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1. Data sources 
(1) BaP concentration data
The global benzo[a]pyrene (BaP) concentration for 1998–2007 was from our previous published study12. Briefly, a global emission inventory at 0.1°×0.1° resolution comprising 69 source categories was used to drive the chemical transport model MOZART-4. The model was modified to explicitly incorporate BaP-specific gas–particle partitioning, chemical degradation, and deposition processes. Simulations were conducted at ~1.9° horizontal resolution. To resolve sub-grid variability, model outputs were downscaled to 0.1°×0.1° using an emission- and meteorology-weighted scheme that preserves spatial gradients driven by source intensity and atmospheric transport. Model performance was evaluated against measurements from more than 200 monitoring sites worldwide, including both background and urban stations. The downscaling procedure substantially improved agreement with observations, enhancing both spatial correlation and magnitude consistency. For computational efficiency and compatibility with subsequent modeling steps, the 0.1°×0.1° monthly BaP concentration fields reported in Shen et al. (2014) 12 were further preprocessed. Monthly concentration fields were linearly re-gridded to a target resolution of 1°×1° (180×360 grid cells) to serve as the response variable for model training. In parallel, a spatial weight mask was constructed from the 1998–2007 time-averaged concentration field, representing the relative contribution of each 0.1° pixel to the mean concentration of its corresponding 1° grid cell. After predictions were generated at the 1°×1° resolution, fine-scale concentrations were reconstructed through pixel-level disaggregation using the predefined weight mask, thereby preserving mass balance at the coarse-grid scale while retaining spatial heterogeneity.
(2) Emission data
Emission drivers were derived from the Community Emissions Data System (CEDS) under the CMIP6 framework (Table S1), and its ScenarioMIP extensions (https://www.pnnl.gov/projects/ceds) 30. The CEDS inventory provides gridded monthly mean emission fluxes (kg m⁻² s⁻¹) for black carbon (BC), organic carbon (OC), and nitrogen oxides (NOx), representing major combustion residues, particle-phase carriers of BaP, and key gaseous precursors, respectively. Emissions of BC, OC, and NOx are disaggregated into eight sectors (Table S2), i.e., agriculture (agr), energy production (ene), industrial processes (ind), transportation (tra), residential combustion (rco), solvent use (slv), waste treatment (wst), and shipping (shp), yielding 24 emission channels in total (Table S3). Historical emissions (1850–2014) were linearly re-gridded to a common 1°×1° global grid (180×360 cells) to ensure full spatial consistency with CMIP6 meteorological variables and BaP concentration fields. Future scenario data (2015–2100) are originally provided at 10 discrete time points (2015, 2020, 2030, …, 2100). To construct continuous monthly sequences required for machine-learning training, these data were first linearly interpolated to annual resolution (86 years in total). The annual series were then modulated by the long-term mean seasonal cycle derived from the original 2015–2100 data to restore intra-annual variability. The resulting monthly emissions were subsequently re-gridded to 1°×1° resolution, generating temporally continuous emission data.
(3) Meteorological Drivers
Meteorological variables were obtained from the CMIP6 multi-model ensemble mean 31, averaging outputs from five global climate models (Table S3). Selected predictors include near-surface air temperature at 2 m (tas), near-surface specific humidity (huss), sea-level pressure (psl), 10 m wind speed (sfcWind), and planetary boundary layer depth (bldep). Historical meteorological fields (1850–2014) were linearly regridded to 1°×1° resolution to align with emission inputs and BaP concentration data. Future scenario variables (2015–2100) were processed using the same re-gridding procedure to maintain spatial consistency across periods. These meteorological variables capture key atmospheric controls governing BaP fate and transport. Lower temperatures enhance persistence, while weak winds and shallow boundary layers limit dispersion. Elevated humidity promotes particle adsorption and secondary formation, and high-pressure systems favor atmospheric stability and pollutant accumulation. Together, emission and meteorological predictors represent both source intensity and atmospheric processes critical for BaP transport and retention. These variables were integrated into the machine-learning framework to reconstruct historical concentrations and project future scenarios.
(4) Shared Socioeconomic Pathways (SSPs)
Future BaP concentrations were projected under four Shared Socioeconomic Pathways (SSPs) to capture divergent emission trajectories and associated policy contexts. SSP-126 represents a low-emission pathway characterized by rapid adoption of clean energy technologies and stringent pollution controls, leading to substantial reductions in black carbon and organic carbon emissions and consequently lower BaP levels. This scenario serves to evaluate the effectiveness of sustainable development policies. SSP-245 reflects a “middle-of-the-road” trajectory broadly consistent with current global development trends, resulting in moderate BaP concentrations and functioning as a reference scenario. SSP-370 depicts a high-emission pathway driven by rapid population growth and weak environmental regulation, leading to pronounced increases in BaP exposure, particularly in developing regions with limited regulatory capacity. SSP-585 assumes fossil fuel–intensive development, producing very high BaP levels in some regions and enabling assessment of health risks under extreme exposure conditions. In sum, these scenarios provide a structured framework to quantify future uncertainty and to evaluate the policy-relevant implications of BaP exposure for the projected global lung cancer burden.

