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Abstract:  47 

Ambient air pollution remains a major cause of lung cancer (LC), yet a central paradox persists: 48 

why does a substantial LC burden endure even as average pollution levels decline in many parts 49 

of the world? Here we address this question by using benzo[a]pyrene (BaP) as a mechanistically 50 

anchored marker of carcinogenic air pollution mixtures, supported by shared emission sources, 51 

convergent biological pathways, and strong concordance between BaP-based population 52 

attributable fractions (PAFs) and air pollution–attributable LC mortality. We reconstructed global 53 

ambient BaP concentrations from 1850 to 2100 and found that levels rose approximately fivefold 54 

to a peak in 2010–2015, before projected declines of 50–80% by 2050 under future control 55 

scenarios. Despite these declines, incorporation of carcinogenic latency and population age 56 

structure shifted the peak of attributable LC deaths to 2035–2045, while reducing estimated 57 

attributable fractions by 40–70% relative to conventional steady-state assumptions. Birth cohorts 58 

exposed during rapid industrial expansion from 1960 to 1990 are projected to experience lifetime 59 

attributable risks up to twofold higher than those born after 2000, whereas cohorts born after major 60 

regulatory transitions in high-income countries show sustained risk reductions. By integrating 61 

historical exposure reconstruction with latency-aware cancer burden modeling, our framework 62 

provides the first high-resolution global mapping of air pollution–related LC burden across past, 63 

present, and future periods. These findings reveal that the cancer consequences of air pollution are 64 

not only delayed, but also structurally unequal across regions and generations, underscoring the 65 

need for prevention strategies that account for long-term exposure legacies as well as future 66 

emission control. 67 

 68 

Keywords: Lung cancer, Benzo[a]pyrene, Geographical disparity, Intergenerational Inequality, 69 

Disease burden 70 

 71 

One-Sentence Summary: Air pollution leaves an unequal inheritance of lung cancer risk across 72 

generations in various regions, even as global pollution levels decline. 73 

 74 

 75 
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Graphical Abstract:  77 

 78 
Ambient air pollution is a major driver of LC, but its impacts are shaped by delayed carcinogenic 79 

effects and complex pollutant mixtures. Using AI-based exposure reconstruction and 80 

benzo[a]pyrene (BaP) as a mechanistic marker, we map the global burden of air pollution–related 81 

LC. Incorporating historical exposures, latency, and demographic dynamics reveals spatial 82 

hotspots and delayed peaks in risk. Cohorts exposed during rapid industrialization face 83 

substantially higher lifetime risks, highlighting persistent intergenerational inequalities. 84 

 85 

 86 
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1. Introduction 87 

Ambient air pollution is among the leading environmental risk factors for lung cancer (LC) 88 

worldwide (see Extended Data Fig. 1), contributing substantially to premature mortality and long-89 

term disease burden1,2. Air quality has improved in many regions over recent decades, whereas LC 90 

attributable to air pollution remains unevenly distributed across populations and places3. This 91 

persistence raises a first fundamental question: How do substantial LC burdens continue to 92 

emerge as global average pollution levels decline? Birth cohorts may face markedly different 93 

lifetime risks depending on when peak exposures coincide with vulnerable life stages. For example, 94 

environmental risks are increasingly shaped by birth cohort, with younger generations projected 95 

to experience disproportionate lifetime exposure under continued emissions4. Distinguishing 96 

intergenerational inequalities is therefore critical for understanding the full public health 97 

consequences of air pollution5. Likewise, global assessments of air pollution-attributable disease 98 

burden tend to obscure substantial heterogeneity across regions and populations6. Spatial 99 

differences in exposure histories, socioeconomic development, and demographic structure can 100 

generate pronounced disparities in disease burden, even when global mean exposure declines7. Yet 101 

such information remains largely unavailable in global cancer assessments below the national level. 102 

The first critical challenge lies in the temporal disconnect between exposure and disease. LC 103 

attributable to environmental carcinogens is marked by long latency, often 10 to 30 years between 104 

exposure and diagnosis8,9. Yet most global assessments implicitly assume that exposure levels in 105 

a given year represent lifetime exposure, an assumption that obscures cumulative risk and distorts 106 

burden attribution during periods of rapid exposure change10,11. This delay obscures the true 107 

temporal link between pollution and health outcomes, causing estimation bias of risks. For 108 

example, assessments of polycyclic aromatic hydrocarbons (PAHs), a key class of carcinogenic 109 

air pollutants, have typically been based on limited regional measurements or static emission 110 

inventories, while overlooking the long latency between exposure and disease onset10,12,13. This 111 

practice can only effectively equate current pollution levels with cancer risk, despite well-112 

established delays in LC development. 113 

Second, attributing LC risk to ambient air pollution remains challenging because air pollution 114 

is not a single exposure but a complex mixture of chemically diverse pollutants emitted from 115 

multiple sources1,2,14. These components differ in toxicity, atmospheric behavior, and dose-116 

response relationships, making it difficult to quantify long-term health impacts in a consistent and 117 

mechanistically interpretable way15,16. Even fine particulate matter (PM₂.₅), the most widely used 118 

regulatory indicator, represents a heterogeneous mixture whose chemical composition varies 119 

substantially across sources, regions, and time14. This heterogeneity complicates efforts to derive 120 

stable and generalizable risk estimates for long-term disease burden assessment. Although 121 

epidemiological evidence linking air pollution to LC mortality is robust, mechanistic and dose-122 

response evidence exists for only a limited number of carcinogenic components. This gap 123 

highlights the need for a representative marker that captures the carcinogenic dimension of 124 

complex air pollution mixtures. Among known pollutants, benzo[a]pyrene (BaP), a prototypical 125 

polycyclic aromatic hydrocarbon (PAH) formed during incomplete combustion, has long been 126 

used as an indicator of cancer risk from air pollution10,17. While previous studies have characterized 127 

PAH distributions and associated health risks in specific regions or time periods10,12,13, translating 128 

mechanistic knowledge of individual pollutants into global, long-term estimates of LC burden for 129 

complex pollution mixtures remains a major challenge. 130 

Third, reconstructing long-term exposure trajectories is further constrained by data scarcity, 131 

especially for the complex constitutes of air pollution3. Reliable global measurements of 132 
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carcinogenic air pollutants are limited prior to the late twentieth century, and monitoring coverage 133 

remains highly uneven across regions. Consequently, many assessments rely on short 134 

observational windows or simplified exposure proxies, limiting their ability to capture the legacy 135 

of historical emissions. Even for world-widely concerned PAH components, the monitoring data 136 

are distributed in urban areas, and these discrete points are difficult to use for spatial-temporal 137 

modeling18,19. This gap is especially consequential for regions that industrialized rapidly without 138 

early pollution controls, where the legacy of past exposures continues to shape present-day health 139 

outcomes. Artificial intelligence (AI) or machine learning (ML) provides a transformative 140 

advantage by integrating heterogeneous data streams, capturing nonlinear relationship from 141 

emission to concentration, and enhancing both spatial and temporal resolution beyond the capacity 142 

of traditional inventories20. Within this framework, the ML strategies focusing on using the local 143 

characteristic to predict the air pollution level are promising to improve the prediction power. As 144 

a foundation model using transformer-based prior-data-fitted network for tabular data (TabPFN) 145 

leverages pretrained knowledge for small-sample learning, allowing accurate generalization in 146 

data-sparse settings21. This may critically facilitate reconstructing century-scale BaP 147 

concentrations, where observations are limited in both space and time. 148 

Here, we develop an integrated framework to reassess global high-resolution LC burden 149 

attributable to ambient air pollution through a latency-aware and inequality-focused lens (Fig. 1). 150 

The analysis proceeds in three conceptually linked steps. We first reconstruct global BaP 151 

concentrations, a well-established carcinogenic component of air pollution, at high spatiotemporal 152 

resolution spanning 1850–2100 using a small-sample foundation AI model that fuses historical 153 

measurements, emissions information, and spatial–temporal constraints to generate high-154 

resolution global BaP concentration fields (0.1°×0.1°). We then translate historical exposure 155 

trajectories into LC risk by explicitly accounting for disease latency and population age structure, 156 

avoiding steady-state lifetime exposure assumptions (Fig. 1A). Second, we extend the BaP-based 157 

framework to ambient air pollution more broadly by treating BaP as a mechanistic marker of 158 

carcinogenic air pollution mixtures. The validity of this approach is supported by three 159 

independent lines of evidence: i.e., (i) strong correlations between BaP and other air pollution 160 

components; (ii) shared carcinogenic pathways and biological mechanisms identified through 161 

knowledge graph analysis; and (iii) a high degree of concordance between country-level BaP-162 

attributable PAFs and LC mortality attributable to ambient air pollution. In sum, these 163 

complementary lines of evidence enable robust projection of high-resolution LC burden 164 

attributable to ambient air pollution (Fig. 1B). Finally, leveraging the reconstructed global burden 165 

surfaces, we quantify both delayed LC burden and intergenerational inequalities. Regional 166 

analyses reveal pronounced geographic disparities, while birth cohort–based assessments uncover 167 

persistent and emerging inequalities across time (Fig. 1C).  168 
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 169 
Fig. 1. Study design. (A) Reconstruction of global benzo[a]pyrene (BaP) concentrations (1850–170 

