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A B S T R A C T

Fine particulate matter (PM2.5) oxidative potential (OPv) is a crucial health metric, varying significantly by 
emission source. While concentration-response functions (CRFs) exist linking PM2.5 mass to OPv (OPv

PM2.5), the lack 
of source-resolved OPv (OPv

source) CRFs limits accurate risk assessment globally. We developed global OPv
source CRFs 

by integrating machine learning, statistical techniques, and comprehensive datasets of PM2.5 concentrations, source 
apportionment (50 countries), and measured OPv (>10,000 measurements in 29 countries). Our analysis revealed 
distinct intrinsic OP per unit mass (OPm) for major sectors, ranking: energy (ENE) > transportation (TRO) > in
dustry (IND) > agriculture and residential combustion (AGS + RCO). Applying these CRFs to 2017 PM2.5 source 
data across 203 countries, we estimated the global average OPv

source at 0.78 nmol min− 1 m− 3 (95 % CI: [0.39, 1.2]). 
ENE (33 %) and AGS + RCO (31 %) were predominant contributors globally, with substantial national variations. 
Poisson regression demonstrated that OPv

source is a significantly stronger predictor of PM2.5-attributable mortality 
than PM2.5 concentration or OPv

PM2.5. These findings establish source-resolved OPv as a critical, more accurate 
metric for assessing mortality risks, supporting targeted air quality policies and interventions to mitigate PM2.5 
health burden.

1. Introduction

Ambient air pollution poses significant threats to human health 
through both chronic and acute exposure pathways, with mortality 
being established indicator for assessing these impacts. Exposure to 
elevated levels of fine particulate matter (PM2.5) has been linked to 
millions of premature deaths worldwide annually (Lelieveld et al., 2015; 
McDuffie et al., 2021). To quantify these health risks, researchers have 
developed concentration-response functions (CRFs), including the inte
grated exposure-response (IER) model (Burnett et al., 2014) and the 
global exposure mortality model (GEMM) (Burnett et al., 2018). These 
CRFs synthesized data from multiple cohort studies across diverse global 
regions (Burnett et al., 2014, 2018; Liu et al., 2019). More recently, a 
study enhanced mortality predictions by focusing on source-specific 
PM2.5 exposure (Zhang et al., 2023b) as emissions from anthropogenic 
source sectors (e.g., industry, energy, residential, agriculture, and 
transportation) may provide more stable relationships for health impact 
assessment compared to total PM2.5 concentrations (Bates et al., 2015).

Oxidative potential (OP) has emerged as another indicator for 

assessing both chronic and acute health effects of PM2.5 (Bates et al., 
2019; Daellenbach et al., 2020). Oxidative stress arises from an imbal
ance between oxidants and antioxidants in the human respiratory sys
tem, potentially triggering various adverse health outcomes (Bates et al., 
2019; Crobeddu et al., 2017; Lavigne et al., 2018; Liu et al., 2014; Strak 
et al., 2017). The dithiothreitol (DTT) assay, an acellular method for 
assessing OP, has proven particularly effective as an indicator of 
oxidative stress (Bates et al., 2019; Shiraiwa et al., 2017). Studies 
investigating the relationship between PM2.5 OP and health outcomes 
have been conducted in various regions, including the United States 
(Abrams et al., 2017; Fang et al., 2016), European countries (Atkinson 
et al., 2016; Janssen et al., 2015), and China (He et al., 2021). While 
CRFs between reactive oxygen species and PM2.5 concentration (Lakey 
et al., 2016) and between extrinsic OP (OPv, i.e., per m3 of air) and PM2.5 
concentration (Salana et al., 2024) have been explored, the development 
of globally representative CRFs linking OPv directly to PM2.5 sources 
remains limited by spatial coverage and data availability. This is despite 
growing datasets of PM2.5 source concentrations and OPv measurements 
across various locations (Aldekheel et al., 2024; Bates et al., 2019; 
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Bhattu et al., 2024; Daellenbach et al., 2020; Giannossa et al., 2022; Liu 
et al., 2018; Shang et al., 2022; Shen et al., 2022; Yao et al., 2024). 
Consequently, no study has yet reported globally applicable CRFs for 
specific PM2.5 source sectors. This omission is significant, as 
source-specific CRFs could offer more accurate health risk assessments 
than those based on bulk PM2.5, particularly given the substantial na
tional variations in PM2.5 source contributions.

To address this critical gap, we developed a global OPv CRF for major 
anthropogenic PM2.5 source sectors (OPv

source) using machine learning 
(ML) and statistical modeling approaches. We derived these OPv

source 

CRFs by analyzing two relationships: 1) OPv versus PM2.5 mass con
centrations, resulting in total PM2.5 OP CRF (OPv

PM2.5) and 2) specific 
source concentrations versus OPv

PM2.5. This analysis utilized extensive 
data, incorporating over 10,000 OPv

PM2.5 measurements from 29 coun
tries and more than 550 PM2.5 source apportionment studies across 50 
countries (spanning 1990–2022). The resulting OPv

source CRFs demon
strated a reduced standard error compared to the OPv

PM2.5 CRF and was 
rigorously validated (R2 = 0.95) by measurement data. By integrating 
these OPv

source CRFs with PM2.5 exposure data and mortality estimates for 
2017 (McDuffie et al., 2021), we assessed country-level oxidative 
burden, sector-specific contributions, and explored their correlation 
with PM2.5-attributable mortality across 203 countries. The primary 
innovation of this study lies in the development of these OPv

source CRFs, 
which offer enhanced precision relative to existing CRFs relating OPv 
and total PM2.5 concentration. Furthermore, OPv

source exhibited a 

stronger and more significant association with PM2.5-attributable mor
tality compared to both PM2.5 mass and OPv

PM2.5, underscoring the 
profound implication of our findings. These novel OPv

source CRFs enable 
the estimation of source-specific OPv from PM2.5 source concentrations, 
offering a powerful tool for identifying key OPv sources at local to global 
scales and ultimately informing more targeted and effective mitigation 
strategies.

