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SUMMARY

Predicting lung cancer risk would enhance prevention trials. Although the Canakinumab Anti-inflammatory 
Thrombosis Outcome Study (CANTOS) trial demonstrated reduced lung cancer incidence with interleukin 
(IL)-1β inhibition, the high number needed to treat (NNT) to prevent lung cancer limits its use in unselected 
populations. Using machine learning, we identified a 14-protein plasma signature predicting lung cancer 
more than 5 years before diagnosis. The signature, validated across eight cohorts, was elevated in current 
smokers and individuals exposed to particulate matter (PM) and linked to lung myeloid and alveolar cells. 
In epidermal growth factor receptor (EGFR)-driven lung adenocarcinoma, diverse epithelial lineages 
converged on a keratin8 + /claudin4 + alveolar transitional state (KAC), whose transcriptional programs corre-

lated with signature emergence. Components of the signature were induced by PM, oncogenic EGFR, or IL-

1β, whereas IL-1β inhibition restrained PM-driven KAC expansion and early tumorigenesis. In CANTOS, the 
signature identified individuals who seemed to benefit more from anti-IL-1β therapy, lowering the NNT 
threshold and nominating circulating signals of tumor promotion for prevention.

INTRODUCTION

Although lung cancer screening programs in the USA, Europe, 

and Australia are indicated in those over the age of 50 with sig-

nificant smoking histories, 1 cancer rates within this population 

remain too low to enable selection of at-risk individuals for pre-

vention trials. 2 Additionally, these selection criteria do not cap-

ture light or never-smoking individuals, populations in which
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Figure 1. Lung-associated signals of tumorigenesis are present in the blood years before clinical diagnosis

(A) Schematic of the machine learning framework used to identify plasma proteins associated with incident lung cancer diagnosis in the UK Biobank (UKBB). 

Smoking, smoking status and pack-years. Dx, diagnosis.

(B) Random-effects meta-analysis of the 14 proteins across eight external datasets with relative risk and 95% confidence intervals for each protein (Wald test).

(C) ROC-AUC on the held-out dataset of 12,025 individuals (n = 75 cases) comparing the machine learning model with the LCRAT and LLPv3 models (DeLong’s 

test).

(D) Model performance by time to diagnosis (preceding 2-year intervals; DeLong’s test, shaded interval represents 95% CI).

(legend continued on next page)
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lung adenocarcinoma (LUAD) predominates and activating 

EGFR mutations represent the most common oncogenic driver. 3 

Identifying molecular events preceding malignant transformation 

could aid risk stratification and prevention strategies.

Seemingly normal lung tissue harbors cells with mutations in 

cancer genes, 4 underscoring that mutations may be necessary 

but are rarely sufficient for oncogenesis. 5 We have previously re-

ported that particulate matter (PM) exposure triggers macro-

phages to release interleukin-1 beta (IL-1β), which enhances the 

LUAD-initiating potential of mutant epithelial cells. 6 The tumor-pro-

moting role of IL-1β is further evidenced by the phase 3 Canakinu-

mab Anti-inflammatory Thrombosis Outcome Study (CANTOS) 

randomized controlled cardiovascular prevention trial, which re-

ported a dose-dependent reduction in lung cancer incidence 

following anti-IL-1β therapy. 7 However, therapeutic trials of cana-

kinumab in patients with established non-small cell lung cancer 

(NSCLC) in the first-line metastatic or adjuvant setting failed to 

demonstrate efficacy. 8,9 These findings indicate that anti-IL-1β 
treatment may reduce lung cancer incidence but has no effect 

on established disease, suggesting a therapeutic window for treat-

ment efficacy that precedes clinically detectable cancers. Bio-

markers that identify high-risk individuals prior to malignancy are 

therefore essential to deliver molecular cancer prevention via IL-

1β inhibition. Defining the interplay between tumor-initiating cells, 

exogenous challenge by tumor promoters, and microenviron-

mental context may enable better prediction of lung cancer risk.

The lung epithelium comprises airway cells, including basal, 

club, and neuroendocrine progenitor cells, as well as alveolar 

type I and type II (AT1 and AT2) cells, of which the latter function 

as a facultative progenitor upon alveolar injury. 10 Both the initi-

ating epithelial lineage and the nature of the oncogenic driver 

determine lung cancer subtype. 11 While club, AT1, and AT2 cells 

can give rise to Kras-driven LUAD, 12–15 it is unknown whether 

other stem and progenitor lineages possess LUAD-initiating 

capacity, particularly in the context of EGFR mutations. Kras-

mutant AT2 cells proceed through a keratin 8 + (Krt8 + ) alveolar 

intermediate cell (KAC) state with enhanced tumor-seeding 

potential (also termed highly plastic cell state) that is required 

for malignant progression. 16–19 Oncogenic KACs share tran-

scriptional similarities with damage-associated alveolar epithe-

lial states, which transiently arise from AT2 cells during their tran-

sition toward mature AT1 cells following lung injury. 20–24 KACs 

are therefore emerging as a putative target linking lung injury 

and repair responses with pathological epithelial cell states in 

not only lung cancer but also pulmonary fibrosis and chronic 

obstructive pulmonary disease (COPD). 25,26

Here, we applied a machine learning framework to population-

scale UK Biobank proteomic data and identified a 14-protein 

plasma signature, predictive of future lung cancer risk, that repli-

cated in eight external datasets. We addressed the origins of the 

signature, first determining that basal, club, neuroendocrine, and 

AT2 epithelial lineages were competent to form EGFR-driven 

LUAD, with conserved KAC-like states observed within the alve-

olar niche. Consistent with the 14-protein signature reflecting a 

tumor-promoted niche, the expression of the signature 

increased in myeloid and wild-type AT2 cells in the lung upon 

PM exposure, in the presence of EGFR-mutant clones, or 

following IL-1β exposure. Blocking IL-1β signaling limited the 

outgrowth and potency of KACs, highlighting their role as an 

early lung cancer prevention target. In the CANTOS proteomic 

sub-cohort, a high protein signature at trial entry identified indi-

viduals with a reduction in lung cancer incidence following 

anti-IL-1β therapy, supporting the use of a plasma-based signa-

ture for patient selection in lung cancer prevention.

RESULTS

Lung-associated signals of tumorigenesis are present in 

the blood years before clinical diagnosis

We developed a machine learning framework to predict incident 

lung cancer diagnoses using data from the population-level UK 

Biobank Pharma Proteomics Project, integrating plasma proteo-

mic profiles (n = 2,923 proteins) collected at baseline with subse-

quent cancer registry outcomes (median 5.6 years to lung cancer 

diagnosis, range 0.16–11.00 years) 27 (Figure 1A). We imple-

mented a 75:25 train-test split (N = 48,099 individuals, N = 375 

lung cancer cases), utilizing recursive feature elimination to iden-

tify a parsimonious predictive model of incident lung cancer 

cases (Figure S1A). From this approach, we identified 14 pro-

teins together with four patient characteristics (age, smoking 

status, pack years, and past diagnosis of COPD) that were linked 

with future lung cancer incidence (Figure 1A; STAR Methods). 

The 14 proteins are associated with inflammatory signaling 

(CXCL17, 28 CDCP1, 29,30 GDF15, 31 PIGR, 32 TNFSF13B, 33 and 

PLAUR 34 ), extracellular matrix remodeling (MMP12 35 ), epithelial 

secretion or shedding (CEACAM5, 36 WFDC2, 37 ALPP, 38 and 

PRSS8 39 ), and pulmonary surfactant production (LAMP3, 40 

SFTPD, and SFTPA1 41 ). We examined the association of these 

14 proteins with lung cancer incidence in eight additional prote-

omic datasets from the UK, US, Iceland, China, and two multi-

national cohorts, comprising 2,198 incident lung cancer cases 

and 53,641 non-cancer controls in total (plasma collected a

(E) Locally estimated scatterplot smoothing (LOESS) curves of three proteins measured longitudinally at 1-year intervals (98 cases, 150 controls, median 5 

samples per individual) from the UKCTOCS clinical trial. 42 Bars indicate the significance of case-control differences at yearly intervals (Wilcoxon test, capped at 

− log 10 p = 4).

(F and G) Single-cell expression of genes encoding the signature proteins, their aggregated score and the number of cells analyzed (F) in the Human Lung Cell 

Atlas 49 (50,000 cell subset) and (G) mouse lung microenvironment scRNA-seq dataset, enriched for epithelial and other stromal cell types (Wilcoxon test).

(H) GSVA score of the 14-protein signature across tissues analyzed from 19,788 samples (946 donors) in the GTEx Consortium 50 (Wilcoxon test). First significant p 

value shown.

(I) Boxplot of GSVA scores with interquartile range across individuals with incident disease within 5 years of sampling in UKBB (held-out set; Wilcoxon test). First 

significant p value shown.

(J) Odds ratios with 95% CI for association with lung cancer for 10 proteins in the TALENT study (n = 251 cases, 501 controls; p values shown for p < 0.05 by Wald 

test).

See also Figures S1 and S2 and Tables S1, S2, S3, and S4.
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median 7.55 years before lung cancer diagnosis with a range of 

medians 1.60–12.62 years; Table S1). 42–48 All 14 proteins posi-

tively associated with future lung cancer incidence across a 

random-effects meta-analysis (Figures 1B, S1B, and S1C). We 

found no significant differences in risk estimates between histo-

logical subtypes of lung cancer for each protein in the three co-

horts where data were available (Figures S1D–S1F).

