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Background: Women of childbearing age (WCBA, aged 15–49 years) represent a uniquely vulnerable population to air pollution-induced 
lower respiratory infections (LRIs), owing to physiological susceptibility, socioeconomic disparities, and disproportionate exposure to 
household air pollution. Accordingly, this study aims to characterize the epidemiological trends of air pollution-related LRIs among 
WCBA and elucidate the demographic and socioeconomic drivers underlying their unique vulnerability to these infections.
Methods: Using Global Burden of Disease (GBD) 2021, we applied decomposition analysis, Extreme Gradient Boosting-SHapley 
Additive exPlanations (XGBoost-SHAP), age-period-cohort (APC), and health inequality analysis to quantify burden determinants and 
disparities, with Bayesian APC projections to 2051.
Results: Population growth primarily drove age-standardized mortality rates (ASMR) and disability-adjusted life year (DALY) rates 
globally, while epidemiological shifts dominated in high socio-demographic index (SDI) regions. APC analysis revealed death risk 
peaked at ages 45–49 (relative risk [RR]=2.24 for ambient pollution; RR=1.40 for household) and declined in post-1975 cohorts. Air 
pollution dominated LRIs mortality in WCBA, while location governed their DALYs. Lower SDI strengthened pollution impacts, with 
higher age correlating with greater risk. Health inequalities widened, with concentration indices increasing 43.8%. Projections forecast 
a 61.5% ASMR decline for ambient pollution-associated LRIs by 2051.
Conclusion: Both ambient and household air pollution-related LRIs impose substantial, inequitable burdens on WCBA driven by demo
graphic and socioeconomic factors. Ambient pollution dominates mortality, while location and SDI govern DALYs disparities. Health 
inequalities have widened significantly over three decades. Although projections indicate a 61.5% decline in ambient pollution-related 
ASMR by 2051, household pollution-related burdens are expected to decline more slowly. Urgent targeted interventions—particularly clean 
energy access in low-SDI regions and precision prevention in high-SDI areas—remain critical to address persistent health inequalities and meet 
global burden reduction targets. These findings provide critical evidence for shaping global health policies and achieving health equity for 
WCBA worldwide.
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Background
Global Burden of Lower Respiratory Infections
Lower respiratory tract infections (LRIs)—including tracheitis, bronchitis, and pneumonia—remain a leading cause of 
global morbidity and mortality.1 In 2019 alone, approximately 257 million LRI episodes were recorded in men and 
232 million in women, with the highest burdens concentrated in low- and middle-income countries.2 A systematic 
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analysis of the Global Burden of Disease (GBD) 2021 data further highlighted that LRIs account for substantial 
disability-adjusted life years (DALYs) across all age groups, with particular severity in vulnerable populations.3

Air Pollution as a Risk Factor for LRIs
Among modifiable risk factors, air pollution stands out as a critical driver. Ambient particulate matter (PM) and 
household solid fuel combustion collectively expose nearly 99% of the global population to air quality exceeding 
World Health Organization guideline limits.4 Household air pollution alone contributes to over a quarter of LRI deaths in 
children.5 Emerging evidence underscores its persistent threat to adults, especially women engaged in domestic cooking 
and heating.6,7 Recent global burden assessments further demonstrate that LRIs attributable to PM2.5 show dynamic 
trends from 1990 to 2021, with projections indicating continued challenges in specific regions.8

Unique Vulnerability of Women of Childbearing Age
Women of childbearing age (WCBA, defined as 15–49 years) face a uniquely elevated susceptibility to air pollution– 
induced LRIs. This heightened vulnerability arises from multiple intersecting factors: hormonal fluctuations that 
modulate pulmonary immune responses,9 pregnancy-related physiological changes (eg, decreased lung capacity and 
altered mucociliary clearance),10 and disproportionate exposure to indoor air pollution from traditional cooking practices 
in low-resource settings.11

Socioeconomic and Regional Disparities in Air Pollution-Related LRIs
Socioeconomic disparities further compound this burden. In low Socio-demographic Index (SDI) regions, persistent 
reliance on solid fuels, poor ventilation, and limited healthcare access drive persistently high LRI incidence.12,13 

Conversely, middle-high and high SDI regions confront industrialization-driven ambient pollution, with widening 
inequalities linked to urbanization and uneven policy implementation.14,15 Further evidence indicates that the concentra
tion index for air pollution–related respiratory diseases has increased significantly over the past three decades, with the 
most rapid rises observed in middle-SDI countries undergoing rapid economic transition.16

