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Abstract Exposure to air pollution and excessive heat during hot‐and‐polluted episodes (HPEs) may
synergistically cause higher health risks globally. Nevertheless, long‐term global spatiotemporal characteristics
of HPEs and their health impacts remain unclear. Herein, we conducted statistical analyses using reanalysis data
of fine particulate matter (PM2.5) and climate together with our derived concentration‐response function for
HPEs to assess global HPE variations from 1990 to 2019, and to estimate the PM2.5‐associated premature
mortality during HPEs. Our results reveal that HPE frequency increased significantly globally. HPE PM2.5

intensity in the Global North continuously increased, overpassing the Global South after 2010, indicating a
recurred risk of air pollution under climate change in the Global North after several years of emission control
endeavors. Globally, we estimated approximately 694,440 (95% CI: 687,996–715,311) total mortalities
associated with acute PM2.5 exposure during HPEs from 1990 to 2019, with the Global South accounting for
around 80% of these deaths. Among the most vulnerable 15 countries, India had by far the highest mortality
burden, and the United States, Russia, Japan, and Germany were particularly highlighted as having higher
burdens within the Global North. Our findings highlight the importance of considering environmental inequality
between the Global North and the Global South, and co‐benefits of air pollution‐climate change mitigation
during policymaking processes.

Plain Language Summary Exposure to air pollution and heat during hot‐and‐polluted episodes
(HPEs) can combine to increase health risks worldwide. However, we still do not fully understand the long‐term
global patterns of HPEs or their health effects. This study analyzed global data on air pollution (PM2.5) and
climate from 1990 to 2019 to understand how HPEs have changed over time. We also estimated the number of
premature deaths linked to PM2.5 during HPEs using the concentration‐response function we developed. Results
show HPEs have become more frequent across the world. In the Global North, PM2.5 levels during HPEs have
steadily increased, surpassing levels in the Global South after 2010. This trend suggests a return of PM2.5 risks in
the Global North despite years of efforts to reduce emissions. We estimated that PM2.5 during HPEs caused
about 694,440 premature deaths globally between 1990 and 2019. Around 80% of these deaths occurred in the
Global South, highlighting unequal health burdens. Among the most affected countries, India had the highest
number of deaths, while the U.S., Russia, Japan, and Germany stood out in the Global North. These results
emphasize the need to address global environmental inequality and to combine efforts to tackle both air
pollution and climate change.

1. Introduction
Air pollution and extreme heat are two fatal factors to adverse public health outcomes (Gu & Yim, 2016; Hong
et al., 2019; Y. Xu et al., 2013; Zhang et al., 2009). Epidemiological studies have reported that ambient air
pollution, particularly particulate matter with a diameter of 2.5 μm or less (PM2.5), substantially impacts human
health, causing an estimated 4.5 million deaths worldwide in 2015 (A. J. Cohen, Brauer, et al., 2017; Pozzer
et al., 2023). Exposure to PM2.5 has been reported to induce risks in acute diseases, including both respiratory and
cardiovascular diseases (Janssen et al., 2013; T. Li et al., 2019; Wei, Li, et al., 2023). The adverse impacts also
extend to cognitive functions, affecting both the mental and physical aspects of the brain (Hansen et al., 2008;
Thompson et al., 2023; Underwood, 2017). Moreover, the frequency of heatwaves has been reported to increase in
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recent years (Dong et al., 2021; McKinnon & Simpson, 2022), and this has also been recognized as a potentially
fatal factor affecting human health (Borchers Arriagada et al., 2020; Campbell et al., 2018; Chambers, 2020). The
co‐occurrence of air pollution and heatwave in an episode [hot‐and‐polluted episode (HPE)] (Nduka et al., 2022;
Yim, 2020) may also become increasingly prevalent with the growing population and global warming (Anenberg
et al., 2020). High temperature may further enhance the adverse health impact of exposure to PM2.5 (Nduka
et al., 2022). Recent research has reported possible mechanisms through which heat exacerbates illnesses induced
by air pollution (Parliari et al., 2024). The findings of these studies showed that increased inflammation is
susceptible to thermoregulation of the human body (McGeehin & Mirabelli, 2001), while inflammation plays a
crucial role in both the pathogenesis and exacerbation of illnesses, such as asthma and chronic obstructive pul-
monary disease, and inflammation can be triggered by exposure to air pollutants. Also, high ambient temperature
and air pollution could both accelerate DNA methylation (Chiu et al., 2024; Mukherjee et al., 2021), which is
associated with poor respiratory health outcomes (Rider & Carlsten, 2019). Given the increasing concern
regarding this joint impact of HPEs, the premature mortalities associated with acute exposure to PM2.5 during
HPE need to be assessed.

