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A B S T R A C T

Climate change alters air quality and associated health outcomes. Climate-driven meteorological variables such 
as temperature, precipitation, and relative humidity influence transport, chemical transformation, and removal 
of air pollutants, particularly fine particulate matter (PM2.5) and ozone (O3). Here, we investigated the impacts of 
climate change on global PM2.5 and O3 concentrations via one-way coupling of an atmospheric chemical 
transport model (CTM) with the outputs of a general circulation model. We examined the impact on future air 
quality under three climate scenarios: SSP1–2.6, SSP2–4.5, and SSP5–8.5 of the Scenario Model Intercomparison 
Project (ScenarioMIP) for the mid-century (2040–2049) and the end of the century (2090–2099). To isolate the 
effect of climate change, anthropogenic and natural emissions were fixed at 2015 levels, enabling quantification 
of meteorologically driven changes in air quality and mortality. Our results show that climate forcing can trigger 
substantial regional variations in pollutant levels, with the global mean PM2.5 concentration changing by − 0.01 
μg m− 3 to − 0.57 μg m− 3 and the O3 level from − 0.05 ppbv to − 1.20 ppbv. In our experimental framework–where 
primary and precursor emissions as well as chemical boundary conditions are held constant at 2015 lev
els–surface PM2.5 and O3 concentrations generally decline under future climate conditions due to meteorological 
shifts. These changes reflect the isolated effects of climate-driven meteorology rather than the combined climate- 
emission pathways associated with SSP-RCP scenarios. Although mean global pollutant changes appear to be 
modest, the associated health benefits are not negligible, corresponding to more than 0.2 million deaths avoided 
from PM2.5 exposure, and 0.08 million deaths from O3 exposure, when aggregated across all scenarios. Our 
results underscore the importance of considering climate–meteorology interactions when assessing future air 
quality and its public-health impacts.

1. Introduction

Climate change is a major global challenge, with widespread possible 
impacts on ecosystems, economies, and human health. One key pathway 
through which climate change threatens health is by worsening air 
quality, raising exposure to harmful pollutants such as fine particulate 
matter (PM2.5) and ground-level ozone (O3) (Kinney, 2008; WHO, 
2021). The World Health Organization (WHO) has reported that poor 
ambient air quality was associated with an estimated 4.2 million pre
mature deaths in 2019 (WHO, https://www.who.int/health 
-topics/air-pollution#tab=tab_2). Long-term exposure to PM2.5 is asso
ciated with elevated risks such as ischemic heart disease, stroke, chronic 

obstructive pulmonary disease (COPD), lung cancer, and lower respi
ratory infections, making it one of the largest environmental contribu
tors to global mortality (Burnett et al., 2014; Miller et al., 2007; Pope 
and Dockery, 2006; Pope III et al., 2002). In addition, long-term O3 
exposure is primarily linked to respiratory impacts, including reduced 
lung function, airway inflammation, and exacerbation of asthma 
(Dimakopoulou et al., 2020; Jerrett et al., 2009). Both pollutants pose 
substantial health risks, particularly for sensitive populations, especially 
elderly, children, and individuals with pre-existing cardiovascular or 
respiratory diseases (EPA, 2013; WHO, 2021).

Climate change and air pollution are closely linked. An Intergov
ernmental Panel on Climate Change (IPCC) report indicated that rising 
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temperatures, altered precipitation patterns, and more extreme weather 
events are directly linked to changes in air-pollution levels. Climate 
change significantly influences local air quality by modifying meteoro
logical conditions (Andersson and Langner, 2007; Im et al., 2023; 
Westervelt et al., 2016; Zhai et al., 2019). For example, climate-driven 
temperature increases attributable to rising carbon dioxide (CO2) con
centrations can elevate surface O3 levels (Schnell et al., 2016). Changes 
in precipitation affect PM2.5 concentrations by influencing wet deposi
tion processes that affect pollutant removal (Tai et al., 2010). Climate 
change increases the frequency and intensity of wildfires, which are 
associated with high levels of PM2.5 precursor emission (Fang et al., 
2013; Kinney, 2008). Air pollutants, specifically atmospheric aerosols 
and short-lived climate forcers (SLCFs), also influence climate by 
affecting radiative forcing and cloud microphysics, in turn modulating 
temperature and precipitation patterns (IPCC, 2023; Turnock et al., 
2023).

An analysis of how PM2.5 and O3 affect air quality requires consid
eration of both the emissions and the meteorological conditions that 
drive pollutant formation and changes in pollutant levels (Von Schnei
demesser et al., 2015). Anthropogenic and natural sources of PM2.5 and 
O3 precursors include methane (CH4), ammonia (NH3), nitrogen oxides 
(NOx), volatile organic compounds (VOCs), and sulfur dioxide (SO2). All 
are chemically produced in the atmosphere, leading to the formation of 
PM2.5 and O3 (Seinfeld and Pandis, 2016). Meteorology greatly affects 
the transport, dispersion, chemical transformation, and removal of 
PM2.5 and O3. For example, high temperatures, low humidity, and low 
wind levels enhance O3 formation (Koo et al., 2012). PM2.5 levels also 
strongly depend on atmospheric temperature, precipitation, and wind 
speed (Feng et al., 2012; Hua et al., 2016). Therefore, PM2.5 and O3 
concentrations would be expected to vary with climate change (Tai 
et al., 2010, 2012b; Wang et al., 2023), which is currently rapid. It is also 
essential to study future mortality associated with air-quality changes 
attributable to climate variation (Silva et al., 2017; West et al., 2013).

Several studies have examined the effects of climate change on air 
quality. Many used statistical approaches to project future air quality 
based on historical relationships between air pollution and meteoro
logical variables (Shen et al., 2017; Tai et al., 2012b; Zhai et al., 2019). 
However, it has often been assumed that historical pollutant and 
meteorology relationships will remain valid under changing climate 
regimes. Other modeling approaches that include chemistry–climate 
models (CCMs) have been used to simulate climate–chemistry in
teractions (e.g., Westervelt et al., 2016), but high computational costs 
often limit the chemical complexity that can be considered. Chemical 
transport models (CTMs) driven by the offline meteorological fields of 
general circulation models (GCMs) are more flexible. One-way coupling 
allows consideration of many detailed chemical scenarios and simplifies 
analyses of meteorological effects on air quality (e.g., Murray et al., 
2021, 2024; Wu et al., 2008).

Climate-driven changes in surface O3 have been extensively docu
mented across regions (e.g.,Zanis et al., 2022), while numerous studies 
have also examined the influence of meteorology and climate variability 
on PM2.5 (e.g., Hua et al., 2016; Krishnaveni et al., 2024; Lin et al., 2024; 
Tai et al., 2012a; 2010; Turnock et al., 2020; Westervelt et al., 2016; 
Zhai et al., 2019). Compared to O3, PM2.5 responses tend to be more 
spatially variable and uncertain due to their shorter atmospheric life
time and stronger dependence on local conditions (Turnock et al., 2020). 
Building on the CTM-based framework of Murray et al. (2021), we 
investigated how the use of future meteorological data that reflect 
climate change influences global air-quality. We performed CTM simu
lations using future meteorological fields derived from compatible 
outputs of the Phase 6 Climate Model Intercomparison Project (CMIP6).

Previous studies (Dawson et al., 2007; Doherty et al., 2013; West
ervelt et al., 2016) generally found that the effects of climate change on 
PM2.5 and O3 concentrations were small or spatially inconsistent across 
regions; we acknowledge those conclusions. However, we further hy
pothesized that climate-driven meteorological changes, particularly in 

terms of temperature, precipitation, wind speed, and relative humidity, 
could in fact notably impact global and regional air quality, in turn 
exacerbating health risks in vulnerable regions, underscoring the need 
to consider how climate change might affect future health.