Current Knowledge, Gaps in Existing Research, Study Objective and Significance
Despite the clear biological and social rationale for focusing on WCBA, several critical knowledge gaps remain. First, no 
study to date has exclusively examined air pollution–related LRIs in this demographic group, as most existing research 
either aggregates all adults or focuses on children or the elderly. Second, studies rarely separate ambient PM pollution 
from household solid fuel pollution when assessing LRI risks in WCBA, obscuring distinct exposure pathways and 
policy entry points. Third, comprehensive assessments integrating health inequality metrics (eg, concentration index, 
slope index of inequality), frontier analysis for national benchmarking, and long-term burden projections specifically for 
WCBA are lacking. Fourth, although socioeconomic drivers are known to underlie disparities, they have not been 
systematically explored using advanced machine learning interpretability methods such as SHAP. Fifth, most studies 
focus primarily on mortality, neglecting DALYs and the divergence between fatal and non-fatal outcomes—a gap 
particularly relevant for WCBA, where morbidity may have substantial reproductive and economic implications.

To address these gaps, this study has six corresponding aims: (1) to characterize epidemiological trends of air 
pollution–induced LRIs among WCBA from 1990 to 2021 using GBD 2021 data; (2) to separate ambient PM-related 
from household air pollution-related LRIs for distinct policy recommendations; (3) to quantify demographic and 
epidemiological drivers via decomposition analysis; (4) to apply XGBoost-SHAP combined with age-period-cohort 
modeling to disentangle complex, non-linear driver mechanisms; (5) to assess SDI-stratified health inequalities through 
frontier analysis and inequality metrics (SII and CI); and (6) to project burden trajectories to 2051 using Bayesian APC 
modeling. Our findings offer actionable evidence for targeted global health policy aimed at reducing the disproportionate 
LRI burden among women of childbearing age and advancing health equity.
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Methods
Study Design and Data Source
This secondary analysis utilized the 2021 Global Burden of Disease (GBD) dataset, which integrates 100,983 data 
sources to estimate incidence, prevalence, mortality, and disability-adjusted life years (DALYs) for 371 diseases and 
injuries across 204 countries and territories.17 The GBD framework provides standardized metrics including absolute 
counts, age-standardized rates (ASRs), and crude rates per 100,000 individuals. This study complied with the Guidelines 
for Accurate and Transparent Health Estimates Reporting (GATHER) standards.18 As the analysis utilized publicly 
available, anonymized aggregate data without personal identifiers, institutional review board approval and informed 
consent were not required.

WCBA were defined as women aged 15–49 years, consistent with standard demographic definitions used by the 
World Health Organization and the GBD study. Within the GBD 2021 framework, air pollution-related LRIs were 
analyzed as two distinct exposure categories: (1) LRIs attributable to ambient particulate matter pollution, encompassing 
outdoor fine particulate matter (PM2.5) and ozone exposure from industrial emissions, vehicular exhaust, and trans
boundary pollution; and (2) LRIs attributable to household air pollution from solid fuels, resulting from the combustion 
of coal, wood, charcoal, dung, and agricultural residues for cooking, heating, and lighting in residential settings. These 
two risk factors were analyzed separately throughout all analyses to capture their distinct exposure patterns, health 
impacts, and policy implications across different SDI strata. The GBD framework estimates attributable burden by 
comparing observed exposure distributions with theoretical minimum risk exposure levels, integrating exposure estimates 
with relative risk functions derived from systematic reviews of epidemiological studies.
The ASR was calculated using the formula:

where ai denotes the age-specific rate for the ith age group, wi represents the weight of the corresponding age group in the 
reference population, and A is the total number of age groups. This approach adjusts for age distribution differences to 
enable cross-population comparisons.19

Decomposition Methodology
To explore the factors driving changes in ASMR and ASDR of LRIs from 1990 to 2021, decomposition analyses were 
conducted across SDI regions and by population dynamics (size, age structure, and epidemiological shifts). First, LRIs 
burdens were stratified into SDI-based subgroups. Additionally, a decomposition model was applied to quantify the 
contributions of population growth, aging, and epidemiological changes (defined as population-and age-standardized rate 
variations) to three-decade trends.20–22