Very limited studies focused on the synergistic impacts of high temperature on PM2.5 associated premature
mortality when estimating the relative risk using concentration‐response functions (CRFs). Typically, when
deriving a CRF based on daily mortality rates and air pollution exposure, most of the published epidemiological
studies regarded temperature as a confounder instead of a modifier in their models, trying to eliminate the impacts
of ambient temperature on their estimate of PM2.5‐associated mortality (Atkinson et al., 2014; Moolgavkar, 2003;
Vanos et al., 2015). Recently, with the co‐occurrence of air pollution and heatwaves being recognized as a deadly
combination (Kinney & Pinkerton, 2022), the synergistic effect of high environmental temperature needs to be
taken into account in the process of deriving CRFs. Moreover, local scale studies, which are typically conducted
within specific cities, countries, or regions, limit their broader applicability worldwide. For instance, the pre-
dominant focus on urban regions within Europe (Doherty et al., 2017; Janssen et al., 2013; Pascal et al., 2014),
North America (Curriero et al., 2002; Deschênes & Greenstone, 2011), and China (Gu & Yim, 2016;
Health, 2023; Hong et al., 2019) does not facilitate equitable comparisons of health burdens across diverse global
regions, thereby hindering a comprehensive understanding of the worldwide situation (Liu et al., 2019). Also,
ozone (Y. Xu et al., 2020) was more investigated than PM2.5 in prior studies due to its correlation with high
temperature, but there are few long‐term assessments spanning decades. These highlight the need for a
comprehensive understanding of global HPE evolution during past decades, and for deriving a CRF to estimate
the global burden of mortality associated with PM2.5 exposure under the synergistic effect of heat during HPEs.

This study aimed to comprehensively analyze the global spatial and temporal characteristics of HPEs from 1990
to 2019 and to estimate the global premature mortality associated with exposure to PM2.5 during HPEs. The
statistical analyses based on long‐term reanalysis data of climate and PM2.5 were applied to assess the frequency,
duration, intensity, and trends of HPEs during 1990–2019 at multiple spatial scales (the Global North and the
Global South, and countries), and the concentration‐response function was further derived to estimate the
resultant PM2.5‐associated premature mortality during HPEs.

2. Materials and Methods
2.1. Definition of Hot‐And‐Polluted Episodes (HPEs)

We defined a HPE as an episode with the co‐occurrence of both high temperature and PM2.5 pollution
(Yim, 2020). We defined a polluted day as a day in which the daily average PM2.5 surface mass concentration
exceeded the 75th percentile of the recorded daily PM2.5 from 1990 to 2019 in each grid of the PM2.5 data set and
reached at least 15 μg m− 3; this definition excludes regions with very low‐threshold concentration according to
the World Health Organization (WHO) short‐term PM2.5 guidelines (WHO global air quality guidelines, 2021).
There are three common indicators used to define hot days: the relative threshold of daily maximum temperature
(Tmax), the absolute threshold of Tmax, and the wet‐bulb temperature (Tw). In this study, we used a relative
threshold of Tmax exceeding the 90th percentile of Tmax from 1990 to 2019 in each grid to define hot days. The
relative threshold definition was widely used in heatwave studies (Perkins‐Kirkpatrick & Lewis, 2020) and was
considered more suitable for global‐scale studies including different regions than an absolute value. We also
compared the results of HPE characteristics with those using absolute thresholds of Tmax > 33°C (Yim
et al., 2019; Zong et al., 2022) (Figure S1 in Supporting Information S1). The results show that the absolute
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threshold inevitably underestimates the HPE increase at higher latitudes where long‐term Tmax are lower than the
tropics and subtropics, thus may ignore the health burden in the Global North in the context of climate change. In
addition, wet‐bulb temperature Tw, considering the impact of humidity, has been widely used to define hot days
when a Tw was higher than 25°C (Y. Xu et al., 2020). As Tw incorporates the impact of humidity, this parameter
can represent heat from the thermal comfort perspective. In this study, we calculated Tw following the formula in
Y. Xu et al. (2020) (Text S1 in Supporting Information S1). We found that Tw definition of hot days does not
perform well in areas at higher latitudes with low humidity (Figure S2 in Supporting Information S1). Herein, we
applied the relative threshold definition in this study. It is recommended that local data can be used to identify
local HPEs for better capturing the local conditions.