This study therefore explored whether future climate-driven mete
orological conditions should be explicitly incorporated into global air- 
quality assessments. We quantified the effects of PM2.5 and O3 concen
trations on health. To this end, we employed the GEOS-Chem model 
driven by the meteorology of Global Change and Air Pollution version 
2.0 (GCAP 2.0). In this study, we isolated the impacts of climate-driven 
meteorological changes by keeping anthropogenic and natural emis
sions, and chemical boundary conditions constant at 2015 levels. 
Therefore, the simulated changes in PM2.5 and O3 reflected 
meteorology-only sensitivity responses rather than projections of future 
air quality under the SSP-RCP emission pathways. The atmospheric 
composition changes associated with evolving emissions–particularly 
modifications in precursor emissions, methane, dust, and biogenic 
sources–are not represented. Consequently, the results should be inter
preted as the isolated influence of climate-driven meteorology, not as 
the full air-quality outcomes expected under future socioeconomic sce
narios characterized fixed at present-day conditions. This enabled clear 
attribution of the air-quality responses to climate change. In summary, 
this study investigated how climate change influences global PM2.5 and 
O3 air quality. We determined how climate-driven meteorological 
changes alone may affect future pollutant concentrations at different 
warming levels. We further evaluated the associated health implica
tions, highlighting that climate impacts alone could significantly shape 
future global and regional air-quality risks. These findings are particu
larly relevant in terms of future air-quality projections, underscoring the 
importance of considering climate change when estimating pollutant 
levels and associated health risks.

2. Methodology

We used a Goddard Earth Observing System-Chemistry model 
(GEOS-Chem) driven by GCAP2.0 meteorology to simulate the future 
spatial distributions of global air quality. We examined changes in the 
surface PM2.5 and O3 concentrations driven solely by the future climate 
changes of the SSP1–2.6, SSP2–4.5 and SSP5–8.5 scenarios. During all 
simulations, anthropogenic and natural emissions were held constant at 
2015 levels. Methane concentrations were prescribed using the default 
background methane mixing ratio in GEOS-Chem, with methane emis
sions excluded. Specifically, the surface anthropogenic emissions follow 
the harmonized year of CMIP6-compliant CEDS inventory (version 
2017-05-18; Hoesly et al., 2018). The emission processing follows the 
GCAP2.0 framework described by Murray et al. (2021). We conducted 
three main assessments. First, we compared the PM2.5 and O3 concen
trations under each climate scenario to those simulated by present-day 
meteorology. Second, we derived correlations between changes in 
PM2.5 and O3 levels and variations in the dominant meteorological 
factors. Lastly, we assessed changes in mortality attributable to PM2.5 
and O3 exposure, to evaluate the potential health implications of 
climate-driven air-quality changes. The overall research framework is 
illustrated in Fig. 1.

2.1. GEOS-chem driven by GCAP2.0 meteorology

This study used GEOS-Chem, a global three-dimensional atmo
spheric chemical transport model (v.14-1-1) (Bey et al., 2001; http: 
//www.geos-chem.org) driven by the GCAP2.0 meteorological fields 
of Murray et al. (2021). Generally, the model simulates HOx-NOx-VO
C-O3-BrOx-aerosol tropospheric chemistry using updated soil NOx 
emissions (Keller et al., 2014; Mao et al., 2013; Parrella et al., 2012). We 
performed GEOS-Chem simulation at the native 4◦ x 5◦ resolution with 
40 vertical layers. The evaluation of Jansakoo et al. (2024b) has shown 
that using this resolution does not substantially affect the regional scale 
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estimates of air pollutant concentration or its health impact assessment. 
A previous study indicated that, although localized differences may 
emerge at finer resolutions, regional averages, spatial patterns, and 
long-term trends remain largely consistent between coarse- and 
fine-resolution simulations. Given that our study focuses on global and 
regional analyses under future climate scenarios rather than on local air 
pollution estimations. Additionally, the computational resources 
required for multi-scenario, multi-year simulations under climate 
change pathways make the native 4◦ x 5◦ configuration a practical and 
widely adopted choice within the GEOS-Chem. Following established 
practice, we then re-gridded the simulated PM2.5 and O3 concentration 
to 0.5◦ x 0.5◦ prior to calculating population-weighted exposure and 
premature mortalities, consistent with previous studies (Jansakoo et al., 
2024a, 2024b; Park et al., 2024b; Uchida et al., 2025). This resolution 
was chosen to assess the global-scale spatial distribution of air quality 
under different climate scenarios.

GCAP2.0 is an updated meteorological dataset that builds on the 
original GCAP framework (Wu et al., 2007). The latest version was 
developed using outputs of the NASA Goddard Institute for Space 
Studies (GISS) GCM version E2.1 (Kelley et al., 2020; Murray et al., 
2021). GCAP2.0 meteorological fields are provided at a resolution of 2◦

latitude x 2.5◦ longitude in 40 vertical layers that are fully compatible 
with GEOS-Chem. The data are publicly available at http://atmos.earth. 
rochester.edu/input/gc/ExtData.

GCAP2.0 spans a broader temporal range than formerly, including 
1851–1860 (pre-industrial), 2001–2014 (recent past), 2040–2049 (mid- 
century), and 2090–2099 (end-of-century), and therefore supports 
future-climate studies well (e.g., Fang et al., 2013; Nazarenko et al., 
2015; Pye et al., 2009). The dataset archives hourly two-dimensional 
fields (e.g., surface temperature, precipitation, wind) and three-hourly 
three-dimensional fields, always maintaining structural consistency 
with the MERRA-2-reanalyzed weather data of the NASA Global 
Modeling Assimilation Office (Murray et al., 2021).

In this study, we used the climate scenario projections of the Scenario 
Model Intercomparison Project (ScenarioMIP) for CMIP6 (O'Neill et al., 
2016). The GCAP2.0 datasets include the meteorologies of seven future 
climate scenarios from ScenarioMIP: SSP1-1.9, SSP1–2.6, SSP2–4.5, 
SSP3-7.0, SSP4-3.4, SSP4-6.0, and SSP5–8.5, covering a range of events 

from aggressive mitigation to high warming.

2.2. Experimental design

We used the SSP1–2.6, SSP2–4.5 and SSP5–8.5 scenarios to represent 
the low, medium and high climate conditions of Tier 1 of ScenarioMIP 
(hereafter, SSP–RCP). The anthropogenic emissions and boundary con
ditions of CMIP6 and GCAP2.0 have been summarized by Riahi et al. 
(2017) and Gidden et al. (2019). The future meteorological conditions of 
GCAP2.0 were those of Murray et al. (2021), who described all datasets 
used for the simulations of the present study.

In brief, SSP1–2.6 considers a low climate impact with aggressive 
greenhouse gas mitigation and projects an average temperature rise of 
1.8 ◦C by the end of the century. SSP2–4.5 is a “middle-of-the-road” 
scenario, with a moderate climate impact and an average global tem
perature rise of 2.7 ◦C by the end of the century. Lastly, SSP5–8.5 rep
resents an extreme climate scenario, with the highest estimated rise in 
global mean temperature (4.4 ◦C) by the end of the century. Future 
scenarios were simulated for two periods: 2040–2049 (mid-century) and 
2090–2099 (end-of-century). The spatial distributions of key meteoro
logical changes (e.g., surface temperature, precipitation, and wind 
speed) are shown in Fig. A1–A6.

The baseline scenario was the HIST scenario of the present-day 
meteorology from 2005 to 2014 (denoted BASELINE). Global air- 
quality evaluations under the SSP–RCPs relative to the BASELINE 
sought to investigate changes in PM2.5 and O3 levels compared to the 
past. Table 1 illustrates the overall experimental setup, thus the climate 
scenarios, and the meteorology and emission matrices used.

In terms of the emission inventories, we assumed no changes in 
anthropogenic or natural emissions, and no changes in the chemically 
prescribed upper-atmospheric boundary conditions (e.g., ozone and 
oxidants) supplied by the GCAP2.0 fields. This experimental design 
followed that of previous studies using CTMs (Andersson and Langner, 
2007; Nolte et al., 2018; L. Yang et al., 2023) in which emissions were 
held invariant to isolate the impacts of climate change. Accordingly, the 
PM2.5 and O3 precursor concentrations were fixed at 2015 levels.

The anthropogenic emissions and chemical boundary conditions 
were taken from the CMIP6 inventory and served as defaults in the 

Fig. 1. Overall research framework of this study.