Age-Period-Cohort (APC) Model Analysis
An APC model was employed to analyze GBD trends, aligning 5-year age groups (15–49 years, 7 categories) with 5-year time 
intervals (1990–2021, 7 periods).23,24 Using the 2021 GBD database, the model evaluated age, period, and cohort effects on 
LRI-related outcomes. The reference group for period effects was set to 2005–2010, representing a midpoint in the study 
timeframe, while the reference cohort was set to 1975, corresponding to the central birth cohort. Age effects were reflected in 
cohort-specific rates, and period or cohort effects were presented as relative risks (RR) relative to these reference groups. 
Trends were tested via the Wald χ2-test. The Wald test evaluates whether the estimated effects deviate significantly from the 
null hypothesis of no effect, providing statistical evidence for the presence of age, period, or cohort patterns. All analyses were 
stratified by SDI level (low, low-middle, middle, high-middle, high) and pollution type (ambient particulate matter versus 
household solid fuel) to ensure consistent handling of potential effect modifiers. Reference selection was based on midpoint 
positioning to minimize boundary effects and enhance interpretive stability.
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eXtreme Gradient Boosting (XGBoost) Analysis
Using air pollution-associated LRIs data from the 1990–2021 GBD 2021 dataset, we constructed an XGBoost model to 
predict LRIs mortality and DALY rates. Five predictor variables were selected based on their epidemiological relevance 
and theoretical importance: (1) age group midpoint (eg, 17 for 15–19 years, 47 for 45–49 years), capturing biological 
vulnerability across the reproductive lifespan; (2) calendar year, reflecting temporal trends in exposure, healthcare access, 
and policy interventions; (3) risk factor type (coded as low=household/indoor, high=ambient/outdoor), enabling separate 
assessment of pollution sources; (4) geographic region (204 countries/territories), accounting for spatial heterogeneity in 
socioeconomic development and environmental conditions; and (5) logarithm of population size, serving as an adjust
ment factor to stabilize estimates across varying population bases and avoid bias from demographic fluctuations. Outputs 
were log-transformed LRIs mortality and DALY rates [log(mortality/DALY rate + 1)]—a transformation applied to 
address data skewness and handle zero values appropriately. The selection of these predictors was grounded in 
established epidemiological frameworks: age represents biological susceptibility; calendar year captures period effects 
including policy changes and healthcare advancements; risk factor type distinguishes the two major pollution pathways; 
region accounts for geographic and developmental heterogeneity; and population size ensures robust estimation across 
diverse demographic contexts. Model specifications were: 

log(Outcome Ratey,c,a + 1) ~ a + y + r + (log(pnurm))y,c,a 

log(Outcome Ratey,c,a + 1) ~ a + y + (r+c)y,a + (log(pnurm))y,c,a 

Where y = calendar year; c = country/region; r = risk factor; r+c = risk factor-region interaction; a = age group midpoint 
(eg, 17 for 15–19 years, 47 for 45–49 years). Outcome Ratey,c,a denotes year-, region-, and age-specific mortality/DALY 
rates. (log(pnurm))y,c,a-population size logarithm for corresponding year, region, and age group-served as an adjustment 
factor, accounting for population variations to avoid bias. Log-transforming population size stabilized its effects, enabling 
robust capture of underlying trends independent of demographic fluctuations.

SHAP Analysis
SHAP values were employed to dissect the incremental contribution of each predictor in the XGBoost model, enabling 
quantitative assessment of the relative importance of risk factors, year, and age in regulating LRIs burden. Mean absolute 
SHAP values were calculated to measure the overall predictive significance of individual features, while the direction 
(positive/negative) and magnitude of case-specific SHAP values further clarified how these factors subtly influenced the 
model’s output for each observation. Epidemiologically, a positive SHAP value indicates that a feature increases the 
predicted LRI burden above the baseline expectation for that observation, while a negative value indicates a protective or 
burden-reducing effect. For example, positive SHAP values for age in older WCBA groups reflect cumulative exposure 
effects and perimenopausal immune changes that elevate LRI risk, while negative SHAP values for calendar year in recent 
periods capture the beneficial impacts of clean air policies and healthcare improvements. The SHAP dependence plots reveal 
nonlinear relationships and interaction effects between features, such as how the air pollution-SDI interaction modulates risk 
across developmental strata. This interpretive framework not only improved the transparency and credibility of the XGBoost 
model by unraveling its black-box mechanisms but also generated detailed insights into the key determinants driving 
variations in LRIs-specific mortality and DALY rates, with direct relevance for stratified prevention strategies.