2. Methods

2.1. PM2.5 OPv data collection

Fig. 1 shows the overall modelling workflow used in this study. In the 
first stage, we compiled PM2.5 concentration and OPv data from peer- 
reviewed studies. Our analysis focused on studies reporting OPv 
measured via the DTT assay. From 70 publications (2003–2022), we 
extracted 10,659 PM2.5 samples across 121 sampling campaigns in 152 
urban areas, spanning 29 countries (14 European, 10 Asian/Middle 
Eastern, 3 North American, and 2 South American). For each study, we 
recorded mean PM2.5 and OPv concentrations, standard deviations, 
sample sizes, and temporal averaging scales (daily to annual). To ensure 
consistency, we standardized all measurements to μg/m3 (PM2.5) and 
nmol min− 1 m− 3 (OPv). Studies reporting single measurements or 
insufficient sample replication were excluded to mitigate biases from 
unstandardized methodologies. The summary statistics of this data 

Fig. 1. | Schematic of the modelling framework. The diagram illustrates the key analytical steps, from initial data collection and processing, through the 
development of OPv

source to the final estimation of global health effects.
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including the countries covered and the data span is presented in Sup
plementary Table 15.

2.2. PM2.5 source-sector concentration data collection

In the second stage, we synthesized PM2.5 source-sector concentra
tion data from published studies worldwide, which employed two pri
mary methodologies: (1) Receptor modeling (e.g., positive matrix 
factorization (PMF), principal component analysis (PCA), and chemical 
mass balance (CMB)), which apportions sources based on measured 
chemical composition. (2) Chemistry transport models (CTMs), which 
estimate sectoral contributions via sensitivity analyses using emission 
inventories, validated against observational data (McDuffie et al., 2021; 
Zhang et al., 2023b). CTM studies focus on five primary anthropogenic 
sectors: industry (IND), agriculture (AGS), residential combustion 
(RCO), traffic (TRO), and energy generation (ENE) (definitions in Sup
plementary Table 8). Receptor models, while resolving finer source 
categories, often conflate sources with overlapping chemical profiles 
(Hopke et al., 2020). To ensure consistency, we harmonized 
receptor-derived sources into the five CTM-aligned sectors 
(Supplementary Table 9).

Data spanned 50 countries (1990–2022), with source-specific con
centrations calculated by multiplying reported fractional contributions 
by total PM2.5 levels. Studies lacking total PM2.5 measurements or 
conflating key sources (e.g., biomass burning + vehicle) were excluded. 
Agriculture and residential combustion sectors (AGS + RCO) were 
merged due to shared biomass-burning components (e.g., agricultural 
residue/open-field burning and residential wood combustion) (Hopke 
et al., 2020). The summary statistics for local source apportionment data 
are presented in Supplementary Table 16.

2.3. Statistical and machine learning analysis for PM2.5 OPv (OPv
PM2.5) 

and source-specific OPv (OPv
source) CRF

The global associations of PM2.5 concentrations and OPv (OPv
PM2.5) was 

estimated using a meta-regression framework in stage 1 of Fig. 1, consistent 
with prior methodologies (Burnett et al., 2014, 2018; Liu et al., 2019; 
Zhang et al., 2023b). To account for heterogeneity across studies—stem
ming from variations in design and analytical methods—a random-effects 
model was applied, with OPv as the dependent variable and the PM2.5 
concentration as the moderator. We then developed OPv

source CRFs inte
grating the established OPv

PM2.5 CRFs with the PM2.5 source apportionment 
data within a ML framework using Feature Localized Intercept Trans
formed SHAP (FLIT-SHAP) (Esu et al., 2024) (Detailed in Supplementary 
Text 1 and summarized in stage 2 of Fig. 1). The analysis incorporated three 
key assumptions (Burnett et al., 2014; Zhang et al., 2023b): (1) oxidative 
stress, proportional to DTT consumption rates, serves as a proxy for PM2.5 
toxicity (Shiraiwa et al., 2017); (2) PM2.5 and source-specific exposures 
exhibit linear relationships with OPv within human exposure ranges; and 
(3) total OPv reflects additive contributions from source-specific PM2.5 
mass, with no interactions. Model fitting was constrained to PM2.5 con
centrations within the observed global range (minimum to maximum av
erages). In stage 3 we combined OPv

source CRFs with source sector 
concentrations at country and regional level for 2017 to obtain estimates of 
the global distribution of anthropogenic OP and the contribution of each 
source sector. Statistical analysis was performed in R using the mgcv and 
meta packages, with significance defined as p < 0.05 while ML workflows 
were implemented in Python.

2.4. Epidemiological modeling

Country-level associations between PM2.5 properties (concentration, 
OPv

PM2.5, OPv
source) and all-cause mortality (2017) were assessed using 

generalized additive models with Poisson distributions, adjusted for over- 
dispersion (Atkinson et al., 2016; Bates et al., 2015), summarized in stage 
4 of Fig. 1. Mortality estimates in 2017, sourced from the 2019 Global 

Burden of Disease (GBD2019) study (Murray et al., 2020), were paired 
with population-weighted PM2.5 and source-sector concentrations 
derived from GEOS-Chem simulations (McDuffie et al., 2021). 
Single-pollutant models evaluated individual PM2.5 metrics, while 
multi-pollutant models concurrently assessed PM2.5 concentration, 
OPv

PM2.5, and OPv
source. Standardized regression coefficients (β) and 95 % 

confidence intervals (CI) quantified variable importance, with higher β 
indicating stronger mortality associations. Spearman correlation com
plemented these analyses to evaluate monotonic trends. Statistical com
putations utilized Python’s statsmodels package.

