized
gravity-based downscaling model that projects changes in rural and
urban populations at sub-national grid cells, while accounting for both
geographic characteristics of the landscape and protected areas. The
model was calibrated to reproduce observed historical changes and is
consistent both with historical trends and broad-scale SSP patterns. We
chose that dataset because it provides spatially-explicit population
projections at a spatial resolution relevant to comparing to climate
model output in CMIP6. The uncertainties and limitations of those
projections are discussed in the Discussion section of Jones and O’Neill
(2016). These projections provide urban, rural, and total population at
0.125 ◦ spatial resolution globally and decadal resolution temporally
from 2010–2100. In the analyses presented here, we focused on the total
population in each grid cell and the time periods of 2010 and 2090.
These specific years were chosen to represent early and late 21st cen
tury, for which reliable climate and population projections are available.
While SSP1 assumes that the world shifts toward a more sustainable
path, SSP3 assumes that concerns about competition and security among
nations prevent such a desired shift. SSP2 indicates a middle solution

Table 1
Climate models included in the analysis.

2

Research group

Climate model

Beijing Climate Center (BCC)
Chinese Academy of Meteorological Sciences (CAMS)
National Center for Atmospheric Research (NCAR)
Canadian centre for Climate Modeling and Analysis
Institut Pierre Simon Laplace (IPSL)
Japan Agency for Marine-Earth Science and Technology
Meteorological Research Institute (MRI)

CSM2-MR
CSM1–0
CESM2
CanESM5
CM6A-LR
MIROC6
ESM2–0
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the physiological wet-bulb threshold of 35 ºC, where removal of meta
bolic heat becomes impossible. In addition, mean hottest month tem
peratures of 28–35 ºC mean that average high temperatures are 35 ºC in
relatively humid sites like Kolkata (India) and Cairo (Egypt), and can
reach 40–44 ºC in continental sites like Delhi (India) and Baghdad (Iraq).
The spatial distribution of the increase in heat exposure reveals key
geographic hotspots (Fig. 2). Exposure to a hottest month temperature of
30 ºC is projected to increase in 2090 across most low- and mid-latitude
regions. Our analysis shows that the majority of these heat-exposed
people will be in regions like India, Bangladesh, Indonesia, The
Philippines, Nigeria, the Middle East, and Eastern China (Fig. 2A). The
largest impact will likely be in large urban areas within these countries
(e.g. Delhi, Baghdad, and Cairo). Looking at extreme heat exposure, the
hotspots in India, Nigeria, and Iraq, are further highlighted with millions
of people exposed to hottest month temperatures of 35 ºC (Fig. 2B).
Bangladesh rises as the largest extreme heat exposure hotspot globally.
We note that some of the moderate exposure increases identified in the
maps are localized to sparsely populated regions, such as arid regions in
Africa (Sahara), Asia (Arabian Desert) and Australia. Unlike the focal
regions identified above (India, Bangladesh, Nigeria, the Middle East),
increases in these arid regions are low in absolute numbers of population
exposed.
We next examined the change in population heat exposure as the
percent change from 2010 to 2090 across multiple future population and
climate scenarios. We found increases in exposure to hottest month
temperature of 30 ºC or higher of around 100% (i.e., a doubling in the
number of heat-exposed people). However, increased exposure to tem
peratures of 35 ºC and 40 ºC was roughly around 300% and 1000%,
respectively. The exposure to heat varied substantially across four
different shared socioeconomic pathways (SSPs). Briefly, SSP1 assumes
that the world shifts toward a more sustainable path and exhibits low
population growth and low levels of climate change. By contrast, SSP3
assumes that concerns about competition and security among nations
prevent such a shift and climate change and population growth proceed
rapidly. SSP 2 indicates a middle-of-the-road path between SSP1 and
SSP3, and SSP5 assumes that technological innovation allows for low
population growth levels and climate change adaptation, with little
mitigation leading to large levels of climate change. We observed a
consistent pattern among SSP1, 2, and 3, in terms of the increase in
population heat exposure, with SSP5 producing lower exposure than
projected by SSP3, but similar or higher than SSP2 (Fig. 3).
We next partitioned the change in population exposure to heat
among the effects of climate change, population growth, and their
interaction. We repeated this process for the four SSPs. Among the three
factors (climate change, population growth, and their interaction),
climate change had the higher effect in three of the four SSPs (Fig. 4).
This pattern was most obvious in SSP5, due to the lack of mitigation, in
turn inducing the warming, and relatively limited population growth
(SSP5 actually predicts a lower global population in 2090 than in 2010).
In contrast, SSP3 results showed a higher role for population growth
than climate change.
Specifically, at temperatures of 36 ºC or higher, the interaction be
tween population growth and warming had a major effect on the in
crease in the number of people being exposed to heat, more than that of
each factor alone. Considering that SSP3 presents the most direct
continuation of present-day trajectories of both climate and population,
this result suggests that most of the increase in population exposure to
temperatures of 36 ºC or higher relates to rapid population growth in
warm locations. Overall, major differences in the level of exposure
emerged among SSPs (Fig. 4). At the extremes, the 4-fold increase in
population exposure to hottest month temperatures of 30 ºC or higher,
projected by SSP3 (Fig. 1), was merely a 45% increase in SSP1.
The expected increase in population heat exposure during this cen
tury is clearly visible in and amplified by the changes to the list of the
world’s largest cities. In 2010, the ten most populated cities represented
a mixture of high- and low-latitudes across Asia and the Americas