2.2. Characteristics of HPEs

The frequency of HPEs is defined as the number of HPE days in each year (days per year). The HPE duration is
defined as the longest period of a consecutive HPE in a particular year. To date, there is no clear definition of HPE
intensity in previous studies. In this study, we separated the intensity of HPEs into two parts: 1. HPE PM2.5

intensity was defined as the maximum concentration among all HPEs in a grid within a specific year; 2. HPE
temperature intensity was defined as the maximum temperature among all HPEs in a grid within a specific year.
This concept takes into account the attributes of both temperature and concentration during HPEs.

2.3. PM2.5 Data Set

Global surface PM2.5 mass concentration data were derived from the Modern‐Era Retrospective analysis for
Research and Applications, Version 2 (MERRA‐2). The hourly PM2.5 components of surface mass concentrations
provided by MERRA‐2 include dust with a diameter of 2.5 μm or less, sea salt with a diameter of 2.5 μm or less,
black carbon, organic carbon, and sulfate. The hourly PM2.5 concentration from 1990 to 2019 was thus computed
from the hourly species concentration according to Buchard et al. (2016):

PM2.5 = [DUST2.5] + [SS2.5] + [BC] + 1.4 × [OC] + 1.375 × [SO4], (1)

where the DUST2.5, SS2.5, BC, OC, and SO4 data sets can be obtained from the hourly product of MERRA‐2.
Daily PM2.5 records used in this study was calculated based on hourly scale data set. A 3‐day moving windowwas
applied to the daily PM2.5 record.

2.4. MERRA‐2 Data Set Evaluation

To assess the reliability of the MERRA‐2 data set, we referred to studies that compared this data set with
observational measurements. For example, Buchard et al. (2017) evaluated PM2.5 surface mass concentration in
the United States and found good agreement with observations. For East Asia, we referred to the data evaluation
in C. Fang et al. (2020), who validated the MERRA‐2 black carbon mass concentration with local measurements
in continental Southeast Asia, China, and India, especially at two stations, that is, in Bangkok, Thailand (Sahu
et al., 2011) and Honai, Vietnam (J. B. Cohen, Lecoeur, & Hui Loong Ng, 2017). Y. Xu et al. (2020) also used
daily PM data from MERRA‐2 to analyze heatwave and high‐PM events in South Asia. We thus considered the
data set to be reliable for PM.

2.5. Daily Maximum Temperature

The daily maximum temperature (Tmax) used in this study was obtained from the Water and Global Change
(WATCH) Forcing Data methodology applied to the ERA5 reanalysis data (WFDE5) through the Copernicus
Climate Change Service (C3S), Climate Data Store (Copernicus Climate Change Service, 2020; Cucchi
et al., 2020). The WFDE5 provides global hourly bias‐corrected reconstructions of near‐surface meteorological
variables, such as the air temperature at 2 m above the surface of land with a spatial resolution of 0.5° × 0.5°. The
quality of the hourly temperature product was previously validated by Cucchi et al. (2020).

2.6. Estimation of the Global‐Scale Relative Risk of Exposure to PM2.5 in HPEs

We conducted a systematic review and literature meta‐analysis to generate a global‐scale concentration‒response
function (CRF) to reflect the health impacts of PM2.5 exposure during HPEs. Due to the data availability, we
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restricted air pollutants to PM2.5 and did not consider studies focusing on PM10 or ozone, whereas health output
was strictly defined as all‐cause mortality. We searched the PubMed, Scopus, and Web of Science databases with
the search terms “PM2.5,” “high temperature,” and “heatwaves” for exposures and “all‐cause mortality” for the
outcome. We reviewed studies published before 31 December 2023. To include as many samples as possible in
our search, we did not consider sex, age group, or exposure lag of the studies. We screened for reference du-
plicates using Zotero Desktop. We excluded studies that only reported cause‐specific mortality (e.g., “cardio-
vascular” or “respiratory”). We excluded studies without accessible full text. Detailed information can be found in
the PRISMA diagram (Figure S3 in Supporting Information S1). Eventually, 9 papers (Table S1 in Supporting
Information S1) met the criteria for the final estimation of the global‐scale formula.