2.5. Uncertainty and model evaluation

To ensure the robustness of our modeling framework, we systemati
cally evaluated both model performance and the propagation of predic
tive uncertainty. Model fit and stability were assessed using multiple 
complementary metrics: the Akaike information criterion (AIC), Bayesian 
information criterion (BIC), standard error (SE), and coefficient of 
determination (R2). These metrics jointly balance explanatory power 
against model complexity, helping to avoid overfitting while ensuring 
reliable inference. To quantify predictive uncertainty, we explicitly 
accounted for input data variability at each modeling stage. In the PM2.5- 
OP CRF, uncertainty was propagated through a random-effects meta- 
regression that incorporates the reported variance from each source study 
as a weighting factor. For the OPv

source, uncertainty was captured via 
bootstrapping within the RF framework. This approach preserves the 
variability inherent in both the OP measurements and source apportion
ment estimates.

3. Results

3.1. Global OPv
PM2.5 and OPv

source CRFs

A meta-analysis was conducted using a global dataset PM2.5 concen
trations and OP measurements, encompassing various regions, seasons, 
and populations, to derive a global CRF for OPv

PM2.5 (Fig. 2a). This analysis 
yielded a global average intrinsic OP of PM2.5 (OPm

PM2.5) estimated at 
0.0254 nmol min− 1 μg− 1 (95 % CI: [0.0211–0.0297], p-value <0.0001, 
R2 = 0.56; Supplementary Table 1; Supplementary Fig. 1). This statisti
cally significant positive association indicates that OPv increases with 
PM2.5 concentration across a range of exposure. The linear CRF observed 
in this study aligns with findings from prior research demonstrating linear 
trends between measured OPv and PM2.5, even at low PM2.5 concentra
tions (Salana et al., 2024; Shen et al., 2022). Similarly, prominent 
epidemiological studies investigating global PM2.5 mortality risk, 
including the GEMM and others, have also reported linear or near-linear 
CRFs (Burnett et al., 2018; Schwartz et al., 2002; Weichenthal et al., 
2016), although some acknowledge non-linear relationships for 
cause-specific mortality (Zhang et al., 2023b). The relatively wide CI and 
moderate R2 value (0.56) for the OPv

PM2.5 CRF are consistent with a pre
vious continental-scale analysis that reported an R2 of 0.39 for the 
regression of PM2.5 concentration against OPv (Salana et al., 2024). These 
observations suggest that variability in PM2.5 composition likely con
tributes to differences in OPv at equivalent PM2.5 concentration. While 
acknowledging this inherent complexity of air pollution, these results 
underscore the potential of source-specific CRFs to provide a more refined 
understanding.

To develop source-resolved OP CRFs (OPv
source; Fig. 2b), we inte

grated PM2.5 source sector concentrations with the derived OPv
PM2.5 CRF, 

employing ML techniques with FLIT-SHAP(Esu et al., 2024). Among 
various ML models tested (Supplementary Table 2), the Random Forest 
(RF) model exhibited the best performance, achieving an R2 of 0.83 and 
a MAE of 0.38 nmol min− 1 m− 3 after hyperparameter optimization 
(Supplementary Table 3). The optimized RF model was subsequently 
used for FLIT-SHAP analysis to quantify the contribution of each source 
sector to OPv. Linear CRFs for each source sector were then derived by 
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fitting linear relationships to the contribution estimates obtained from 
the FLIT-SHAP analysis (Fig. 2b, Supplementary Fig. 2). Both individual 
source sector OPv

source CRFs and the combined OPv
source CRF (Eq. (1)) 

demonstrated improved statistical quality compared to the OPv
PM2.5 CRF, 

as indicated by metrics such as AIC, BIC, standard error and R2, and 
further supported by uncertainty analysis for each model 
(Supplementary Table 4). Detailed fitting statistics for each source sector 
are presented in Supplementary Table 5. The slope of the OPv

source CRFs, 
representing the OPm

source, followed a descending order: Energy produc
tion (ENE): 0.060 (95 % CI: [0.059–0.062]) nmol min− 1 μg− 1 source >
Transportation (TRO): 0.049 (95 % CI: [0.048–0.050]) > Industry 
(IND): 0.026 (95 % CI: [0.024–0.027]) > Agriculture and Residential 
(AGS + RCO): 0.014 (95 % CI: [0.014–0.015]), with all slopes statisti
cally significant (p-value <0.0001). 

OPsource
v =0.060ENE + 0.049TRO + 0.026IND + 0.014(AGS+RCO) (1) 

To visualize the spatial distribution of OPv, we calculated average 
OPv

source values across countries (Fig. 3). Normalized sector contribu
tions are further detailed in Supplementary Fig. 3. Globally, the average 
OPv was estimated at 1.4 ± 1.24 nmol min− 1 m− 3, with sectorial 

contributions of 39 % from ENE, 33 % from TRO, 9 % from IND, and 19 
% from AGS + RCO.