To evaluate the ability of the machine learning model to predict 

incident lung cancer diagnosis, we compared the performance 

of the model against commonly used lung cancer screening 

models, 51 using the held-out UK Biobank test data (total N = 

12,025, lung cancer N = 75, median time to lung cancer diag-

nosis 5.1 years, range 0.16–11.00 years; STAR Methods). 

Among these screening models, the Liverpool Lung Project 

version 3 model (LLPv3) 52 had the highest receiver operating 

characteristic-area under the curve (ROC-AUC) on this dataset 

(Table S2). The machine learning model outperformed the 

LLPv3 model (p = 0.01 by DeLong’s test; Figure 1C), achieving 

a sensitivity of 0.776 (95% confidence interval [CI]: 0.687– 

0.857), compared with 0.622 (95% CI: 0.518–0.718) for the 

LLPv3 model (p = 0.0012 by DeLong’s test comparing sensitiv-

ities at a fixed false-positive rate of 20%). The greatest improve-

ment in performance of the machine learning model compared 

with both published lung cancer screening models was 

observed 2–4 years prior to diagnosis (p = 0.002 by DeLong’s 

test of the machine learning model compared with LLPv3; 

Figure 1D). Comparing XGBoost models built on the 14 proteins 

alone, patient characteristics alone, or both, we found protein-

and clinical-only models performed comparably (DeLong’s 

test, p = 0.26), while the combined model significantly outper-

formed each (Figure S2A). Proteomics data for 3/14 proteins 

(WFDC2, CXCL17, and CEACAM5) were available annually for

5 years preceding lung cancer diagnosis in 98 cases and 150 

controls from the UK Collaborative Trial of Ovarian Cancer 

Screening (UKCTOCS). 42 Independently of smoking status, 

these three proteins increased in individuals who developed 

lung cancer, compared with controls, 2 years before diagnosis 

(Figures 1E and S2B). Together, these findings suggest that 

the 14-protein signature augments the ability to predict the future 

risk of lung cancer when combined with patient characteristics.

To investigate which organs and cell types express the genes 

encoded in the machine learning-derived 14-protein signature, 

we interrogated bulk RNA sequencing (RNA-seq) data from 

healthy human tissues. 50 Transcripts encoding these proteins 

were more abundant in the human lung compared with other tis-

sues (p = 6.07 × 10 − 35 , Wilcoxon test; Figures 1H and S2C). 

Analysis of single-cell RNA-seq (scRNA-seq) data from the Hu-

man Lung Cell Atlas 49 demonstrated that expression of genes 

encoding these 14 proteins was predominantly enriched in 

AT2 cells followed by secretory airway epithelial cells 

(p < 2.2 × 10 − 16 between signature score of AT2 cells and secre-

tory cells; Figure 1F), with a subset of genes (PLAUR, TNFSF13B, 

CDCP1, and MMP12) upregulated in myeloid cells, (macro-

phages, monocytes, and dendritic cells) and fibroblasts 

(Table S3). We generated a scRNA-seq dataset of immune, 

epithelial, and all other cell types from the lungs of healthy control 

mice (see STAR Methods and Figure 1G), capturing 12/14 genes 

of interest. These genes were similarly enriched in wild-type AT2

and club epithelial cells, with expression of Plaur, Gdf15, and 

Mmp12 largely restricted to myeloid cells and Tnfsf13b to fibro-

blasts in mice (Table S4). We conclude that the circulating 

14-protein plasma signature is enriched for genes expressed in 

wild-type lung epithelial, myeloid, and fibroblast cells in both 

mice and humans.

To assess specificity, we applied gene set variation analysis 

(GSVA) to evaluate enrichment across a selection of other dis-

eases within 5 years of baseline plasma sampling in the UK Bio-

bank held-out set. We found the 14-protein signature was higher 

in respiratory diseases such as idiopathic pulmonary fibrosis 

(IPF) and COPD (p = 1.59 × 10 − 5 Wilcoxon test, lung cancer 

vs. ischemic heart disease; Figure 1I). To understand changes 

during malignant progression, we performed GSVA of plasma 

proteomics in the TRACERx (tracking cancer evolution through 

therapy [Rx]) cohort study, 53 with baseline samples taken prior 

to resection and at a follow-up from individuals who had not 

relapsed at least 2 years post-surgery. We found that the 

14-protein signature was not elevated in patients with higher 

stage tumors in TRACERx baseline samples and did not change 

following surgical resection of the primary tumor, suggesting that 

the protein signature does not arise from established lung cancer 

(Figures S2D and S2E).

Given that never-smoker lung cancer cases were scarce in the 

UK cohorts, we interrogated the association between the protein 

signature and lung cancer in a predominantly (93.3%) never-

smoker population from individuals enrolled in the multi-center, 

prospective TALENT (Taiwan Lung Cancer Screening in Never-

Smoker Trial) clinical trial. 54 We performed Olink proteomics on 

baseline plasma samples taken from a subset of TALENT partic-

ipants (N = 251 cases and N = 501 age-, sex-, and baseline 

smoking status-matched controls; 81.3% female, median time 

to diagnosis 144 days, range 9–3,492 days, 87.6% stage IA dis-

ease, and 62.1% adenocarcinomas). Four proteins (WFDC2, 

CXCL17, CEACAM5, and ALPP), as well as the overall signature, 

were associated with future lung cancer diagnoses in TALENT 

(Figures 1J and S2F), with three of these proteins (CXCL17, 

CEACAM5, and WFDC2) also increased in the plasma proteome 

in never-smokers in UKCTOCS prior to lung cancer diagnosis 

(Figure S2B). We conclude that the 14-protein signature iden-

tifies individuals at increased risk of developing lung cancer, 

fibrotic lung disease, and COPD. In addition, a subset of these 

proteins may also have utility for risk stratification in never-

smoker populations.

Epithelial lineages converge upon KAC states en route 

to LUAD

Given that an ideal risk signal would encompass all routes to 

lung cancer initiation, we used EGFR-mutant mouse models to 

probe the origins of the 14-protein signature in early LUAD 

tumorigenesis. We therefore established which cells form 

LUAD upon acquiring an EGFR mutation. Lineage-restricted 

Cre adenoviruses 13,55,56 were delivered intratracheally to acti-

vate a reporter allele (T mice; Rosa26 LSL-tdTomato/+ ), reporter 

plus EGFR L858R mutation (ET; Rosa26 LSL-tTa/LSL-tdTomato ; TetO-

EGFR L858R ), or reporter, EGFR L858R , and Trp53 loss (EPT; 

Rosa26 LSL-tTa/LSL-tdTomato ; TetO-EGFR L858R ; Trp53 fl/fl ) in basal

(Ad5-bk5-Cre, requiring polidocanol pre-treatment 56 ),
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Figure 2. Epithelial lineages converge upon KAC states en route to LUAD

(A) Experimental design of lineage-restricted activation of T, ET, or EPT alleles in vivo. EPT mice were monitored monthly by microCT imaging and collected at the 

indicated time points.

(B–E) Same cohorts throughout. (B) Survival of EPT mice induced with lineage-restricted viruses (two independent cohorts; mice culled for non-cancer illness 

excluded). n = 9 basal, 7 neuroendocrine, 12 club, 13 AT2; log-rank test. (C) Representative histology at the ethical endpoint. (D) Histopathology grade of the most 

advanced lesion per mouse. (Neuro, neuroendocrine). (E) Spatial tumor location at endpoint. (D and E) Non-significant, two-way ANOVA, Sidak’s correction.

(legend continued on next page)
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neuroendocrine (Ad5-CGRP-Cre), club (Ad5-CC10-Cre), or AT2 

cells (Ad5-SPC-Cre; Figure 2A). In T mice, recombination was 

rare (basal-targeted: 1 tdTomato + cell per 1,080 cells analyzed; 

neuroendocrine: 1/11,800; club: 1/6,400; and AT2: 1/23,600; 

Figures S3A and S3B) and restricted to the expected epithelial 

compartments (Figures S3C–S3E; Table S5). In polidocanol-

treated basal-targeted mice, recombination occurred in the tra-

chea and extra- and intrapulmonary bronchi, closely recapitu-

lating human basal cell distribution (Figures S3C–S3E; 

Table S5). These tools enable EGFR mutation alone to model 

early tumor initiation, or with Trp53 loss, across four lineages 

at low clonal density.

Lineage-specific oncogenic competence was assessed in the 

more aggressive EPT model 57 to maximize adenocarcinoma 

transformation within the mouse lifespan. Polidocanol did not 

impact survival after ubiquitous Ad5-CMV-Cre induction, sup-

porting its use in basal-targeted conditions (Figure S3F). All 

four lineages formed lung nodules detectable by micro-

computed tomography (microCT), with club- and AT2-induced 

conditions exhibiting shorter latencies and reduced survival in 

EPT mice (Figures 2B and S3G). At the endpoint, each lineage 

formed EGFR L858R + LUADs indistinguishable by histology and 

bulk transcriptomics (Figures 2C, 2D, S3H, and S3I). Surfactant 

protein C (SPC) protein, an AT2 marker, was ubiquitously ex-

pressed across tumors rather than lineage-of-origin-specific 

markers (Figures S3J and S3K). Temporal grading in ET and 

EPT mice showed evolution from mutant clones to alveolar hy-

perplasia, adenoma, and adenocarcinoma, with slower progres-

sion of ET relative to EPT tumors (Figures S3L–S3O). Basal and 

neuroendocrine lineages advanced more slowly to adenocarci-

noma than club and AT2 lineages in EPT mice (Figure S3O). 