2. Gridded Global Population
Gridded global population data were obtained from a publicly available Zenodo dataset (https://zenodo.org/records/10968817) providing historical reconstructions (1870–2010) and future projections (2020–2100) under various SSPs. Original data were provided at decadal intervals. To ensure pixel-level consistency with BaP concentration grids, all population data were harmonized using the rasterio framework. Spatially, a conservative resampling algorithm was applied to match the target grid while preserving total population counts. Post-resampling normalization ensured strict global mass conservation. Temporally, linear interpolation was used to generate annual estimates between reported years. For the early historical period prior to 1870, values were extrapolated backward to extend the time series to 1850. The processed dataset provides a continuous annual population field from 1850 to 2100 (251 years) at 0.1° spatial resolution, fully aligned with reconstructed BaP concentrations. 
Age-structured population data were obtained from the United Nations World Population Prospects (UN WPP) standard projections (https://population.un.org/wpp/). The dataset provides annual age-specific population proportions for 237 countries and territories from 1950 to 2100. Ages 0–99 are reported in single-year increments, with individuals aged 100 and above grouped into a 100+ category. We adopted the medium projection scenario, which assumes medium fertility (based on median probabilistic fertility trajectories), medium mortality (median life expectancy projections), and medium international migration (median migration trajectories). To ensure comparability across emission pathways, the same medium population projection was applied to all four SSP scenarios. This approach isolates differences in projected lung cancer burden to changes in BaP exposure trajectories rather than demographic assumptions, thereby preserving interpretability across policy-relevant scenarios.