Countries exhibiting the highest OPv
source were Pakistan (3.29 ± 1.11 

nmol min− 1 m− 3), Mongolia (2.58 nmol min− 1 m− 3), India (2.50 ± 1.51 
nmol min− 1 m− 3), China (2.38 ± 1.06 nmol min− 1 m− 3), and Bangladesh 
(2.11 ± 0.74 nmol min− 1 m− 3). In most of these top-ranked countries, 
TRO and ENE sectors were the dominant contributors to OPv

source, with the 
exception of Bangladesh, where IND (54 %) and TRO (23 %) were the 
primary sources. Notable OPv

source estimates from countries lacking prior 
measurements include Saudi Arabia (1.82 ± 0.96 nmol min− 1 m− 3), 
Nigeria (1.56 ± 1.25 nmol min− 1 m− 3), Poland (0.93 ± 0.36 nmol min− 1 

m− 3), and Australia (0.30 ± 0.28 nmol min− 1 m− 3; Fig. 3, Supplementary 
Table 13).

3.2. Estimate of regional- and national-level OPv
source for 203 countries in 

2017

To estimate OPv
source across all countries, a task not feasible with our 

data collection limited to 50 countries, we utilized population-weighted 
mean (PWM) source-specific PM2.5 concentrations for 203 countries in 
2017, as derived from a chemical transport model (McDuffie et al., 
2021). These PM2.5

source data were integrated with our combined OPv
source 

CRFs (Eq. (1)) to calculate national and regional OPv
source and the con

tributions from various source sectors (Figs. 4 and 5).
Globally, we estimated an oxidative burden of 0.78 nmol min− 1 m− 3 

(95 % CI: [0.39–1.2] nmol min− 1 m− 3) attributable to annual ambient 
PM2.5 exposure from anthropogenic sources in 2017 (Fig. 5b). The pri
mary contributors to this global oxidative burden were ENE at 33 % and 
AGS + RCO at 31 %, followed by TRO at 20 % and IND at 16 % (Fig. 5c). 
At the regional level, Fig. 5b presents OPv

source values for 21 world re
gions in descending order, revealing a trend similar to that of PM2.5 
concentration, though not identical. Sector-specific contributions, 
detailed in Fig. 5c, highlight distinct regional patterns. Notably, IND was 
the dominant contributor in Southern Latin America, driven largely by 
trends in Brazil and Peru (Fig. 4). ENE predominated in Southern Africa, 
Eastern Europe, North Africa and Middle East, Central Asia, and Central 
Europe. In contrast, AGS + RCO were the leading sources in Central Sub- 
Saharan Africa, Oceania, Western Sub-Saharan Africa, and Eastern Sub- 
Saharan Africa, while TRO made significant contributions in Western 
Europe and North America.

To elucidate localized drivers of OPv
source, we analyzed country-level 

contributions, which provide insights more relevant to national contexts 
than global or regional aggregates. Pie charts in Fig. 4 illustrate the 
relative contributions of source sectors for the selected countries, with 
national-level results for 203 countries depicted in the central map of 
Fig. 4. Absolute OPv

source values for select countries are shown above the 
pie charts. The highest OPv

source levels were observed in India (1.74 nmol 
min− 1 m− 3, 95 % CI: [0.85–2.69]) and Nepal (1.56 nmol min− 1 m− 3, 95 % 
CI: [0.73–2.44]). These values are 5–9 times greater than those in coun
tries such as the United States (0.19 nmol min− 1 m− 3), the United 
Kingdom (0.23 nmol min− 1 m− 3), Switzerland (0.24 nmol min− 1 m− 3), 
Germany (0.29 nmol min− 1 m− 3), Japan (0.29 nmol min− 1 m− 3), and 
Italy (0.34 nmol min− 1 m− 3). This disparity underscores the elevated 
health risks associated with PM2.5 exposures.

Source contributions exhibited considerable variability across coun
tries. ENE ranges from 7.7 % in Peru to 71.4 % in Qatar, while AGS + RCO 
varied from 3.6 % in Qatar to 49.4 % in Nigeria. TRO contributions 
spanned 11.9 % in Mongolia to 39.5 % in Italy, and IND contributions 
ranged from 6.0 % in Nigeria to 44.8 % in Peru. In absolute terms, ENE 
displayed the greatest variability, with OPv

source ranging from 0.00069 to 
0.95 nmol min− 1 m− 3, followed by AGS + RCO (0.00066–0.67 nmol 
min− 1 m− 3), TRO (0.0038–0.36 nmol min− 1 m− 3), and IND 
(0.00015–0.31 nmol min− 1 m− 3). These ranges indicate that ENE, fol
lowed by AGS + RCO, are the most variable contributors to OPv

source 

globally. This variability often reflects national economic profiles, with oil 
producing countries typically exhibiting high ENE contributions and the 

Fig. 2. | Concentration-response functions for OPv across PM2.5 exposure 
range. (a) Global OPv

PM2.5 CRF derived from a meta-analysis of PM2.5 concen
trations and OP measurements (DTT assay) across 29 countries (n = 10,659 
samples) from 2003 to 2022. (b) Global anthropogenic source-specific PM2.5 OP 
(OPv

source) CRFs from panel (a) with PM2.5 source apportionments data from 50 
countries (n = 590 cases) from 1990 to 2022, using the FLIT-SHAP explainable 
ML tool. Shaded areas in both panels represent 95 % CIs.
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agrarian economies showing elevated contributions from AGS + RCO.