Together, these data support that oncogenic EGFR confers tu-

mor-initiating potential across epithelial lineages in concert 

with Trp53 deficiency.

Regardless of origin, all lineages formed SPC + adenocarci-

noma in EPT mice within the alveolar microenvironment 

(Figures 2E, S3J, S4A, and S4B; Videos S1, S2, S3, and S4), 

consistent with the location of human LUAD. 58 In basal-targeted 

EPT mice, EGFR L858R + airway cells persisted in the trachea for 

12 months without forming lesions and remained SPC − , whereas 

SPC + LUADs in the same animal arose exclusively within alveoli

(Figures S4C and S4D), suggesting an obligate role for the alve-

olar compartment in EGFR-driven LUAD formation. To deter-

mine how mutant airway cells access this niche, we performed 

live imaging of precision-cut lung slices (PCLSs) generated 

from club- or basal-targeted ET mice. EGFR-mutant club cells 

migrated to alveoli more frequently than tdTomato + controls 

(33% vs. 1%; Figures 2F, 2G, and S4E; Videos S5, S6, and 

S7). Rare labeled wild-type and EGFR-mutant basal cells in intra-

pulmonary airways also transitioned to alveoli after polidocanol 

injury, but events were too infrequent for quantification and 

may be injury- or mutation-associated (Videos S8 and S9). Inhi-

bition of Wnt signaling, which governs aberrant airway-to-

alveolar differentiation during injury, 20,59,60 reduced EGFR-

mutant club cell migration and SPC expression in the alveoli 

(Figures S4F–S4H; Videos S10 and S11). These data indicate 

that EGFR-driven LUAD can arise from multiple lineages and 

are associated with entry into the alveolar compartment.

We next tracked gene expression dynamics in mutant cells 

throughout LUAD progression to explore relationships with 

the 14-protein signature. We performed single-nucleus RNA-

seq (snRNA-seq) on tdTomato + EGFR-mutant cells induced in 

basal, club, or AT2 lineages from ET mice at early clonal expan-

sion and later hyperplastic stages, comparing them to lineage-

matched EGFR-wild-type cells from T mice (37,627 nuclei from 

100 mice; Figure 2H). The neuroendocrine lineage was 

excluded due to cell scarcity. Using published cell-identity 

gene sets, 17,20 we identified tracheal (including polidocanol 

injury-induced subsets), bronchi/bronchiolar, and AT2-derived 

populations, including KACs, a transient Krt8 + alveolar interme-

diate state with high tumor-seeding potential 17 (Figures 2I, 2J, 

and S5A; Table S6). This lineage-tagged dataset enables 

tracing the earliest cell-intrinsic transcriptomic changes as 

distinct lineages transition to malignant fates following EGFR 

mutation.

In T mice acutely post-recombination, AT2, club, and basal-

derived cells formed distinct clusters, confirming virus specificity 

(Figures 2K left and 2I). At the equivalent time point in ET mice, 

rare basal- and club-derived cells acquired alveolar-associated 

transcriptional features not observed under wild-type condi-

tions, with greater proportions of mutant cells from all lineages 

subsequently converging on KAC-like states during malignant

(F) Single frames isolated from live-cell imaging, depicting 3D reconstruction of PCLS from ET mice induced with a club-targeted virus and collected 6 weeks after 

oncogene induction, stained with E-cadherin (blue) and detecting endogenous tdTomato expression (pink). Circles indicate EGFR-mutant club cells dividing 

within the airway epithelium (top, coronal view) or transitioning from bronchiolar (br) to alveolar (alv) microenvironment (bottom, transverse view), with bronchiolar 

structure indicated in the dotted line. Refer to Videos S5, S6, and S7 for full experimental results.

(G) Proportion of T or ET club cells transitioning to the alveolar niche at 6 weeks post-induction (one representative experiment shown; n = 4 mice, 2–3 fields of 

view per mouse; experiment performed twice with consistent results). Two-way ANOVA with Tukey’s correction, **p = 0.0022, ***p < 0.0001.

(H) Experimental design to assess basal, club, and AT2 cell fate in early EGFR-driven tumorigenesis by isolating lineage-restricted tdTomato+ wild-type (WT) or 

mutant cells by flow cytometry for snRNA-seq analysis. n = 10 animals per genotype/time point/lineage pooled.

(I–K) Uniform manifold approximation and projection (UMAP) visualization of snRNA-seq data from tdTomato + lineage-traced cells in WT, early (3 weeks in AT2-

and club-targeted mice; 10 weeks in basal-targeted mice) and late (10 weeks in AT2- and club-targeted mice; 20 weeks in basal-targeted mice) in ET tumori-

genesis colored by (I) cell cluster, (J) murine KAC score from Han et al., 17 or (K) split by time point and colored by lineage-of-origin. The dotted circle indicates the 

KAC-enriched cluster. n = 37,627 nuclei.

(L) Quantification of the proportion of cells within their parent lineage (defined as the cell clusters present at >1.5% frequency in WT conditions) over time and 

within the KAC-enriched cluster.

(M and N) UMAP visualization of all nuclei analyzed, colored by the 14-protein gene set signature score and quantified in (N) throughout early tumorigenesis, 

p values from t tests with Bonferroni’s correction.

See also Figures S3, S4, and S5, Tables S5 and S6, and Videos S1, S2, S3, S4, S5, S6, S7, S8, S9, S10, and S11.
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Figure 3. Tumor-promoting inflammatory challenge by air pollution provokes expression of the 14-protein signature

(A) Experimental schematic depicting PBS- or PM-exposed T and ET mouse models of EGFR-driven lung tumorigenesis. Lungs were harvested at the 3-week 

time point, and tdTomato-negative cells were analyzed by scRNA-seq. n = 10 animals per experimental condition.

(B and C) UMAP visualization of lung microenvironment cells colored by (B) experimental condition and (C) cell type.

(D) Bubble plot of the 12 detected transcripts across experimental conditions in WT AT2 cells, alveolar macrophages, interstitial macrophages, and monocytes. 

Color denotes normalized percentage change; size represents − log 10 adjusted p value (Wilcoxon test), where only results of p < 0.05 are shown.

(E) GSVA score of the 12 detected transcripts across the four conditions, pseudobulked per mouse, Wilcoxon test.

(F) scRNA-seq data from Choi et al. 21 of mouse AT2 organoids co-cultured with stromal cells, treated with or without IL-1β. Differential expression shown for 12 

detected transcripts. Only genes with an adjusted p (Wilcoxon test) < 0.05 are plotted. Color denotes log 2 -fold-change; size represents − log 10 p value.

(G) Schematic of PM- or PBS-exposed, doxycycline-induced EGFR-mutant (CCSP-rtTa; TetO-EGFR L858R ) or WT C57B/L6 mice. Plasma collected longitudinally 

for SomaScan proteomics.

(legend continued on next page)
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progression, reflecting tumorigenesis prior to adenoma forma-

tion (Figures 2K, 2L, and S5B). KAC-like states were character-

ized by common expression of Cldn4, Krt8, and Itga2, while 

basal- and club-derived KACs maintained elevated lineage-of-

origin gene expression (club: Scgb1a1 and Alcam; basal: 

Cadm1 and Sox5; Figures S5C–S5E). Spatial analyses 20– 

36 weeks post-induction revealed EGFR L858R+ Cldn4 + cells in 

alveolar hyperplasias and adenomas across basal, neuroendo-

crine, club, and AT2-induced ET mice (Figures S5F and S5G).

Next, we examined epithelial cell-intrinsic expression of the 

14-protein signature (12/14 genes captured) and found it highest 

in lineage-traced club- and AT2-derived cells from wild-type re-

porter mice but decreasing in EGFR L858R + -mutant cells and 

KACs during tumorigenesis (Figures 2M, 2N, and S5H). Thus, 

although diverse epithelial lineages converge on KAC-like states 

during EGFR-driven tumorigenesis, the 14-protein signature 

expression declines within mutant cells as they progress toward 

malignancy. This observation is consistent with a tumor-extrinsic 

origin of the signature (Figures S2D and S2E). As we captured 

only lineage-tagged epithelial populations, we next investigated 

whether the circulating 14-protein signature instead arises from 

lung microenvironmental cells prior to malignant transformation.

Tumor-promoting inflammatory challenges by air 

pollution provoke expression of the 14-protein signature 

To elucidate the effect of EGFR-mutant clones and PM exposure 

on the 14-protein signature expression across lung cell types, we 

performed scRNA-seq on lungs from T and ET mice exposed to 

PBS or PM (see STAR Methods). We focused our analysis on all 

42,463 sequenced EGFR-wild-type lung cells across 39 mice 

and 18 cell types, capturing epithelial- and myeloid-associated 

signature genes (Figures 3A–3C, S6A, and S6B; Tables S4 and 

S7). At the 3-week time point, PM exposure did not expand 

EGFR-mutant clones but increased CD68 + macrophages 6 with 

enrichment of IL-1β+ macrophages in alveoli compared with 

peri-airway regions (Figure S6C). PM exposure alone increased 

expression of epithelial-associated signature genes in wild-type 

AT2 cells compared with PBS control (Sftpa1, Wfdc2, and 

Lamp3; Figures 3D and S6D). By contrast, the presence of 

EGFR-mutant clones, even in the absence of PM, increased tran-

scripts of epithelial (Wfdc2, Cdcp1, and Sftpa1) and myeloid 

(Plaur) signature genes in wild-type cells (Figures 3D and S6D). 