2.7. Global Burden of Mortality

After the selection of the literature, we fitted the daily all‐cause premature mortality associated with exposure to
ambient PM2.5 concentration. We collected the relative risk and ambient PM2.5 concentration from all these
published papers and applied the function below, which describes the relative risk in each grid with a given PM2.5

concentration, to estimate the three parameters, namely, α, β, and δ, in the function (Y. Li et al., 2023; Yim
et al., 2024):

RRk = 1 + α · {1 − exp[− β(Xk − X0)
δ
]}, (2)

where RRk refers to the relative risk of PM2.5 exposure and k represents each grid in the data set. Xk is the daily
surface PM2.5 concentration in each grid from the MERRA‐2 data set. X0 is the baseline exposure, which is
7 μg m− 3 in this study. After obtaining the RRk, the global estimate of the mortality burden was derived at the
country level:

E =∑k(RRk − 1)/RRk · Pk · f , (3)

where E is the final daily all‐cause mortality associated with PM2.5 exposure during HPEs. Pk is the population in
each grid. We obtained a population data set fromWorldPop from 2000 to 2019, which has a spatial resolution of
∼100 km. We thus interpolated the population to match the exact spatial resolution of PM2.5 for the calculation.
For pre‐2000 population data, the detailed process can be found in Text S1 in Supporting Information S1. f refers
to the annual all‐cause mortality rate derived from the Global Burden of Disease (GBD) in each country. To derive
the daily mortality rate, we assumed that the annual mortality rate was affected by the daily mortality rate evenly
and then divided f by 365, following the method used to derive the daily mortality rate in a previous study (Xiao
et al., 2022). The categories of the Global North and the Global South countries were derived from the World
Population Review website. Annual averages of HPE frequency, duration, and intensity were computed as the
mean across all grid points within each region (i.e., the Global North and the Global South) to capture the overall
spatial patterns over time.

2.8. Monte‐Carlo Estimation

We used the Monte‐Carlo approach to investigate the uncertainty of human health results, which has been
introduced in our previous studies (T. Huang et al., 2024). We assumed a triangular probability distribution and
obtained 1,000 parameter estimations of α, β, and δ. Each estimated parameter was then regarded as an input into
the estimation of premature mortalities. The ultimate range of uncertainty was expressed by the median value and
95% confidence interval (CI) of these 1,000 health impact results to take into account the uncertainties from the
data set, the RR equation, and the paper selection during the literature review.

3. Results
3.1. Global Increases in HPEs During 1990–2019

To assess the global spatiotemporal characteristics of HPEs, we identified HPEs based on a daily scale near‐
surface temperature and PM2.5 data sets from 1990 to 2019 (see Methods). Our findings reveal that HPE fre-
quency (defined as the number of HPE days per year) increased globally (Figure 1a) at a rate of approximately
1.6 days per decade on a global basis (Figure S4 in Supporting Information S1). Specifically, the HPE frequency
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increased from 4.2 days per year in the first decade (1990–1999) to 8.4 days per year in the recent decade (2010–
2019) analyzed in this study. Regions with HPE frequency exceeding 15 days per year were mainly centralized in
subtropical areas in both the Northern and Southern Hemispheres (Figure 1b). Substantial increases of more than
0.5 days per year were particularly pronounced in the Western and Southeastern parts of North America, the
Caribbean, the Middle East, India, and continental Southeast Asia in the Northern Hemisphere (Figure 1a). In the
Southern Hemisphere, similar increases were predominantly observed over the Amazon basin in South America,
the southern part of Africa, and the northern part of Australia (Figure 1a). Notably, some regions that experienced
rapid warming may not have exhibited a significant increase in HPEs due to insignificant changes in air pollution
episodes, and vice versa. For example, despite a significant warming trend (Figure S5a in Supporting Informa-
tion S1), maritime Southeast Asia experienced insignificant changes in air pollution episodes and, thus, an
insignificant variation in HPE frequency (Figure S5b in Supporting Information S1). Our findings point out a
significant increase in HPE frequency globally, particularly in the subtropical areas in both hemispheres from
1990 to 2019.