climate projections overlaid on 2010 population levels. We estimated
the population-alone contribution by tabulating the 1995–2014 climate
data overlaid on 2090 population levels. Finally, we estimated the
interaction of the two as the total change in population exposure minus
the sum of the climate-alone and population-alone changes. This inter
action term aims to provide an estimate of how much the change in
exposure is driven by climate and population changes that are dispro
portionately co-located.
Finally, to calculate changes in population heat exposure of the
world’s largest cities, we used city-specific population estimates re
ported in Hoornweg and Pope (2017) for 2010 and 2100. That analysis
included the 101 largest cities at each of the time points, starting with
Addis Ababa in 2010 (Ethiopia; 3.4 million people in 2010), and with
Rawalpindi in 2100 (Pakistan; 7.9 million people projected in 2100).
All analyses were conducted in the R statistical environment (R Core
Development Team 2012). NetCDF analyses drew upon the ‘RNetCDF’
package (Michna and Woods 2013). Spatial analyses were conducted
using the ‘raster’ package and plotted via the ‘rworldmap’ (Hijmans
et al. 2014; South, 2011). Violin plots were made using the ‘plotrix’
package (Lemon, 2006).
3. Results
We first examined the population globally that experiences different
mean temperatures during the hottest month of the year in 2010, 2050
and 2090 in a high emissions/high population-growth scenario (Fig. 1).
We chose this metric as an indicator of seasonal, long-term heat expo
sure, as opposed to shorter-term heatwave episodes. The distribution is
expected to shift to the right (increasingly higher temperatures) due to
global warming. Simultaneously, this distribution is expected to shift
upwards (an increasingly larger number of people) due to both climate
change and population growth. In 2010, less than 30% of world popu
lation (2 billion people; Fig. 1) was exposed to a mean temperature of
the hottest month of 30 ºC or higher. Strikingly, in 2050 and 2090, this
number increases to almost 5 and 9 billion people, respectively, in this
scenario, the latter number being more than the current total world
population. Out of these 9 billion heat-exposed people, more than 3
billion people will be exposed to a mean hottest month temperature of
36 ºC or higher. Under very humid conditions, this temperature is above

Fig. 1. Additional billions of people are projected to be exposed to a mean
hottest month temperature of 30–38 ºC in 2090 than in 2010. The distri
bution of world population by mean temperature of hottest month for 2010,
2050 and 2090 (x-axis values are thresholds). Projection is based on the shared
socioeconomic pathway (SSP) scenario 3 (regional rivalry) with radiative
forcing of 7.0 W m-2. Error bars are ± 1 standard deviation across seven Earth
system models and climate data from 1995–2014, 2041–2060 and 2081–2100
for 2010, 2050, and 2090 population levels, respectively.
3
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Fig. 2. Increased exposure to extreme heat is prevalent across low-mid latitudes. Change in exposure (number of people) between 2081–2100 versus
1995–2014 of the mean temperature in the hottest month of the year in the shared socioeconomic pathway 3 (SSP3) scenario (regional rivalry) for two tempera
ture thresholds.