The combined presence of EGFR-mutant clones and PM expo-

sure resulted in wild-type AT2 cells upregulating Sftpa1, Sftpd, 

Lamp3, Cdcp1, and Wfdc2, and alveolar macrophages increasing 

Plaur expression (Figures 3D and S6D). Signature enrichment 

increased in wild-type AT2 cells after PM exposure in the pres-

ence of EGFR-mutant clones or a combination of both (Figures 

S6E–S6H), as well as in pseudobulked analysis of the whole-

lung tissue in the presence of EGFR-mutant clones (Figure 3E).

The lack of enrichment with PM alone in wild-type whole-lung 

analysis may reflect dilution of the epithelial transcriptional signal 

due to the contribution of non-epithelial cell types. Together these 

data demonstrate that epithelial- and myeloid-associated compo-

nents of the signature are altered by the presence of oncogenic 

EGFR-mutant clones, PM or a combination of both.

Given the central role of IL-1β in the pulmonary inflammatory 

response to PM, 6 we investigated if components of this signa-

ture might be induced by IL-1β. Analyses of scRNA-seq 

data from published mouse AT2 and fibroblast organoid co-

cultures treated with IL-1β peptide 21 demonstrated increased 

transcription of 8/12 genes captured within this system spanning 

wild-type epithelial cells (Sftpa1, Sftpd, Wfdc2, Lamp3, 

Cxcl17, Prss8, and Pigr) and fibroblast-associated components 

(Mmp12) relative to PBS-treated controls (Figure 3F). Concor-

dant with these data, we found that IL-1β treatment of human 

wild-type fetal-lung-derived AT2 organoids was sufficient to in-

crease expression of three out of four genes highly expressed 

in AT2 cells (WFDC2, LAMP3, and CXCL17; Figure S7A). These 

data indicate that IL-1β is sufficient to drive transcription of an 

epithelial-associated subset of the 14-protein signature. We 

further validated one epithelial-associated gene at the protein 

level, finding that PM treatment of PCLS from wild-type and 

EGFR-mutant murine lungs triggered the release of the Lamp3 

protein into the culture supernatant (Figure S7B), suggesting 

that PM leads to increased release of components of the 

14-protein signature into circulation.

Components of the 14-protein signature increase in the 

plasma of mice and humans in response to 

environmental exposures

We next investigated whether the observed transcriptional 

changes in the murine lung resulted in a detectable 14-protein 

signature in plasma. We used a more aggressive model 

of EGFR L858R -driven LUAD (EGFR-dox: CCSP-rtTa; TetO-

EGFR L858R , with doxycycline-induced expression of EGFR L858R 

from airway and alveolar lineages; see STAR Methods), where 

we have previously shown that PM exposure increases the num-

ber of LUADs formed at 10 weeks post-oncogene induction. 6 We 

exposed EGFR-dox and wild-type control mice treated with 

doxycycline to PM or PBS for 3 weeks and collected longitudinal 

blood samples at baseline, 3 weeks (widespread hyperplasia, 

rare LUAD present), 61 10 weeks (widespread hyperplasia with 

multiple focal LUAD present), 61 and at the ethical endpoint 

(15 weeks; Figure 3G). In wild-type mice, PM exposure over

3 weeks transiently increased the plasma protein signature, 

which returned to baseline at 10 weeks (7 weeks post-PM cessa-

tion), with increases in both epithelial-associated (Wfdc2, Pigr, 

and Lamp3) and myeloid-associated proteins (Gdf15, Plaur; 

Figures 3H and 3I). In contrast, both PBS- and PM-exposed

(H) LOESS curves of the 14-protein signature (median Δ from baseline, log 10 -transformed and Z scored) at 3, 10, and 15 weeks. Shaded areas denote 95% CI 

(n = 4–6 per group); significance from linear mixed-effects models.

(I) Heatmap of protein levels at 3, 10, and 15 weeks in EGFR-mutant and control mice compared with baseline levels (*p < 0.05, **p < 0.01, significance from linear 

mixed-effects models).

(J) Change in expression of the 10 available proteins in the TALENT study between individuals who developed lung cancer and controls, split by median PM 2.5 

levels. (*p < 0.05, **p < 0.01, ***p < 0.001 Wilcoxon test).

See also Figures S6 and S7 and Tables S4, S7, and S8.
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Figure 4. The 14-protein signature stratifies individuals for lung cancer prevention via anti-IL-1β therapy

(A) Cumulative lung cancer incidence in the sub-cohort of the CANTOS trial, 64 stratified by baseline signature levels (p = 0.002 by Wald test). Events correspond to 

the time interval, capped at n = 60 months.

(B) Sankey plot showing signature category transitions among placebo-treated individuals from baseline to months 3 and 12. Red flows indicate incident lung cancer.

(C) Lung cancer risk at trial entry in CANTOS by signature level and treatment (chi-squared test).

(D) Number needed to treat (NNT) by signature group (Wald test).

(E) Cumulative lung cancer incidence stratified by signature level and treatment (log-rank test, p < 0.05; significant in the high-signature group).

(F) GSVA of the 14-protein signature in pre-invasive lesions and adjacent normal tissue (bulk RNA-seq from Chen et al. 65 ). AAH, atypical adenomatous hyper-

plasia; AIS, adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma (ni, non-invasive; i, invasive), Dunn test.

(legend continued on next page)
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EGFR-dox mice exhibited significant elevation of the signature 

between 3 and 10 weeks (p = 2.32 × 10 − 3 for the EGFR-PM 

group and p = 5.70 × 10 − 3 for the EGFR-PBS group; 

Figure 3H). Further investigation of the components of the pro-

tein signature revealed an increase of epithelial- (Lamp3, Sftpd, 

and Cxcl17) and myeloid-associated (Gdf15) proteins in the 

plasma in PM-exposed EGFR-dox mice (Figure 3I). In summary, 

these data suggest that the transcriptional changes observed 

acutely after PM exposure (Figures 3D, 3E, and S6E–S6H) are re-

flected in transiently elevated 14-protein signatures in wild-type 

mouse plasma. Sustained elevation of the 14-protein signature is 

present in plasma as a result of the combination of both EGFR-

driven initiation and PM-driven tumor promotion (Figure 3H).

We set out to decipher how environmental exposures and can-

cer risk influence the 14-protein signature in human plasma. In the 

UK Biobank held-out set, all 14 proteins were associated with 

ever-smokers compared with never-smokers (Figure S7C), with 

the mean signature effect exceeding that of random 14-protein 

sets drawn from the plasma proteome (10,000 permutations, 

p = 9.99 × 10 − 5 ). Consistent with this data, from baseline plasma 

samples, the signature was higher in current compared with 

former- (p = 9.3 × 10 − 10 ) or never-smokers (p = 5.8 × 10 − 10 ) in 

TRACERx (Figure S7D). In addition, a controlled crossover study 

in healthy subjects 62 that measured 6/14 signature proteins re-

vealed that 2 h of acute diesel exhaust exposure significantly 

increased plasma levels of 3 myeloid- and fibroblast-associated 

proteins (MMP12, PLAUR, and TNFSF13B) relative to paired 

filtered-air control exposure (Table S8).

We next examined how the signature is associated with PM 

exposure and lung cancer development in predominantly 

(93.3%) never-smoker participants in TALENT (Figure 1J; 

STAR Methods). In this cohort, 4/10 (MMP12, PLAUR, 

TNFSF13B, and LAMP3) measured proteins were associated 

with high (above median) PM exposure in controls (Figures 3J 

and S7E). Three of these proteins were induced by acute diesel 

exposure in the controlled crossover study (Table S8). In future 

lung cancer cases with above-median PM exposure, 7/10 pro-

teins were elevated compared with controls with low PM expo-

sure (Figures 3J and S7E). The combined signature of these 10 

proteins was highest in participants exposed to elevated PM 

and who developed lung cancer (p = 0.014 between high and 

low PM exposures in future lung cancer cases; Figure S7F). 

Collectively, these findings suggest that PM and smoking expo-

sure are associated with elevated 14-protein signature levels, 

consistent with the signature reflecting lung cancer risk from 

environmental exposures.

The 14-protein signature stratifies patients for lung 

cancer prevention via anti-IL-1β therapy

Canakinumab reduced lung cancer incidence but was ineffective 

in established disease, 7–9 indicating a narrow window for inter-

ception. As components of the 14-protein signature are elevated 

prior to diagnosis (Figure 1E) and in response to IL-1β peptide 

(Figures 3F and S7A), we reasoned that it may identify individuals 

who benefit from IL-1β blockade. To test this, we performed a 

retrospective analysis of baseline, 3-, and 12-month serum pro-

teomic data (SomaScan, capturing 10/14 proteins) from partici-

pants who had provided separate informed consent at study en-

try for biomarker sampling in the randomized, double-blind, 

placebo-controlled, phase 3 CANTOS clinical trial across pla-

cebo and canakinumab-treated arms. 63,64

Across all 4,651 participants, higher levels of the signature 

were significantly associated with higher lung cancer incidence 

after controlling for age, smoking status, and body mass index 

(BMI; median dichotomized signature, hazard ratio [HR] = 2.15, 

95% CI: 1.23–3.77, continuous signature HR = 8.82, 95% CI: 

2.79–27.82). Individuals in the higher baseline signature group 

(dichotomized by median signature level) had a greater inci-

dence of lung cancer (62 incident cases/2,326 individuals; 

2.67%) than those with a lower baseline signature (17/2,325; 

0.73%; Figure 4A). The protein signature exhibited moderate 

temporal stability in the placebo cohort, with 82% (N = 1,314) 

of participants remaining within the same median-defined cate-

gory between baseline and 12 months (χ 2 = 536, p < 0.0016; Co-

hen’s κ = 0.64) with a minimal net reclassification index (NRI =

− 0.02, Figure 4B). The signature was prognostic for lung cancer 

at each time point within the trial (HR per 1 pooled SD at base-

line = 1.609, 95% CI: 1.217–2.127, p = 0.00085; at 3 months = 

1.554, 95% CI: 1.165–2.071; and at 12 months = 1.690, 95% 

CI: 1.251–2.282), with no evidence of effect modification be-

tween each time point (p = 0.604 by Wald test). Together, these 

data indicate that the protein signature was associated with lung 

cancer incidence and, importantly, was stable over time.