R. Samermit et al.                                                                                                                                                                                                                              Atmospheric Environment: X 29 (2026) 100430 

3 

http://atmos.earth.rochester.edu/input/gc/ExtData
http://atmos.earth.rochester.edu/input/gc/ExtData


GCAP2.0 framework. These datasets have been archived in the 
Harmonized Emissions Component (HEMCO) described by Murray et al. 
(2021). Natural emissions were also held at 2015 levels. We used offline 
emission levels that had been pre-processed and re-gridded to match the 
2.0◦ x 2.5◦ horizontal resolutions of the meteorological fields. The off
line emissions include dust (Zender et al., 2003), biogenic volatile 
organic compounds (BVOCs) (Guenther et al., 2012), sea salt and 
“SeaFlux” (Gong, 2003; Nightingale et al., 2000a, 2000b), and soil NOx 
(Hudman et al., 2012). We note that this approach does not account for 
the meteorological dependence of natural emissions, but it was adopted 
to minimize additional uncertainties and to isolate the effects of 
climate-driven meteorological changes on air quality. We acknowledge 
that meteorology-dependent variations in natural emissions can influ
ence PM2.5 and O3 concentrations, particularly at regional scales; how
ever, such feedbacks are beyond the scope of this study.

In this study, the reactive halogen chemistries of sea salt and orga
nohalogens were excluded because we focused on only meteorological 
influences without any confounding effect of halogen-driven O3 loss. 
The spatial distributions of the fixed 2015-level emissions used are 
illustrated in Fig. A7.

2.3. Climate impact assessment

2.3.1. Climate-driven changes in PM2.5 and O3 levels
To quantify long-term changes in global air quality, we assessed 

variations in the 10-year averages of PM2.5 and O3 concentrations driven 
by the SSP–RCP climate scenarios relative to those simulated under 
BASELINE (present-day) meteorological conditions. The spatial distri
butional changes in global PM2.5 and peak maximum daily 8-h ozone 
(PMDA8 O3) were calculated as decadal averages for the mid-century 
(2040–2049) and end-century (2090–2099) periods under each 
SSP–RCP scenario. Hereafter, we use the term “O3” exclusively to denote 
PMDA8 O3. The changes were then re-gridded into a horizontal 0.5◦ to 
0.5◦ latitude-longitude grid following Jansakoo et al. (2024b). Changes 
in PM2.5 and O3 concentrations were calculated using Equation (1): 

ΔCssp,i =Cssp,i − Cbase,i (1) 

where ΔCssp,i is the decadal averaged concentration change in PM2.5 in 
μg m− 3 and in O3 in ppbv at grid i; Cssp,i denotes the 10-year average 
concentrations of PM2.5 and O3 under future climate scenarios (i.e., 
SSP1–2.6, SSP2–4.5, and SSP5–8.5) (ssp) at grid i; and Cbase,i are the 
decadal averaged concentrations of PM2.5 and O3 under the present-day 
climate scenario (base) at grid i.

2.3.2. Meteorological evaluation and sensitivity analysis of PM2.5 and O3
The GEOS-Chem model has been extensively evaluated against sur

face observations for PM2.5 and O3 in numerous previous studies, 
demonstrating good performance in reproducing present-day pollutant 
concentrations (e.g., Dang et al., 2021; Hu et al., 2018; Jansakoo et al., 
2024b). In this study, emissions and chemical mechanisms are not 
modified and follow CMIP6-compliant inventories (Murray et al., 2021); 

therefore, uncertainties in the simulated pollutant responses primarily 
arise from the meteorological fields used to drive the model.

Before applying GCAP2.0 meteorological fields in GEOS-Chem, we 
evaluated whether key meteorological variables driving long-term PM2.5 
and O3 responses–namely surface temperature and precipitation–are 
reasonably represented in GCAP2.0 by comparing them with the 
MERRA-2 reanalysis for the historical period (2005–2014), thereby 
ensuring that the imposed climate perturbations behave in a physically 
consistency. This assessment provides confidence that GCAP2.0 captures 
the large-scale spatial and regional patterns necessary for diagnosing 
climate-driven air-quality responses. The evaluation approach and re
sults are presented in the next section.

We then identified six meteorological variables relevant to PM2.5 and 
O3 formation, removal, and transport (Table 2), following the frame
work of Tai et al. (2010). To confirm their statistical relevance, we 
calculated Pearson correlations between each variable and pollutant 
concentrations using historical data (2005–2014). The results shown in 
Fig. A11 illustrate the grid-based multivariate linear regression re
lationships between pollutants and meteorological variables, indicating 
the significance and direction of each pollutant–meteorology 
relationship.

We next performed grid-based sensitivity analysis to explore how 
specific meteorological variables influenced changes in PM2.5 and O3 
concentrations under different future climate conditions. This isolated 
the effects of key meteorological drivers on pollutant levels, affording 
insights into the predominant climate-related factors that shape air- 
quality responses across scenarios, regions, and seasons.

Unlike previous studies (e.g., Westervelt et al., 2016), which esti
mated the sensitivity of PM2.5 levels to meteorological variables using 
internal correlations within a single future scenario (e.g., RCP8.5), we 
focused on the differences between future and historical periods. We 
calculated the changes in PM2.5 and O3 concentrations between each 
SSP–RCP scenario and the historical baseline (HIST) and related these to 
corresponding changes in meteorological drivers. Such a 
difference-based approach allowed us to isolate long-term climate-
driven effects on air quality with emissions held constant. This better 
represents how future meteorological changes alone may drive varia
tions in PM2.5 and O3 levels.

To quantify these relationships, we used a multivariate linear 
regression approach adapted from Tai et al. (2010) [Equation (2)]: 

Δ∁= β0 +
∑6

i=1
βiΔMi + interaction term (2) 

where ΔC is the annual anomaly in terms of PM2.5 (μg m− 3) or O3 (ppbv) 
(the difference from the 10-year mean relative to that of BASELINE) and 
ΔMi is the annual anomaly of the meteorological variable i. The term βᵢ is 
the standardized regression coefficient (the slope) for variable i that 
quantifies the sensitivity of a pollutant concentration to a unit change in 
the respective meteorological driver. β0 is the regression intercept.

Note that the regression coefficients represent the statistically sig
nificant sensitivities of PM2.5 and O3 concentrations under the assump
tion that all other variables are constant. Positive (negative) coefficients 
indicate that increases (decreases) in the corresponding meteorological 
variable are associated with increases (decreases) in pollutant 

Table 1 
Experiment setup of emission and meteorology in this study.

Climate scenario name Emission 
year

Meteorological condition year

Present- 
day

Mid- 
century

End-of- 
century

HIST (BASELINE) 2015 2005- 
2014

- -

SSP1-2.6 (low) 2015 - 2040- 
2049

2090-2099

SSP2-4.5 
(Intermediate)

2015 - 2040- 
2049

2090-2099

SSP5-8.5 (Extreme) 2015 - 2040- 
2049

2090-2099

Table 2 
Meteorological variables used in this study for PM2.5 and O3 sensitivity analysis.

Variable Meteorological parameter Unit

T Surface temperature at 2 m oC
PREC Precipitation mm d− 1

WSa Surface wind speed at 10 m m s− 1

SWGDN Shortwave radiation W m− 2

RH Relative humidity %
CLDTOT Cloud fraction unitless

a WS is calculated from western wind (U10M) and southern wind (V10M).

R. Samermit et al.                                                                                                                                                                                                                              Atmospheric Environment: X 29 (2026) 100430 

4 



concentrations.

2.3.3. Assessment of health impacts
We examined how human health was affected by air-quality varia

tions induced by climate change in terms of the numbers of deaths on the 
global and regional scales of the Asia-Pacific Integrated Model (AIM- 
hub). To ensure consistently reliable mortality estimates, particularly for 
small countries where uncertainties could introduce errors, the original 
17 AIM regions were combined into 11 broader regions. This enhanced 
clarity and transparency. The details are provided in Table A2.