3. Rationale for BaP as A Mechanistic Anchor
(1) Concentration correlation analysis 
To systematically characterize the co-emission structure and spatial consistency between benzo[a]pyrene (BaP) and other atmospheric pollutants, we developed a unified statistical evaluation framework spanning two complementary dimensions: global spatial association and country-level temporal synchrony. Because emission inventories exhibit substantial magnitude heterogeneity across countries and development stages—and typically follow right-skewed distributions that violate normality assumptions—raw emission values were first transformed using a log(1 + x) function prior to analysis. This transformation stabilizes variance and permits meaningful linear correlation assessment. Pearson’s correlation coefficient (R) was adopted as the core metric throughout the framework. For the period 1990–2021, R values were calculated across countries and emission sectors to quantify the linear coupling between BaP and major particulate components (e.g., BC, OC, PM₂.₅) as well as selected gaseous pollutants. This analysis captures proportional co-variation in emission intensity and identifies globally persistent co-source pollutant clusters. Six representative economies (China, the United States, the United Kingdom, India, Brazil, and South Africa) were selected to assess temporal coherence in emission trajectories from 1990–2021. Pearson R was computed on log-transformed time series to evaluate the slope consistency of emission curves under structural energy transitions and regulatory interventions. This approach quantifies whether BaP and co-emitted pollutants follow stable, dynamically coupled evolution pathways over time. Correlation results were visualized using donut-style correlation charts to highlight relative coupling strength across pollutants and scales (Extended Data Fig. 9). Statistically, R values approaching 1 indicate strong geophysical coupling, suggesting shared emission mechanisms such as incomplete combustion or sector-specific industrial processes.
(2) Biological pathway concordance
[bookmark: _Hlk224065950]The building method about the “Exposure-Biology-Disease” knowledge graphs were described in our previous study 31,32. Here, two complementary graph modes were employed, including “Exposure–GO–Disease (EGoD)” and “Exposure–Protein–Protein–Disease (EPPD)” established by using our biological platform (https://www.exposomex.cn/ebio). Importantly, they were used exclusively as knowledge-graph construction tools to quantify mechanistic linkage strength between various exposure and diseases. In our study, their detailed information was provided. The EGoD and EPPD graphs were provided in Extended Data Fig. 10. The resulting graph-derived exposure–disease scores (EDSs) were integrated with reconstructed population exposure profiles to inform mixture-risk decomposition and control-priority assessment, rather than serving as standalone predictive models. For each exposure-disease pair, we enumerated all paths following the structure E→GO→D. The pathway diversity score (PDS) was computed as: 
PDS = Σ(Di)
where Di represents the network connectivity (degree centrality) of the ith mediating GO term. This degree-weighting scheme prioritizes pathways involving hub GO terms that coordinate multiple biological processes, reflecting their greater mechanistic importance. The EPPD paths followed the structure E→P1→P2→D, where P1 represents exposure-associated proteins and P2 denotes disease-associated proteins connected via experimentally-validated protein–protein interactions (PPIs). For each exposure-disease pair, we enumerated all E→P1→P2→D paths and computed to sum degrees of all unique proteins across paths as: 
[bookmark: _Hlk220858571]PDS = Σ(DP1,i + DP2,j),
where DP1,i and DP2,j represents the network connectivity of the ith and jth mediating proteins in the first (P1) and second (P2) layers, respectively. This approach captures pathway redundancy and identifies critical protein hubs mediating exposure-disease associations through multi-step molecular cascades. Both metrics were retained in original scale to preserve interpretability of pathway multiplicity. EGoD scores emphasize direct phenotype-level mechanisms, while EPPD scores capture protein-level interaction networks. Their complementary use enables comprehensive mechanistic risk assessment spanning transcriptional regulation and post-translational protein interactions.
Mechanistic analysis based on the EBIO framework reveals substantial biological overlap between BaP and other air pollutants in pathways related to lung carcinogenesis (Fig. 4C and Extended Data Fig. 11). Across pollutants, BaP is associated with the largest number of lung cancer–related Gene Ontology (GO) pathways and protein targets, highlighting its central role in carcinogenic signaling networks. Several major air pollution components—including polycyclic aromatic hydrocarbons (PAHs), nitrogen oxides, and selected metals such as As, Cd, and Pb—exhibit considerable overlap with BaP in both pathway- and protein-level associations. In many cases, the majority of pollutant-related pathways intersect with BaP-associated mechanisms, suggesting shared biological processes underlying air pollution–induced lung cancer. These shared mechanisms include pathways linked to oxidative stress, xenobiotic metabolism, inflammatory signaling, and DNA damage responses. Together, the results indicate that BaP captures a substantial portion of the mechanistic space linking ambient air pollution to lung cancer risk, supporting its use as a mechanistic anchor for extrapolating lung cancer burden from BaP exposure to broader air pollution mixtures. The detailed data and code were found in the file: “Supplementary Code_3_Fig4C-FigS10-FigS11_building E-BIO network” (https://github.com/ExposomeX/Data-and-Code-for-BAP-Lung-Cancer-Manuscript.git)
(3) Country-level epidemiological validation
To further evaluate the representativeness of BaP-derived PAF in characterizing the lung cancer burden attributable to ambient air pollution, we performed a spatiotemporal consistency assessment between the Model Estimated Burden Index (MEBA) derived from BaP and the GBD Observed Deaths for air pollution–attributable lung cancer as:

 represents the model estimated burden index for country in year , reflecting the scale of relative risk driven by BaP exposure within the context of that country's population size;  represents the total population of country  in year ;  represents the PAF for country  in year, calculated based on the S3 strategy employed in this study.
This validation framework assesses whether BaP-based attribution reproduces the geographic distribution and long-term temporal trends observed in GBD-reported mortality, thereby examining its suitability as a mechanistic anchor for broader ambient air pollution mixtures. The Model Estimated Burden Index does not represent a direct estimate of observed deaths, as baseline incidence or mortality rates were not incorporated. However, because it integrates both BaP exposure intensity and population exposure magnitude, its spatial distribution and temporal evolution are expected to align closely with the real-world health outcomes attributable to air pollution. To quantify this consistency, we performed Pearson correlation analysis on country-level time series, evaluating statistical agreement between the Model Estimated Burden Index and GBD Observed Deaths in log-transformed space. Validation results are presented in Fig. 4D and Extended Data Fig. 12. Each bubble represents the country-level mean over the study period. The x-axis denotes the average Model Estimated Burden Index, and the y-axis represents the average GBD Observed Deaths. Both axes are displayed on a log₁₀ scale to accommodate differences in magnitude. Bubble size and color correspond to national population size. The black dashed line indicates the 1:1 reference line. Pearson R and corresponding P values are annotated to quantify the explanatory strength and external validity of the model in extrapolating global air pollution–related health risk

4. Computational Implementation
[bookmark: _Toc209630440][bookmark: _Hlk206665270]All data preprocessing, model development, prediction, and visualization were conducted in Python 3.10. Core scientific computing and data handling were performed using NumPy (≥ 1.24), Pandas (≥ 2.0), xarray (≥ 2023.6), and SciPy (≥ 1.10). Machine learning implementation relied on TabPFN (v2), XGBoost (≥ 1.7), and scikit-learn (≥ 1.3). Parallel computation and performance optimization were achieved through Python multiprocessing and shared_memory, with tqdm used for progress monitoring. Visualization was carried out using Matplotlib (≥ 3.7), Seaborn (≥ 0.12), and Cartopy (≥ 0.21), while geospatial and raster operations were handled with rasterio and netCDF4. Auxiliary utilities, including pickle, pycountry, and pathlib, supported data management and workflow organization, ensuring reproducibility and computational transparency.


[bookmark: _Toc224468304]Supplementary Data 
The following supplementary datasets support the analyses presented in this study, including reconstructed historical and projected benzo[a]pyrene (BaP) concentrations, population attributable fractions (PAFs) of lung cancer attributable to BaP exposure, high-resolution spatial estimates of attributable lung cancer mortality, and correlation analyses between BaP and major air pollution components from multiple emission sources. The file names are listed as below: 
Supplementary Data SD-1. Global population-weighted BaP concentrations from 1950 to 2100
Supplementary Data SD-2. Global BaP-attributable lung cancer PAF
Supplementary Data SD-3. High-resolution global distribution of attributable lung cancer mortality reconstructed using the BaP-anchored framework
Supplementary Data SD-4. Correlation of global benzo[a]pyrene with major air pollution components from various sources

They are publicly available via cloud storage at:
https://pan.baidu.com/s/1RIC1JSblLHcxejqPxUtWHQ?pwd=4npn  (Access code: 4npn).
Readers can also contact Dr. Bin Wang for more detailed information, Email: binwang@pku.edu.cn