(Table 2). This meant that the total of 200 million people residing in
these cities were mostly exposed to mean daily temperatures ≤30 ºC
(Delhi, India, being an exception with 33.2 ºC). In contrast, the 2100 list
is composed of cities of unprecedented size in tropical Africa and Asia,
led by Lagos (Nigeria) with a projected population of 60 or 100 million
people, according to SSP1 or SSP3, respectively. The combined effects of
global warming and the geographical shift away from higher, cooler,
latitudes, meant that in 2100, seven of the ten cities had mean daily
temperatures >30 ºC. Again, Delhi, India, was the hottest, with mean
daily temperature of the hottest month of 36.7 ºC.
Comparing the heat exposure in the world’s largest cities in 2010 vs.
2100 indicated hotter conditions for larger populations in e.g., Mumbai
and Kolkata (India). Moreover, in Dhaka (Bangladesh), 15 million

people that were not regularly exposed to extreme heat in 2010, shifted
to temperatures >30 ºC, while affecting a three-fold larger population
(Table 2). Similar temperature exceedances were projected for some
African cities, that were absent from the 2010 list altogether, by 2100.
For example, Lagos had 10.6 people in 2010, with mean daily temper
ature of the hottest month of 28.5 ºC (data not shown), and is expected to
grow 6–10 fold, with mean daily temperature of the hottest month of
31.5 ºC. Karachi in Pakistan is another example, being a 13.0 million
people city with a temperature of 31.8 ºC in 2010, and growing 3–4 fold
with a temperature of 34.8 ºC in 2100. In the Middle East, cities like
Cairo (Egypt) and Baghdad (Iraq) should grow from 12.5 to 40.5 million
people and from 5.9 to 34.1 million people during this century. Mean
daily temperature of the hottest month should increase from 28.2 to 31.2
4
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Fig. 3. A 100–1000% increase in the population exposed to extreme heat by the 2090s. Percent change between 2081–2100 versus 1995–2014 of people
exposed to a given mean temperature threshold during the hottest month of the year for four shared socioeconomic pathway (SSP) scenarios of population growth
and climate change: SSP1, sustainability; SSP2, middle of the road; SSP3, regional rivalry; and SSP5, fossil-fueled development.
Fig. 4. Climate change and population
growth interact to expose hundreds of mil
lions to heat by the 2090s. Change in global
exposure (millions of people) between
2081–2100 versus 1995–2014 as a function of
climate change alone (red), population growth
alone (yellow), and the interaction between
climate change and population growth (dark
red) for shared socioeconomic pathway (SSP):
(A) SSP1, sustainability; (B) SSP2, middle of the
road; (C) SSP3, regional rivalry; and (D) SSP5,
fossil-fueled development. X-axis values are
temperature thresholds. Error bars present the
mean ±1 standard deviation across the seven
Earth system models analyzed.

ºC in Cairo, and from 34.8 to a staggering 38.3 ºC in Baghdad. Overall,
the population of the world’s ten largest cities should increase from 200
million people with a mean hottest month temperature of 27.2 ºC in
2010, to 440–580 million people with a mean hottest month tempera
ture of 31.1 ºC in 2100 (Table 2).

4. Discussion
Almost two decades ago, Cohen (2003) wrote: “Human choices, in
dividual and collective, will have demographic effects, intentional or
otherwise”. Our analyses indicate that differences among scenarios –
5
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Table 2
The world’s largest cities (urban areas) by population (Pop.; millions) and their mean hottest monthly temperature (Temp.; ºC) in 2010 and in 2100, for the shared
socioeconomic pathways SSP1 (sustainability) and SSP3 (regional rivalry).
2010
City
1
2
3
4
5
6
7
8
9
10

Tokyo
Mexico city
Mumbai
Beijing
Sao Paulo
New York
Delhi
Shanghai
Kolkata
Dhaka

Pop.

Temp.

36.1
20.1
20.1
19.6
19.6
19.4
17.0
15.8
15.6
14.8
Total
198.1

25.5
20.0
30.5
26.5
23.2
24.7
33.2
28.6
30.9
29.0
Mean
27.2

2100
City

SSP1
Pop.

Temp.

Lagos
Mumbai
Kinshasa
Karachi
Delhi
Dar es Salaam
Dhaka
Kolkata
Nairobi
Kampala

61.0
52.3
48.8
44.4
44.3
43.2
40.7
40.6
33.9
33.1
Total
442.3

31.5
33.5
29.9
34.8
36.7
30.9
32.0
33.9
21.9
26.7
Mean
31.2

2100
City

SSP3
Pop.

Temp.

Lagos
Dar es Salaam
Luanda
Karachi
Mumbai
Kinshasa
Mexico city
Dhaka
Delhi
Lusaka