While the HPE frequency increased globally, significant variations in HPE duration [defined as the period (days)
of the longest consecutive HPE in a particular year] occurred across only several regions: the coastal area along
the Gulf of Mexico, the Amazon, West Africa, the Middle East, and continental Southeast Asia (Figure 1c).
Maximum HPE duration longer than 5 days occurred within 30° latitude in the Southern Hemisphere (Figure 1d),
attributed to prolonged HPE events in the Amazon area (Figure 1c). Another peak of around 4 days happened
within approximately 30° in the Northern Hemisphere (Figure 1d). In these two peak regions, large‐scale weather
systems, such as the fluctuations in Rossby waves and atmospheric blocks, have been reported to induce pro-
longed heatwaves (D. Li et al., 2020; Qian et al., 2022).

The intensity of extreme climate events indicates the magnitude of hazards and may determine the severity of
harm directly to human beings. To include impacts of both PM2.5 pollution and heat, we separated the intensity of
HPEs into two parts: the intensity of PM2.5 (defined as the maximum PM2.5 concentration among all HPEs within
a specific year; see Methods) and the intensity of temperature (defined as the maximum temperature among all

Figure 1. Global increases in Hot‐and‐Polluted Episode (HPE) frequency, duration, and intensity (including both PM2.5 and
temperature intensity) from 1990 to 2019. (a) Linear increase in annual HPE frequency from 1990 to 2019 in each grid
(0.5° × 0.5°). (b) Zonal‐mean HPE frequency averaged in the first decade (1990–1999), the recent (2010–2019) decade, and
the whole period (1990–2019). (c) Linear increase in annual HPE duration from 1990 to 2019 in each grid. (d) Same as
(b) but for HPE duration (e) Linear increase in annual HPE PM2.5 intensity from 1990 to 2019 in each grid. (f) Same as
(b) and (d) but for HPE PM2.5 intensity. (g) Linear increase in annual HPE temperature intensity from 1990 to 2019 in each
grid. (h) Same as (b), (d), and (f) but for HPE temperature intensity. In (a), (c), (e), and (g), only results with significant linear
increases (r > 0 and p < 0.05 in a linear regression t‐test) are displayed. Figure (b), (d), and (f) share the same y‐axis as (a),
(c), (e), and (g), respectively.
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HPEs within a specific year; see Methods). Regions exhibiting a significant increase in PM2.5 intensity generally
aligned with the regions with significant increases in HPE duration (Figure 1c), except for some high PM2.5

intensity regions at higher latitudes in the Northern Hemisphere (Figure 1e). This association indicates that people
in these regions experienced more intense HPEs (prolonged duration and higher maximum PM2.5 concentration
level). A significant linear increase in HPE PM2.5 intensity occurred in continental Southeast Asia (Figure 1e),
with a rate of around 6.8 μg m− 3 year− 1. Figure 1f presents the zonal mean differences between the most recent
decade and the first decade, which aggregates all the grids along each latitude and better captures abruptly
increased wildfire activities in the recent decade (Figure 2c). The zonal‐mean profile emphasized the severity in
and around subtropical regions in the Northern Hemisphere (Figure 1f). However, the PM2.5 intensity peak
occurred around 60° latitude in the Northern Hemisphere, with an average concentration in the recent decade
higher than 200 μg m− 3 (Figure 1f), even though only a few significant linear increases were revealed in regions at
this latitude such as the US and Russia (Figure 1e). From a zonal mean perspective, the pattern of increasing
temperature intensity was comparable to that of PM2.5 during HPEs (Figure 1g), with a linear trend of approx-
imately 0.01°C per year globally. This indicates that regions with increasing extreme pollution levels during
HPEs were simultaneously experiencing an increase in extreme temperature. For subtropical regions of the
Northern Hemisphere, the PM2.5 intensity reached approximately 150 μg m− 3 (Figure 1f) together with tem-
peratures higher than 40°C (Figure 1h). In a nutshell, the HPE frequency increased significantly globally, while
the significant increases in duration and intensity (in terms of both PM2.5 and temperature) were more centralized
in tropical and subtropical regions in both Hemispheres. Transboundary air pollution or biomass burning ac-
tivities played essential roles in such HPE increases in those vulnerable regions based on our further composite
analysis. Details can be found in Text S1 in Supporting Information S1.