2100) using a small-sample AI foundation model integrating historical emissions and scenario 171 

projections. Latency-aware population attributable fractions (PAFs) were applied to translate 172 

exposure trajectories into high-resolution global disease burden of lung cancer. (B) Extension from 173 

BaP to ambient air pollution–attributable lung cancer burden. BaP is used as a representative 174 

carcinogenic marker of ambient air pollution supported by three independent lines of evidence. 175 

(C) Quantification of global inequalities across regions and countries.  176 

2. Results  177 

2.1 Century-scale Reconstruction of Global BaP Exposure 178 

Model evaluation during the independent test period demonstrates strong predictive performance 179 

of the BaP reconstruction framework (Extended Data Fig. 2). Across the global domain, the 180 

TabPFN model consistently achieves higher coefficients of determination (R²) and lower root 181 

mean square errors (RMSE) compared with conventional ensemble models of random Forest (RF) 182 

and XGBoost (XGB). Monthly R² values generally remain above 0.90 for TabPFN and exhibit 183 

substantially reduced seasonal variability relative to RF and XGB, which show more pronounced 184 

declines during mid-year periods. Correspondingly, TabPFN maintains RMSE values around 185 

~0.4–0.5 log₁₀ units, whereas RF and XGB typically range between ~0.6–0.8. Performance 186 
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patterns are consistent when evaluation is restricted to global land grid cells (Extended Data Fig. 187 

3). Boxplot comparisons indicate that TabPFN also yield the highest R² and the lowest RMSE 188 

among the tested models. Overall, these results demonstrate that the small-sample foundation 189 

model architecture provides improved predictive accuracy and temporal stability for 190 

reconstructing global BaP concentrations, particularly under sparse observational constraints.  191 

Fig. 2 summarizes the reconstructed global, high spatiotemporal–resolution concentrations of 192 

ambient benzo[a]pyrene (BaP) from 1950 to 2100. Globally, population-weighted median (P50) 193 

BaP concentrations increased from approximately 0.05 ng m⁻³ in 1950 to a peak of ~0.26–0.28 ng 194 

m⁻³ around 2010–2015, representing a more than fivefold increase over the second half of the 20th 195 

century (Fig. 2A), and the detailed data were provided in Table S5 of Supplementary Materials 196 

(SM). This rise was accompanied by substantial spatial heterogeneity, with the interquartile range 197 

(IQR) expanding from ~0.08 ng m⁻³ in 1950 to >0.45 ng m⁻³ at the global peak, indicating 198 

increasingly uneven exposure distributions. Following the peak, projected BaP concentrations 199 

diverge markedly across Shared Socioeconomic Pathways (SSP). By 2050, global median 200 

concentrations decline to approximately 0.05 ng m⁻³ under SSP-126, ~0.08 ng m⁻³ under SSP-245, 201 

~0.11 ng m⁻³ under SSP-370, and ~0.13 ng m⁻³ under SSP-585, corresponding to reductions of 202 

80%, 70%, 60%, and 50%, respectively, relative to peak levels. However, even under the most 203 

stringent scenario, the global IQR remains above 0.15 ng m⁻³, demonstrating persistent spatial 204 

inequality despite declining averages. Spatial reconstructions reveal pronounced regional contrasts.  205 

During the historical peak period, BaP concentrations in parts of South and East Asia exceeded 206 

0.8–1.0 ng m⁻³, more than three times the contemporaneous global median, whereas most high-207 

income regions declined to below 0.1 ng m⁻³ by 2025. Scenario projections shows that spatial 208 

distributions of BaP concentrations under SSP-245 for selected years (1950, 2000, 2025, and 2050) 209 

illustrate the shifting geography of combustion-related pollution (Fig. 2B-E). In 1950, elevated 210 

concentrations (>0.1 ng m⁻³) were primarily confined to industrial regions in North America and 211 

Western Europe, with most of the Global South remaining below 0.03 ng m⁻³. By 2000, high-212 

exposure zones expanded across East and South Asia, where concentrations exceeded 0.3–0.5 ng 213 

m⁻³ in densely populated corridors. In 2025, peak values in parts of northern India and eastern 214 

China remained above 0.4 ng m⁻³, while levels in Europe and North America declined to <0.1 ng 215 

m⁻³. By 2050, projected concentrations fall below 0.1 ng m⁻³ across most regions under SSP-245, 216 

though localized hotspots (>0.15 ng m⁻³) persist in rapidly urbanizing areas, indicating incomplete 217 

convergence of global exposure burdens. They reveal the geographic shift of high concentrations 218 

from early industrialized regions in North America and Europe toward rapidly developing regions 219 

in Asia, with persistent hotspots in densely populated and industrial corridors. Spatial distributions 220 

of BaP concentrations under other scenarios (SSP-126, SSP-370, and SSP-585) and selected years 221 

were provided in Extended Data Fig. 4. The data for Fig. 2 and Extended Data Fig. 4 were provided 222 

in Supplementary Data-1 (SD-1). 223 

 224 

 225 
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 226 
Fig. 2. Global reconstruction and future divergence of ambient benzo[a]pyrene (BaP) 227 

concentrations. (A) Global population-weighted median BaP concentrations from 1950 to 2100. 228 

The solid line indicates the median concentration, and the dashed lines denote the interquartile 229 

range (25th–75th percentile). Future projections are displayed in shade area under four Shared 230 

Socioeconomic Pathways (SSP-126, SSP-245, SSP-370, and SSP-585). (B–E) Spatial 231 

distributions of BaP concentrations under SSP-245 for selected years (1950, 2000, 2025, and 232 

2050).  233 

 234 
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2.2 Projecting BaP-attributable LC burden 235 

We selected SSP2-4.5 (SSP-245) as a representative middle-of-the-road scenario reflecting 236 

moderate mitigation and socioeconomic development, providing a realistic baseline for evaluating 237 

how historical exposure legacies translate into future LC burden. Fig. 3 quantifies the global 238 

burden of LC attributable to BaP exposure and demonstrates how accounting for exposure latency 239 

fundamentally alters risk estimation under SSP-245. Comparative summary of exposure 240 

assessment strategies (S0–S3), which represent progressively refined exposure assessment 241 

strategies, were provided in Table S4 (SM). S0 assumes steady-state lifetime exposure, S1 242 

accumulates historical exposures equally, S2 incorporates cohort-specific exposure trajectories, 243 

and S3 further integrates latency-weighted accumulation, capturing historical dynamics, 244 

demographic structure, and carcinogenic latency in risk estimation. Under SSP-245, incorporating 245 

exposure history fundamentally reshapes the temporal profile of LC risk attributable to BaP. 246 

Globally (Fig. 3A), static exposure assumptions (S0) suggest an early peak in population 247 

attributable fraction (PAF) around 2015–2020, reaching approximately 7×10⁻⁴, followed by a rapid 248 

decline. In contrast, the latency-aware lagged model (S3) delays the peak by nearly two decades, 249 

with maximum global PAF occurring around 2035–2045 at ~2.5×10⁻⁴. Models considering only 250 

historical exposure intensity (S1) or age structure (S2) produce intermediate trajectories, but 251 

consistently misalign the timing of peak burden relative to exposure decline. These differences 252 

reflect the prolonged carcinogenic latency of BaP exposure and the demographic momentum 253 

embedded in aging populations. Country-level analyses further illustrate the interaction between 254 

exposure history and demographic transition (Fig. 3B). In China and India, rapid industrialization 255 

during the late twentieth century produces exposure peaks exceeding 1.5×10⁻³ under static 256 

assumptions, whereas the lagged model shifts maximal attributable burden into mid-century, 257 

despite declining concentrations. In contrast, the United States and United Kingdom exhibit earlier 258 

exposure peaks (1960–1980) and a smoother decline in PAF, reflecting earlier regulatory 259 

transitions. Brazil and South Africa show mixed trajectories, where demographic growth amplifies 260 

delayed burden despite moderate exposure intensity.  261 

Spatially (Fig. 3C–F), the global distribution of BaP-attributable PAF evolves markedly over 262 

time. During 1950–2025, elevated PAF (>5×10⁻⁴) concentrates in East and South Asia and parts 263 

of Eastern Europe. By 2026–2050, risk intensifies in densely populated regions undergoing 264 

sustained combustion emissions, while high-income regions show continued decline. After 2050, 265 

global convergence emerges under SSP-245, yet residual hotspots persist in rapidly urbanizing 266 

corridors. These findings demonstrate that latency-aware modeling reveals a delayed and uneven 267 

inheritance of pollution-related cancer risk, in which historical exposure regimes continue to shape 268 

future disease burden long after ambient concentrations decline. The similar trends were also 269 

identified in the other three scenarios of SSP-126 (Fig. S1, SM), SSP-370 (Fig. S2, SM), and SSP-270 