[bookmark: _Toc224468305]Supplementary Code 
The supplementary codes provide the computational workflows used in this study. Code 1 implements the global benzo[a]pyrene (BaP) reconstruction pipeline used to generate historical and projected exposure fields (Fig. 2 and Fig. S4). Code 2 contains the latency-aware health risk attribution framework and validation procedures used for estimating lung cancer risk under different exposure accumulation strategies (Fig. 3 and Fig. S5–S7). Code 3 constructs the Exposure–Biological–Disease (E-BIO) network to identify shared mechanistic pathways linking BaP and other air pollutants to lung cancer (Fig. 4C and Fig. S10–S11). Code 4 implements the spatial downscaling pipeline for estimating high-resolution global lung cancer burden attributable to air pollution (Fig. 4E). The file names are listed as below:
Supplementary Code_1_Fig2-FigS4_Global BaP Reconstruction Pipeline
Supplementary Code_2_Fig3-FigS5-FigS6-FigS7_Health_Risk Strategies and Validation
Supplementary Code_3_Fig4C-FigS10-FigS11_building E-BIO network
Supplementary Code_4_Fig4E_Health Burden Downscaling Pipeline

They are publicly available on GitHub:
https://github.com/ExposomeX/Data-and-Code-for-BAP-Lung-Cancer-Manuscript.git 
or via cloud storage at:
https://pan.baidu.com/s/17F4P1Kxf5QTxGPhqyX_Llg?pwd=bbw3  (Access code: bbw3).
Readers can also contact Dr. Bin Wang for more detailed information, Email: binwang@pku.edu.cn







[bookmark: _Toc224468306]Table S1. Selected Climate Models Included in the CMIP6 Multi-Model Ensemble Mean
	Model name
	Institution / Country
	Horizontal resolution

	CanESM5
	Canadian Centre for Climate Modelling and Analysis (CCCma), Canada
	~500 km (~2.8°)

	GFDL-ESM4
	NOAA Geophysical Fluid Dynamics Laboratory (GFDL), USA
	~100 km (~1°)

	INM-CM4-8
	Institute of Numerical Mathematics (INM), Russia
	~100 km (~1°)

	INM-CM5-0
	Institute of Numerical Mathematics (INM), Russia
	~100 km (~1°)

	TaiESM1
	Research Center for Environmental Changes (RCEC), Academia Sinica, Taiwan, China
	~100 km (~1°)





[bookmark: _Toc224468307]Table S2. Classification and Definitions of Emission Sectors
	Sector name
	Abbr.
	Major emission source examples

	Agriculture
	agr
	Open biomass burning (crop residues), agricultural diesel machinery

	Energy production
	ene
	Coal- and gas-fired power plants, petroleum refining

	Industrial processes
	ind
	Iron and steel smelting, cement production, chemical manufacturing

	Transportation
	tra
	Road vehicles, railways, aviation, civil aviation fuels

	Residential combustion
	rco
	Biomass/coal household heating, catering-related fuel use

	Solvent use
	slv
	Paints, coatings, adhesives, dry-cleaning solvents

	Waste treatment
	wst
	Municipal solid waste incineration, landfill methane and volatile organic compounds

	Shipping
	shp
	International and coastal marine heavy-fuel combustion




[bookmark: _Toc224468308]Table S3. Detailed Description of Predictor Variables
	Variable
	Type
	Unit
	Description and relevance to BaP
	Data source

	BC 
	Emission
	kg m⁻² s⁻¹
	Black carbon (BC) (8 sectors), a major combustion residue and primary particle-phase carrier of BaP
	CEDS 1

	OC
	Emission
	kg m⁻² s⁻¹
	Organic carbon (OC) (8 sectors); emissions from residential and biomass combustion enhance BaP concentrations
	CEDS 1