We considered health impacts using the integrated exposure- 
response (IER) relative risk function of Burnett et al. (2014) for PM2.5 
and the log-linear function (Malashock et al., 2022) to assess the O3 
mortality relative risk, with uncertainty characterized using 95% con
fidence intervals. Health impacts were calculated for adults aged 25 
years and older (25+). This age group was selected to reflect adult 
populations typically represented in long-term cohort studies underly
ing the exposure–response functions. We assumed the same gridded 
exposure of population data (based on SSP2) across all scenarios (Jones 
and O’Neill, 2016). For all simulations, we applied a fixed gridded 
population for the year 2015 using the SSP2 dataset. SSP-based popu
lation products represent the best available and most widely adopted 
gridded population datasets for global climate–air quality assessments 
and are consistent with the CMIP6 framework underpinning the 
GCAP2.0 meteorology and emissions. Employing a single, internally 
consistent population dataset across historical and future simulations 
allows us to isolate meteorology-driven air-quality changes without 
introducing inconsistencies arising from population data sources. This 
isolated the effect of climate change on global air-quality-induced pre
mature mortality (Fang et al., 2013). Equation (3) was used to estimate 
mortality attributable to PM2.5 and O3 exposure: 

ΔMorti,j =
[
RRj(Ci) − 1

/
RRj(Ci)

]
×Popi × y0j

(3) 

where Morti,j is the mortality caused by long-term exposure to PM2.5 and 
MDA8 O3 for region i and disease j; Ci denotes the concentration of PM2.5 
(μg m− 3) and MDA8 O3 (ppbv) in region i; RRj is the relative risk of 
disease j endpoints associated with Ci; Popi is the SSP2 population in 
region i; and y0j is the baseline mortality rate from disease j by country in 
the Global Burden of Disease (GBD) study.

For PM2.5 mortality, the relative risks (RRs) were derived from the 
IER model that estimates mortality from cerebrovascular disease 
(stroke), lung cancer (LC), ischemic heart disease (IHD), chronic 
obstructive pulmonary disease (COPD), and lower respiratory infection 
(LRI) associated with changes in PM2.5 concentrations caused by climate 
change during both periods. Following the IER model (Burnett et al., 
2014), we adopted a lower concentration cutoff (C0) of 7.5 μg m− 3, 
below which long-term mortality risks were not quantified due to 
limited epidemiological evidence at the time of IER model development. 
Equation (4) gives the RRs for PM2.5 mortality: 

RRIERj(Ci)=1 + α(1 − exp(− β(Ci − C0)
δ
)) (4) 

where α, β, and δ are the IER constants of age and the specific disease j 
(Burnett et al. 2014); and C0 is the threshold concentration (the details 
are in Table A1).

To estimate O3 mortality, each long-term projection of the hourly 
ground-level O3 concentration was calculated as the peak seasonal (6- 
month) maximum daily 8-h average (MDA8) for each period across all 
scenarios, and the RRs were estimated using the log-linear function 
(RRlog) of Equation (5). O3 mortality was considered only for COPD, in 
line with the GBD study. 

RRlog j(Ci)= exp [((MDA8 − TMREL)× β) − 1] (5) 

where β = 0.007696 is the COPD exposure coefficient of Turner et al. 
(2016) and TMREL = 32.4 ppb (Malashock et al., 2022).

We noted that a theoretical minimum risk exposure level (TMREL) of 
32.4 ppbv for O3, following the GBD study of Malashock et al. (2022). 
The TMREL represents the concentration below which no additional 
long-term mortality risk is assumed, and therefore only O3 increments 
above this level contribute to the estimated mortality burden.

3. Results

3.1. Changes in global PM2.5 and O3 concentrations

In terms of the spatial distributions, our simulations projected that 
climate change will increase surface PM2.5 levels over tropical regions 
and the Southern Hemisphere but decrease them across parts of the 
Northern Hemisphere in both periods (Fig. 2a). This is consistent with 
the findings of Westervelt et al. (2016), who highlighted the 
climate-related benefits of increased precipitation in terms of reducing 
PM2.5 levels by the end of the century. We additionally found that the 
pattern changes in PM2.5 levels were possibly attributable to changes in 
sulfate, nitrate, and ammonium (SNA) levels (Fig. A8). In particular, 
sulfate levels tended to increase globally by the end of the century under 
SSP2–4.5 and SSP5–8.5, but to decline under SSP1–2.6. In contrast, both 
nitrate and ammonium concentrations were projected to decline glob
ally across all SSP–RCP scenarios. These contrasting trends imply that 
climate-driven changes in chemistry and meteorology may influence the 
formation and distribution of PM2.5 components.

In terms of spatial surface O3 (Fig. 2b), increases over land were 
observed in many regions, including parts of China, the Middle East, 
South America, and Africa, attributable to high emissions of precursors 
such as NOx and VOCs under favorable meteorological conditions. 
However, decreases in O3 levels over other regions (e.g., India, the 
former Soviet Union [FSU], and North America) and the oceans were 
clearly observed, particularly under the end-of-century climate condi
tions. This land-ocean contrast is broadly consistent with that observed 
in previous studies (e.g., Lam et al., 2011; Murray et al., 2024; Zanis 
et al., 2022) that reported similar spatial patterns under future climate 
conditions, implying that regional responses may be more complex than 
previously recognized, being potentially influenced by localized mete
orological or chemical conditions.

The spatial distributions of climate-driven changes in seasonal PM2.5 
and O3 concentrations exhibited clear seasonal dependencies across all 
SSP–RCPs (Figs. A9 and A10). For PM2.5, the highest global shifts were 
observed during the JJA and DJF seasons and exceeded 0.1 μg m− 3 

under SSP5–8.5 at the end of the century. SSP1–2.6 and SSP2–4.5 
exhibited similar seasonal PM2.5 patterns, but the changes were smaller, 
particularly over North Africa and parts of Europe. In contrast, during 
the MAM and SON seasons, changes in annual global PM2.5 levels were 
lower than those projected under DJF and JJA.

O3 concentrations also exhibited notable seasonal variations 
(Fig. A10). Although the global mean changes generally declined, 
especially over oceans, the surface O3 levels over land exhibited distinct 
seasonal patterns. An increase in O3 was observed during the JJA and 
SON seasons across most SSP–RCPs, particularly over land in the 
Northern Hemisphere. In contrast, the MAM season exhibited consistent 
decreases in O3 across many regions, especially North America, but 
slight increases in certain localized areas. These findings highlight the 
critical roles played by seasonal meteorological conditions (tempera
ture, precipitation, solar radiation, and atmospheric circulation) in 
terms of the formation, transport, and removal of air pollutants under 
future climate scenarios.

In terms of the mean changes in PM2.5 (Fig. 3a), by mid-century, 
global mean PM2.5 values decreased by − 0.31 μg m− 3, –0.19 μg m− 3, 
and –0.21 μg m− 3 under SSP1–2.6, SSP2–4.5, and SSP5–8.5, respec
tively. By the end of the century, PM2.5 levels continued to decline, 
(especially under SSP1–2.6 with the largest decrease of − 0.57 μg m− 3). 
The changes differed across the scenarios, driven by distinct meteoro
logical shifts. At the regional level, decreases of–0.2 μg m− 3 or more 
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were observed, especially for China, the Middle East, North America, the 
FSU, and Europe, under both timeframes. In contrast, South America 
exhibited increased PM2.5 concentrations under all SSP–RCP scenarios, 
ranging from +0.01 to +0.86 μg m− 3.

In terms of the mean change in O3 (Fig. 3b), decreases in surface 
levels were observed globally and across most regions. Reductions of 
− 0.05 ppbv or more were projected in many areas. This downward trend 
was consistent across the scenarios, and particularly evident toward the 
end of the century, with SSP1–2.6 showing a modest decline (− 0.38 
ppbv), but SSP2–4.5 (− 0.69 ppbv) and (especially) SSP5–8.5 (− 1.20 
ppbv) showing greater declines. The spatial patterns (Fig. 2b) revealed 
both increases and decreases, but the global and regional means were 

net reductions, reflecting widespread O3 loss driven by climate-induced 
increases in humidity and temperature.

3.2. Evaluation of GCAP2.0 meteorology and sensitivity of PM2.5 and O3

3.2.1. Evaluation of GCAP2.0 meteorological fields
The GCAP2.0 meteorological fields were evaluated by comparing 

surface temperature (T) and precipitation (PREC) against the MERRA-2 
reanalysis for the historical period (2005–2014) (Fig. 4a–d).