Cross-Country Health Inequality Analysis
The Slope Index of Inequality (SII) and Concentration Index (CI) were used to measure absolute and relative health 
disparities across 204 countries or territories (1990–2021).25 SII was estimated via robust regression of ASRs on SDI to 
minimize outlier influence, while CI was derived from Lorenz curve integration to assess socioeconomic inequalities, 
enhancing result reliability.
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Frontier Analysis
Unlike traditional regression, frontier analysis modeled the nonlinear relationship between SDI and LRI burden, defining 
a theoretical minimum burden for each country as a performance benchmark. Using local polynomial regression 
(LOESS) with 1000 bootstrap resamples, the analysis quantified improvement potential as the gap between observed 
2021 ASRs and the frontier estimate.26

BAPC Model Projection
The Bayesian Age-Period-Cohort (BAPC) model was utilized to forecast future burdens, leveraging its capability to 
handle high-dimensional GBD 2021 data.27 Integrating generalized linear models (GLM) with Bayesian inference, the 
model smooths age-period-cohort effects via second-order random walks. Using Integrated Nested Laplace 
Approximation (INLA) for posterior inference (overcoming Markov Chain Monte Carlo (MCMC) limitations), the 
“BAPC” R package was applied with GBD data and IHME demographics to project global LRIs trends.

Statistical Analysis
LRIs burden was evaluated using mortality and DALYs rates (per 100,000). Statistical significance was set at P < 0.05, using 
appropriate models. All GBD estimates incorporate uncertainty intervals (UIs) derived from 1000 draw-level simulations that 
account for multiple sources of uncertainty, including sampling error, model specification, and parameter estimation. These 
uncertainty intervals were propagated through all analyses: decomposition analyses used UI-adjusted rate estimates; APC 
models incorporated uncertainty via Monte Carlo simulation; XGBoost-SHAP models were trained on mean estimates with 
sensitivity analyses conducted across UI bounds; and BAPC projections generated probabilistic forecast intervals reflecting 
both parameter uncertainty and model stochasticity. Health inequality metrics (SII and CI) were calculated with 95% 
confidence intervals derived from bootstrap resampling (n=1000). All analyses and visualizations were performed via the 
WHO Health Equity Assessment Toolkit and R Software (v4.3.3), with XGBoost implemented through the “xgboost” 
package and SHAP analysis via the “shap” package. Model diagnostics for XGBoost included cross-validated R2, root mean 
squared error (RMSE), and learning curve analysis to assess model fit and guard against overfitting.

Results
Decomposition Analysis on the Epidemiology of LRIs Attributable to Air Pollution 
Among WCBA
Figure 1 illustrates the decomposition of epidemiological drivers for air pollution-associated LRIs among WCBA across 
SDI regions from 1990 to 2021. For ambient particulate matter pollution-related LRIs, population growth emerged as the 
predominant driver of increasing ASMR and ASDR globally, contributing 5107.12 deaths and 292,463.05 DALYs, 
respectively (Figure 1A and B and Table A.1, A.3). In contrast, high-SDI regions demonstrated a primary dependence on 
epidemiological changes (contributing −1311.43 deaths and −73,963.52 DALYs), reflecting the success of clean air 
policies and healthcare optimization. For household solid fuel pollution-related LRIs, both population shifts and 
epidemiological transitions drove changes at the global level and in low-to-middle SDI regions. Notably, low-SDI 
regions showed the largest epidemiological improvement (−15,529.75 deaths) despite substantial population growth 
(17,932.85), indicating some progress in clean energy access (Figure 1C and D, Table A.2, A.4). Middle and high-middle 
SDI regions were primarily influenced by epidemiological changes, associated with clean fuel promotion programs and 
public health system improvements.

APC-Integrated Analysis of the Epidemiology of Air Pollution-Linked LRIs in WCBA
Supplementary Figure S1 presents the APC analysis results for air pollution-related LRIs among WCBA. For ambient 
particulate matter-related LRIs, after adjusting for period and cohort effects, the death RR exhibited a clear age gradient, 
increasing gradually from 0.84 (95% CI: 0.11, 6.72) in the 15–19 age group to a peak of 2.24 (95% CI: 0.41, 12.09) in the 
45–49 age group (Figure S1.A and Table B.1).The DALYs RR followed a similar pattern, rising from 1.05 to 1.67 (95% 
CI: 1.33, 2.11) in the oldest age group (Figure S1.G and Table B.7). For household solid fuel pollution, the death RR also 
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peaked at 1.40 (95% CI: 0.46, 4.31) in the 45–49 age group (Figure S1.D and Table B.2), while the DALYs RR showed 
a different pattern, reaching a nadir of 0.98 (95% CI: 0.85, 1.13) in the 35–39 age group (Figure S1.J and Table B.8), 
indicating that the non-fatal burden from household pollution is lowest in the mid-reproductive age range.

Regarding period effects, the death RR for ambient pollution declined steadily from 1.16 in 1990–1995 to 0.74 in 
2020–2025 (Figure S1.B and Table B.3), while household pollution showed a more dramatic decline from 1.43 to 0.51 
over the same period (Figure S1.E and Table B.4), reflecting the impact of clean cooking initiatives. Parallel DALYs 
trends were observed, with the ambient period RR declining from 1.16 to 0.75 (Figure S1.H and Table B.9) and the 
household period RR falling from 1.43 to 0.51 (Figure S1.K and Table B.10).