585 (Fig. S3, SM). The related global PAF of LC due to BaP exposure across four exposure 271 

assignment methods and four SSPs were provided in Table S6 (SM). All the data for Fig. 3 and 272 

Fig. S1-S3 were provided in SD-2. 273 
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 274 
Fig. 3. Latency-aware reconstruction of global lung cancer risk attributable to 275 

benzo[a]pyrene (BaP) under SSP-245. (A) Temporal evolution of global BaP-attributable lung 276 

cancer PAF under SSP-245, estimated using four alternative exposure accumulation strategies 277 

(S0–S3). (B) Country-level comparisons for six representative nations (China, United States, 278 

United Kingdom, India, Brazil, and South Africa). Divergence across strategies highlights how 279 

historical exposure intensity and demographic transitions interact to shape national risk 280 

trajectories. In rapidly industrializing countries, latency-aware modeling reveals a pronounced 281 

delay between exposure peaks and maximum attributable burden. (C-F) Spatial distribution of 282 

mean BaP-attributable lung cancer PAF under SSP-245 averaged over four time-windows (1950–283 

2025, 2026–2050, 2051–2075, and 2076–2100).  284 

 285 

2.3 Spatial distribution of LC mortality attributable to ambient air pollution  286 

Fig. 4 illustrates the extrapolation of LC burden attributable to ambient air pollution by leveraging 287 

the strong empirical relationship between BaP exposure and air pollution-related LC risk and a 288 

dual pattern of spatial disparity and intergenerational inequality in LC mortality attributable to 289 

ambient air pollution under SSP-245. Global distribution of LC deaths attributable to ambient air 290 

pollution from 1990 to 2023 were depicted in Fig. 4A and the data were provided in Table S7 291 

(SM). The highest attributable mortality is concentrated in East and South Asia, driven by large 292 

populations, historically elevated pollution, and delayed effects of past exposures. Moderate 293 

burdens occur in parts of Eastern Europe, the Middle East, and Latin America, whereas most high-294 

income regions, including North America and Western Europe, show comparatively lower 295 
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mortality. Three evidences were adopted to support extending BaP-based risk estimates to broader 296 

air pollution mixtures:  297 

First, statistical coherence analysis demonstrates that BaP is strongly correlated with major 298 

combustion-related pollutants, including PM₂.₅, black carbon, organic carbon, and fossil-fuel 299 

emission indicators, with absolute correlation coefficients frequently exceeding 0.7–0.8 across 300 

spatial and temporal scales (Fig. 4B, Extended Data Fig. 5, and SD-4). Correlation patterns remain 301 

stable across industrial combustion, power generation, and transportation sectors, indicating 302 

shared emission sources and co-variation in temporal trends. Even in non-combustion sectors, BaP 303 

maintains moderate concordance with particulate fractions. This sectoral robustness supports the 304 

use of BaP as a mechanistic marker for extrapolating LC risk to broader ambient air pollution 305 

mixtures. 306 

Second, mechanistic network analyses using the E-BIO framework (EPPD and EGoD models) 307 

reveal dense overlap between BaP-associated proteins, enriched biological pathways, and those 308 

linked to broader air pollution components (Fig. 4C, Extended Data Fig. 6-Fig. 7, and Table S8 309 

(SM)). In the EPPD network, BaP shares high-connectivity intermediates, including TP53 and 310 

oxidative stress–related proteins, with polycyclic aromatic hydrocarbons, nitrogen oxides, and 311 

particulate components. Similarly, the EGoD network demonstrates convergence in gene ontology 312 

terms related to DNA damage response, inflammatory signaling, and cell-cycle regulation. The 313 

high degree of shared nodes and pathway overlap supports the biological plausibility of extending 314 

BaP-based risk estimates to broader ambient air pollution mixtures.  315 

Third, the latency- and demography-aware strategy (S3) integrates historically reconstructed 316 

exposures with population age structure and disease latency. The latency weighting function for 317 

LC risk following exposure were shown in Extended Data Fig. 8. BaP-attributable PAFs are highly 318 

correlated with LC mortality attributable to ambient air pollution (Fig. 4D, Extended Data Fig. 9, 319 

and Table S9 (SM)). The near-linear relationship across several orders of magnitude indicates that 320 

BaP-based PAF×population estimates capture both the magnitude and ranking of national burdens. 321 

Larger-population countries cluster toward the upper-right quadrant, while smaller countries 322 

exhibit consistent scaling along the 1:1 reference line. This concordance provides empirical 323 

support for extending BaP-anchored risk estimation to broader ambient air pollution mixtures. 324 

Using this relationship, we derive high-resolution global distributions of air pollution–325 

attributable LC mortality for 1990–2023, revealing pronounced spatial heterogeneity (Fig. 4E). At 326 

the country level (Fig. 4A), mean annual attributable deaths during 1990–2023 exceed 100,000 in 327 

China and 50,000 in India, whereas most high-income countries remain below 10,000 annually, 328 

highlighting strong cross-national concentration. However, high-resolution reconstruction 329 

demonstrates that within-country heterogeneity is substantial: densely populated industrial 330 

corridors in northern India and eastern China exceed 10 deaths per 0.1° grid cell annually, while 331 

large rural areas remain below 0.1 deaths per grid (Fig. 4E). Regions in South and East Asia exhibit 332 

the highest burdens, whereas most high-income regions show substantially lower attributable 333 

mortality. All the data for Fig. 4E were provided in SD-3. 334 

 335 

 336 



 

 

12 

 

 

 337 
Fig. 4. Spatial reconstruction and mechanistic extrapolation of lung cancer mortality 338 

attributable to ambient air pollution under SSP245. 339 

(A) Country-level mean annual lung cancer deaths attributable to ambient air pollution during 340 

1990–2023 based on GBD estimates. (B) Correlation between BaP and major air pollution 341 

components. (C) Overlap of mechanistic evidence linking BaP and broader pollutant mixtures 342 

using the Exposure–Protein–Protein–Disease (EPPD) and Exposure–Gene Ontology–Disease 343 

(EGoD) mode. (D) Country-level agreement between latency-aware BaP-based estimates (S3) and 344 

GBD-reported lung cancer deaths. (E) High-resolution global distribution of attributable lung 345 

cancer mortality reconstructed using the BaP-anchored framework. 346 

 347 
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2.4 Intergenerational inequality of air pollution–attributable LC burden  348 

To illustrate spatial heterogeneity across multiple geographic scales, regional analyses were 349 

conducted following the hierarchical structure of the GBD framework, including 204 countries 350 

and territories nested within 21 global regions. Also, three representative countries of China 351 

Mainland, the United States, and India with large population sizes and contrasting industrialization 352 

histories were selected to provide informative contrasts in attributable risk. Intergenerational 353 

inequality is evident across both global and subnational scales (Fig. 5). Across all countries, 354 

lifetime LC PAFs are consistently highest among cohorts born between 1950 and 1990, 355 

corresponding to periods of rapid industrialization and rising BaP exposure. In contrast, cohorts 356 

born after 2000 show monotonic declines in lifetime attributable risk, particularly in high-income 357 

regions (Fig. 5A). Spatial gradients remain pronounced. Eastern Europe and East Asia exhibit 358 

persistently elevated cohort risks relative to Oceania and parts of Sub-Saharan Africa (Fig. 5B). 359 

Subnational disparities further amplify these patterns: in China mainland, provinces such as Hebei, 360 

Henan, and Tianjin show substantially higher cohort risks than western provinces; in the United 361 

States, industrial and densely populated states display higher lifetime PAFs than less urbanized 362 

regions; and in India, northern and highly populated states bear disproportionately greater cohort 363 

burdens (Fig. 5C). These findings demonstrate that declining global averages mask structured 364 

intergenerational inheritance of pollution-related LC risk, with both temporal and spatial gradients 365 

reinforcing cumulative inequality. The other SSPs were provided in Fig. S4-S6, and all the related 366 

data were provided in Table S10. 367 

 368 



 

 

14 

 

 

 369 
Fig. 5. Intergenerational inequality in lifetime lung cancer risk attributable to ambient air 370 

pollution under SSP2–4.5. 371 

(A) Lifetime population attributable fractions (PAFs) of lung cancer across all countries, ordered 372 

by cumulative risk. (B–E) Subnational and regional patterns for global regions, China provinces, 373 

U.S. states, and India states. Each horizontal band represents a birth cohort (1930–2030), with 374 

color intensity indicating lifetime PAF. Cohorts born during periods of rapid industrial expansion 375 

exhibit systematically higher lifetime risk, while later cohorts show declining risk following 376 

regulatory transitions. Persistent spatial gradients indicate enduring interregional and subnational 377 

inequality despite projected declines in average exposure. All the names were provided in Table 378 

S7. 379 

 380 

 381 



 

 

15 

 

 

3. Discussion 382 

Our study reframes air pollution-attributable LC as a delayed and structurally embedded burden 383 

rather than a contemporaneous response to current exposure levels. By integrating century-scale 384 

exposure reconstruction, latency-aware risk attribution, and mechanistic anchoring using BaP, we 385 

show that the global LC burden attributable to ambient air pollution is shaped by long-term 386 

exposure trajectories, demographic transitions, and historically uneven development pathways. 387 