3.3. Association between 2017 national-level OPv
source and mortality for 

203 countries

We investigated a relationship using national-level PWM PM2.5 
concentration, OPv

PM2.5, and both individual and combined OPv
source for 

2017 as independent variables, with estimated mortality using the GBD 
2019 CRFs serving as the dependent variable. Initial trend analysis using 

spearman correlation indicated a stronger association between OPv
source 

and mortality across all countries compared to OPv
PM2.5, with correlation 

coefficients of τ = 0.62 and 0.43, respectively (Fig. 6a). Cross-sectional 
analyses employing Poisson regression, a generalized linear model, 
further revealed positive associations between each of PM2.5, OPv

PM2.5, 
and OPv

source and mortality in single pollutant models (Fig. 6b). The 
standardized estimate of coefficient (β) followed this order: OPv

source: 
1.30 (95 % CI: [1.16− 1.43]]; OPv

PM2.5 = PM2.5: 0.93 (95 % CI: 
[0.79− 1.07]). However, in a three-pollutant model incorporating PM2.5, 

Fig. 3. | Predicted country-level OPv
source and validation to the measurements. OPv

source values were calculated for individual countries using the data mentioned 
in Fig. 2b. Values represent country-average OPv

source within each country’s source apportionment period. The bar labeled “Average” depicts the global average OPv 
for each source sector, calculated across all countries and the entire period. Error bars indicate the standard deviation of OPv

source estimates. Energy and transportation 
sectors are identified as the dominant contributors to OPv globally. Inset: Comparison between estimated and measured OPv at various locations (details in Sup
plementary Table 12).

Fig. 4. | Global oxidative burden from anthropogenic sources and fractional contributions by sector in 2017. Map: National-level OPv, calculated using our 
OPv

source CRFs and PWM source-specific PM2.5 concentrations for 2017 from McDuffie et al. (2021). Pie charts display the national annual average OPv exposure (nmol 
min− 1 m− 3; top of charts) and the fractional contributions from source sectors. Sectors include: Industry (IND): Industrial coal/non-coal combustion, and solvents; 
Energy (ENE): Energy production from coal and non-coal combustion; Transportation (TRO): Road, non-road, and international shipping; Agriculture and residential 
combustion (AGS + RCO): Residential and commercial combustion, agricultural waste burning, and open fires (see Supplementary Table 9 for details).
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OPv
PM2.5, and OPv

source simultaneously, only OPv
source retained a signifi

cant association with mortality (β = 1.43, 95 % CI: [1.25− 1.6]), while 
PM2.5 and OPv

PM2.5 showed no significant effects (Fig. 6b). This finding 
suggests that the CRFs developed for OPv

source in this study may offer 
greater predictive power for mortality than PM2.5 concentration or 
OPv

PM2.5 alone.
To identify which source sector contributed most to mortality, we 

examined individual OPv
source in single pollutant models. The standard

ized β were ranked as follows: ENE: 1.41 (95 % CI: [1.28− 1.55]); TRO: 
1.26 (95 % CI: [1.12− 1.40]); IND: 1.18 (95 % CI: [1.05− 1.32]); AGS +
RCO: 1.15 (95 % CI: [1.00− 1.28]) (Fig. 6c). In a multi-pollutant model 
including all source sectors, only OPv from IND and TRO demonstrated 
significant association with mortality, with β = 0.78 (95 % CI: 

[0.56− 1.00]) and β = 0.57 (95 % CI: [0.36− 0.78]), respectively 
(Fig. 6d). Model summaries, including both unstandardized and stan
dardized coefficients, are provided in Supplementary Tables 6 and 7, 
respectively. In this section, we emphasize standardized coefficients to 
ensure unbiased β estimates. Additionally, Spearman correlation trends 
between individual OPv

source and mortality are presented in Supple
mentary Fig. 4.

4. Discussions

4.1. Global OPv CRFs for PM2.5 and anthropogenic sources

We presented a comprehensive and quantitative estimation of global 

Fig. 5. | Regional OPv and sectorial contributions across 21 world regions in 2017. (a) PWM source-specific PM2.5 concentrations for 2017, as provided by 
McDuffie et al. (2021). (b) Corresponding annual mean OPv

source concentrations for each sector, with 95 % CIs. (c) Normalized sectoral contributions to OPv
source.

Fig. 6. | Association between OPv
source and mortality across 203 countries in 2017. (a) Spearman correlation (τ) between OPv

source (solid black line, left y-axis), 
OPv

PM2.5 (dashed black lines, left y-axis), and mortality (purple line, right y-axis), with both y-axis on a log scale. Mortality data are calculated using the GBD 2019 
CRFs as adopted from McDuffie et al. (2021). Poisson regression for (b) single- and multi-pollutant models using PM2.5 mass, OPv

PM2.5, and OPv
source, for (c) 

single-pollutant models for source-specific OPv (IND, ENE, AGS + RCO, and TRO), and for (d) multi-pollutant model including all source-specific OPv variables as 
predictors for mortality. In panels (b), (c), (d), bars represent standardized coefficients (β), and lines indicate 95 % CIs. Significance levels are denoted as: *P < 0.05; 
**P < 0.01; ***P < 0.001.
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OPv
PM2.5 and OPv

source CRFs, which are critical for understanding the 
oxidative burden imposed by PM2.5 on a global scale and for informing 
strategies to mitigate its associated health effects. Our OPm