We next explored whether the signature could identify a group 

who benefited with reduced cancer incidence after IL-1β 
blockade. Canakinumab reduced cumulative lung cancer

(G) Linear regression with a 95% CI of the 14-protein and KAC signatures 17 across tissues. Larger points represent mean per condition.

(H) Quantification of immunofluorescence staining for CLDN4 + EGFR-L858R + cells in lung sections from control and PM-exposed EGFR-dox mice, 3 weeks post-

oncogene activation (n = 11–12 mice per group). Mann-Whitney test.

(I) Quantification of immunofluorescence staining for CLDN4 + cells in PCLS from EGFR-dox mice following ex vivo PBS control or PM exposure (n = 8 mice, paired 

Wilcoxon test).

(J) Overlap between differentially upregulated genes in different epithelial cell states and LUAD, relative to WT AT2 cells from PBS-exposed control mice (Fisher’s 

test).

(K) Histopathological analyses of EGFR-dox mice treated with PBS, 5 or 50 μg PM in vivo for 3 weeks and collected at 10 weeks post-induction. WDC, well-

differentiated carcinoma; MDC, moderately well-differentiated carcinoma. Two-way ANOVA with Tukey’s correction.

(L) Quantification of immunofluorescence staining for CLDN4 + cells in PCLS from EGFR-dox mice following ex vivo PM exposure and control IgG or anti-IL-1β 
treatment. Paired Wilcoxon test between PCLS from the same mouse.

(M) Representative human EGFR L858R+ immunohistochemistry (IHC) from PM-treated ET mice induced with CMV-Cre, followed by PM treatment exposure for

3 weeks with concomitant IgG control antibody or anti-IL-1β (αIL-1β) treatment and collection at 10 weeks. Quantification of human EGFR-L858R + lesions per 

mm 2 of lung tissue, Welch’s t test, n = 10 animals/group.

See also Figures S7 and S9 and Table S9.
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incidence in the high baseline signature group (3.88% placebo 

vs. 2.06% canakinumab, odds ratio [OR] 0.52, 95% CI: 0.31– 

0.86, p = 0.013) but not the low-signature group (0.78% vs. 

0.72%, OR 0.91, 95% CI: 0.34–2.48, p = 0.803; Figure 4C). 

Accordingly, baseline signature stratification reduced the num-

ber needed to treat (NNT) to prevent one additional lung cancer 

from 1,516 in the low-signature group to 55 (95% CI: 30–343) in 

the high-signature group (Wald p = 0.04; Figure 4D). Consistent 

with this data, time-to-event analysis showed canakinumab 

reducing lung cancer hazard in the high-signature group 

(HR = 0.53, 95% CI: 0.32–0.87) but not the low-signature group 

(HR = 0.92, 95% CI: 0.34–2.48; continuous signature × treat-

ment interaction p = 0.19; Figure 4E).

Given the lack of IL-1β blockade efficacy in established 

LUAD, 8 we assessed how the signature levels changed in the 

transition from normal lung to LUAD, reasoning that the temporal 

window of anti-IL-1β efficacy might coincide with increasing the 

signature levels. We re-analyzed published bulk RNA-seq 

data, 65 capturing both malignant epithelial cells and their micro-

environment, from 165 surgically resected samples (92% never-

smokers, 69% female), including atypical adenomatous hyper-

plasia (AAH, N = 25), adenocarcinoma in situ (AIS, N = 69), or 

minimally invasive adenocarcinoma (MIA, N = 71), as well as 

adjacent normal lung tissue (N = 165). Data from invasive and 

non-invasive MIA were analyzed separately .. Expression of 

genes encoding the 14-protein signature was elevated in AAH 

compared with normal lung (p = 1.19 × 10 − 4 by Benjamini-

Hochberg-adjusted Dunn’s test) and between AIS and AAH 

(p = 1.19 × 10 − 2 ) but remained stable across non-invasive and 

invasive MIA (Figure 4F). As KACs are thought to represent an in-

termediate state during malignant transformation, 17 we pro-

jected a KAC gene set signature 17 onto the same dataset 

and observed a positive linear correlation (R 2 = 0.47, p = 

3.7 × 10 − 57 ) between KAC signature expression and the 

14-protein signature across all states (Figures 4G and S7G). As 

components of the 14-protein signature is induced by PM expo-

sure and by IL-1β peptide, its elevation in pre-invasive disease 

suggests that it captures a tumor-promoting state in which 

KAC-like malignant trajectories are initiated.

IL-1β blockade limits the malignant potential of KACs 

KACs form from multiple lung progenitor cells en route to adeno-

carcinoma initiation within the alveolar niche (Figure 2). Kras-

mutant KACs expand in response to IL-1β 23 and drive adenocar-

cinoma formation. 18,19 Therefore, we explored the effect of PM 

exposure on KAC evolution and cancer initiation. PM exposure 

increased the number of Cldn4 + cells, a marker of KAC states, in 

EGFR-mutant lungs in vivo and ex vivo, an effect not observed in 

wild-type lungs (Figures 4H, 4I, S7H, and S7I). We next per-

formed snRNA-seq and analyzed 34,459 tdTomato + cells from 

PM- and PBS-treated ET and T mice harvested at 3 weeks 

(small clonal expansions) and 10 weeks (hyperplasia, rare ade-

noma) after induction with AT2 lineage-restricted adenovirus, 

focusing on changes in KACs (Figures S8A–S8G; Table S9). 

PM treatment resulted in upregulation of inflammation and can-

cer progression-associated pathways 66 at 3 weeks (Myc, tumor 

necrosis factor α [TNF-α]/nuclear factor κB [NF-κB] signaling, 

and epithelial-mesenchymal transition) specifically in EGFR-

mutant KACs (Figure S8G). KAC populations demonstrated 

overlap with previously reported Kras-mutant KAC transcrip-

tional signatures and KAC-like states in bleomycin-induced 

lung injury 16,17,21 (Figures S8H–S8J). PM-exposed EGFR-

mutant KACs showed >30% transcriptional overlap (1,298 

genes) with late-stage LUAD compared with PBS-treated 

wild-type AT2 cells (Figure 4J), independent of cell number dif-

ferences (Figures S9A and S9B). Furthermore, PM exposure 

accelerated progression to invasive carcinomas in vivo, with 

enhanced formation of carcinomas vs. hyperplasias in the 

EGFR-dox model at 10 weeks compared with PBS-exposed 

EGFR-dox mice (Figures 4K and S9C). These data suggest 

PM exposure drives EGFR-mutant KACs toward transcriptional 

profiles of adenocarcinoma.

We found that anti-IL-1β treatment reduced Cldn4+ cell 

numbers in EGFR-mutant PCLS exposed to PM (Figure 4L). 

Anti-IL-1β treatment concurrent with PM exposure in vivo 

reduced the organoid-forming efficiency of EGFR-mutant cells 

(Figure S9D) and limited mutant cell expansions (Figure 4M), 

consistent with prior results demonstrating reduction of PM-

exposed LUADs. 6 In conclusion, we identified a 14-protein 

signature that reflects a perturbed lung microenvironment, is 

induced by PM, IL-1β, and EGFR oncogenic clones, associates 

with mutant KACs, and represents a window of opportunity for 

IL-1β inhibition to prevent incident lung cancer.

DISCUSSION

Here, we identify a 14-protein plasma signature that reflects a tu-

mor-promoting inflammatory alveolar niche, improves risk pre-

diction of future lung cancer, and identifies individuals who 

may benefit from preventive anti-IL-1β therapy. We show that 

EGFR-driven LUAD can initiate from multiple epithelial lineages 

that converge on a KAC state within the alveolar niche. Tran-

scriptional elevation of the proteomic signature increases in par-

allel with a KAC transcriptional signature in pre-invasive disease, 

consistent with an altered microenvironment that supports KAC 

emergence. KAC expansion and malignant potential are pro-

moted by PM exposure and inhibited by IL-1β blockade, identi-

fying KACs as a key cellular bottleneck for LUAD prevention.

Transcription of components of the 14-protein signature are 

inducible by PM or IL-1β exposure in human and murine systems 

and persists during pre-invasive disease. Unlike multi-cancer 

early detection assays, which rely on tumor-derived signals 

and therefore require sufficient lesion burden, 67 the signature is 

not associated with tumor stage and does not significantly 

decline following tumor resection in TRACERx. The signature is 

also elevated in current smokers vs. never-smokers, consistent 

with the role of tobacco-driven inflammation in carcinogen-

esis. 68,69 These findings support a model in which the 

14-protein signature reflects a lung-specific inflammatory, tu-

mor-promoting state rather than established malignancy and 

demonstrate the utility of mouse models for mechanistic dissec-

tion of risk prediction signatures. 70 Further work is required to 

define the upstream signaling networks linking mutant epithelial 

cells and environmental exposures to release these proteins into 

the circulation, 23,71,72 to determine whether other exposures 

such as vaping aerosols elevate the signature, and to establish
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whether the signature is merely correlative or actively contrib-

utes to malignant progression.