100.2
77.5
69.2
52.9
52.6
50.8
46.5
45.5
44.6
40.9
Total
580.7

31.5
30.9
31.6
34.8
33.5
29.9
23.0
32.0
36.7
27.0
Mean
31.1

will be exposed to extreme heat on a seasonal basis (Fig. 2). For Africa,
our observations (Fig. 2) are in line with recent projections that expo
sure to dangerous heat in African cities will increase 20–52 fold in 2090,
depending on the scenario (Rohat et al., 2019). The interactions be
tween population and climate are often quite complex. For example,
population growth in sub-Saharan Africa may have offset climate-driven
increase in woody vegetation, through increasing demands for agricul
tural land and forest products (Brandt et al., 2017). Recent studies have
also examined the interactions between population growth and in
creases in drought risk (Rohat et al., 2019).
Urbanization is yet another challenge and may exacerbate heat
exposure due to the urban heat island effect (Peng et al. 2012). Notably,
many recent studies were dedicated to this effect in growing cities across
India (Borbora & Das, 2014; Singh, Kikon, & Verma, 2017) and China
(Li, Zhang, Mirzaei, Zhang, & Zhao, 2018; Zhang, Estoque, & Mur
ayama, 2017). As the world’s largest metropolitan areas shift from the
cooler high latitudes (e.g. Tokyo, Beijing, New York; Table 2) to the
warmer low latitudes (e.g. Lagos, Mumbai, Karachi), more attention is
given to cities in Asia and Africa. For example, a remote sensing study
over Lucknow, India, found an increase of the urban heat island effect in
the dense built-up areas of the city (Singh et al., 2017). In another study,
the rate of population growth was found to be a good predictor of
regional urban warming (Wang & Wang, 2017). Finally, considering
megapolitan areas (Wang & Wang, 2017) and the future cities of un
precedented size (Table 2), the land-use change associated with urban
ization might create a positive feedback with warming, that can further
exacerbate population exposure to heat. Cities also contain major op
portunities for climate adaptation to heat through urban planning and
technologies (e.g. green roofing, air conditioning) and the increasing
exposure documented here highlights an urgent need to scale up such
activities. Urban vegetation has already been applied to reduce the heat
island effect (Cuy & de Foy, 2012), reducing surface temperature by up
to 2.5 ºC due to shading and transpiration (Shashua-Bar, Pearlmutter, &
Erell, 2009).

controlled fundamentally by human actions on climate mitigation and
demographic choices – have enormous leverage on the global popula
tion exposed to heat in the 21st century (Fig. 4). Comparisons between
SSP1 and SSP3 (Figs 2, 4) provide evidence to the benefits of both
climate and population policy changes. In the sustainable scenario
(SSP1), population exposure to heat can be almost stabilized by the end
of this century. We calculated that the 2010 population size exposed to a
mean summer temperature of 30 ºC or higher (2 billion) may increase to
~3 billion in 2090 in SSP1, and ~9 billion in SSP3. These differences
show that the combined effect of climate and demographic policy can
potentially reduce the level of increase in exposure by up to 70%, which
are 6 billion people. This policy-driven percent decrease persists for
higher temperature thresholds. Differences between SSP3 and SSP5 are
primarily due to different population growth scenarios, as both sce
narios exhibit high levels of climate change.
How does our study differ from previous studies on population heat
exposure? And how do our results compare with those? Two major pa
rameters make our approach unique and robust. First, the metric of a
mean hottest month temperature provides a good balance between
focusing on heatwaves alone (Jones et al., 2015; Jones et al., 2018;
Mora et al., 2017; Rohat et al., 2019; Sherwood & Huber 2010) on the
one hand, and considering the mean annual temperature (Xu et al.,
2020) on the other hand. Doing so, we offer a metric which better
characterizes the overall heat exposure, regardless of the stochastic
occurrence of extreme events. Moreover, unlike past studies that coun
ted heat exposure by the term of person-days (Jones et al., 2015, 2018;
Rohat et al., 2019), quantifying the exposure by the number of people
per a given metric threshold yielded intuitive results. Second, we tested
here the five SSPs, which was not done on a global scale before (e.g.
Mora et al., 2017) and has only been done for African cities (Rohat et al.,
2019). These two differences limit our ability to directly compare our
results with those of previous studies. Still, some intriguing patterns
emerge. The projection by Mora et al. (2017) of an increase in ‘deadly
heat’ exposure from 30% to 74% of global population seems to corre
spond well with our projection of increase from ~2 to ~9 billion people
(Fig. 1). The projection of Xu et al. (2020), based on mean annual
temperature of 29 ºC probably relates to our hottest month threshold of
36 ºC, showing the very same increase from ~1% of global population,
up to 3 billion people. Fold-changes were given in some studies, e.g. for
population exposure to heatwave occurrence. The 4–6-fold increase
projected for the USA (although only up to 2070; Jones et al., 2015) is
dwarfed by the 20–52-fold increase projected for African cities (Rohat
et al., 2019). Importantly, these projections for USA and Africa are in
line with our respective predictions for the temperature thresholds of 30
ºC and 35–40 ºC, indicating 5-fold increase in the cooler, USA, case, and
10–100-fold increase in the warmer, Africa, case.
A key finding of our analyses is that the already-hot regions of the
globe are those expecting the highest population increase. In the Middle
East, millions of people living in cities like Baghdad, Tel Aviv and Cairo