3.2. Inequality in HPE Evolution Between the Global North and the Global South

We further calculated the HPE variations in both the Global North and the Global South (see methods) to illustrate
the regional difference and environmental inequality (Figure 2). HPE frequency in the Global North
(7.4 days year− 1) was significantly (p < 0.001 in t‐test) higher than that in the Global South (5.2 days year− 1),
with comparable linear increasing trends (Figure 2a). Oppositely, temperature intensity in the Global South was
significantly higher than in the Global North (Figure 2d), which could be attributed to the fact that many of the
Global South countries are in subtropical and tropical areas. No significant difference was found in HPE duration
between the Global North and the Global South (Figure 2b), even though the Global South showed a faster in-
crease in duration than the Global North.

Before 2010, the HPE PM2.5 intensity in the Global North (58.1 μg m
− 3) remained relatively low compared to the

Global South (93.5 μg m− 3). However, after 2010, the PM2.5 intensity in the Global North increased significantly,
becoming 33.3% higher than in the Global South, with an annual increase of 4.1 μg m− 3. In contrast, the increase
in the Global South was marginal (Figure 2c). This reversal can be attributed to a substantial rise in PM2.5

concentration in the Western coastal regions of the US, Canada, and the Russian Arctic during 2010–2019
(Figure 2f), compared to the period 1 of 990− 2009 (Figure 2e).

3.3. Premature Mortality Associated With PM2.5 Exposure in HPEs

To estimate the global burden of premature mortality during HPEs, we first derived a concentration‒response
function (CRF) for acute PM2.5 exposure during HPEs, and applied the CRF to estimate the resultant PM2.5‐
associated excess premature mortality on HPE days during the past three decades in each country. Our finding
shows that an increase of 10 μg per cubic meter of PM2.5 concentration was associated with a 0.66% increase [95%
confidence interval (CI): 0.53%–0.85%] in the relative risk of PM2.5‐associated premature mortality (all‐cause,
all‐age) during HPEs on a global scale (Figure 3a).

We estimated approximately 23,103 (95% CI: 22,405− 24,371) premature mortalities due to PM2.5 exposure
occurred every year globally during HPEs, with a significant increasing trend of 874 premature mortalities per
year (Figure S6 in Supporting Information S1). The highest annual premature mortality of 39,047 (95% CI:
37,966− 41,587) occurred recently in 2010 (Figure S6 in Supporting Information S1). The significant increasing
trend (839 premature mortalities per year) in the Global South contributed to 96% of the global increase trend,
while the mortality changes in the Global North were not significant (35 mortalities per year with p = 0.19,
Figure 3b). Although the increase in HPEs in the Global North was significant in the context of climate change
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over the past 30 years (Figure 2), the relatively lower number of mortalities and insignificant changes indicate an
overall better social well‐being and resilience in the Global North countries. In contrast, the increasing population
and more severe living conditions in the Global South countries have subjected their populations to a substantial
burden of deaths during HPEs.

We found a remarkable inequality between the Global North and the Global South regarding the 30‐year total
premature mortality attributable to PM2.5 exposure during HPEs. The number of 30‐year premature mortalities in
the Global South was estimated 560,875 (95% CI: 555,701− 578,200), accounting for approximately 80% of the

Figure 2. Spatial differences in HPEs between the Global North and the Global South. (a) Time series of HPE frequency
changes from 1990 to 2019. (b) Time series of HPE duration changes from 1990 to 2019. (c) Time series of HPE PM2.5
intensity changes from 1990 to 2019. Magenta shading stands for the period (2010–2019) with continuously higher PM2.5
intensity in the Global North than in the Global South. (d) Time series of HPE temperature intensity changes from 1990 to
2019. (e) Mean HPE PM2.5 intensity averaged from 1990 to 2009. (f) Mean HPE PM2.5 intensity averaged from 2010 to
2019. The slope and the corresponding p‐value in each linear regression fitting are shown for both the Global North and the
Global South.

GeoHealth 10.1029/2024GH001290

HUANG ET AL. 7 of 13



overall global premature mortalities [694,440 (95% CI: 687,996− 715,311)] (Figure 3d) and being 3 times higher
than those occurred in the Global North [133,565 (95% CI: 132,295− 137,111)].