The observation that multiple lung epithelial lineages can give 

rise to EGFR-driven adenocarcinoma underscores the role of 

oncogene-induced plasticity in broadening the pool of tumor-

initiating cells 14,15,73 and aligns with human genomic studies 

proposing basal cells as candidate cells of origin of EGFR-driven 

LUAD. 74 Despite diverse origins, EGFR-mutant airway cells 

migrate into the alveolar niche 75 and subsequently converge 

on a KAC-like state, suggesting KACs are a key preventive target 

agnostic to the initiating cell of origin. KACs drive Kras-induced 

malignant progression, 17,18 and by demonstrating that this state 

is expanded by pollution-induced IL-1β signaling, is sensitive to 

IL-1β blockade, and is temporally associated with the plasma 

proteomic signal, our data reinforce the concept that early tar-

geting of the IL-1β axis can intercept lung cancer initiation. 19 

Future mechanistic studies are needed to elucidate why anti-

IL-1β therapy prevents lung cancer yet shows no efficacy in es-

tablished disease in the adjuvant or metastatic NSCLC setting.

Retrospective analysis of CANTOS trial participants showed 

that the 14-protein score stratifies individuals deriving lung can-

cer preventive benefit from IL-1β inhibition, reducing the NNT to 

55, comparable to established cardiovascular prevention strate-

gies. 76 Although exploratory, these data suggest that circulating 

biomarkers of tumor promotion may enrich prevention trials for 

individuals most likely to benefit from anti-IL-1β therapy. 

Together, these data demonstrate how such biomarkers can 

overcome key barriers to cancer prevention, including the 

absence of high-penetrance genetic risk markers and the high 

NNT. 77 Although the signature integrates lung-specific 78 and 

pleiotropic inflammatory 79 components, replacing the former 

with other organ-specific plasma signals 80 could enable preci-

sion cancer prevention in other cancer types. Collectively, our 

work highlights the power of integrating machine learning-driven 

analyses of population-scale proteomics with biological insights 

from preclinical models and clinical trial data, providing a frame-

work for therapeutic interception and heralding a future for pre-

cision cancer prevention.

Limitations of the study

Although respiratory viral exposure is ubiquitous in humans, viral 

Cre delivery to induce EGFR L858R may introduce inflammatory 

signals not fully reflective of endogenous oncogene activation. 

Cldn4-based immunofluorescence likely underestimates KAC 

heterogeneity, which is more comprehensively defined by sin-

gle-cell transcriptomics. Among EGFR-mutant cells, the KAC 

state was detected at low frequency (∼7.3%–9.8%), and the 

mechanisms by which such rare populations contribute to sys-

temic proteomic signals remain unclear. The requirement of 

the KAC state for malignant transformation across different cells 

of origin and the effects of PM-induced transcriptional changes 

in KACs need further investigation. UK Biobank analyses were 

retrospective and lacked baseline CT imaging; however, occult 

cancer at baseline is unlikely given the median 5-year sam-

pling-to-diagnosis interval and estimated progression times 

from CT-detectable nodule to asymptomatic stage IA disease. 81 

The signature differences between cases and controls in never-

smokers in TALENT likely reflect the small sample size of never-

smokers in the UK Biobank discovery set, which influenced pro-

tein selection, and the shorter time to diagnosis in TALENT 

compared with the discovery cohort. Ambient PM 2.5 exposure 

in human cohorts was estimated by linking residential postcodes 

to satellite-derived annual averages, which provides an approx-

imation of individual-level exposure and does not account for 

workplace or lifetime exposures. The proteomic assays provide 

relative rather than absolute quantification, limiting cross-cohort 

comparisons. Finally, although the signature-treatment interac-

tion statistical test did not yield p < 0.05, the HRs were clinically 

different (0.53 vs. 0.92). These tests are underpowered in most 

clinical trials and CANTOS being enriched for cardiovascular dis-

ease and not lung cancer .. The signature-group difference in 

NNT is, nonetheless, hypothesis-generating and motivates 

signature-stratified enrollment in future prevention trials. Pro-

spective studies incorporating serial sampling and absolute 

quantification will be required to define actionable thresholds 

and optimal populations for plasma-guided prevention.
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ac.uk).

Materials availability

This study did not generate any new, unique reagents.

Data and code availability

• Murine snRNA-seq, scRNA-seq, bulk RNA-seq, and proteomics data 

alongside processed TRACERx patient data are deposited on Zenodo 

at (https://doi.org/10.5281/zenodo.19372114). They are publicly avail-

able as of the date of publication.
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sites.cscc.unc.edu/aric/sites/default/files/public/listings/ 

ARIC%20data%20sharing.pdf) and via BioLINCC (controlled access).

European Prospective Investigation into Cancer and Nutrition study 

(EPIC) data access guidelines are available at https://epic.iarc.fr/ 

access/, and EPIC-Norfolk data can be requested by bona fide re-

searchers for specified scientific purposes via the study website 

(https://www.mrc-epid.cam.ac.uk/research/studies/epic-norfolk/). 

CKB data are available to the international scientific community via 

application at https://www.ckbiobank.org/data-access. TALENT study 

data can be requested by contacting Professor P.C. Yang (pcyang@ntu. 

edu.tw). CANTOS individual participant data cannot be publicly depos-

ited due to informed consent and regulatory restrictions. Qualified re-

searchers may apply for access to anonymized patient-level data 

through Novartis via an independent scientific review process. 

UKCTOCS data cannot be deposited in a public repository given the 

terms of consent. Access requests should be directed to Professor 

Usha Menon, UCL (u.menon@ucl.ac.uk). TRACERx data access is 

controlled by the TRACERx data access committee. Details on how 

to apply for access are available on the linked page.

• All original code has been deposited at Zenodo at (https://doi.org/10. 

5281/zenodo.19372114) and is publicly available as of the date of 

publication.

• Any additional information required to re-analyze the data reported in 

this paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Human EGFR-L858R Cell Signaling Technology Cat# 3197; RRID:AB_1903955

Red fluorescent protein (RFP) Rockland Cat# 600-401-379; RRID:AB_2209751

Cldn4 ThermoFisher Scientific Cat# 36-4800; RRID:AB_2533262

SPC Abcam Cat# ab211326; RRID:AB_2927746

Krt5 Abcam Cat# ab64081; RRID:AB_1139385

Synaptophysin Sigma-Aldrich Cat# SAB4200544; RRID:AB_3718600

CC10 Santa Cruz Cat# sc-130411; RRID:AB_2183388

CD68 Abcam Cat# ab283654; RRID:AB_2922954

Anti-Mouse CD16/CD32 BD Biosciences Cat# 553142; RRID:AB_394657

TotalSeq™-A0301 anti-mouse Hashtag 1 BioLegend Cat# 155801; RRID:AB_2750032

TotalSeq™-A0302 anti-mouse Hashtag 2 BioLegend Cat# 155803; RRID:AB_2750033

TotalSeq™-A0303 anti-mouse Hashtag 3 BioLegend Cat# 155805; RRID:AB_2750034

TotalSeq™-A0304 anti-mouse Hashtag 4 BioLegend Cat# 155807; RRID:AB_2750035

TotalSeq™-A0305 anti-mouse Hashtag 5 BioLegend Cat# 155809; RRID:AB_2750036

TotalSeq™-A0306 anti-mouse Hashtag 6 BioLegend Cat# 155811; RRID:AB_2750037

TotalSeq™-A0307 anti-mouse Hashtag 7 BioLegend Cat# 155813; RRID:AB_2750039

TotalSeq™-A0308 anti-mouse Hashtag 8 BioLegend Cat# 155815; RRID:AB_2750040

TotalSeq™-A0309 anti-mouse Hashtag 9 BioLegend Cat# 155817; RRID:AB_2750042

TotalSeq™-A0310 anti-mouse Hashtag 10 BioLegend Cat# 155819; RRID:AB_2750043

Anti-mouse CD45-BV421 BioLegend Cat# 103133; RRID:AB_10899570

Anti-mouse CD31BV421 BioLegend Cat# 102423; RRID:AB_2562186

Anti-mouse TER-119BV421 BioLegend Cat# 116234; RRID:AB_2562917

Anti-mouse CD326 (EpCAM)-APC-Fire750 BioLegend Cat# 118230; RRID:AB_2629758

Anti-mouse CD45.2-AF647 BioLegend Cat# 109817; RRID:AB_492871

Anti-mouse E-cadherin-AlexaFluor647 BioLegend Cat# 147308; RRID:AB_2563955

InVivoMAb anti-mouse/rat IL-1β Bio X Cell Cat# BE0246; RRID:AB_2687727

InVivo polyclonal Armenian hamster IgG Bio X Cell Cat# BE0091; RRID:AB_1107773

Bacterial and virus strains

Ad5-CMV-Cre Viral Vector Core, University of Iowa #VVC-U of Iowa-5

Ad5-mSPC-Cre Viral Vector Core, University of Iowa #VVC-Berns-1168

Ad5-CC10-Cre Viral Vector Core, University of Iowa #VVC-Berns-1166

Ad5-CGRP-Cre Viral Vector Core, University of Iowa #VVC-Berns-1160

Ad5-bk5-Cre Viral Vector Core, University of Iowa #VVC-Berns-1547

Chemicals, peptides, and recombinant proteins

Polidocanol Sigma-Aldrich Cat# P9641

Fine particulate matter (SRM2786) Sigma-Aldrich Cat# NIST2786

Doxycycline rodent diet Teklad™ Custom Diets Cat# TD.01306

DNase I Sigma-Aldrich Cat# D4263

Liberase™ TH Roche Cat# 5401135001

Liberase™ TM Roche Cat# 5401119001

ACK lysing buffer Gibco Cat# A1049201

Dispase II Roche Cat# 4942078001
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Trypsin-EDTA Gibco Cat# 15400-54