This integrated framework reveals why substantial inequalities persist even as average air quality 388 

improves: current disease burdens largely reflect the legacy of past emissions and their uneven 389 

distribution across birth cohorts. By combining small-sample AI-based exposure reconstruction 390 

with explicit quantification of spatial disparities and intergenerational inequalities, our results 391 

provide a quantitative explanation for the persistent global imbalance in air pollution-related LC 392 

risk. 393 

A central methodological advance of this work is the reconstruction of global BaP 394 

concentrations at high spatiotemporal resolution over an unprecedented temporal span (1850–395 

2100). Previous global assessments of air pollution-related cancer risk have largely relied on short 396 

observational windows or steady-state assumptions, implicitly treating exposure as temporally 397 

static or spatially homogeneous10,13,18,20,22. Such approaches are ill-suited to capture the delayed 398 

effects of historical emissions, particularly in regions that experienced rapid industrialization 399 

followed by delayed or uneven implementation of pollution controls. By leveraging a small-sample 400 

foundation AI modeling strategy23, our framework enables consistent global inference under 401 

severe data scarcity, revealing coherent long-term exposure patterns that are difficult to resolve 402 

using conventional approaches, like the RF and XGB models.  403 

Incorporating disease latency fundamentally alters how air pollution-related LC risk is 404 

attributed. LC is characterized by long induction and latency periods, yet many existing 405 

population-level risk assessments implicitly assume that exposure levels in a given year are 406 

representative of lifetime exposure. This steady-state assumption can substantially distort risk 407 

estimates, particularly in periods of rapid exposure change10-13. By explicitly modeling latency and 408 

integrating historical exposure trajectories with population age structure, our approach links 409 

experienced exposure histories to disease outcomes without imposing unrealistic assumptions 410 

about lifetime exposure constancy8. The resulting estimates are more conservative and 411 

epidemiologically plausible, avoiding the implausibly high PAFs that can arise under steady-state 412 

formulations. More importantly, this latency-aware perspective highlights a key conceptual insight 413 

that LC attributable to air pollution is a delayed manifestation of past exposure regimes interacting 414 

with demographic transitions. Recent evidence indicates that improvements in air quality do not 415 

automatically translate into proportional declines in pollution-attributable mortality because 416 

demographic shifts, particularly rapid population aging, can offset exposure reductions24. Our 417 

study can precisely explain the temporo-spatial trend of LC disease burdern of most 418 

countries/region in the word attributable to air pollution6, which can’t be accomplished by the 419 

previous studies due to lacking of long-term, high-resolution exposure data to air pollutants. 420 

Building on this latency-aware framework, we extend BaP-based risk attribution to ambient 421 

air pollution mixtures by treating BaP as a mechanistic marker of carcinogenicity. There is clear 422 

and substantial evidence of a link between outdoor ambient air pollution16, and particularly 423 

PM2.5
19,25. However, air pollution is a complex mixture of gases and particles. Across cohorts, 424 

dramatic heterogeneity of the effect value (e.g., relative risk, hazard ratio) was identified and its 425 

relationship with the PM2.5 concentration is difficult to build 19. In addition, current GBD estimates 426 

quantify air pollution-attributable LC primarily at national resolution6, limiting insight into 427 
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subnational heterogeneity. Such coarse aggregation constrains precision governance and obscures 428 

localized hotspots. Relatively, Armstrong et al. established a log-linear exposure-response 429 

relationship between cumulative BaP exposure and LC, providing a more explicitly quantified risk 430 

function than typically available for PM₂.₅17. Our results demonstrate that BaP-based PAFs are 431 

strongly aligned with air pollution-attributable LC mortality across countries, reflecting shared 432 

exposure patterns, overlapping carcinogenic pathways, and consistent epidemiological 433 

relationships. This convergence across concentration data, biological mechanisms, and population-434 

level outcomes provides a robust basis for extrapolating LC risk from BaP to broader air pollution 435 

mixtures. Our high-resolution reconstruction addresses this gap, enabling spatially explicit risk 436 

assessment to inform targeted intervention and equitable resource allocation.  437 

The global decline in average air pollution masks a more complex moral landscape. The high-438 

resolution global burden of LC revealed that LC attributable to ambient air pollution is structured 439 

along inequality: the unequal inheritance of risk across generations. These patterns are not random 440 

fluctuations of exposure but reflect the cumulative imprint of industrialization, energy transitions, 441 

and delayed regulatory action4,14,26,27. Intergenerational inequality introduces a temporal 442 

dimension of justice. Exposure histories become biologically embedded, transforming past 443 

emissions into future disease. In this sense, air pollution produced delayed health effects, in which 444 

historical benefits of industrial growth are decoupled from the long-term health costs borne by 445 

subsequent generations. Recent evidence shows that air quality policies that reduce average 446 

exposure may fail to eliminate, and even exacerbate, relative disparities across socioeconomic 447 

groups5. Our findings clearly demonstrated that without explicitly quantifying spatial and 448 

intergenerational inequality, mitigation efforts risk perpetuating structurally uneven LC burdens. 449 

Scenario-based retrospection across countries (e.g., China, USA, and India) highlights the long-450 

term health dividends of early emission control. In countries where peak combustion emissions 451 

occurred earlier and regulatory interventions were implemented promptly, LC burden declines 452 

sooner and more steadily. In contrast, delayed mitigation shifts peak attributable mortality decades 453 

into the future because of disease latency. These findings underscore a critical policy insight: 454 

Today’s emission reductions translate into tomorrow’s health gains, but with substantial 455 

temporal lag. For developing countries where emissions have not yet peaked, early intervention 456 

offers an important opportunity to avoid locking future generations into preventable cancer risk. It 457 

has been proved that national climate action can reshape international air pollution inequalities, 458 

yet historical emissions and demographic momentum sustain uneven cancer burdens28. As for 459 

China, it was proposed that even substantial reductions in air pollution do not guarantee immediate 460 

declines in attributable mortality, as demographic aging and disease latency can offset exposure 461 

gains29. Our BaP-based framework shows that LC reflects structurally embedded, transboundary, 462 

and intergenerational legacies, requiring coordinated mitigation that addresses both historical 463 

responsibility and future vulnerability.  464 

The implications of these findings extend beyond methodological refinement to questions of 465 

environmental governance and justice. Policies aimed solely at reducing current pollution levels 466 

may substantially underestimate the ongoing and future health burdens rooted in historical 467 

exposures4. Equity-oriented interventions must therefore account for the delayed consequences of 468 

past pollution, particularly in regions and populations that experienced rapid industrialization 469 

without commensurate health protections. From a global perspective, the persistence of 470 

inequalities underscores the need for international cooperation and responsibility-sharing, as the 471 

health consequences of historical emissions are unevenly distributed across regions and 472 

generations. More broadly, this study illustrates how integrating foundation modeling, causal time 473 
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structures, and inequality metrics can transform environmental health risk assessment. Rather than 474 

treating exposure, risk, and burden as static quantities, our framework emphasizes their dynamic 475 

and path-dependent nature. This approach is readily extendable to other pollution-related diseases 476 

and environmental stressors characterized by long latency and uneven exposure histories. As 477 

global environmental change accelerates, such dynamic and equity-focused frameworks will be 478 

increasingly necessary to inform policy decisions that are both scientifically robust and socially 479 

just. 480 

Several limitations warrant consideration. Treating BaP as a representative marker of air 481 

pollution-related carcinogenicity inevitably simplifies the complexity of pollutant mixtures16. 482 

Future work incorporating additional components and mixture-specific toxicological data could 483 

further refine risk estimates. In addition, while our framework captures long-term exposure 484 

trajectories and demographic dynamics, uncertainties remain in historical exposure reconstruction, 485 

particularly in regions with sparse monitoring data, as well as those greatly affected by the other 486 

emissions, e.g., wild fire, industrial activities 27. Nevertheless, the consistency of patterns across 487 

multiple lines of evidence suggests that the central conclusions regarding disparity and inequality 488 

are robust. By linking long-term exposure reconstruction with population dynamics and structural 489 

inequalities, it demonstrates that air pollution-related LC is not merely a declining environmental 490 

risk, but a persistent and uneven legacy of historical environmental change. Recognizing and 491 

quantifying this legacy is essential for developing policies that address not only pollution control, 492 

but also the enduring health inequalities it has produced. Beyond environmental governance, these 493 

results carry important implications for public health planning and risk management systems. In 494 

particular, the delayed and cohort-specific nature of pollution-related cancer risk suggests that 495 

future healthcare demand and insurance liabilities may be strongly influenced by historical 496 

exposure patterns rather than current pollution levels alone. Therefore, integrating exposure history 497 

into health risk assessment could improve long-term forecasting of disease burden, guide targeted 498 

prevention strategies, and inform more equitable allocation of healthcare and insurance resources 499 

in aging populations. 500 

 501 

4. Materials and Method 502 

4.1 Reconstruction of long-term global BaP concentrations (1850–2100) 503 

4.1.1 Model Construction  504 

The data sources to build the BaP prediction model were provided in the section “1. Data sources” 505 

of Supplementary Sections (SM), including BaP concentration, emission densities of various air 506 

pollutants, meteorological drivers, and the selection of Shared Socioeconomic Pathways (SSPs). 507 