At the country level, the United States was the most vulnerable Global North country on the Top 15 list with the
highest mortality burden of 32,227 (95% CI: 32,163− 33,313) during HPEs, followed by Russia, Japan, and
Germany (Figure 3c). Our estimates show approximately 142,765 people (95% CI: 141,108− 146,831) died in
India during HPEs from 1990 to 2019 due to exposure to PM2.5, marking the highest number of premature
mortality across the world (Figure 3c). The burden in India surpassed the combined burdens of the second‐and
third‐ranking countries, namely, China and Nigeria, respectively. Most countries with prominent burdens are
from the Global South and are within the vulnerable regions (Figure S7 in Supporting Information S1) identified.
These results indicate the remarkable inequality in the mortality burden of HPEs.

4. Discussion
The compound increase in PM2.5 and temperature intensity could elevate the risk of fatality if people are exposed
to this hot‐and‐polluted environment even for only a few days (R. Xu et al., 2023). This study found that the
relative risk of PM2.5‐associated premature mortality during HPEs was higher than during regular days. We
estimated a 0.66% (95% CI: 0.53%–0.85%) increase in the relative risk of PM2.5‐associated premature mortality
(all‐cause, all‐age) for every increase of 10 μg per cubic meter of PM2.5 concentration during HPEs on a global
scale. A global review study estimated a relative risk increase of 0.65% (95% CI: 0.44%–0.86%) by meta‐analysis
(Orellano et al., 2020). In this study, we revealed a slightly higher relative risk when taking the hot environment
into account, pinpointing the potential synergistic health effect of PM2.5 exposure during HPEs. Meanwhile,
insufficient studies provide us with precise premature mortality estimates considering mortalities associated with
heat during HPEs, making our study most likely to underestimate the overall burden of HPEs. This also implies

Figure 3. Global burden of premature mortality associated with acute PM2.5 exposure during HPEs. (a) Concentration‐
Response function for premature mortality associated with PM2.5 exposure during HPEs. The gray shading indicates the 95%
confidence interval (CI). (b) Annual changes in premature mortality associated with exposure to PM2.5 during HPEs from
1990 to 2019. The shading indicates the 95% CI. (c) Top 15 countries for premature mortality associated with exposure to
PM2.5 during HPEs from 1990 to 2019. (d) Pie chart of premature mortality associated with exposure to PM2.5 during HPEs
in the Global North and the Global South from 1990 to 2019. The 95% CI numbers are not shown. The black error bars in
(c) indicate the 95% CI. The Global North countries in (c) are highlighted in blue.
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that the overall health burden might be even higher, indicating the urgency to protect global population health
from HPEs.

Our findings clearly pointed out the inequality in the health burdens due to PM2.5 exposure during HPEs between
the Global South and the Global North during the past three decades. We identified India as the most vulnerable
country globally to the public health threats posed by HPEs. The alarming situation faced by India has attracted
widespread attention in recent years. Precisely controlling specific air pollutants, especially ammonia, elemental
carbon, and organic carbon, is critical for India because these components have been reported to have a greater
impact on premature mortality than the total PM2.5 mass concentration in India (Joshi et al., 2022). The adverse
effects of these air pollutants will be magnified along with the rapid increase in HPEs revealed in this study.
Reducing the population exposure time during HPEs can effectively avoid excessive risk (Sorensen &
Hess, 2022). Very few policies, including warning systems, have been implemented in the Global South countries
to safeguard outdoor workers during heatwaves and air pollution, even though the Global South countries are
more susceptible to HPEs. Adequate cooling facilities and heat‐related policies, such as more frequent and longer
mandatory rest times, are urgently needed to support vulnerable groups and outdoor workers in the Global South
countries under climate change, where energy accessibility remains one of the biggest challenges nowadays
(Sherman et al., 2022). In addition, more stringent and health‐orientated air pollutant emission control policies are
required to reduce the occurrence of air pollution episodes and, thus, human health burdens in the Global South
countries (T. Fang et al., 2023; Gu & Yim, 2016; Yim et al., 2024). Furthermore, the anticipated increase in HPE
incidence in the future may pose challenges related to the massive demand for electricity in these economically
challenged countries. This factor must be considered in future power system planning to ensure sustainable and
resilient energy infrastructure in the Global South (Sherman et al., 2022).