	NOx
	Emission
	kg m⁻² s⁻¹
	Nitrogen oxides (NOx) (8 sectors), key gaseous precursors promoting secondary particle formation and BaP transformation
	CEDS 1

	tas
	Meteorological
	K
	Near-surface air temperature (2 m); lower temperatures enhance BaP persistence and accumulation
	CMIP62

	huss
	Meteorological
	kg kg⁻¹
	Near-surface specific humidity; higher humidity enhances particle adsorption and secondary formation of BaP
	CMIP62

	psl
	Meteorological
	Pa
	Sea-level pressure; high-pressure systems promote atmospheric stability and BaP retention
	CMIP62

	sfcWind
	Meteorological
	m s⁻¹
	Near-surface wind speed (10 m); low wind speed limits dispersion and increases local accumulation
	CMIP62

	bldep
	Meteorological
	m
	Planetary boundary layer depth; shallow boundary layers restrict vertical mixing and amplify BaP concentrations, particularly in winter
	CMIP62
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[bookmark: _Toc224468309]Table S4. Comparative Summary of Exposure Assessment Strategies (S0–S3)
	Strategy
	Strategy name
	Exposure definition logic
	Latency effect
	Age structure
	Core assumption
	Main limitation

	S0
	Steady-State lifetime Exposure
	Current concentration × 70 years
	No
	No
	Pollution level remains constant over a 70-year lifetime
	Cannot reflect historical fluctuations in pollution levels

	S1
	Historical equal-weight Accumulation
	Sum of historical concentrations over the previous 70 years
	No
	No
	All exposures within the past 70 years contribute equally
	Assumes the entire population has a uniform 70-year exposure history

	S2
	Age-structured trajectory accumulation
	Realized exposure trajectory based on birth cohort
	No
	Yes
	Exposure importance accumulates linearly with age
	Ignores biological differences between recent and remote exposures

	S3
	Latency-weighted age-structured strategy
	Historical trajectory × Weibull latency weight
	Yes
	Yes
	Exposure contribution evolves dynamically according to latency distribution
	Higher computational complexity; depends on accurate historical data




[bookmark: _Toc224468310]Table S5. Global Population-Weighted Benzo[a]pyrene (BaP) Concentrations from 1950 to 2100 Under Different Emission Scenarios
The table reports reconstructed and projected population-weighted mean BaP concentrations at the global scale for the period 1950–2100. Historical values were derived from the model-reconstructed BaP concentration fields, while future projections were estimated under the four Shared Socioeconomic Pathway scenarios using the trained small-sample foundation model. Population weighting was applied using annual global population distributions to represent human exposure intensity rather than purely atmospheric concentrations. Abbreviations: Shared Socioeconomic Pathway 1-2.6 (SSP-126); Shared Socioeconomic Pathway 2-4.5 (SSP-245); Shared Socioeconomic Pathway 3-7.0 (SSP-370); Shared Socioeconomic Pathway 5-8.5 (SSP-585)

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table




[bookmark: _Toc224468311]Table S6. Global Population Attributable Fractions of Lung Cancer Induced by Benzo[a]pyrene (BaP)
This table reports country- and region-level estimates of lung cancer population attributable fractions (PAFs) associated with BaP exposure. PAFs were calculated using various strategies (S0-S3) described in the Methods, integrating reconstructed BaP concentrations, population distributions, and exposure–response relationships. Values represent the fraction of lung cancer burden attributable to BaP exposure under the modeled scenarios. Abbreviations: Shared Socioeconomic Pathway 1-2.6 (SSP-126); Shared Socioeconomic Pathway 2-4.5 (SSP-245); Shared Socioeconomic Pathway 3-7.0 (SSP-370); Shared Socioeconomic Pathway 5-8.5 (SSP-585)

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table




[bookmark: _Toc224468312]Table S7. Global Distribution of Lung Cancer Deaths Attributable to Ambient Air Pollution During 1990–2023
Country- and region-level estimates of lung cancer deaths attributable to ambient air pollution derived from reconstructed population attributable fractions and GBD lung cancer mortality data. 