To evaluate and improve global benzo[a]pyrene (BaP) concentration prediction, we developed a 508 

hierarchical modeling framework and conducted systematic benchmarking across multiple 509 

algorithms. All models were trained and evaluated using an identical temporal split to ensure 510 

comparability and prevent information leakage. Specifically, monthly BaP concentration fields 511 

(1°×1° resolution) from 1998–2005 (first 96 months) were used exclusively for model fitting and 512 

cross-validation, while data from 2006–2007 (final 24 months) were reserved as an independent 513 

test set for one-time prediction. Three modeling approaches were implemented: two conventional 514 

ensemble machine-learning models and one transformer-based foundation model. Among them, 515 

Random Forest and Extreme Gradient Boosting (XGBoost) were selected as strong nonlinear 516 

baselines due to their capacity to capture complex feature interactions. There parameters were set 517 

as below: 518 

(i) XGBoost. We implemented the XGBRegressor with the following hyperparameters: 519 
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n_estimators = 300, learning_rate = 0.05, max_depth = 8, subsample = 0.8, colsample_bytree = 520 

0.8, tree_method = “hist”, random_state = 42. Five-fold time-series cross-validation 521 

(TimeSeriesSplit, n_splits = 5) was applied to the 96-month training period. Predictions from each 522 

fold were averaged to construct the final model, which was then evaluated on the 24-month 523 

independent test set. 524 

(ii) Random Forest. The RandomForestRegressor was implemented with hyperparameters: 525 

n_estimators = 1000, max_features = 0.8, max_samples = 0.8, min_samples_split = 5, 526 

min_samples_leaf = 2, random_state = 42, n_jobs = −1. The same five-fold time-series cross-527 

validation strategy was applied. Fold-wise predictions were averaged to form the final estimator 528 

before evaluation on the independent test set. 529 

(iii) TabPFN Foundation Model. TabPFN (Tabular Prior-Fitted Network) is a transformer-530 

based foundation model designed for small-sample supervised learning 23. By leveraging pre-531 

trained priors learned from synthetic tasks, the model enables efficient transfer learning without 532 

conventional gradient-based retraining. Pre-trained weights (“tabpfn-v2-regressor.ckpt”) were 533 

obtained from the official repository (https://github.com/automl/TabPFN). We implemented the 534 

TabPFNRegressor using the pretrained checkpoint without additional hyperparameter tuning. To 535 

accommodate global-scale gridded data, we adopted a spatial partitioning strategy. The global 536 

180×360 grid was divided into 900 subgrids (30 latitudinal×30 longitudinal partitions), each 537 

containing 6×12 = 72 grid cells. For each subgrid, the first 96 months of data (72 cells×96 months 538 

= 6,912 samples) were directly provided to the TabPFN model via a fit operation, enabling 539 

adaptation to local feature distributions without traditional parameter optimization or cross-540 

validation. The trained model for each subgrid then generated predictions for the subsequent 24 541 

months (72 cells×24 months = 1,728 samples). Predicted subgrid outputs were spatially 542 

reassembled to reconstruct the global BaP field, thereby enabling external temporal validation. 543 

4.1.2 Performance Comparison 544 

Model evaluation during the independent test period (2006–2007) shows strong predictive 545 

performance of the BaP reconstruction framework across both global and land domains (Extended 546 

Data Fig. 2 and Extended Data Fig. 3). The TabPFN model consistently achieves higher 547 

coefficients of determination (R²) and lower root mean square errors (RMSE) than conventional 548 

ensemble models. Across months, TabPFN maintains R² values generally above 0.9 with reduced 549 

seasonal variability, while RF and XGBoost exhibit larger mid-year declines. Similar patterns are 550 

observed over global land grid cells, where TabPFN shows the highest median R² and lowest 551 

RMSE. Density scatterplots further indicate tighter clustering of predicted versus observed 552 

log₁₀(BaP) concentrations along the 1:1 line. These results demonstrate that the small-sample 553 

foundation model improves predictive accuracy and temporal stability for global BaP 554 

reconstruction. 555 

4.1.3 Model Projection and High-Resolution Reconstruction 556 

Based on benchmarking results, TabPFN demonstrated the highest predictive accuracy and 557 

temporal stability during the independent test period (2006–2007) and was therefore selected as 558 

the primary reconstruction model for long-term BaP estimation. The model was applied to generate 559 

monthly global BaP concentrations for 1850–2100. Predictor variables included sector-resolved 560 

emission fluxes (8-sector BC, 8-sector OC, and 8-sector NOx; 24 emission channels in total) and 561 

five meteorological variables (tas, huss, psl, sfcWind, and bldep). All inputs were harmonized to 562 

a 1°×1° spatial resolution. The global 180×360 grid was divided into 900 independent subgrids 563 

(30 latitudinal×30 longitudinal partitions), and each subgrid generated its own prediction sequence. 564 

Subgrid outputs were subsequently mosaicked to reconstruct complete global fields.  565 
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For the historical period (1850–2014), reconstructions were driven by CEDS historical 566 

emissions and CMIP6 historical meteorology (Table S3). For the future period (2015–2100), 567 

projections were based on ScenarioMIP emission extensions under the SSP pathways combined 568 

with CMIP6 multi-model ensemble meteorology. To restore fine-scale spatial heterogeneity, we 569 

applied the spatial weight mask constructed during preprocessing. This mask, derived from the 570 

1998–2007 time-averaged 0.1° concentration field, represents the relative contribution of each 0.1° 571 

pixel to its corresponding 1° grid-cell mean. Predicted 1°×1° concentration fields were 572 

disaggregated to 0.1°×0.1° resolution through pixel-level weighting, ensuring mass conservation 573 

while preserving empirically constrained subgrid spatial patterns. 574 

The final product consists of a continuous global annual mean BaP concentration dataset at 575 

0.1°×0.1° resolution for 1850–2100, providing a high-resolution exposure foundation for 576 

subsequent population-level assessment and health risk quantification. 577 

 578 

4.2. Population Data and Age Structure 579 

4.2.1 Population Attributable Fractions  580 

Gridded global population data were obtained from a publicly available Zenodo dataset 581 

(https://zenodo.org/records/10968817) providing historical reconstructions (1870–2010) and 582 

future projections (2020–2100) under various SSPs. Age-structured population data were obtained 583 

from the United Nations World Population Prospects (UN WPP) standard projections 584 

(https://population.un.org/wpp/). The detailed process methods were provided in the section “2.  585 

Gridded Global Population” (SM). We quantified the lung cancer burden attributable to long-term 586 

BaP exposure using the population attributable fraction (PAF) framework. For each 0.1°×0.1° grid 587 

cell, relative risk (RR) was estimated using a power-law exposure–response function based on 588 

cumulative exposure: 589 𝑅𝑅 = ܷ𝑅𝑅( ஼ா100)
ܨܣܲ 590  = 1 − 1𝑅𝑅 = 1 − ܷ𝑅𝑅−( ஼ா100)

 591 

where URR denotes the unit relative risk. Based on epidemiological cohort evidence from Xuanwei, 592 

China, we set URR to 4.49 for a lifetime (70-year) cumulative exposure of 100 μg m⁻³·year, 593 

representing the multiplicative increase in lung cancer risk relative to a clean-air baseline 10; The 594 

constant 100 (μg m⁻³·year) serves as the reference exposure level used to normalize cumulative 595 

exposure; CE denotes cumulative exposure (μg m⁻³·year), defined as the total inhaled exposure 596 

accrued over a specified time window; PAF ranges in 0–1, quantifying the proportion of lung 597 

cancer cases within each grid cell attributable to BaP inhalation. Accurate estimation of CE is 598 

central to robust PAF quantification. To address exposure timing and latency effects, we 599 

implemented four progressively refined exposure assessment strategies (S0–S3). 600 

 601 

4.2.3 Evaluation of PAFs Under Alternative Exposure Strategies 602 

(1) S0: Steady-State Lifetime Exposure 603 

The S0 strategy represents the conventional steady-state assumption frequently used in burden-of-604 

disease assessments, which can be considered as the “conventional baseline”. Under this approach, 605 

the exposure level observed in a given year is assumed to remain constant throughout an 606 

individual's entire lifetime (typically 70 years). Lung cancer risk is therefore calculated by treating 607 

the current annual BaP concentration as if it had applied uniformly across all prior decades. This 608 

steady-state framework ignores temporal variability in historical exposure trajectories and does 609 

not explicitly account for latency between exposure and disease onset. Conceptually, it equates 610 
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contemporary pollution levels with lifetime exposure history. Because of its simplicity and 611 

minimal data requirements, S0 has been widely adopted in large-scale assessments. However, 612 

during periods of declining pollution, this assumption may substantially overestimate the PAF, as 613 

it implicitly attributes past higher exposures to the present population regardless of actual exposure 614 

timing. The complete computational formulation is provided below. 615 ܧܥௌ0 = ௬ܥ × ௌ0ܨܣܲ 616 70 = 1 − ܷ𝑅𝑅−(஼ாೄ0100 )
 617 

where CES0 denotes the lifetime cumulative exposure assigned under the steady-state assumption; 618 