LIVE/DEAD™ Fixable Aqua Dead Cell Stain Kit ThermoFisher Scientific Cat# L34957

LIVE/DEAD™ Fixable Green Dead Cell Stain Kit ThermoFisher Scientific Cat# L23101

Protector RNAse Inhibitor Roche Cat# 3335402001

Low melting agarose Sigma-Aldrich Cat# A9414

LGK974 MedChem Express Cat# HY-17545

Recombinant human interleukin-1 beta Merck Cat# IL038

Tetracycline hydrochloride Sigma-Aldrich Cat# T7660

Penicillin-Streptomycin Gibco Cat# 15140122

Advanced DMEM/F12 Gibco Cat#12634028

HEPES Gibco Cat# 15630080

GlutaMAX™ Supplement Gibco Cat# 35050061

B27 supplement (minus Vitamin A) Gibco Cat# 12587001

N2 supplement Gibco Cat# 17502001

N-Acetylcysteine Sigma-Aldrich Cat# A9165

Dexamethasone Merck Cat# D4902

cAMP Selleckchem Cat# S7857

IBMX Merck Cat# I5879

DAPT Merck Cat# D5942

Recombinant human FGF7 PeproTech Cat# 100-19-50UG

CHIR99021 Tocris Cat# 4423/10

A83-01 Focus Biomolecules Cat# 10-1327

Geltrex™ Gibco Cat# A14133-02

DAPI Sigma-Aldrich Cat# D9542

Critical commercial assays

IL-1β RNAscope ACD Bio-Techne Cat# 316898

Chromium Next GEM Single Cell Multiome ATAC + Gene 

Expression Reagent Bundle

10x Genomics Cat# CG000338

Chromium Single Cell 3’ Reagent Kits User Guide 

(v3.1 - Dual Index), with Hashing (Totalseq A)

10x Genomics Cat# CG000315

Murine LAMP3 ELISA kit Abbexa Cat# abx530670

RNeasy Mini Kit Qiagen Cat# 74104

Luna® Universal One-Step RT-qPCR Kit NEB Cat# E3005

TURBO DNA-free™ Kit Invitrogen Cat# AM1907

Deposited data

Murine single-nucleus RNA-seq, single-cell RNA-seq, 

bulk RNA-seq and proteomics data alongside 

processed TRACERx patient data

This paper https://doi.org/10.5281/zenodo.19372114

UK Biobank data UK Biobank https://www.ukbiobank.ac.uk/

EPIC Norfolk Data EPIC Norfolk https://www.epic-norfolk.org.uk/

ARIC Data ARIC https://www5.cscc.unc.edu/aric9/

EPIC data EPIC https://epic.iarc.fr/

China Kadoorie Biobank Data China Kadoorie Biobank https://www.ckbiobank.org/

Bulk RNA-seq of pre-invasive lesions Chen et al. 65 EGAD50000000637

UKCTOCS Data UKCTOCS https://www.mrcctu.ucl.ac.uk/studies/

all-studies/u/ukctocs/

LC3 Consortium Data Albanese et al. 43 https://lc3.iarc.who.int/

TALENT Data TALENT https://clinicaltrials.gov/study/

NCT02611570
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mouse models

All animal regulated procedures were approved by The Francis Crick Institute BRF Strategic Oversight Committee, incorporating the 

Animal Welfare and Ethical Review Body, conforming with UK Home Office guidelines and regulations under the Animals (Scientific 

Procedures) Act 1986, including Amendment Regulations 2012. Animals were housed in ventilated cages with unlimited access to 

food and water and weighed weekly. Male and female mice aged 6–15 weeks were used for functional experiments (based on avail-

ability from breeding), female mice aged 6-15 weeks were used for single-cell and single-nuclei sequencing experiments to reduce 

sex-based transcriptional variation. No sex-based differences in tumor formation or survival were observed. All mice were immuno-

competent from C57BL/6J background from a Specific Pathogen Free (SPF) facility and naive prior to use. Daily welfare checks were 

carried out. Mice were genotyped (Transnetyx) and placed in groups of 1–5 mice in individually ventilated cages with a 12-hour 

daylight cycle.

TetO-EGFR-L858R 61 mice were obtained from the National Cancer Institute Mouse Repository. Rosa26-tTA, 85 Rosa26-LSL-

tdTomato and Trp53fl/fl 86 mice were obtained from the Jackson laboratory. Mice were backcrossed onto a C57BL/6J background 

and further crossed as previously described 6,57 to generate Rosa26 LSL-tdTomato/+ reporter (T) mice, Rosa26 LSL-tTa/LSL-tdTomato ;TetO-

EGFR L858R (ET) and Rosa26 LSL-tTa/LSL-tdTomato ;TetO-EGFR L858R ;Trp53 fl/fl (EPT) mice. CCSP-rtTa;TetO-EGFR L858R mice have been 

described (EGFR-dox). 61

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

CANTOS Data Novartis https://clinicaltrials.gov/study/

NCT01327846

Human Lung Cell Atlas Human Lung Cell Atlas https://data.humancellatlas.org/hca-

bio-networks/lung/atlases/lung-v1-0

Bulk Human RNA-Seq data GTEx Consortium https://gtexportal.org/home/

deCODE genetics Eldjarn et al. 44 https://www.decode.com/

Experimental models: Cell lines

Foetal lung-derived human AT2 organoid line #16392 Laboratory of Emma Rawlins https://www.rawlins.group.gurdon.

cam.ac.uk/

Foetal lung-derived human AT2 organoid line #17916 Laboratory of Emma Rawlins https://www.rawlins.group.gurdon.

cam.ac.uk/

Experimental models: Organisms/strains

Mouse: TetO-EGFR L858R National Cancer Institute MGI:3690078

Mouse: C57BL/6J The Francis Crick Institute N/A

Mouse: Rosa26-tTA Jackson Laboratories #008600

Mouse: Rosa26-LSL-tdTomato Jackson Laboratories #007914

Mouse: Trp53 fl/fl Jackson Laboratories #008462

Mouse: CCSP-rtTA Jackson Laboratories #006232

Oligonucleotides

WFDC2 forward 5’-AGAACTGCACGCAAGAGTG-3’, 

reverse 5’-TTGAGGTTGTCGGCGCATT-3’

PrimerBank, Spandidos et al. 82 PrimerBank ID: 56699494c1

CXCL17 forward 5’-TGCTGCCACTAATGCTGATGT-3’, 

reverse 5’-CTCAGGAACCAATCTTTGCACT-3’

PrimerBank, Spandidos et al. 82 PrimerBank ID: 38348269c1

LAMP3 forward 5’-GCGTCCCTGGCCGTAATTT-3’, 

reverse 5’-TGCTTGCTTAGCTGGTTGCT-3’

PrimerBank, Spandidos et al. 82 PrimerBank ID: 156627583c1

SFTPD, forward 5’-CCTTACAGGGACAAGTACAGCA-3’, 

reverse 5’-CTGTGCCTCCGTAAATGGTTT-3’

PrimerBank, Spandidos et al. 82 PrimerBank ID: 61699225c2

GAPDH, forward 5’-GGATTTGGTCGTATTGGG-3’, 

reverse 5’-GGAAGATGGTGATGGGATT-3’

Yang et al. 83 N/A

Software and algorithms

R The R Foundation https://www.r-project.org

Python Python Software Foundation https://www.python.org/

Prism GraphPad Software https://www.graphpad.com/

QuPath Bankhead et al. 84 https://qupath.github.io
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Mouse lung organoids and cell lines

Organoids were grown as previously described. 6 Briefly, 2,000–10,000 sorted tdTomato+ live cells were resuspended in 3D organoid 

medium consisting of DMEM/F12 with 10% FBS, 100 U/mL penicillin–streptomycin, 1x Insulin-Transferrin-Selenium, and 1 mM 

l-glutamine (all from Gibco) and 1 mM HEPES (in-house). Cells were mixed at a 1:5 ratio with the MLg2908 mouse lung fibroblast 

cell line (ATCC, Cat# CCL-206), provided by the Cell Services Unit of The Francis Crick Institute where cells were routinely screened 

for mycoplasma and authenticated using short-tandem repeat profiling, and maintained in DMEM containing 10% FBS and 100 U/mL 

penicillin-streptomycin at 37 ◦ C and 5% CO₂ at low passage numbers. The cell mixture was resuspended in growth-factor-reduced 

Matrigel (Corning, Cat#356231) at a 1:1 ratio and 100 μL pipetted into a 24-well Transwell insert with a 0.4 μm pore (Corning, 

Cat#3470). Organoids were cultured in 3D organoid medium and counted after 14 days using an EVOS microscope 

(ThermoFisher Scientific).