Mitigation of air pollution and climate change should be implemented simultaneously to achieve co‐benefits
(Gómez‐Sanabria et al., 2022). We found the contributions of wildfires to the increase in HPE PM2.5 intensity
in the Global North countries such as the US, Canada, and Russia after 2010. For example, a recent study byWei,
Wang, et al. (2023) reported a rise in wildfire‐attributable PM2.5 concentrations in the US after 2010, suggesting
that wildfires could be the leading cause of air quality deterioration, offsetting the efforts from emission controls
in the Global North. These findings imply that the Global North may face a renewed risk of air pollution in a
global warming environment despite several years of emission control measures. Wildfires are a typical source of
HPEs because they can simultaneously generate massive amounts of heat and air pollutants (R. Xu et al., 2020). In
a single year of 2020, 16.5 million people were impacted during the California wildfire events by such synergistic
effects (Rosenthal et al., 2022). Moreover, wildfires are highly susceptible to the influences of climate change (X.
Huang et al., 2023) and climate variability, that is, ENSO (Yim et al., 2024), that may induce hot and dry climate
conditions favorable for wildfires. Other observations have revealed a trend of increasing wildfires in recent
years, for example, wildfires in the western United States in 2018 and 2020 (R. Xu et al., 2020). The radiative
forcing by aerosols (Myhre et al., 2013; Samset et al., 2013; Schulz et al., 2006) generated by wildfires further
contributes to modifying near‐surface atmospheric conditions, exacerbating drought conditions, and fostering the
occurrence of more fires (X. Huang et al., 2023). This wildfire smoke–weather interaction should also be
considered for HPE mitigation. This highlights the importance of addressing climate change and air quality
simultaneously to achieve co‐benefits for human health when implementing environmental policies.

The uncertainties in this study primarily arose from the estimation of parameters in the CRF, that is, utilizing
meta‐analysis. Given the limited number of studies that have investigated the relative health risk of PM2.5

exposure coupled with hot environments, employing meta‐analysis currently remains the most practical approach
for obtaining a global estimation. Despite our strict selection of studies conducted under high‐temperature
conditions, isolating the impact of high temperature on pollution‐related mortality remains challenging
because pollutant concentrations can still correlate with temperature variations. This interdependency highlights
the need for further research using advanced modeling techniques to distinguish the direct effects of high tem-
perature from those of PM2.5 exposure. To account for additional uncertainties arising from PM2.5 data sets,
population interpolation, and the CRF equation, we employed the Monte Carlo method to calculate the 95% CIs
for the results. Our collected data sets from the literature (Table S1 in Supporting Information S1) had insufficient
data from Africa, India, and Southeast Asia, where the burden of premature mortality was significantly high
(Figure 3c). This data gap may lead to an underestimation of the global health burden of HPEs. In other words, this
finding implies that the actual health burden could be more severe than our estimation. These limitations
emphasize the need for further research and data collection in regions with substantial health risks associated with
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PM2.5 exposure in hot environments. Overall, our study provides a reasonable global estimate of PM2.5‐associated
mortality burden during HPEs, which is a reliable reference for implementing mitigation strategies in the future to
reduce its adverse health effects on human health.

5. Conclusions
This study comprehensively analyzed the global spatiotemporal characteristics of HPEs from 1990 to 2019 and
estimated the global premature mortality associated with acute PM2.5 exposure during HPEs. We found that HPE
frequency increased significantly globally, while the significant increases in duration and intensity (in terms of
both PM2.5 and temperature) were more centralized in tropical and subtropical regions in both hemispheres. HPE
PM2.5 intensity in the Global North continuously rose, overpassing the Global South after 2010, implying a
returned risk of air pollution in the context of climate change in the Global North after several years of emission
control endeavors. However, the Global South dominated the premature mortality estimated based on the CRF
derived for acute PM2.5 exposure during HPEs, occupying approximately 80% of the total mortality globally.
Among the Top 15 countries, India had by far the highest number of HPE‐attributable premature mortality,
whereas the United States, Russia, Japan, and Germany were particularly highlighted as the most vulnerable
countries in the Global North, pinpointing the importance of considering environmental inequality during poli-
cymaking processes.
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