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table





[bookmark: _Toc224468313]Table S8. Exposure–Biological Mechanism–Disease Network Built By E-BIO Module
This table summarizes the exposure–biological mechanism–disease associations derived from the E-BIO module of the ExposomeX platform. The network integrates chemical exposures, Gene Ontology (GO) biological pathways, protein targets, and disease endpoints to characterize mechanistic links between environmental pollutants and lung cancer. These results were used to identify shared biological mechanisms between benzo[a]pyrene (BaP) and other air pollution components in lung carcinogenesis. The Excel file contains multiple sheets representing different layers of the exposure–biology–disease network, with sheet names indicating the corresponding entity types or interaction categories. 

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table




[bookmark: _Toc224468314]Table S9. Country-Level Lung Cancer Deaths From the GBD Database and Latency-Aware Benzo[a]pyrene-Based Estimates Under the S3 Scenario
This table reports country-level lung cancer deaths obtained from the Global Burden of Disease (GBD) database together with latency-aware benzo[a]pyrene (BaP)-based estimates derived under the S3 attribution scenario. The BaP-based estimates integrate reconstructed exposure histories, population distributions, and latency-weighted risk attribution to quantify the contribution of ambient air pollution to lung cancer mortality. These results were used to evaluate the consistency between BaP-derived burden estimates and reported air pollution–attributable lung cancer mortality. The Excel file contains multiple sheets summarizing different datasets and estimation results, with sheet names indicating the corresponding data sources or analysis outputs. 

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table





[bookmark: _Toc224468315]Table S10. Global Lifetime Population Attributable Fractions of Lung Cancer Induced by Benzo[a]pyrene
This table reports the estimated lifetime population attributable fractions (PAFs) of lung cancer associated with benzo[a]pyrene (BaP) exposure at the global scale. Lifetime PAFs were calculated using the latency-aware S3 attribution framework, integrating reconstructed BaP exposure histories, demographic structure, and exposure–response relationships. These estimates represent the cumulative fraction of lung cancer risk attributable to BaP exposure across birth cohorts. The Excel file contains multiple sheets summarizing results for different birth cohorts, regions, or analytical scenarios, with sheet names indicating the corresponding categories. Abbreviations: Shared Socioeconomic Pathway 1-2.6 (SSP-126); Shared Socioeconomic Pathway 2-4.5 (SSP-245); Shared Socioeconomic Pathway 3-7.0 (SSP-370); Shared Socioeconomic Pathway 5-8.5 (SSP-585)