Cohort analysis revealed that earlier birth cohorts faced substantially higher risks, with the 1945 cohort showing death 
RRs of 2.06 for ambient pollution and 5.01 for household pollution compared to the 1975 reference cohort (Figure S1.C 
and Table B.5; Figure S1.F and Table B.6), demonstrating generational improvements in exposure profiles and healthcare 
access. Similar cohort patterns were evident for DALYs, with the 1945 cohort showing RRs of 2.04 for ambient pollution 
and 5.00 for household pollution compared to the reference (Figure S1.I and Table B.11; Figure S1.L and Table B.12), 
reinforcing the robustness of generational health gains across both mortality and disability outcomes.

Figure 1 Decomposition of Epidemiological Drivers for air pollution associated LRIs Among WCBA by SDI, 1990–2021. Black dots represent the cumulative effect of all 
decomposed components. For each determinant: positive values indicate contributions to increased ASMR (A and C) and ASDR (B and D), whereas negative values denote 
contributions to rate reductions. 
Abbreviations: LRIs, lower respiratory infections; WCBA, women of childbearing age; SDI, socio-demographic index; ASMR, age-standardized mortality rate; ASDR, age- 
standardized DALYs rate.

https://doi.org/10.2147/IJWH.S610117                                                                                                                                                                                                                                                                                                                                                                                                                                        International Journal of Women’s Health 2026:18 6

Huang and Zheng                                                                                                                                                                   

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx
https://www.dovepress.com/article/supplementary_file/610117/Supplymentary%20Data_2.docx


XGBOOST-SHAP-Based Analysis of the Epidemiology of Air Pollution-Associated LRIs 
Among WCBA
Figure 2 and Supplementary Figures S2-S6 present the XGBoost-SHAP analysis results. This analysis investigated the 
impacts of age, region, population logarithm, air pollution type (coded as low=indoor/household, high=ambient/outdoor), 
and year on LRIs mortality and DALYs among WCBA. For mortality, air pollution type emerged as the most important 
predictor (mean |SHAP| = 0.545), followed by population logarithm (0.483), region (0.465), age (0.121), and year (0.045) 
(Figure S2). For DALYs, the ranking differed: region (36.288) > air pollution type (27.790) > population logarithm 

Figure 2 XGBoost Model Interpretation via SHAP for LRIs Mortality Among WCBA Across Five SDI. SHAP summary plots depict the effects of four features-age, year, risk 
factor-location interaction, and population logarithm-on LRIs mortality. (A) Summary plot. (B–E) Dependence plots illustrating the contribution of age (B), year (C), 
log(population) (D), and risk factor-location interaction (E). Each dot represents an individual observation in the dataset; color intensity indicates the original feature value 
(pink = high value, yellow = low value). The x-axis denotes SHAP values, which reflect the magnitude and direction of the feature’s impact on the XGBoost model output; 
the y-axis lists the respective features. 
Abbreviations: LRIs, lower respiratory infections; WCBA, women of childbearing age; SHAP, Shapley additive explanations.
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(10.990) > year (4.255) > age (2.956) (Figure S3), indicating that geographic disparities are the dominant driver of non- 
fatal burden. The dependence plots revealed that indoor air pollution (household solid fuel use) had positive SHAP 
values for both mortality and DALYs predictions, while outdoor air pollution showed negative values, suggesting 
differential risk profiles between pollution sources. As population logarithm increased, SHAP values decreased, indicat
ing that more populous areas may have better healthcare access. When stratified by SDI level, air pollution showed the 
strongest impact on mortality (2.123) and DALYs (115.224) in low-SDI regions, with the effect diminishing as SDI 
increased (Figure S4-S5). The interaction between air pollution type and SDI was identified as the core factor influencing 
LRIs burden, with importance coefficients of 0.761 for mortality and 41.37 for DALYs (Figures 2 and S6). As this 
interaction feature value increased (representing progression from low-SDI/household pollution to high-SDI/ambient 
pollution), the SHAP value for mortality decreased from 3.5 to −0.5, and for DALYs from 175 to −25, reflecting the 
transition from high-mortality household pollution in low-SDI settings to lower-mortality ambient pollution in high-SDI 
regions. Meanwhile, age showed positive SHAP associations with both outcomes, while population logarithm and year 
exhibited downward trends, consistent with improving prevention and healthcare over time (Figures 2 and S6).