PM2.5 estimate 
of 25.4 pmol min− 1 μg− 1 PM2.5 (95 % CI: [21.1, 29.7]) aligns with global 
ranges reported in prior studies (between 10 and 80 pmol min− 1 μg− 1) 
(Shiraiwa et al., 2017). Post-2018 regional values further corroborate 
this consistency: China (24.3 ± 13.3, 27.86 ± 3.19 pmol min− 1 μg− 1) 
(Deng et al., 2022; Xing et al., 2023); India (29.4 ± 18.48, 27.5 ± 5.8 
pmol min− 1 μg− 1) (Li et al., 2024; Puthussery et al., 2022); South Korea 
(27.5 ± 11.8 pmol min− 1 μg− 1) (Kim et al., 2024); Japan (22.6 ± 16.8 
pmol min− 1 μg− 1) (Kurihara et al., 2022); Greece (27.98 ± 14.42 pmol 
min− 1 μg− 1) (Paraskevopoulou et al., 2019); Denmark, Finland, and 
France (14–19 pmol min− 1 μg− 1) and Canada (11.9 ± 7.46 pmol min− 1 

μg− 1) (Weichenthal et al., 2021). A detailed comparison is available in 
Supplementary Table 10. Additionally, a recent inter-continental study 
reported OPm

PM2.5 values of 20 pmol min− 1 μg− 1 (Salana et al., 2024), 
reinforcing the global application of our model. However, notable de
viations exist, with values as low as 5 pmol min− 1 μg− 1) in Canada 
(Weichenthal et al., 2019) and as high as 60–190 pmol min− 1 μg− 1 in 
China (Wang et al., 2022). These extremes likely reflect significant 
regional difference in PM2.5 sources, as evidenced by the wide CIs in 
OPv

PM2.5 CRF. Such variability highlights the necessity of source-based 
analyses to accurately assess PM2.5-related health effects.

We further evaluated the OPm of source-specific PM2.5 (OPm
source), as 

detailed in Fig. 2b and Eq. (1). Comparing OPm
source across studies is 

complicated by inconsistent source categorization; nonetheless, our es
timates are within the ranges of prior research (Supplementary Table 
11). ENE and TRO sectors demonstrated the highest OPm

source values, at 
60 and 49 pmol min− 1 μg− 1, respectively, followed by IND and AGS +
RCO. These results corroborate findings from China, where coal com
bustion exhibited the highest OPm of 88 pmol min− 1 μg− 1 (Liu et al., 
2018), as well as reports of elevated OPm from vehicle emissions in the 
US (Bates et al., 2015), Europe (Daellenbach et al., 2020), and marine 
vessels in Hong Kong (Cheng et al., 2021). Conversely, OPm

source for IND 
and AGS + RCO was 2–4 times lower than for ENE and TRO, aligning 
with ranges documented for industrial sources (Cesari et al., 2019; Liu 
et al., 2018) and biomass burning (Cheng et al., 2021; Liu et al., 2018). 
These differences in OPm

source can be attributed to varying concentrations 
of key OP drivers, including metals (e.g., Cu, Mn, V, Ni, As) and organic 
compounds such as oxygenated polycyclic aromatic hydrocarbons 
(O-PAHs) (Bates et al., 2019). The elevated OPm

source for ENE and TRO 
likely stems from higher metal content in emissions from coal-fired 
power plants and vehicles compared to IND and AGS + RCO (Alias 
et al., 2020; Reff et al., 2009; Wu et al., 2022; Zhao et al., 2021), while 
PAH concentrations vary across all sources types (Shen et al., 2013; Wu 
et al., 2022).

The OPv
source distributions derived from our analysis (Fig. 3) corre

sponded closely with measured PM2.5 OPv values reported across mul
tiple countries (Supplementary Table 12 and Fig. 3 inset). Among 
nations with the highest estimated exposures, Pakistan recorded an 
OPv

source of 3.29 ± 1.11 nmol min− 1 m− 3, comparable to 8.9 ± 3.8 nmol 
min− 1 m− 3 measured in February 2019 (Ahmad et al., 2021). Similarly, 
India (2.50 ± 1.51 nmol min− 1 m− 3) and China (2.38 ± 1.06 nmol 
min− 1 m− 3) showed estimates consistent with observed values of 2.90 ±
1.10 nmol min− 1 m− 3 in Delhi (Verma et al., 2024) and 2.2–2.9 nmol 
min− 1 m− 3 in Nanjing (Zhang et al., 2023a), Beijing (Campbell et al., 
2021), and Wuhan (Liu et al., 2020). Statistical analysis revealed strong 
agreement between our estimates and actual measurements (slope =
1.0011, R2 = 0.95, MAE = 0.24 nmol min− 1 m− 3, RMSE = 0.31 nmol 
min− 1 m− 3, Fig. 3 inset), affirming the reliability of our OPv

source CRFs. 
Globally, ENE (39 %) and TRO (33 %) sectors dominate the average 
OPv

source. This is consistent with prior research linking elevated OP 
exposure to fossil fuel combustion and vehicular emissions (Bhattu et al., 
2024; Campbell et al., 2021; Daellenbach et al., 2020), a pattern sup
ported by the high intrinsic OPm

source of these sectors (Fig. 2b). These 
robust comparisons across diverse spatial scales indicate that our 

estimates align with measured data, suggesting that our OPv
source CRFs 

are globally applicable.

4.2. Global and national OPv and source sector contributions for 203 
countries in 2017

To estimate the global distribution of OPv from various sources 
(OPv

source), we employed our OPv
source CRFs alongside national-level 

source exposure data for 2017. These estimates highlight critical dis
parities in sectoral contributions to PM2.5 mass (McDuffie et al., 2021) 
and OPv

source across regions (Figs. 4 and 5), emphasizing the inadequacy 
of PM2.5 alone as a metric for health risk mitigation.