Cy represents the annual mean BaP concentration (μg m⁻³) in the target evaluation year y (i.e., the 619 

current year) for the given grid cell. The constant 70 corresponds to the conventional 620 

epidemiological assumption of a standard lifetime duration (years); PAFS0 denotes the grid-level 621 

PAF estimated under the S0 steady-state exposure strategy. 622 

(2) S1: Simple Accumulation Over the Previous 70 Years 623 

The S1 strategy estimates lung cancer risk using cumulative exposure accrued over the 70-year 624 

period preceding the evaluation year, thereby incorporating temporal variability in historical BaP 625 

concentrations. In contrast to the steady-state assumption (S0), S1 explicitly sums year-to-year 626 

exposure changes across the window from birth to the evaluation year. However, S1 assigns equal 627 

weight to all exposures within the 70-year window and does not account for carcinogenic latency 628 

or population age structure. Implicitly, it treats the population as if all individuals experience the 629 

same lifetime exposure history equivalent to that of a 70-year-old cohort, and assumes that early-630 

life and recent exposures contribute identically to cancer risk. This simplification neglects 631 

demographic heterogeneity and compresses complex latency-dependent carcinogenic processes 632 

into an unweighted cumulative metric. The complete computational formulation is provided below. 633 ܧܥௌ1 = ∑ ௬−௜69ܥ
௜=0   634 

ௌ1ܨܣܲ = 1 − ܷ𝑅𝑅−(஼ாೄ1100 )
 635 

where CES1 denotes the cumulative historical exposure assigned under the S1 strategy for the 636 

population within a given grid cell; Cy represents the annual mean BaP concentration in the grid 637 

cell i years prior to the target evaluation year y; PAFS1 denotes the grid-level PAF estimated under 638 

the S1 cumulative exposure framework. 639 

(3) S2: Age-Structured Accumulation Along Realized Exposure Histories 640 

The S2 strategy incorporates population age structure by accumulating exposure along the realized 641 

historical trajectory experienced by each age group, from birth to the evaluation year. This 642 

approach corrects the key limitation of S1, which implicitly assumes that all individuals have fully 643 

experienced the same 70-year exposure window. By weighting exposure histories according to the 644 

observed age distribution, S2 produces a demographic-consistent estimate of cumulative exposure 645 

at the grid level. However, S2 still applies an equal-weight accumulation across the exposure 646 

window and does not explicitly represent latency-induced delays between exposure and lung 647 

cancer occurrence. As a result, while S2 improves demographic realism, it remains limited in 648 

capturing the temporal alignment between exposure timing and cancer risk manifestation. The 649 

complete computational formulation is provided below. 650 ܧܥௌ2,௔ = ∑ ௧௬ܥ
௧=௬−௔+1  651 
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ௌ2ܨܣܲ = ∑ [(1 − ܷ𝑅𝑅−(஼ாೄ2,ೌ100 )) × ௔]100݌
௔=1  652 

where a denotes the age-group index, ranging from 1 to 100 years; “y-a+1” represents the birth 653 

year corresponding to individuals aged a in evaluation year y. For example, individuals aged 30 in 654 

2025 are assumed to have begun exposure accumulation in 1996; t denotes the absolute calendar 655 

year of exposure, spanning from the birth year to the evaluation year y; Ct represents the annual 656 

mean BaP concentration in the grid cell during year t; CES2,a denotes the lifetime cumulative 657 

exposure experienced by individuals of age a based on their realized historical exposure trajectory; 658 

pa denotes the population weight (proportion) of age group a in the target year y within the 659 

corresponding country, derived from the standard projections by United Nations World Population 660 

Prospects 2024 (UN-WPP) (https://population.un.org/wpp/). By definition, the sum of pa across 661 

all age groups equals 1; PAFS2 denotes the grid-level PAF under the S2 framework after age-662 

structure standardization. 663 

(4) S3: Age-Structured Exposure with Latency-Weighted Risk 664 

The S3 strategy constitutes the “Core Strategy” of this study. It integrates age-structured exposure 665 

histories with latency-weighted risk assignment using a Weibull distribution to approximate the 666 

temporal dynamics of lung cancer development. Under this approach, exposure contributions are 667 

weighted according to the time elapsed since exposure occurrence, allowing risk to vary as a 668 

function of biologically plausible latency. Exposures occurring within etiologically relevant 669 

windows (e.g., approximately 10-20 years prior to diagnosis) receive greater weight than very 670 

recent or remote exposures. By combining reconstructed historical BaP trajectories with observed 671 

cohort-specific population distributions, S3 avoids the steady-state assumption and equal-weight 672 

accumulation inherent in S0–S2. This framework provides a demographically and biologically 673 

grounded estimate of attributable lung cancer risk, aligning exposure timing with the known 674 

latency structure of carcinogenesis. 675 

(i) Latency Probability Distribution and Derivation of the Weighting Scheme 676 

To quantify how exposures occurring at different historical time points contribute differentially to 677 

current disease risk, we first defined a probability density function (PDF) for the lung cancer 678 

latency duration in the population: 679 ݂(݈ܽ݃; ݇, (ߣ = ߣ݇ ߣ݈݃ܽ) )௞−1 exp [− ߣ݈݃ܽ) )௞] 680 

where f(lag) denotes the latency probability density, the probability density that the lung cancer 681 

latency duration in the population equals lag years At the population level, whether exposure 682 

occurring in year t contributes to disease incidence in evaluation year y depends on whether the 683 

biological latency duration is less than or equal to the elapsed physical time lag (lag = y-t). 684 

Accordingly, we adopt the integral form of the PDF, i.e., the cumulative distribution function 685 

(CDF), as the effectiveness weight assigned to exposure occurring in year t. The annual exposure 686 

weight wy−t is therefore defined as the cumulative probability that the latency duration does not 687 

exceed the elapsed time since exposure: 688 ݓ௬−௧ = ∫ ݂௬−௧
0 ′ݐ݀(′ݐ) = 1 − exp [− ݕ) − ߣݐ )௞] 689 

where wy−t represents the cumulative probability that the latency duration has been completed after 690 ݐ−ݕ years since exposure, which can also be interpreted as the proportion of exposure assumed to 691 

be associated to the carcinogenic effect by evaluation year ݕ. For recent exposures (small y-t, e.g., 692 

within 5 years), most exposed individuals remain within the biological latency phase, and clinical 693 
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manifestation has not yet occurred; accordingly, wy−t approaches 0, indicating that only a very 694 

small proportion of exposure risk was  caused by BaP exposure. For more remote exposures 695 

(large y-t, e.g., ≥ 20 years), the majority of exposed individuals have completed the latency process, 696 

and the carcinogenic potential has been largely realized; in this case, wy−t approaches 1. 697 

(ii) Parameter Selection and Standardization 698 

Parameterization of the latency distribution followed internationally recognized standards for air 699 

pollution health impact assessment, including the European Environment Agency report 700 

(ETC/ATNI 04/2020) 30 and the previous study 9.  The shape parameter (k) of the Weibull 701 

distribution was specified as 2.0. The scale parameter (λ) was derived from the expectation formula: 702 

MLD = λγ(1+1/k) 703 

such that the distribution yields a mean latency duration (MLD) of 13.6 years, resulting in λ ≈ 704 

15.35 (Extended Data Fig. 8). This parameterization produces an inverted U-shaped PDF, in which 705 

risk density initially increases with time since exposure, reaches a peak (approximately at lag ≈ 10 706 

years, with a maximum density near 0.06), and subsequently declines. The corresponding 707 

probability density function and cumulative distribution function used to characterize lung cancer 708 

latency are illustrated below.  709 

(iii) S3 Strategy: Full Computation 710 

Building on the latency-weighting framework described above, we first computed the latency-711 

adjusted “effective cumulative exposure” for each age group. These age-specific estimates were 712 

then aggregated using the population age-structure proportions to derive the grid-level PAF under 713 

the S3 strategy. 714 ܧܥௌ3,௔ = ∑ (௬
௧=௬−௔+1 ௧ܥ ×  ௬−௧) 715ݓ

ௌ3ܨܣܲ = ∑ [(1 − ܷ𝑅𝑅−(஼ாೄ3,ೌ100 )) × ௔]100݌
௔=1  716 

where wy−t denotes the time-lag weight, representing the carcinogenic effectiveness of exposure 717 

occurring in historical year t as manifested in evaluation year y; Its value ranges from 0 to 1; y-t 718 

denotes the exposure lag duration, defined as the elapsed time between the historical exposure year 719 

t and the current evaluation year y; CES3 denotes the latency-adjusted effective cumulative 720 

exposure for age group a, defined as the total exposure dose accumulated by individuals aged a 721 

that contributes meaningfully to clinical carcinogenic risk in the evaluation year; pa denotes the 722 

population age proportion, representing the share of individuals aged a within the total population 723 

of the corresponding country for the given grid cell in the evaluation year. This term enables the 724 

transformation from cohort-level risk to population-level attributable fraction. PAFS3 denotes the 725 

final Population Attributable Fraction estimated under the S3 latency-weighted framework. 726 