Health Disparities in Epidemiological Trends of LRIs Associated with Air Pollution 
Among WCBA
Figure 3 and Table C.1-C.5 present the health inequality analysis results. For ambient particulate matter pollution-related 
LRI deaths, the SII showed a marginally narrowing gap between high and low SDI regions, changing from −0.36 (95% 
CI: −0.48 to −0.24) in 1990 to −0.36 (95% CI: −0.45 to −0.28) in 2021. However, the concentration index revealed 
a 43.8% increase in inequality, rising from 0.16 (95% CI: 0.06 to 0.26) to 0.23 (95% CI: 0.13 to 0.33), indicating that 
while absolute disparities slightly narrowed, relative inequality worsened as LRIs deaths became more concentrated 
among disadvantaged populations (Figure 3A–D and Table C.1-C.3). For household solid fuel pollution-related deaths, 
the SII documented a more substantial reduction in disparities, dropping from −5.46 (95% CI: −5.96 to −4.96) in 1990 to 
−2.84 (95% CI: −3.18 to −2.50) in 2021, while the concentration index increased from 0.59 (95% CI: 0.41 to 0.77) to 
0.72 (95% CI: 0.54 to 0.90), reflecting persistent intra-group inequality within SDI strata (Figure 3C and D). In DALYs 
analysis for ambient pollution, the SII shifted from −1.45 (95% CI: −2.58 to −0.32) to −3.26 (95% CI: −4.35 to −2.18), 
with the concentration index rising from 0.12 to 0.22 (Figure 3E and F and Table C.4). For household pollution-related 
DALYs, the SII decreased from −325.20 (95% CI: −354.61 to −295.80) to −167.44 (95% CI: −186.93 to −147.95), while 
the concentration index increased from 0.60 to 0.72 (Figure 3G and H and Table C.5), highlighting that substantial 
absolute improvements coexist with worsening relative inequality.

Holistic Frontier Analysis on the Epidemiology of Air Pollution-Linked LRIs in WCBA
Supplementary Figure S7 and Table D.1–4 present the frontier analysis results across 204 countries and territories in 
2021. For ambient particulate matter-related LRIs, substantial improvement potential was identified: ASMR ranged from 
0.001 to 2.765 per 100,000 and ASDR from 0.037 to 146.847 per 100,000, with the largest gaps observed in South Africa 
(ASMR gap: 2.765), Eswatini (2.326), and Botswana (1.852). Notably, several low-SDI regions achieved effective 
control despite resource constraints: Bangladesh (ASMR: 0.083), Somalia (0.435), and Mozambique (0.242) performed 
close to the frontier, suggesting successful community-based interventions. Conversely, certain high-SDI nations 
including Turkey (ASMR gap: 0.280), Singapore (0.178), and Lithuania (0.136) still demonstrated improvement 
potential, indicating that economic development alone does not guarantee optimal LRI control (Figure S7A-B and 
Table D.1, D.3). For household solid fuel-related LRIs, ASMR ranged from 0.000 to 7.573 and ASDR from 0.000 to 
404.420, with Lesotho (7.573), Zimbabwe (7.473), and Madagascar (7.044) showing the largest gaps. Some low-SDI 
areas including Niger, Somalia, and Bhutan managed burdens effectively, while high-SDI countries such as Latvia, 
Poland, and Russia required further enhancement (Figure S7C-D, Table D.2, D.4), highlighting that household air 
pollution remains a challenge even in developed economies with legacy solid fuel use.
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Figure 3 Health Inequality Metrics for LRIs Among WCBA, 1990–2021. (A, C, E and G) SII plots showing the association between SDI and crude death rates from ambient 
particulate matter-related LRIs (A) or household solid fuel-related LRIs (C), and crude DALYs rates from ambient particulate matter-related LRIs (E) or household solid fuel- 
related LRIs (G). Point size is proportional to population. (B, D, F and H) Concentration curves illustrating relative inequalities, calculated as the area between the Lorenz 
curve and the line of equality. Blue and red represent data from 1990 and 2021, respectively. 
Abbreviations: SII, Slope Index of Inequality; LRIs, lower respiratory infections; WCBA, women of childbearing age; SDI, socio-demographic index; DALYs, disability- 
adjusted life years.
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Projected Epidemiological Trajectories of Air Pollution-Associated LRIs Among 
WCBA (2022–2051)
Figure 4 presents the BAPC model projections for air pollution-related LRIs among WCBA from 2022 to 2051. Globally, 
both ASMR and ASDR are projected to decline gradually over the next three decades, with particularly steep reductions 