As the first study to assess OPv
source on a global scale, quantitative 

comparisons with earlier research are not possible for all countries. For 
countries with OPv data, it is complicated by inconsistencies in source 
sector categorization, which have typically been tailored to local-scale 
studies. Nevertheless, we have aligned out findings with the most rele
vant existing analyses where possible. Globally, ENE and AGS + RCO 
sectors emerged as the largest contributors to OPv

source in 2017, ac
counting for 33 % and 31 %, respectively, followed by TRO at 20 % and 
IND at 16 % (Fig. 4). These trends align broadly with source appor
tionment data from 50 countries (1990–2022), where ENE (39 %), TRO 
(33 %), AGS + RCO (19 %), and IND (9 %) prevailed (Fig. 3). Discrep
ancies between global and regional estimates likely stem from limited 
source apportionment data for countries with high industrial activity, 
such as Peru, or from variations in AGS + RCO data for nations like 
Nigeria, Bangladesh, and Pakistan. Additionally, evolving technologies 
and policies over time may further influence sector-specific 
contributions.

Regionally, fossil fuel combustion (coal, oil, natural gas) drove 
elevated OPv

source contributions from the ENE sector in Southern Sub- 
Saharan Africa, Eastern Europe, North Africa/Middle East, and Central 
Asia (Fig. 5c). This dominance reflects the sector’s substantial contri
bution to PM2.5 mass, particularly from burning of coal, oil, and natural 
gas in countries such as Egypt, Russia, Ukraine, and Turkey (McDuffie 
et al., 2021), combined with the high OPm of energy-related PM2.5. In 
contrast, biomass burning, including household biofuels (McDuffie 
et al., 2021) and agricultural residues (Bhattu et al., 2024; McDuffie 
et al., 2021), amplified AGS + RCO contributions in Central, Western, 
and Eastern Sub-Saharan Africa and Oceania. Despite AGS + RCO’s 
lower OPm (Fig. 2b), rising emissions in Europe (Zauli-Sajani et al., 
2024) and Asia (Fang et al., 2023; Lan et al., 2022) suggest growing 
oxidative burdens in these regions. TRO emerged as a key contributor in 
Western Europe (36.6 % of OPv

source) and North America (33.2 %), where 
its high OPm outweighed AGS + RCO’s larger PM2.5 mass share (40.7 % 
and 43.7 %, respectively; Fig. 5a) (McDuffie et al., 2021). Similarly, 
industrial activities dominated OPv

source in Tropical and Andean Latin 
America, reflecting substantial IND-sector PM2.5 emissions in Brazil and 
Mexico (McDuffie et al., 2021).

These spatial heterogeneities underscore the necessity for region- 
specific mitigation strategies. In ENE-dominant regions, transitioning 
to cleaner energy sources (e.g., renewables, natural gas) could sub
stantially reduce oxidative burdens. AGS + RCO hotspots require tar
geted interventions, such as agricultural residue management and 
adoption of clean cooking technologies, to offset the health impacts of 
biomass combustion. In regions where TRO or IND sectors prevail, 
stricter vehicle emission standards and industrial process controls are 
critical. Collectively, these findings demonstrate that mitigating PM2.5- 
related oxidative burden demands tailored approaches addressing 
dominant local sources, rather than relying solely on PM2.5 mass 
reductions.

4.3. Association between estimated OPv and mortality for 203 countries 
in 2017

While OP has been linked to health impacts, the relative importance 
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of source-resolved OP (OPv
source) versus total PM2.5 OP (OPv

PM2.5) in 
driving mortality remained unclear. Our analysis demonstrated that 
OPv

source exhibits a stronger correlation with all-cause mortality than 
OPv

PM2.5 (Fig. 6a). Poisson regression model further confirmed this hi
erarchy: in single-pollutant models, OPv

source showed the highest stan
dardized coefficients (β), followed by OPv

PM2.5 and PM2.5 mass, which 
had comparable effects (Fig. 6b). These findings align with prior 
regional studies associating OPv

PM2.5 with morbidity (Abrams et al., 
2017; Bates et al., 2015; Fang et al., 2016) and mortality (Atkinson et al., 
2016) (Supplementary Table 14), though no global-scale analysis had 
previously linked OPv

PM2.5 or OPv
source to mortality. Notably, in a 

three-pollutant model accounting for PM2.5 mass, OPv
PM2.5, and OPv

source, 
only OPv

source retained statistical significance (Fig. 6b), a pattern 
consistent with U.S. studies reporting null effects for PM2.5 mass in 
bi-pollutant models assessing emergency department visits (Bates et al., 
2015). These results underscore that OPv

source, which was estimated first 
in this study, may capture PM2.5 health risks more robustly than bulk OP 
or mass metrics.

Sector-specific analyses revealed that all anthropogenic sources 
contributed significantly to mortality in single-pollutant models (Fig. 6c, 
Supplementary Fig. 4), mirroring their OPm rankings (Fig. 2a). However, 
in multi-source models, only IND and TRO OPv

source remained significant 
(Fig. 6d). This divergence likely reflects the distinct redox-active com
ponents of these sectors: IND emissions are enriched in heavy metals (e.g., 
Cu, Mn, Fe), while TRO emissions contain organic aerosol, such as O- 
PAHs (Zhang et al., 2023c)–both known drivers of oxidative stress (Esu 
et al., 2024).