4.1. Study limitations
The results of our analyses are only as reliable and accurate as their
underlying climate and population projections. For this reason, we have
used the most updated set of climate models and shared socioeconomic
scenarios available. How well global climate models capture the distri
bution of absolute temperatures and the range of variability in these
temperatures at sufficient spatial resolution is still an open question
(Tokarska et al., 2020). For example, Sippel et al. (2017) have shown
that simulation of temperature extremes typical of summertime heat
was complexed by land surface feedbacks missing in such models.
Spatial biases of absolute temperature simulations also exist, and their
correction is not straightforward (Jeon, Paciorek, & Wehner, 2016),
mostly due to nonlinear responses (Borodina, Fischer, & Knutti, 2017;
6
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Sippel et al., 2016; Sippel et al., 2017). On the other hand, there is now
evidence from retrospectively comparing model projections to obser
vations that the warming shown by climate models published over the
past half century were highly consistent with observations (Hausfather
et al., 2020). In addition, we posit that the broad-scale spatial patterns in
temperature projections – particularly the general differences among
SSP scenarios in heat exposure illuminated here – are generally robust
even if there is uncertainty about the precise absolute number of people
exposed in a given grid cell.
Another aspect which is missing in our analysis is the calculation of
heat stress. By focusing on mean absolute temperatures, we disregarded
the physiological heat stress per se. Notably, heat stress is the product of
both high temperature and high relative humidity (Matthews, 2018). In
fact, a temperature of 30 ºC at 100% relative humidity should have the
same heat stress of 55 ºC at 0% relative humidity. This large difference is
important, considering that the limit of human thermoregulation is at 35
ºC wet-bulb temperature (Sherwood & Huber 2010). Importantly, the
identification of increased heat exposure around low latitudes in this
study (Fig. 2), means that many of the sensitive regions are at tropical,
humid, areas.

population exposed to a mean hottest monthly temperature of 30
ºC, 35 ºC, and 40 ºC, respectively.
(2) Globally, population growth, warming, and their interaction, are
the major drivers for the increase in exposure at milder, harsher,
and extreme, temperatures, respectively.
(3) Differences between population growth scenarios show that
policy can potentially reduce the level of increase in exposure by
up to 70%.
(4) The major driver for the increased heat exposure is the dangerous
combination between global warming and population growth in
already-warm cities in regions like Africa and India.
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4.2. Implications
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A major uncertainty in predicting the future of Earth’s human pop
ulation, and its exposure to heat, is international migration (Black et al.,
2011; Gray & Wise 2016). Here we show a strong latitudinal distribu
tion, with high exposure across Africa and India, and considerably lower
exposure in cooler Eurasia and North America, with very little increase
in heat exposure in Canada and Russia (Fig. 2). The latter observation is
purely due to very low projected population growth in these cooler re
gions, and in spite of the moderately larger warming expected at higher
latitudes. Climate change has been shown to drive human migration
already in prehistoric times (D’Andrea, Huang, Fritz, & Anderson,
2011). Although economic, social, and political motivations dominate
migration decisions today (Black et al., 2011), environmental drivers
can still play a role. A model based on repeated drought- and
flooding-induced migration patterns in Oklahoma, USA, in the 1930s,
highlighted migration as a pathway for climate change adaptation
(McLeman & Smit, 2006). In rural Pakistan, heat stress is already
increasing long-term migration (Mueller, Gray, & Kosec, 2014). In Af
rica, a positive link between migration and temperature anomalies exists
in some countries, but not in others (Rohat et al., 2019). Climate change
may also influence Mexico-USA cross-border migration (Feng, Krueger,
& Oppenheimer, 2010). Notably, non-migratory adaptations such as air
conditioning are also expected to intensify, with further consequences
on the energy sector (Davis & Gertler, 2015). Considering the increases
in heat exposure hotspots identified here (Fig. 2), the conditions
conducive to migration may only intensify in high climate change and
population growth futures. Still, both results are not inevitable. In
vestments in societal measures to slow population growth, including
women’s rights and education access, family planning, and a general
increase in life quality have proved effective (Bongaarts & O’Neill
2018). These measures, along with climate change mitigation efforts,
should become a higher priority in sensitive areas such as India and
Africa. Finally, our results further underscore how large reductions in
greenhouse gas emissions are needed to avoid large-scale human expo
sure to extreme heat in the 21st century.
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