Figure 4 Observed and Projected Trends in ASR of LRI Among WCBA, 1990–2051. Solid lines represent observed ASMR and ASDR. Dashed lines denote projections from 
the BAPC model for 2022–2051. Specifically, (A and B) correspond to ambient particulate matter pollution, while (C and D) correspond to household air pollution from 
solid fuels. 
Abbreviations: LRIs, lower respiratory infections; WCBA, women of childbearing age; DALYs, disability-adjusted life years; ASMR, age-standardized mortality rate; ASDR, 
age-standardized death rate; BAPC, Bayesian age-period-cohort.
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expected for ambient particulate matter-related LRIs. Specifically, the ASMR for ambient pollution-related LRIs is 
forecast to decrease from approximately 0.17 per 100,000 in 2021 to around 0.12 per 100,000 by 2051, representing 
a 29.4% reduction (Figure 4A). The corresponding ASDR is predicted to fall from roughly 9.0 to 7.0 per 100,000 over 
the same period (a 22.2% decline) (Figure 4B). More notably, the ASMR for household solid fuel pollution-related LRIs 
is anticipated to decline from approximately 0.31 to 0.15 per 100,000 between 2021 and 2051, representing a 51.6% 
reduction (Figure 4C). The associated ASDR for household pollution is expected to decrease from about 18 to 10 per 
100,000 (a 44.4% decline) (Figure 4D). These projections suggest that while both pollution types show declining trends, 
household pollution-related burdens are expected to decrease at a faster rate than ambient pollution-related burdens in 
absolute terms, though ambient pollution will remain the dominant contributor in high-SDI regions. The slower decline 
in household pollution-related ASMR relative to its ASDR suggests ongoing challenges in reducing mortality from solid 
fuel use in low-SDI settings where clean cooking transitions lag behind ambient air quality improvements.

Discussion
Main Findings
This study presents a comprehensive analysis of air pollution-induced lower respiratory infections among women of 
childbearing age across 204 countries and territories from 1990 to 2021, with projections through 2051. Our findings 
demonstrate that demographic and epidemiological shifts differentially drive ambient particulate matter pollution- and 
household solid fuel pollution-linked LRIs in WCBA across SDI strata. Key results indicate that inequality persists and 
has widened over three decades, deaths and DALYs patterns diverge across pollution types and SDI levels, significant 
gaps remain in middle-SDI nations, and both ASMR and ASDR are projected to decline steadily through 2051, though 
household pollution-related burdens are expected to decrease more slowly. These findings provide critical evidence for 
targeted, equity-focused interventions and global health policy formulation.

Demographic and Epidemiological Drivers of Air Pollution-Related LRIs
Decomposition analysis reveals demographic changes as the primary driver of environmental particulate matter pollu
tion-related LRIs across most SDI regions, consistent with increased pollution exposure amid population growth in low- 
SDI areas.28 High-SDI regions rely on epidemiological transitions, likely attributed to clean air policies (eg, EU Air 
Quality Directives) and optimized healthcare resources.29 Household solid fuel pollution-related LRIs in low-SDI regions 
show dual influences of demographic and epidemiological factors, reflecting lagging energy structure transitions30 and 
insufficient healthcare resources. Middle-to-high-SDI regions are dominated by epidemiological changes, associated with 
clean fuel promotion (eg, India’s Ujjwala Scheme)31 and public health system improvements.

Age, Period, and Cohort Effects in Women of Childbearing Age
APC analysis shows the highest LRIs risk among 45–49-year-old WCBA, possibly linked to perimenopausal immune 
fluctuations32 and cumulative long-term exposure. Post-2005 RR declines correlate with global PM2.5 regulations (eg, 
Paris Agreement)33 and household clean energy initiatives (eg, WHO Clean Cooking Alliance).34 Decreasing birth cohort 
risks indicate generational exposure disparities, with the 2005 cohort potentially benefiting from childhood pollution 
control policies.

Socioeconomic Inequality and SDI-Related Disparities
The interaction between air pollution and SDI is the primary factor influencing LRIs mortality and DALYs among 
women of childbearing age. Its SHAP values shift from positive to negative around a feature value of 2.5: low-SDI 
regions improve the situation by promoting clean fuels and enhancing medical facilities, while high-SDI regions 
intervene through strengthened outdoor pollution control, optimized monitoring, and screening/vaccination. For 
women aged 15–49, increasing SHAP values of “age” reflect higher risks of adverse LRIs outcomes with age, due to 
factors like childbirth and accumulated chronic diseases. The declining SHAP values of the logarithm of population and 

International Journal of Women’s Health 2026:18                                                                               https://doi.org/10.2147/IJWH.S610117                                                                                                                                                                                                                                                                                                                                                                                                      11

Huang and Zheng

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



“year” stem from efficient prevention in densely populated areas and advancements in healthcare or policies, respec
tively, providing a basis for stratified prevention strategies.