Surface temperature from GCAP2.0 reproduced the large-scale 
spatial patterns with strong agreement over both land and ocean (R =
+0.99). Warm biases were found primarily over the Northern 

Fig. 2. Spatial distribution changes of global concentration in the mid-century (2040-2049) and the end of century (2090-2099) periods (from left to right) due to 
climate change under SSP1-2.6, SSP2-4.5 and SSP5-8.5 relative to BASELINE for PM2.5 in μg m− 3 (a); and Ozone in ppbv (b). See the PM2.5 composition changes in 
Sulfate, Nitrate, and Ammonium (SNA) in the supplementary materials.
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Hemisphere oceans and high-latitude regions, consistent with previous 
evaluations of GCAP2.0 and other free-running GCMs. These warm de
viations are expected because GCAP2.0 inherits the radiative and cloud 
parameterizations of the GISS-E2-1-G model, whose radiation code and 
lack of data assimilation can lead to slightly higher temperatures than 
MERRA-2 (Murray et al., 2021). Over land, temperature biases were 
generally small across most regions (e.g., North America, Europe, Japan, 
China, and the Former Soviet Union), where the interquartile ranges 
remained narrow, indicating robust agreement with MERRA-2. More 
pronounced warm biases occurred mainly in polar-influenced high-
latitude regions and parts of the Southern Hemisphere, reflecting known 
characteristics of GCM temperature fields.

For precipitation, GCAP2.0 captured the broad spatial patterns but 
exhibited weaker agreement with MERRA-2 than temperature. Corre
lations were higher over the oceans (R = +0.81) than over land (R =
+0.73), reflecting the smoother large-scale variability of oceanic pre
cipitation and the greater heterogeneity of land-based precipitation 
processes. Moderate wet biases appeared across many land regions, 
including parts of North America, Europe, and Asia, while dry biases 
were more pronounced in high-latitude regions and portions of the 
Southern Hemisphere oceans. In addition, GCAP2.0 produced higher 

precipitation over oceanic regions near the Intertropical Convergence 
Zone (ITCZ) than MERRA-2, a pattern consistent with the known ten
dency of GCM convective parameterization schemes to overestimate 
precipitation in the tropics (Murray et al., 2021).

3.2.2. Sensitivity of climate-driven meteorological changes in global PM2.5 
and O3 levels

The GEOS-Chem simulations do not include climate-chemistry 
feedback. We therefore quantified the sensitivities of global PM2.5 and 
O3 levels to changes in six key meteorological variables using the mul
tiple linear regression model described in Section 2.3.2. Overall, the 
sensitivity patterns revealed that surface PM2.5 and O3 concentrations 
responded to meteorological drivers in a spatially consistent manner 
across the scenarios. However, the direction (sign) and the magnitude of 
the response depended on the climate conditions of each SSP–RCP. The 
climate dynamics and pollutant sensitivities differed regionally.

Fig. 5 shows the spatial distributions of the regression coefficients for 
global PM2.5, indicating the directions and magnitudes of the sensitiv
ities with respect to changes in temperature and precipitation. The 
sensitivities to the remaining meteorological variables are provided in 
Fig. A12, which shows consistent spatial patterns but with weaker or 

Fig. 3. Mean of global and regional surface PM2.5 concentration (a) and peak daily maximum 8-h ozone (PMDA8 O3) concentration (b) during the mid- (MID) and 
end- (END) century relative to the BASELINE.
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more localized responses. Table 3 summarizes the average global re
sponses. Overall, PM2.5 levels were positively sensitive to surface tem
perature (ΔPM2.5/ΔT) over both time frames, indicating that warming 
was associated with enhanced PM2.5 levels, likely reflecting the com
bined influence of temperature-driven secondary aerosol formation and 
regionally dependent changes in precipitation and wet deposition pro
cesses. The greatest temperature responses were those under SSP2–4.5 
(+0.073 μg m− 3) and SSP5–8.5 (+0.072 μg m− 3) at mid-century. Pre
cipitation exhibited negative sensitivities across all scenarios under both 
periods; wet scavenging removes pollutants. The largest effect was that 
under SSP5–8.5 at mid-century (− 0.783 μg m− 3). Increased wind speeds 
also exerted a consistently negative influence, especially under 
SSP2–4.5 at the end of the century (− 0.04 μg m− 3), implying more 
effective pollutant dispersion. PM2.5 likely responded positively to the 
cloud fraction, especially under SSP2–4.5 and SSP5–8.5 at the end of the 
century, with increases of more than +0.07 μg m− 3, possibly attributable 
to suppressed photochemical activity and decreased boundary-layer 
mixing under high cloud. The influence of shortwave radiation was 
relatively weak, but RH consistently exhibited strong negative sensi
tivities across all scenarios, particularly under SSP1–2.6 and SSP2–4.5 at 

mid-century (approximately − 0.07 μg m− 3), implying that higher hu
midity may suppress aerosol formation or promote particle growth 
beyond the fine fraction. The high explained R2 values (0.75–0.77) 
across all cases indicate that the key meteorological drivers covered a 
substantial proportion of the PM2.5 variability under future climate 
conditions.

O3 concentrations also demonstrated clear responses to meteoro
logical changes, particularly temperature and RH, with distinct global 
patterns across the scenarios (Fig. 6 and Fig. A13). Although positive 
temperature–O3 relationships have been widely documented in regional 
studies (Jacob and Winner, 2009; Lou et al., 2015), our global-scale 
analysis revealed negative associations between O3 and both tempera
ture and cloud fraction (Fig. A13c). This apparent relationship likely 
reflects the combined influence of correlated meteorological variables, 
including cloudiness and relative humidity (Fig. A11), which exert 
strong suppressive effects on photochemical O3 formation (Doherty 
et al., 2013), rather than a direct temperature-driven response alone.

Table 4 lists the surface O3 changes by variations in the six key 
meteorological components. Globally, a strong negative sensitivity to 
temperature change (ΔO3/ΔT) was apparent, particularly under 

Fig. 4. Evaluation of surface temperature (T) and Precipitation (PREC) fields in GCAP2.0 against MERRA-2 for the historical data (2005-2014). (a–b) Spatial dis
tribution change of GCAP2.0 relative to MERRA-2. (c–d) Grid-based scatterplots comparing GCAP2.0 and MERRA-2. Colors indicate land and ocean points. Pearson 
correlation coefficients and linear regression equations are shown for each type. (e–f) Regional distributions of GCAP2.0–MERRA-2 biases. Boxes represent the 
interquartile range, horizontal lines denote the median, and whiskers show variability across regions. Positive values indicate that GCAP2.0 exceeds MERRA-2.
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SSP5–8.5 at the end of the century (− 0.243 ppbv), followed by SSP2–4.5 
(− 0.124 ppbv) and SSP1–2.6 (− 0.094 ppbv). The RH sensitivity (ΔO3/ 
ΔRH) also exhibited consistently strong negative influences across all 
scenarios, particularly under SSP1–2.6 and SSP5–8.5 at the end of the 
century (− 0.062 and − 147 ppbv, respectively). In contrast, the short
wave radiation sensitivity (ΔO3/ΔSWGDN) exhibited a consistently 
positive association with surface O3 concentrations across all scenarios 
and timeframes. This was to be expected; more solar radiation enhances 
photolysis of O3 precursors such as NOx, thereby accelerating photo
chemical O3 production. The effect of the cloud fraction was more 

variable, with some responses being negative (e.g., − 0.022 ppbv under 
SSP5–8.5 mid-century) and others positive (+0.101 ppbv under 
SSP5–8.5 at end-century), depending on the scenario and the climate 
conditions. Although wind speed and precipitation are not direct 
chemical drivers of O3 production, indirect effects were evident. Both 
factors contributed a substantial proportion of the variance in O3 
changes (R2 up to 0.70), likely because they affected pollutant transport, 
atmospheric dispersion, and precursor removal via convection and wet 
deposition (Doherty et al., 2013; Fiore et al., 2012).

Fig. 5. Spatial distributions of the standardized regression coefficients (β) of changes in PM2.5 (ΔPM2.5) with respect to temperature (ΔT) and precipitation (ΔPREC) 
under SSP1-2.6, SSP2-4.5, and SSP5-8.5 for the mid-century (MID) and end-of-century (END) periods. Dots indicate statistically significant grid cells (p < 0.05). 
Results for other key meteorological variables (WS, RH, CLDTOT, SWGDN) are provided in Fig. A12.
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3.3. Climate change-induced air-quality impacts on mortality

Fig. 7 shows the mortality changes under future climate scenarios 
relative to those under the BASELINE condition. The changes are pre
sented both globally and regionally.