Note: Due to the large size of the dataset, the complete results are provided in the supplementary table
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[bookmark: _Toc224468316]Fig. S1. Latency-Aware Reconstruction of Global Lung Cancer Risk Attributable to Benzo[a]pyrene (BaP) Under the SSP1–2.6 Scenario
(A) Temporal evolution of the global population attributable fraction (PAF) of lung cancer associated with BaP exposure under SSP1–2.6, estimated using four exposure accumulation strategies (S0–S3). (B) Country-level comparisons for six representative countries: China, the United States, the United Kingdom, India, Brazil, and South Africa. Divergence among strategies illustrates how historical exposure trajectories and demographic transitions shape national risk patterns. In rapidly industrializing countries, latency-aware modeling reveals a pronounced delay between exposure peaks and maximum attributable burden. (C–F) Spatial distribution of mean BaP-attributable lung cancer PAF under SSP1–2.6 averaged across four time-windows: 1950–2025, 2026–2050, 2051–2075, and 2076–2100.
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[bookmark: _Toc224468317]Fig. S2. Latency-Aware Reconstruction of Global Lung Cancer Risk Attributable to Benzo[a]pyrene (BaP) Under the SSP3–7.0 Scenario
(A) Temporal evolution of the global population attributable fraction (PAF) of lung cancer associated with BaP exposure under SSP3–7.0, estimated using four exposure accumulation strategies (S0–S3). (B) Country-level comparisons for six representative countries: China, the United States, the United Kingdom, India, Brazil, and South Africa. Divergence among strategies illustrates how historical exposure trajectories and demographic transitions shape national risk patterns. In rapidly industrializing countries, latency-aware modeling reveals a pronounced delay between exposure peaks and maximum attributable burden. (C–F) Spatial distribution of mean BaP-attributable lung cancer PAF under SSP3–7.0 averaged across four time-windows: 1950–2025, 2026–2050, 2051–2075, and 2076–2100.
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[bookmark: _Toc224468318]Fig. S3. Latency-Aware Reconstruction of Global Lung Cancer Risk Attributable to Benzo[a]pyrene (BaP) Under the SSP5–8.5 Scenario
(A) Temporal evolution of the global population attributable fraction (PAF) of lung cancer associated with BaP exposure under SSP5–8.5, estimated using four exposure accumulation strategies (S0–S3). (B) Country-level comparisons for six representative countries: China, the United States, the United Kingdom, India, Brazil, and South Africa. Divergence among strategies illustrates how historical exposure trajectories and demographic transitions shape national risk patterns. In rapidly industrializing countries, latency-aware modeling reveals a pronounced delay between exposure peaks and maximum attributable burden. (C–F) Spatial distribution of mean BaP-attributable lung cancer PAF under SSP5–8.5 averaged across four time-windows: 1950–2025, 2026–2050, 2051–2075, and 2076–2100.
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[bookmark: _Toc224468319]Fig. S4. Intergenerational Inequality in Lifetime Lung Cancer Risk Attributable to Ambient Air Pollution Under the SSP1–2.6 Scenario.
(A) Lifetime population attributable fractions (PAFs) of lung cancer across all countries, ordered by cumulative risk. (B–E) Subnational and regional patterns for global regions, provinces in China, states in the United States, and states in India. Each horizontal band represents a birth cohort (1930–2030), with color intensity indicating lifetime PAF. Cohorts born during periods of rapid industrial expansion exhibit systematically higher lifetime risk, whereas later cohorts show declining risks following regulatory transitions. Persistent spatial gradients indicate enduring interregional and subnational inequality despite projected declines in average exposure. Country and subnational names are listed in Table S10.
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[bookmark: _Toc224468320]Fig. S5. Intergenerational Inequality in Lifetime Lung Cancer Risk Attributable to Ambient Air Pollution Under the SSP3–7.0 Scenario
(A) Lifetime population attributable fractions (PAFs) of lung cancer across all countries, ordered by cumulative risk. (B–E) Subnational and regional patterns for global regions, provinces in China, states in the United States, and states in India. Each horizontal band represents a birth cohort (1930–2030), with color intensity indicating lifetime PAF. Cohorts born during periods of rapid industrial expansion exhibit systematically higher lifetime risk, whereas later cohorts show declining risks following regulatory transitions. Persistent spatial gradients indicate enduring interregional and subnational inequality despite projected declines in average exposure. Country and subnational names are listed in Table S10.
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[bookmark: _Toc224468321]Fig. S6. Intergenerational Inequality in Lifetime Lung Cancer Risk Attributable to Ambient Air Pollution Under the SSP5–8.5 Scenario
(A) Lifetime population attributable fractions (PAFs) of lung cancer across all countries, ordered by cumulative risk. (B–E) Subnational and regional patterns for global regions, provinces in China, states in the United States, and states in India. Each horizontal band represents a birth cohort (1930–2030), with color intensity indicating lifetime PAF. Cohorts born during periods of rapid industrial expansion exhibit systematically higher lifetime risk, whereas later cohorts show declining risks following regulatory transitions. Persistent spatial gradients indicate enduring interregional and subnational inequality despite projected declines in average exposure. Country and subnational names are listed in Table S10.
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