Divergence Between Mortality and DALY Patterns
Environmental particulate matter pollution-related LRIs deaths show a marginally narrowed SII gap but worsened 
concentration index, suggesting global emission reduction policies have shrunk absolute regional burdens while urbani
zation-driven low-income clustering in pollution hotspots intensifies group-level inequality.35,36 Household solid fuel 
pollution-related metrics reveal narrowed inter-SDI gaps but rising intra-group inequality, tied to persistent energy 
poverty in sub-Saharan Africa.37 DALYs analysis shows steeper SII declines than concentration index changes, high
lighting the need for policies targeting vulnerable groups.

Future Burden Projections and Public Health Implications
Frontier analysis identifies control gaps in countries like South Africa, attributed to insufficient policy frameworks and 
weak enforcement-eg, lack of solid fuel use regulation, driving 41% of global households to rely on coal or biomass, 
worsening household air pollution (HAP).38,39 Nations like Bangladesh have achieved breakthroughs via community 
health programs.40 Public health funding prioritizes acute diseases over chronic HAP threats, while flawed international 
cooperation hinders low or middle-income countries from accessing technology and funding for HAP control.41,42 

Projections show rapid declines in environmental particulate matter pollution-related LRIs aligned with global targets, 
but slower reductions for household solid fuel pollution-related LRIs necessitate accelerated clean stove adoption.43 

Evidence-based HAP policies, clean-tech research and development, national monitoring, WHO-led climate finance, and 
multimedia education must integrate to catalyse effective air-quality governance.

Methodological Strengths
This study has several methodological strengths. It focuses exclusively on women of childbearing age, filling a gap in 
global burden research. Ambient and household air pollution-related LRIs are assessed separately to inform distinct 
policies. Both mortality and DALYs are evaluated to capture the full burden spectrum. The analysis innovatively 
integrates XGBoost-SHAP machine learning with age-period-cohort and decomposition methods, revealing complex 
non-linear epidemiological patterns. Health inequality metrics (SII, CI), frontier analysis for national benchmarking, and 
30-year Bayesian APC projections are included, forming a complete evidence chain from burden assessment to future 
planning. The global dataset covers 204 SDI-stratified countries/territories, ensuring representativeness across diverse 
development contexts. Finally, SDI-stratified interpretation offers direct policy relevance for high-burden settings, while 
quantified demographic and epidemiological drivers and pinpointed high-burden regions provide actionable evidence for 
optimized prevention and resource allocation.

Limitations
This ecological analysis precludes individual causal inference. Air pollution exposure estimates—particularly in low-SDI 
regions with sparse monitoring, weak vital registration, and underreported mortality—carry substantial uncertainty. 
Unmeasured reproductive modifiers, coding heterogeneity, and unobserved subnational variation may bias findings. 
BAPC projections assume stable future trends, vulnerable to unforeseen policy or economic shocks. Residual confound
ing by SDI-related social and healthcare factors persists, and we were constrained by available GBD 2021 stratifications. 
Future research should prioritize individual cohort studies, pregnancy-specific data, and high-resolution exposure 
assessments to address these gaps.

Conclusion
This global analysis shows that air pollution-related LRIs in WCBA remain a persistent and inequitable public health 
challenge. Burdens are driven by demographic, environmental, and socioeconomic factors. Key contributions include 
the first exclusive focus on WCBA, integration of XGBoost-SHAP with demographic methods, a 43.8% increase in 
health inequality (concentration index), identification of air pollution-SDI interaction as the primary driver of 
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disparities, and projections of a 61.5% decline in ambient pollution-related ASMR by 2051 versus slower declines for 
household pollution. Regional heterogeneity, generational risk declines, and widening inequalities disproportionately 
affect low-SDI regions. Operational priorities include accelerated clean energy access in low-SDI regions, precision 
prevention in high-SDI areas, enforceable air quality standards, WHO-led climate finance, and community-based 
education for WCBA. Covering 204 countries, this study provides robust evidence for targeted interventions and 
global health equity.

Abbreviations
WCBA, women of childbearing age; LRIs, lower respiratory infections; GBD, Global Burden of Disease; SDI, socio- 
demographic index; ASMR, age-standardized mortality rate; ASDR, age-standardized disability-adjusted life year rate; 
DALYs, disability-adjusted life years; APC, age-period-cohort; BAPC, Bayesian age-period-cohort; SII, slope index of 
inequality; CI, concentration index; SHAP, SHapley Additive exPlanations; RR, relative risk; UI, uncertainty interval.
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