In terms of PM2.5 mortality (Fig. 7a), regional analysis indicated that 
global premature deaths attributable to PM2.5 exposure by mid-century 
were projected to decline by − 0.032 million deaths under SSP1–2.6, 
− 0.019 million deaths under SSP2–4.5, and − 0.017 million deaths 
under SSP5–8.5. By the end of the century, the estimated reductions in 
PM2.5-related mortality further increased, to − 0.078 million deaths 
under SSP1–2.6, − 0.045 million deaths under SSP2–4.5, and − 0.014 
million deaths under SSP5–8.5. The reduction in PM2.5 induced by 
climate change across all SSP–RCP scenarios decreased deaths, consis
tent with previous studies conducted using RCP-based climate scenarios 
(e.g., Silva et al., 2017; West et al., 2013), which also reported 
climate-driven air-quality improvements and associated health benefits.

At the regional level, the most deaths avoided were in China, India, 
other Asian countries, the FSU, and Europe, both at the mid-century and 
the end of the century. Notably, despite having high population densi
ties–which would typically increase vulnerability to pollution-induced 
health impacts–countries such as China still exhibit substantial net de
clines in PM2.5-related mortality by the end of the century, with − 36.4, 
− 31.1, and − 43.3 thousand deaths avoided under SSP1–2.6, SSP2–4.5, 
and SSP5–8.5, respectively. These declines occur because climate-driven 
reductions in PM2.5 concentrations offset the population–related health 
risks. This implies that climate-related improvements in meteorological 
conditions (e.g., increased dispersion or precipitation) mitigate air- 
pollution-related health risks, even in heavily polluted/populated re
gions. In contrast, increased PM2.5-related mortality was observed 
elsewhere under SSP5–8.5 by the end of the century, with premature 
deaths rising by up to 20.4 thousand deaths in Southeast Asia and 19.1 
thousand deaths in South America. These findings emphasize both the 
potential benefits of climate mitigation and the uneven, region-specific 
nature of climate-induced air-pollution risks.

In terms of O3 mortality, Fig. 7b shows that global average O3 
mortality was projected to decrease under all SSP–RCP scenarios for 
both periods, except for SSP1–2.6 at the end of the century. By mid- 
century, global O3-related premature deaths declined by − 0.0006, 
− 0.01, and − 0.001 million deaths under SSP1–2.6, SSP2–4.5, and 
SSP5–8.5, respectively. At the end of the century, global average O3 
mortality fell by − 0.004 and − 0.006 million deaths under SSP2–4.5 and 
SSP5–8.5, respectively, but under SSP1–2.6 increased by +0.004 million 
deaths. This implies that even under the relatively modest warming of 

SSP1–2.6–considerably lower than the warming projected under 
SSP2–4.5 and SSP5–8.5–the combination of higher temperatures and 
other favorable meteorological conditions (e.g., increased solar radia
tion or stagnation) can still enhance O3 formation and lead to increases 
in O3-related mortality by the end of the century.

At the regional level, O3-related mortality in most regions was pro
jected to decrease across all SSP–RCP scenarios for both timeframes. In 
particular, SSP1–2.6 was associated with widespread reductions, 
particularly in India, Europe, and North America (− 3.91, − 1.23, and 
− 0.74 thousand deaths by mid-century). Similar patterns were observed 
under SSP2–4.5 and SSP5–8.5 for the same period, but with greater 
reductions, reflecting stronger climate-driven benefits. In contrast, 
China exhibited a divergent pattern. By mid-century, China experienced 
an increase in O3-related mortality under SSP1–2.6 (+2.70 thousand 
deaths) although decreases were apparent under SSP2–4.5 (− 1.03 
thousand deaths) and SSP5–8.5 (− 0.78 thousand deaths). By the end of 
the century, O3-related premature deaths in China increased sharply 
under all scenarios; +3.61 thousand deaths under SSP2–4.5, +7.83 
thousand deaths under SSP1–2.6, and +8.20 thousand deaths under 
SSP5–8.5. This indicates that, even with emissions held constant, 
climate-induced meteorological changes such as temperature and cloud 
cover variations may either significantly enhance or suppress O3 for
mation, in turn increasing or decreasing the health impacts. Such dy
namics can amplify or offset the effects of emission changes, even in 
regions already at risk of high O3 levels. The findings underscore the 
need to consider climate-pollution interactions during future air-quality 
and health-impact assessments.

To understand the relative roles of climate- and emission-driven 
changes in air pollution–related mortality, we compared future pro
jections of PM2.5- and O3-attributable deaths with a reference scenario 
based on SSP2 emissions under fixed present-day climate conditions, 
hereafter referred to as the BaU case.

This BaU scenario follows the SSP2 (“middle-of-the-road”) pathway, 
which is the default baseline used in the AIM-Hub framework for con
structing consistent global emission trajectories (Fujimori et al., 2017, 
2018; Riahi et al., 2017). SSP2 provides balanced assumptions regarding 
population, GDP, energy use, land-use patterns, and technological 
development, without strong mitigation or fragmentation trends, mak
ing it an appropriate policy-neutral reference scenario.

By excluding climate responses associated with SSP2–RCP pathways 
(e.g., SSP2–4.5), this design allows the BaU case to represent a 
meteorology-as-usual reference, thereby enabling a clear separation 
between emission-driven and climate-driven impacts when compared 
with the climate-change experiments. Fig. A14 shows the PM2.5 and O3 

Table 3 
Summary of global mean standardized regression coefficients with 99% confident interval (CI)and explained variance (R2) from multiple linear regression between 
global annual surface PM2.5 changes (ΔPM2.5) and six climate-driven meteorological variables (surface temperature (ΔT), precipitation (ΔPREC), cloud fraction 
(ΔCLDTOT), wind speed (ΔWS), shortwave radiation(ΔSWGDN), and relative humidity(ΔRH)) under SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios for the mid-century 
(2040-2049) and end-of-century (2090-2099) periods.

Region Scenario Perioda) Regression coefficient [99%CI] Explained 
R2b)

ΔPM2.5/ΔT ΔPM2.5/ΔPREC ΔPM2.5/ΔWS ΔPM2.5/ΔRH ΔPM2.5/ 
ΔCLDTOT

ΔPM2.5/ΔSWGDN

Global SSP1- 
2.6

MID 0.018 [0.014, 
0.021]

− 0.053 [-0.057, 
− 0.048]

− 0.005 [-0.009, 
− 0.002]

− 0.071 [-0.077, 
− 0.064]

0.07 [0.064, 
0.077]

− 0.021 [-0.027, 
− 0.014]

0.75

END 0.052 [0.048, 
0.055]

− 0.026 [-0.029, 
− 0.023]

− 0.029 [-0.033, 
− 0.025]

− 0.065 [-0.07, 
− 0.059]

0.069 [0.061, 
0.076]

0.03 [0.023, 
0.038]

0.75

SSP2- 
4.5

MID 0.073 [0.069, 
0.078]

− 0.046 [-0.051, 
− 0.041]

− 0.017 [-0.021, 
− 0.013]

− 0.067 [-0.068, 
− 0.052]

0.053 [0.046, 
0.061]

− 0.013 [-0.022, 
− 0.003]

0.76

END 0.02 [0.016, 
0.024]

− 0.012 [-0.016, 
− 0.008]

− 0.039 [-0.043, 
− 0.035]

− 0.03 [-0.036, 
− 0.024]

0.088 [0.079, 
0.097]

0.073 [0.062, 
0.083]

0.75

SSP5- 
8.5

MID 0.072 [0.067, 
0.077]

− 0.048 [-0.054, 
− 0.042]

− 0.022 [-0.027, 
− 0.017]

− 0.039 [-0.047, 
− 0.03]

0.056 [0.048, 
0.063]

− 0.039 [-0.047, 
− 0.031]

0.77

END 0.061 [0.057, 
0.064]

− 0.027 [-0.031, 
− 0.023]

− 0.01 [-0.014, 
− 0.007]

− 0.042 [-0.048, 
− 0.036]

0.071 [0.065, 
0.077]

− 0.004 [-0.01, 
0.003]

0.74

a) MID denotes The mid-century; and END denotes The end-of-century.
b) R2 corresponds to the model fit across all grid cells.
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precursor emissions under this reference scenario (or BaU). This offers a 
perspective on how climate-induced meteorological changes alone 
affect global air-pollution-related health outcomes, independent of 
emission trends.