4.4. Implications for risk and life cycle impact assessment

Our findings carry significant implications for human health risk 
assessment and life cycle impact assessment (LCIA) frameworks. While 
these frameworks have evolved beyond simple PM2.5 mass metri
cs—now routinely linking exposure to cause-specific health outcomes 
such as cardiovascular and respiratory diseases, and expressing impacts 
in disability-adjusted life years (DALYs) or years of life lost—they still 
rely fundamentally on PM2.5 mass as the exposure proxy. Despite 
growing toxicological and epidemiological evidence that OP better re
flects the biological activity of PM2.5 and may serve as a more health- 
relevant exposure metric, OP remains largely absent from mainstream 
impact assessment methodologies. This gap stems from three interre
lated challenges: (1) OP measurements have historically been sparse, 
methodologically inconsistent (e.g., DTT vs. ascorbic acid assays), and 
geographically limited, hindering global application; (2) Until now, 
there has been no robust, source-resolved, globally applicable model 
linking emissions to OP; and (3) While evidence linking OP to adverse 
health outcomes is rapidly accumulating (Qin et al., 2024), it remains 
less extensive than the decades of research underpinning PM2.5 
mass–health relationships.

Our study directly addresses the second barrier by providing a 

harmonized global dataset and a source-specific OP prediction frame
work. In light of this progress, we recommend that developers of risk and 
LCIA methods begin integrating oxidative burden—alongside PM2.5 
mass—as a complementary exposure indicator in human health impact 
models.

To meaningfully integrate OP into existing impact pathways, we 
propose a refined, mechanistically grounded framework that improves 
current mass-based approaches by explicitly accounting for respiratory 
deposition and biological activity (Fig. 7): 

1. Deposited source-specific PM2.5 mass quantification: Size-resolved 
source-specific concentrations (Exposure I) are translated into the 
fraction of source-specific PM2.5 (Exposure II) that is actually inhaled 
and deposited in the respiratory tract. This can be obtained using 
established deposition models such as those from the International 
Commission on Radiological Protection (ICRP) or the Multiple Path 
Particle Dosimetry (MPPD) model. Traditional LCIA and risk as
sessments often omit this step, potentially misrepresenting true in
ternal dose.

2. Deposited source-specific OP exposure calculation: The deposited 
source-specific PM2.5 mass (Exposure II) is then converted to OP 
using our source–OP relationship (Equation (1)). This yields OP as 
the oxidative burden (nmol/min/m3), a metric that reflects not just 
how much PM is inhaled, but how biologically active it is via the 
oxidative stress pathway.

3. Dose–response modeling: Derive concentration–response functions 
linking OPv to cause-specific mortality and morbidity outcomes.

4. Impact quantification: Apply these functions to calculate health im
pacts attributable to oxidative burden from specific emission sources.

Step 2 is now feasible thanks to the present work. Step 3 remains a 
critical priority for future epidemiological and modeling research. 
Encouragingly, progress is already underway: standardized, low-cost OP 
measurement protocols are being established (Dominutti et al., 2025), 
which will help address the data limitations that have historically con
strained such efforts. Even though OP captures a key mechanism of 
PM2.5 toxicity, namely oxidative stress, PM can also cause harm through 
other pathways, such as inflammation, metal-induced toxicity, and 
physical translocation into biological systems. For this reason, OP 
should complement—not replace—PM2.5 mass in health impact assess
ments, offering a more mechanistically informed dimension of risk 
without discarding the well-established value of mass-based metrics.

5. Conclusions

This study presents the first global estimation of OP CRFs for PM2.5 
and its major anthropogenic sources, advancing our capacity to evaluate 
oxidative burden and its mortality linkages worldwide. Our findings 
challenge conventional reliance on total PM2.5 mass or bulk oxidative 
potential (OPv

PM2.5) as health metrics, demonstrating that source- 

Fig. 7. | Conceptual framework for integrating OP into PM2.5 health risk assessment.
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resolved oxidative potential (OPv
source) offers superior precision in mor

tality risk assessment. Specifically, energy (ENE) and transportation 
(TRO) sectors exhibited the highest intrinsic OP (OPm), and TRO and 
industrial (IND) sectors exhibited the strongest mortality associations, 
while agriculture/residential-commercial (AGS + RCO) emerged as the 
second-largest contributor to global OPv

source in 2017 due to its high 
PM2.5 concentrations in key regions. Critically, multi-pollutant models 
identified OPv

source as the sole significant mortality driver, underscoring 
the limitations of PM2.5 mass-based frameworks.

These results necessitate a paradigm shift in air quality management. 
Policymakers should prioritize emissions controls tailored to dominant 
local sources of oxidative burden: 

1. ENE/TRO-Dominant Regions (e.g., Eastern Europe, North America): 
Target fossil fuel combustion (coal, oil) and vehicular emissions 
through cleaner energy transitions and stricter vehicle standards.

2. AGS + RCO Hotspots (e.g., Sub-Saharan Africa, Oceania): Implement 
agricultural residue management and clean cooking technologies to 
mitigate biomass burning impacts.

3. IND-Intensive Areas (e.g., Latin America): Strengthen industrial 
process controls to reduce metal-rich particulate emissions.

The spatial heterogeneity of OPv
source contributions underscores the 

inefficiency of one-size-fits-all strategies. Localized interventions, 
informed by source-specific CRFs, will optimize resource allocation and 
health outcomes. Future research should prioritize the expansion of 
global OPᵥsource monitoring networks to include more refined source 
categories, particularly those that capture secondary formation pro
cesses (e.g., oxidative transformation of PAHs) (Esu and Cho, 2025). 
Additionally, studies should investigate causal links between 
source-specific OPᵥ and cause-specific mortality and morbidity, with a 
focus on underrepresented regions. Such efforts will help pinpoint the 
specific anthropogenic activities and atmospheric processes that drive 
oxidative potential exposure at local scales. By elucidating the contri
bution of anthropogenic sources in PM2.5 toxicity, this work provides a 
foundation for precision air quality policies that address both particulate 
mass and oxidative health risks.
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