(5) Methodological Summary of S0–S3 727 

Table S4 summarizes the conceptual progression from S0 to S3, illustrating increasing 728 

epidemiological realism and methodological complexity. The steady-state assumption (S0) treats 729 

current exposure as constant over a lifetime, while S1 incorporates historical variability but 730 

assumes equal weighting across the exposure window. S2 further improves demographic realism 731 

by aligning cumulative exposure with age-specific birth cohorts, yet still applies uniform 732 

weighting across time. In contrast, S3 integrates both age structure and biologically informed 733 

latency weighting, allowing exposure contributions to evolve dynamically according to a Weibull 734 

distribution. Although computationally more demanding and dependent on accurate historical data, 735 
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S3 provides the most mechanistically grounded and epidemiologically consistent framework for 736 

estimating population attributable fractions. 737 

(6) Spatial Aggregation of PAF at the National and Regional Levels 738 

To upscale risk estimates from the grid level to the national or regional level, simple arithmetic 739 

averaging of grid-level PAF values is inappropriate. Instead, spatial aggregation was performed 740 

using lung cancer baseline case counts as weights to ensure epidemiological consistency. For a 741 

given country or region R, the overall Population Attributable Fraction (PAFR) was calculated as 742 

a weighted aggregation of grid-level PAF values, where weights correspond to the baseline lung 743 

cancer burden within each grid cell. 744 ܲܨܣோ = ∑ (௜∈ோ ௜ܨܣܲ × ோܫ × ∑(௜݌݋ܲ (௜∈ோ ோܫ × (௜݌݋ܲ = ∑ (௜∈ோ ௜ܨܣܲ × ∑(௜݌݋ܲ ܲ௜∈ோ ௜݌݋  745 

where PAFi denotes the grid-level attributable fraction calculated under a given strategy (S0–S3) 746 

for grid cell i within region R. Popi represents the total population of grid cell i in the evaluation 747 

year; IR denotes the baseline lung cancer incidence rate for country or region, assumed to be 748 

spatially homogeneous within the same national boundary. The numerator of the aggregation 749 

formula represents the total number of BaP-attributable lung cancer cases across all grid cells 750 

within region, while the denominator represents the total lung cancer incidence in that region. 751 

Because IR is treated as constant within a given country or region, it cancels out algebraically, and 752 

the national-level PAFR reduces to a population-weighted average of grid-level PAF values 753 

reflecting the spatial distribution of population exposure. 754 

 755 

4.3. Extrapolating Lung Cancer Burden from BaP to Ambient Air Pollution 756 

4.3.1 Adopting BaP as A Mechanistic Anchor 757 

To evaluate the suitability of benzo[a]pyrene (BaP) as a mechanistic anchor for extrapolating air-758 

pollution–related lung cancer risk, we integrated emission correlation analysis, knowledge-graph–759 

based biological pathway concordance, and country-level epidemiological validation within a 760 

unified analytical framework. The detailed description was provided in the section “3. Rationale 761 

for BaP as A Mechanistic Anchor” (SM). In briefly, we firstly quantified global co-emission 762 

structures between BaP and major atmospheric pollutants using Pearson correlation analysis. 763 

Emission inventories from 1990–2021 were log-transformed to stabilize variance and address 764 

right-skewed distributions. Correlation coefficients were calculated across countries and sectors to 765 

identify pollutants with consistent emission coupling to BaP, and temporal synchrony of emission 766 

trajectories was further examined in six representative economies to assess whether BaP and co-767 

emitted pollutants share stable long-term emission dynamics. Second, mechanistic concordance 768 

between pollutants and lung cancer pathways was evaluated using Exposure–Biology–Disease 769 

knowledge graphs constructed in the EBIO module of ExposomeX platform  770 

(https://www.exposomex.cn/). Two complementary network modes were implemented: 771 

Exposure–GO–Disease (EGoD) and Exposure–Protein–Protein–Disease (EPPD). For each 772 

exposure–disease pair, all mechanistic paths were enumerated and summarized using pathway 773 

diversity scores based on the degree centrality of mediating GO terms or proteins, capturing 774 

pathway redundancy and hub-mediated biological connectivity. Third, we conducted country-level 775 

validation by comparing BaP-derived model-estimated burden indices with Global Burden of 776 

Disease (GBD) observed lung-cancer deaths attributable to air pollution. Pearson correlation 777 

analysis in log space was used to evaluate spatial and temporal agreement, assessing whether BaP-778 

based attribution reproduces real-world mortality patterns. 779 

 780 
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4.3.2 Spatial Downscaling of National Air Pollution–Attributable Lung Cancer Deaths  781 

Ambient air pollution is a complex mixture of multiple carcinogenic components. Among them, 782 

BaP is a well-established marker of combustion-related particulate pollution and has been widely 783 

used as a proxy for carcinogenic polycyclic aromatic hydrocarbons (PAHs). At the national scale, 784 

we observed a strong correspondence between BaP-based attributable fractions (PAFBaP) and total 785 

air pollution–attributable fractions for lung cancer, indicating that spatial variation in BaP exposure 786 

captures a substantial share of the heterogeneity in air pollution-related lung cancer risk. 787 

Leveraging this correspondence, we used PAFBaP as a spatially resolved risk surface to downscale 788 

national air pollution–attributable lung cancer deaths to finer spatial units. National lung cancer 789 

deaths attributable to ambient air pollution (ܦ௖௔௣ ) were estimated as described in the main analysis 790 

and treated as fixed national constraints for spatial allocation. The spatial downscaling was 791 

conducted on a global grid at a resolution of 0.1×0.1. This resolution balances the need to capture 792 

meaningful spatial heterogeneity in air pollution exposure while avoiding artificial precision 793 

beyond the resolution of available exposure and population datasets. Each grid cell (g) within 794 

country (c) is characterized by a population size POPc,g and a BaP-based attributable fraction 795 ܲܨܣ௖,௚bap
. The same allocation framework applied at the provincial scale demonstrated improved 796 

agreement with external mortality benchmarks when population weighting was incorporated, 797 

particularly under lagged exposure assumptions consistent with lung cancer latency. These results 798 

provide empirical support for extending the same allocation logic to finer spatial units. Here, the 799 

spatial downscaling approach relies on the following four assumptions:  800 

(i) Spatial heterogeneity in air pollution–attributable lung cancer burden within countries is 801 

primarily driven by variation in BaP-related attributable fractions and population density;  802 

(ii) BaP-based attributable fractions adequately capture the spatial pattern of carcinogenic air 803 

pollution relevant to lung cancer risk;  804 

(iii) Residual spatial heterogeneity in baseline lung cancer mortality unrelated to air pollution (e.g., 805 

smoking, age structure, healthcare access) does not systematically dominate the fine-scale spatial 806 

patterns implied by ܲܨܣ௖,௚bap × ܱܲ ௖ܲ,௚, which were supported by Extended Data Fig. 12;  807 

National air pollution-attributable lung cancer deaths provide a reliable constraint for spatial 808 

allocation. For each grid cell, we defined a spatial weight as: 809 ݓ௖,௚ = ௖,௚bapܨܣܲ × ܱܲ ௖ܲ,௚ 810 

This formulation follows directly from the definition of attributable burden, in which 811 

attributable deaths in a subpopulation are proportional to both the attributable fraction and the size 812 

of the population at risk. National air pollution–attributable lung cancer deaths were downscaled 813 

to grid cells by proportionally redistributing the national total according to the grid-level weights: 814 ܦ௖,௚ap = ௖apܦ × ௪೎,೒∑ ௪೎,೒೒∈೎  815 

By construction, this procedure ensures exact mass conservation at the national level: 816 ∑ ௖,௚ap௚∈௖ܦ = ௖apܦ
 817 

The spatial allocation does not explicitly account for spatial variation in smoking prevalence, 818 

age structure, or healthcare access, which may modify absolute lung cancer mortality risk, but 819 

rather describe the spatial pattern of attributable burden consistent with national totals. 820 

Consequently, grid-level estimates should be interpreted as indicative of relative spatial patterns 821 

of air pollution–attributable burden rather than precise local mortality counts. 822 

 823 

4.4. Quantifying spatial disparities and intergenerational inequalities 824 



 

 

25 

 

 