Fig. 8 shows the mortality impacts attributable to global PM2.5 and 
O3 under various climate-driven scenarios (HIST, SSP1–2.6, SSP2–4.5, 
and SSP5–8.5) compared to the emission-driven scenario (BaU). We 
found that climate-driven PM2.5-related mortality was lower than that of 
BaU during the present-day and at mid-century (2050s) but became 
higher than that of BaU by the end of the century (2100), particularly 
under SSP5–8.5 (+16.1%).

In contrast, climate-driven O3 mortality was consistently lower than 

that of the BaU scenario across all scenarios and timeframes, with sub
stantial reductions of approximately − 60% by mid-century and − 80% 
by the end of the century. This difference likely reflects the role of 
methane emission increases under the SSP2-based BaU scenario in 
enhancing background O3 concentrations, thereby contributing to 
higher ozone-related mortality relative to the climate-driven simula
tions. At the regional scale, increases and/or decreases in PM2.5- and O3- 
related mortality were observed, particularly in highly populated re
gions such as China, Japan, and India. These variations emphasize the 
spatial heterogeneity of climate-driven health outcomes, with particular 
regions experiencing either a health benefit or penalty depending on the 
local meteorological responses (Fig. A15).

Fig. 6. The same as Fig. 5 but for Ozone (ΔO3). Results for other key meteorological variables (WS, RH, CLDTOT, SWGDN) are provided in Fig. A13.

R. Samermit et al.                                                                                                                                                                                                                              Atmospheric Environment: X 29 (2026) 100430 

11 



4. Discussion and limitations

We used GCAP2.0 meteorological fields to drive the GEOS-Chem 
model under different SSP–RCPs. This estimated the effects of 

pollutants on future air quality and human health. We found that 
magnitudes and intensities of the PM2.5 and O3 concentrations depended 
on the meteorological changes in the SSP–RCP scenarios over both the 
mid-century and end-of-century time frames (Sections 3.1 and 3.2).

Table 4 
The same as Table 3 but for Ozone (ΔO3).

Region Scenario Perioda) Regression coefficient [99%CI] Explained 
R2b)

ΔO3/ΔT ΔO3/ΔPREC ΔO3/ΔWS ΔO3/ΔRH ΔO3/ΔCLDTOT ΔO3/ΔSWGDN

Global SSP1- 
2.6

MID − 0.208 [-0.212, 
− 0.204]

0.100 [0.096, 
0.105]

− 0.031 [-0.034, 
− 0.028]

− 0.059 [-0.064, 
− 0.055]

− 0.068 [-0.074, 
− 0.063]

0.012 [0.007, 
0.018]

0.73

END − 0.094 [-0.097, 
− 0.091]

− 0.006 [-0.009, 
− 0.004]

− 0.029 [-0.032, 
− 0.026]

− 0.062 [-0.065, 
− 0.058]

− 0.014 [-0.019, 
− 0.009]

0.03 [0.025, 
0.036]

0.75

SSP2- 
4.5

MID − 0.154 [-0.158, 
− 0.151]

0.122 [0.118, 
0.126]

− 0.012 [-0.015, 
− 0.009]

− 0.052 [-0.056, 
− 0.047]

0.004 [-0.002, 
0.009]

0.074 [0.069, 
0.079]

0.75

END − 0.123 [-0.127, 
− 0.12]

0.044 [0.042, 
0.047]

0.026 [0.023, 
0.029]

− 0.04 [-0.044, 
− 0.036]

− 0.083 [-0.088, 
− 0.077]

0.032 [0.038, 
0.027]

0.74

SSP5- 
8.5

MID − 0.243 [-0.247, 
− 0.24]

0.112 [0.107, 
0.116]

0.03 [0.026, 
0.033]

− 0.047 [-0.052, 
− 0.042]

− 0.022 [-0.028, 
− 0.016]

0.046 [0.039, 
0.052]

0.74

END − 0.124 [-0.127, 
− 0.121]

0.044 [0.041, 
0.047]

− 0.064 [-0.067, 
− 0.061]

− 0.147 [-0.151, 
− 0.143]

0.101 [0.096, 
0.106]

0.068 [0.064, 
0.073]

0.74

a) MID denotes The mid-century; and END denotes The end-of-century.
b) R2 corresponds to the model fit across all grid cells.

Fig. 7. Global and regional mean changes in PM2.5- and O3-related premature mortality for adults aged 25 years and older (25+) under different climate scenarios. 
Results are shown for the mid-century (2040–2049) and end-of-century (2090–2099) periods relative to the present day (2005–2014). Error bars indicate 95% 
confidence intervals.
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It is important to note that these responses reflect meteorological 
sensitivity rather than projections of future air quality under the 
SSP–RCP scenarios. In this study, all anthropogenic and natural emis
sions, and chemical boundary conditions were fixed at 2015 levels; 
therefore, the simulated concentration changes arise solely from pre
scribed meteorological perturbations. They do not include the dynami
cally changing emissions, greenhouse gas trajectories, or atmospheric 
composition changes that accompany the actual SSP pathways. Thus, 
processes such as changes in methane, biogenic and wildfire emissions, 
and aerosol–radiation or aerosol–cloud feedback–each of which would 
influence PM2.5 and O3 in realistic future projections–are not repre
sented here.

Accordingly, while our results highlight the substantial role of 
meteorology in shaping pollutant levels, they should not be interpreted 
as indicating that climate change alone will improve air quality or 
reduce health burdens. Instead, this study quantifies the isolated effect 
of climate-driven meteorological changes, providing insight into one 
component of the broader climate–air quality system. In addition, 
consistent with previous studies (e.g., Dawson et al., 2007; Doherty 
et al., 2013), our results show that climate-driven changes in PM2.5 and 
O3 are highly region-specific and spatially heterogeneous. This pro
nounced regional to local variability highlights the importance of 
developing downscaled climate projections to support more robust 
air-quality assessments and inform effective air-quality and climate 
policies at national to continental scales.

4.1. Effects of climate on air quality: patterns and drivers

4.1.1. PM2.5 projection
Global average PM2.5 concentrations under future climate changes 

declined across most scenarios, particularly by the end of the century. 
However, the magnitudes and spatial distributions of such changes were 
strongly modulated by the regional meteorological variations of the 
SSP–RCP scenarios. Climate-driven reductions in PM2.5 were most pro
nounced in the Northern Hemisphere, but PM2.5 levels increased over 
the Southern Hemisphere and oceans. These findings are consistent with 
those of (Murray et al., 2024), who highlighted how increased precipi
tation enhances PM2.5 removal via wet deposition. We newly found that 
increased wind speeds also contribute significantly to PM2.5 reduction 
by promoting pollutant dispersion, particularly in mid-to high-latitude 
locations.

The most pronounced PM2.5 reductions observed were in North 
America, Europe, and China, where enhanced precipitation and wind 
speeds contributed to efficient pollutant removal. These patterns are 
broadly in agreement with those of previous CCM studies (e.g., West
ervelt et al., 2016). Notably, although the cited authors reported rela
tively weak PM2.5 sensitivities to the cloud fraction and RH under the 
CM3 model, we found substantial and spatially coherent influences of 
both variables globally. This implies that GEOS-Chem driven by 
GCAP2.0 (as in the present study) better reveals the aerosol-cloud and 
humidity interactions and therefore captures the roles played by these 
variables in terms of modulating secondary aerosol formation and wet 
scavenging.

We conclude that, unlike fully coupled models that include the 
evolution of emissions and chemical feedback, the use of a CTM with a 
finer spatial resolution ensures a more straightforward representation of 
how climate sensitivity affects air quality. This is supported by the broad 
spatial coverage of statistically significant grid cells in our regression 
analysis, indicating that the model better captured the localized re
sponses of PM2.5 to meteorological drivers.

Fig. 8. Projected number of mortality attributable to PM2.5 (a) and ozone (b) under climate-driven scenarios (HIST, SSP1-2.6, SSP2-4.5, SSP5-8.5), compared to the 
emission-driven baseline (BaU). Values represent the relative change in annual mortality (%) between the climate-driven scenarios and BaU. The error bars represent 
95% confidence intervals.
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4.1.2. O3 projections
Globally, surface O3 concentrations over both land and oceans 

decreased across the SSP–RCP scenarios (Fig. 2). The most pronounced 
reductions were in regions exhibiting limited emissions of O3 precursors, 
such as remote marine environments, where warming-induced increases 
in water vapor levels likely accelerated O3 removal via chemical and 
radiative mechanisms. This behavior is consistent with that reported by 
Murray et al. (2024), who identified similar marine O3 responses linked 
to humidity increases that were governed by the Clausius-Clapeyron 
relationship. Moreover, our spatial patterns align with those of Zanis 
et al. (2022), who used CMIP6 CCMs to identify strong O3 sensitivity to 
temperature over land, and weaker or negative responses over oceans. 
Although Murray et al. (2024) attributed the marine O3 reductions in 
part to the reactive halogen chemistry explicitly represented in their 
CTM, our GEOS-Chem does not include the interactive bromine chem
istry of sea salt. Thus, our O3 reductions over oceans are attributable 
solely to climate-driven meteorological processes such as increased 
water vapor levels and temperature. Our findings highlight the impor
tant roles of fundamental climate processes-including temperature, 
cloud fraction, and relative humidity-in modulating O3 concentrations 
(Table 4), while emphasizing that the response to each variable reflects 
their combined and interrelated influences rather than independent 
effects.

4.2. Health implications of future air-quality changes

We compared the health mortality assessment of our study to that of 
West et al. (2013). We found that, whereas the cited authors projected 
substantial health co-benefits from simultaneous greenhouse gas miti
gation and emission reductions, our fixed-emissions approach revealed 
that climate-driven meteorological changes alone can also yield mean
ingful decreases in PM2.5- and O3-related premature mortality. Although 
the numbers of deaths avoided in our study are smaller than those of the 
cited authors because we did not consider emission controls, our results 
demonstrate that climate changes independently influence air-quality 
and health outcomes.

Furthermore, compared to the BaU scenario that assumes evolving 
anthropogenic emissions without accounting for climate effects, our 
climate-driven simulations reveal pollutant-specific health outcomes. 
PM2.5-related mortality under BaU increases through mid-century and 
declines by the end of the century, reflecting the projected emission 
reductions. In contrast, our simulations show a more modest decline in 
PM2.5 mortality at mid-century, and even elevated mortality by the end 
of the century, because of climate-induced increases in pollutant 
concentrations.

Moreover, even identical pollutant concentrations may yield 
different health outcomes under intensified climate stress–such as 
higher temperatures and humidity extremes–expected in high-forcing 
scenarios like SSP5-8.5. This underscores that our mortality estimates 
represent concentration-driven responses only, without accounting for 
the potential amplification of health risks under severe future climate 
conditions. In contrast, O3-related mortality consistently decreases in 
our climate-driven projections, implying that meteorological changes 
alone can yield substantial health co-benefits, even in the absence of 
direct emission controls. This difference may, at least in part, reflect 
methane emission increases under the SSP2-based BaU scenario, which 
can enhance background O3 concentrations and contribute to higher 
ozone-related mortality relative to the climate-driven simulations.

4.3. Limitations

Our study had certain limitations that we will address in future. First, 
our study employs GEOS-Chem in a one-way coupled to GCAP2.0 
configuration. As a result, the model does not represent aero
sol–radiation or aerosol–cloud interactions and therefore cannot 
explicitly capture the bidirectional feedback between air pollutants and 

meteorology. However, because our objective was to isolate the sensi
tivity of PM2.5 and O3 concentrations to meteorology-only changes 
under constant emissions, the one-way framework provides a trans
parent and interpretable setup in which concentration differences can be 
attributed solely to prescribed meteorological changes. Consequently, 
the absence of two-way coupling does not bias our results in the sense of 
producing incorrect future projections, as we do not attempt to simulate 
the fully coupled atmosphere–chemistry system associated with 
evolving SSP–RCP emissions. However, the magnitude of climate-driven 
concentration changes may differ in fully coupled Earth system models, 
and this should be considered when interpreting the results. Although 
GCAP2.0 meteorology reproduces the large-scale spatial patterns of 
temperature and precipitation when compared with MERRA-2, residual 
regional biases–particularly in high-latitude temperature and tropical 
precipitation–remain inherent to GCM-derived meteorological fields. 
These uncertainties may influence the magnitude of the simulated PM2.5 
and O3 sensitivities and should be considered when interpreting the 
results. Similarly, the associated mortality estimates represent 
meteorology-induced exposure sensitivities rather than predictions of 
future health outcomes under co-evolving climate and emission 
trajectories.

Second, we did not investigate changes in climate-driven emissions 
such as wildfires, dust, and biogenic sources, which are projected to 
intensify strongly under warming and could substantially affect both the 
PM2.5- and O3-concentration-associated health outcomes (Lee and Jaffe, 
2024; Park et al., 2024a, 2024b). We isolated the effects of meteoro
logical conditions to avoid the uncertainties associated with projection 
of climate-sensitive emissions. However, this exclusion likely means that 
our estimated climate impacts are conservative lower bounds. Wildfires, 
dust transport, and biogenic VOCs generally increase pollutant burdens. 
However, local conditions may yield mixed or indeed offsetting effects, 
implying that our qualitative conclusions remain robust. Future work 
should consider climate-sensitive natural emissions for more compre
hensive assessment of both air quality and health impacts.

Third, we did not consider the interannual variations in–and climate 
extremes of–meteorological conditions that would influence PM2.5 and 
O3 concentrations. Our purpose was to evaluate how long-term weather 
pattern changes will affect global air quality by mid-century 
(2040–2049) and the end of the century (2090–2099). This minimized 
the effects of interannual short-term meteorological fluctuations and 
emphasized the climate-induced long-term trends. However, future 
studies should consider the effects of interannual variations and climate 
extremes (in terms of meteorological conditions) on air quality. This 
would yield insights into short-term fluctuations and their implications 
in terms of regional air-quality management.

Finally, this study derived health-impact assessments for PM2.5- and 
O3-related mortality under the assumption that all future scenarios 
exhibited the same population exposure. This isolated the impacts of 
global air quality induced solely by meteorological conditions and 
climate change under different SSP–RCP scenarios. We did not consider 
population aging or the fact that mortality increases with age. These 
assumptions are significant (Turnock et al., 2023; H. Yang et al., 2023). 
Future studies should consider changes in population size, age structure, 
and baseline mortality to ensure a comprehensive understanding of 
future air-pollution-related mortality. This would aid public-health 
planning/policymaking under different climate scenarios.

5. Conclusion

This study assessed the long-term impacts of climate-driven meteo
rological changes on global air quality and health. We used the GEOS- 
Chem model driven by GCAP2.0 meteorological data under multiple 
climate scenarios. To provide a global perspective on how meteorolog
ical conditions and climate change affect PM2.5 and O3 levels, we 
assessed future global air quality under three SSP–RCP scenarios 
(SSP1–2.6, SSP2–4.5 and SSP5–8.5).
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It is essential to consider meteorological and climate impacts on 
global air quality. Although emissions remain the primary driver of 
pollution, meteorological variations including temperature, humidity, 
wind patterns, and other variables influence pollutant distribution, 
chemical transformation, and removal. Meteorological changes miti
gated air-pollutant levels under SSP1–2.6. The moderate weather con
ditions of SSP2–4.5 either decreased or increased air-pollutant 
concentrations. Although SSP5–8.5 is characterized by an extreme 
climate, air quality did not uniformly worsen. Enhanced atmospheric 
dispersion and scavenging in certain areas removed some pollutants. We 
conclude that regional and seasonal meteorological changes impact air 
pollutant concentrations.

Despite the relatively small changes in global PM2.5 and O3 con
centrations, the health impacts were non-negligible, resulting in sub
stantial numbers of avoided deaths across all SSP–RCP scenarios. By 
quantifying the impact of climate change on air pollutants and associ
ated health outcomes, our results confirm the initial hypothesis: climate- 
driven meteorological conditions greatly affect future global air quality 
and health and must therefore be explicitly incorporated into global air- 
quality assessments to ensure robust evaluation of future risks.
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