In this study, “Intergenerational inequality”, captures systematic differences in cumulative 825 

lifetime risk between birth cohorts. It reflects how long-term air pollution exposure trajectories 826 

translate into systematically unequal lifetime lung cancer burdens across birth cohorts. Unlike 827 

spatial disparities, intergenerational inequalities explicitly incorporate a temporal and ethical 828 

dimension, addressing who bears the long-term consequences of past and present air pollution. We 829 

quantified spatial disparities across multiple nested geographic scales to capture both global and 830 

within-country heterogeneity in air pollution–attributable lung cancer mortality. At the global scale, 831 

analyses were conducted for 21 Global Burden of Disease (GBD) subregions and for all individual 832 

countries worldwide, enabling systematic comparison across major world regions and national 833 

contexts. At the national scale, we further examined country–province (or equivalent subnational) 834 

units for selected exemplar countries with diverse emission histories and regulatory trajectories. 835 

This multiscale framework allows assessment of whether apparent national-level improvements 836 

obscure persistent or widening disparities in lung cancer mortality burden at finer spatial 837 

resolutions.  838 

To quantitatively evaluate intergenerational differences in environmental exposure, we 839 

developed a birth-cohort lifetime risk assessment module. This framework estimates the cohort-840 

specific lifetime PAF (PAFc), capturing the cumulative lung cancer risk attributable to BaP 841 

exposure over a standardized 70-year lifespan for individuals born in a given year. Unlike period-842 

based burden estimation, this cohort-based approach does not incorporate the contemporaneous 843 

population age structure during risk calculation; demographic weights are applied only during 844 

spatial aggregation. At the 0.1°×0.1° grid scale, cohort-specific cumulative exposure (CEc) and 845 

corresponding PAFc are computed directly from the reconstructed lifetime concentration trajectory. 846 

For a cohort born in year t, the cumulative effective exposure over its 70-year lifespan, CEc(t), is 847 

determined by convolving the annual BaP concentration trajectory experienced from birth to age 848 

69 with a biologically informed latency weighting function, thereby aligning exposure timing with 849 

carcinogenic risk development: 850 ܧܥ௖(ݐ) = ∑ 69ܥ
௔=0 ݐ) + ܽ) ⋅ ܹ(ܽ) 851 

where C(t+a) denotes the environmental BaP concentration experienced by the cohort at age a, 852 

where concentration fields include both historical reconstructions and future projections under the 853 

SSP scenarios. W(a) represents the age-specific latency weight applied to exposure at age a, 854 

reflecting its relative contribution to carcinogenic risk. The same weighting function used in the 855 

cross-sectional S3 strategy was adopted to ensure consistency between period-based and cohort-856 

based estimations. Based on the unit relative risk (URR) framework, the lifetime attributable risk 857 

for the cohort born in year t, denoted as PAFc(t), is calculated accordingly. 858 ܲܨܣ௖(ݐ) = 1 − ܷ𝑅𝑅−(஼ா೎(௧)100 )
 859 

Using gridded population data corresponding to each birth year as weights, cohort-specific grid-860 

level PAFc(t) values were aggregated to the national scale to represent the true societal exposure 861 

burden experienced by each generation as: 862 ܲܨܣ௖,ே௔௧௜௢௡௔௟(ݐ) = ∑( (ݐ)௖,௚௥௜ௗܨܣܲ ⋅ ∑((ݐ)௚௥௜ௗ݊݋݅ݐ݈ܽݑ݌݋ܲ ܲ (ݐ)௚௥௜ௗ݊݋݅ݐ݈ܽݑ݌݋  863 
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 1017 
Extended Data Fig. 1. Temporal Trends in Global Lung Cancer Burden Across the World 1018 

and Major Regions (1990–2023) 1019 

(A) Disability-adjusted life years (DALYs) attributable to lung cancer. (B) Corresponding number 1020 

of deaths attributable to lung cancer. Lines represent estimates from the Global Burden of Disease 1021 

(GBD) study stratified by Socio-demographic Index (SDI) categories and major geographic 1022 

regions. Global totals are shown for reference. Data were obtained from the Global Health Data 1023 

Exchange visualization tool: https://vizhub.healthdata.org/gbd-compare/. 1024 
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 1026 
Extended Data Fig. 2. Global Predictive Performance of Benzo[a]pyrene (BaP) 1027 

Reconstruction Models During the Independent Test Period (2006–2007). 1028 

(A, C) Monthly coefficient of determination (R²) and root mean square error (RMSE) between 1029 

predicted and reference BaP concentrations across the global domain. Concentration unit: ng m-3. 1030 

(B, D) Summary statistics of model performance for land grid cells. (E–G) Density scatterplots 1031 

comparing predicted and observed log₁₀-transformed BaP concentrations for Random Forest (RF), 1032 

Extreme Gradient Boosting (XGB), and Tabular Prior-data Fitted Network (TabPFN) models. *** 
1033 

P < 0.001, Student's T-test. 1034 
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 1036 
Extended Data Fig. 3. Predictive Performance of Global Benzo[a]pyrene (BaP) 1037 

Reconstruction Models Over Land During the Independent Test Period (2006–2007). 1038 

(A, C) Monthly coefficient of determination (R²) and root mean square error (RMSE) between 1039 

predicted and reference BaP concentrations across global land grid cells. Concentration unit: ng 1040 

m-3. (B, D) Distribution of model performance across land grid cells. (E–G) Density scatterplots 1041 

comparing predicted and observed log₁₀-transformed BaP concentrations for Random Forest (RF), 1042 

Extreme Gradient Boosting (XGB), and Tabular Prior-data Fitted Network (TabPFN) models. *** 
1043 

P < 0.001, Student's T-test. 1044 
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 1046 
Extended Data Fig. 4. Global Distribution of Benzo[a]pyrene (BaP) Concentrations at 0.1° × 1047 

0.1° Resolution for Historical Reconstruction and Future Scenarios. 1048 

Global BaP concentrations are shown for selected years: (A) 1850, (B) 1875, (C) 1900, (D) 1925, 1049 

and (E) 1975 based on historical reconstruction. Future projections for 2050 are presented under 1050 

the Shared Socioeconomic Pathway scenarios (F) SSP-126, (G) SSP-370, and (H) SSP-585. Colors 1051 

denote BaP concentrations (ng m⁻³, logarithmic scale). Abbreviations: Shared Socioeconomic 1052 

Pathway 1-2.6 (SSP-126); Shared Socioeconomic Pathway 2-4.5 (SSP-245); Shared 1053 

Socioeconomic Pathway 3-7.0 (SSP-370); Shared Socioeconomic Pathway 5-8.5 (SSP-585) 1054 
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 1056 
Extended Data Fig. 5. Sector-Specific Concordance Between Benzo[a]pyrene (BaP) and 1057 

Major Particulate Matter (PM) Components. 1058 

 (A) agriculture, (B) commercial activities, (C) global aggregate emissions, (D) industrial 1059 

combustion, (E) industrial processes, (F) natural sources, (G) power generation, and (H) 1060 

transportation sectors. 1061 
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 1062 
Extended Data Fig. 6. Shared Molecular Pathways Linking Benzo[a]pyrene (BaP) and 1063 

Broader Air Pollution Components to Lung Cancer 1064 

(A) Exposure–Protein–Protein–Disease (EPPD) network illustrating interactions among 1065 

combustion-related pollutants, intermediate proteins (e.g., TP53), and lung cancer. (B) Exposure–1066 

Gene Ontology–Disease (EGoD) network highlighting overlapping biological processes 1067 

associated with BaP and other air pollution components. Node size represents connectivity 1068 

(degree), and edge density reflects shared mechanistic associations. 1069 

1070 
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 1071 
Extended Data Fig. 7. Shared Biological Mechanisms Linking Benzo[a]pyrene (BaP) and 1072 

Other Air Pollutants to Lung Cancer. 1073 

(A) Number of Gene Ontology (GO) pathways associated with each pollutant-lung cancer 1074 

relationship within the EBIO framework. (B) Number of lung cancer-related proteins linked to 1075 

each pollutant. Bars represent BaP-specific associations (BaP only), shared mechanisms with BaP 1076 

(intersection), and pollutant-specific associations independent of BaP (other only). 1077 
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 1079 
Extended Data Fig. 8. Latency Weighting Function for Lung Cancer Risk Following 1080 

Exposure 1081 

The latency structure linking historical exposure to lung cancer risk was modeled using a Weibull 1082 

distribution. The blue curve represents the probability density function (PDF), indicating the 1083 

relative contribution of exposures occurring at different lag times since exposure. The red dashed 1084 

curve represents the cumulative distribution function (CDF), showing the cumulative probability 1085 

that the latency period has been completed. Vertical reference lines mark key latency milestones: 1086 

approximately 35% of cumulative risk occurs within 10 years after exposure, 82% within 20 years, 1087 

and 98% within 30 years. 1088 
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 1092 
Extended Data Fig. 9. Concordance Between Latency-Aware Benzo[a]pyrene (BaP)-Based 1093 

Estimates and Global Burden of Disease (GBD) Lung Cancer Deaths 1094 

Country-level log₁₀-transformed lung cancer deaths estimated using the latency-aware BaP-based 1095 

framework (S3) are compared with corresponding estimates from the Global Burden of Disease 1096 

(GBD) study for 1990–2023. The dashed line indicates the 1:1 reference. Strong agreement is 1097 

observed across countries (Pearson correlation coefficient R = 0.881, P < 0.001). 1098 

 1099 
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