Murine lung organoid dataset

Single-cell RNA-seq data from murine lung organoids were accessed from Choi et al. 21 (GSE144468); experimental model details, 

including mouse strain, age, and husbandry conditions, are described in the original publication. 21

UK Biobank

The UK Biobank (UKBB) is a prospective cohort study that recruited N = 502,401 participants, aged 37–73, from 2006–2010, with a 

subset of individuals (N = 54,219) having Olink® plasma proteomics measured (for 2,923 proteins) from baseline blood samples 

alongside sex and ancestry data, as previously described. 27 UKBB data were accessed under project number 82693 and ethical 

approval given by the North West Multicentre Research Ethics Committee, the National Information Governance Board for Health 

and Social Care and the Community Health Index Advisory Group. The UKBB determined cancer incidence through linkage with na-

tional cancer registries with diagnoses recorded using the tenth revision of the International Classification of Diseases (ICD10) codes. 

Participants were excluded according to the following criteria: any cancer diagnosed pre-recruitment, a cancer diagnosis date entry 

but no corresponding cancer annotation. No formal power calculation was performed; the full available cohort with baseline Olink® 

plasma proteomics data were used (N = 48,099).

External validation datasets

Eight external validation datasets were used (sex distribution and cohort characteristics are detailed in Table S1): the European 

Prospective Investigation into Cancer and Nutrition study (EPIC), EPIC-Norfolk (analysed in two separate batches, as per pub-

lished recommendations 45 ), the Atherosclerosis Risk in Communities study (ARIC), the China Kadoorie Biobank, the LC3 con-

sortium study, the UK Collaborative Trial of Ovarian Cancer Screening (UKCTOCS), and a study led by deCODE genetics, with 

details on race and ethnicity available from each cohort publication. 42–47 Data access was obtained for EPIC-Norfolk, 

UKCTOCS, and China Kadoorie Biobank, with summary statistics utilised for the LC3 consortium and deCODE genetics from 

two previously reported manuscripts. 43,44 Within each cohort, plasma protein levels were measured; however, due to limitations 

with relative quantification of the assay, direct comparison of proteomic measurements between cohorts was not possible. All par-

ticipants provided written informed consent, and ethical approval was obtained from the relevant institutional review boards: the 

International Agency for Research on Cancer ethics committee (IEC 22-01) for EPIC; the Norfolk Research Ethics Committee 

(05/Q0101/191) for EPIC-Norfolk; the institutional review board at each participating centre for ARIC; the UK North West Multi-

centre Research Ethics Committee (00/8/34) for UKCTOCS; and the Oxford Tropical Research Ethics Committee, the Chinese 

Center for Disease Control and Prevention, the Chinese Academy of Medical Sciences, and the Peking University Institutional 

Review Board for CKB. Ethics approvals for the LC3 consortium and deCODE genetics cohorts are described in their respective 

manuscripts. 43,44 Sex, age, and smoking status were adjusted for in relevant analyses where available; formal sex- or ancestry-

stratified analyses of signature performance were not performed as the study was not powered for such comparisons.

TRACERx study

The TRACERx observational study (NCT01888601) has approval from the UK research and ethics committee (13/LO/1546). Plasma 

proteomics data were collected from individuals prior to surgical resection and at follow-up from individuals who did not relapse 

within at least two years post-surgery, with detailed demographic data previously described, 53 and smoking status reported via a 

questionnaire at study entry. No formal power calculation was performed; the full available cohort with plasma proteomics data 

were used (N = 482).

CANTOS study

The Canakinumab Anti-inflammatory Thrombosis Outcome Study (CANTOS; NCT01327846) enrolled 10,061 individuals with a his-

tory of myocardial infarction and baseline levels of high-sensitivity C-reactive protein (hsCRP) ≥ 2 mg/L. 63 The CANTOS study was 

conducted from April 2011 to June 2017 across 39 countries and sponsored by Novartis AG (Basel, Switzerland), with individuals 

followed up for a median of 3.7 years. Subsequent exploratory analysis found a dose-dependent reduction in lung cancer incidence 

between canakinumab and placebo. 7 All individuals provided written informed consent, including a separate informed consent for 

individuals who provided additional blood samples for genetic analyses and direct biomarker analysis. Proteomic analysis was
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conducted in serum samples at these time points from the individuals who also agreed to the additional research, with sex distribu-

tion and cohort characteristics as previously described. 64 Baseline serum samples were collected from all biomarker sub-study par-

ticipants and profiled using the SomaScan® v3 assay, which quantifies 4,785 unique proteins. 64 No formal power calculation was 

performed for the biomarker sub-study; the full available cohort with proteomic data was used.

TALENT study

The TALENT (NCT02611570) study was a multi-centre prospective clinical trial conducted across 17 tertiary medical centres in 

Taiwan between 2015 and 2019. 54 Written informed consent was obtained from all participants and the study protocol was approved 

by the individual institutional review boards. All participants screened negative for lung cancer via chest X-ray at study entry, with 

plasma samples collected at enrolment. Subsequent incident diagnoses of invasive lung adenocarcinoma were identified through 

linkage with the cancer registry. Proteomic analysis was performed on baseline plasma samples from a subset of TALENT partici-

pants (n = 251 cases and n = 501 controls; 81.3% female). Controls were determined by a 1:2 matched case-control design, with 

controls selected by matching on age, sex, and baseline smoking status. Assuming a two-sided α of 0.05 and 80% power, the study 

was powered to detect a modest association between protein levels and lung cancer risk (OR ∼1.25–1.30 per SD increase). Four 

Olink® Target 96 panels (Oncology III, Oncology II, Cardiovascular III, and Immune Oncology) were assayed per sample; not all 

14 proteins of interest were covered across these panels due to resource constraints.

Air pollution exposure study

The controlled diesel exhaust exposure study was approved by the institutional ethics review board of the University of British 

Columbia and the Vancouver Coastal Health Research Institute (H14-00821 and H16-03053). The participants were enrolled with 

written informed consent, and the investigation conformed to the principles outlined in the Declaration of Helsinki. The participants 

were 4 males, and 2 females, aged 40-66 years, and sample size was determined based on previous studies by the researchers. 62

Bulk human pre-invasive RNA-seq

Bulk RNA-seq data from human pre-invasive lung lesions were accessed from Chen et al. 65 through the European Genome-

Phenome archive (EGAD50000000637); participant characteristics, ethics approval, and informed consent procedures are described 

in the original publication. 65

Human foetal lung-derived alveolar organoids

Foetal lung-derived alveolar organoids (from the Rawlins lab, University of Cambridge) were cultured as Geltrex-domes (Gibco) in 

AT2 medium as described in Lim et al. (2025). 87 Tissue was obtained from the Human Developmental Biology Resource (HDBR) 

with written informed donor consent; donors were informed of the purpose of the research and the specific procedures for which 

the tissue would be used. Organoids were derived from foetal lung tissue at 17 and 20 weeks, from male donors. Development of 

the Human Developmental Biology Resource was reviewed by the North East Ethics Committee (23/NE/0135: IRAS project ID: 

330783) and specifically for this project at University College London (REC reference: 23/LO/0312: IRAS project ID: 326492). This 

research was conducted in accordance with UK HTA regulations.

METHOD DETAILS

Animal procedures

Mice were randomly assigned to experimental groups with group size based on prior work with the model. Cre-mediated recombina-

tion was initiated by intratracheal delivery of adenoviral CMV-Cre (2.5 × 10 7 virus particles per 50 μL), by Ad5-bk5-Cre, Ad5-CGRP-

Cre, Ad5-CC10-Cre or Ad5-SPC-Cre (2.5 × 10 8 virus particles per 50 μL donated by A. Berns, 13,55,56 Viral Vector Core, University of 

Iowa) or by using chow containing doxycycline (Harlan Teklad). For single-nuclei sequencing studies, 1.0 × 10 10 virus particles per 

50 μL were used to isolate sufficient nuclei for sequencing. Mice were pre-treated with intratracheal delivery of 2% polidocanol 

(13.5 μL, Sigma-Aldrich) before Ad5-bk5-Cre, Ad5-CMV-Cre or PBS control treatment. During survival studies, mice were weighed 

weekly and were euthanised when the humane endpoint of 15% weight loss from baseline was reached or any sign of distress 

was observed (i.e. hunched, piloerection, difficulty breathing). In vivo PM exposure was modelled by intratracheal administration of 

50 μg SRM2786 (Sigma-Aldrich) in 50 μL, or PBS control, three times a week for three weeks as previously described. 6

MicroCT imaging

EPT mice were anaesthetised with isoflurane and subject to monthly thorax scanning using a Quantum GX2 microCT scanner (Perkin 

Elmer). Nodules were called observable when measured at a maximum diameter of 0.3mm in axial images and observed to increase 

in size in the next consecutive microCT scan. 3D reconstruction of lungs was performed using AnalyzeDirect (USA).

Histopathology and immuno-staining

Mouse lung and trachea were perfused with 10% formalin and fixed overnight in 10% formalin before embedding in paraffin wax. 4μm 

tissue sections were cut, deparaffinized and rehydrated using standard methods. Sections were either routinely stained with H&E or,
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for immunohistochemistry, underwent antigen retrieval using pH 6.0 citrate buffer and incubated with antibodies: human EGFR-

L858R (Cell Signaling Technology, #3197), RFP (Rockland, 600-401-379), Cldn4 (ThermoFisher Scientific, 36-4800), SPC (Abcam, 

ab211326), Krt5 (Abcam, ab64081), synaptophysin (Merck, SAB4200544), CC10 (Santa Cruz, sc-130411). Primary antibodies 

were detected either using biotinylated secondary antibodies, followed by HRP or DAB, or with subsequent Opal fluorescence sec-

ondary antibodies (Akoya). A commercial kit was used to detect IL-1β RNA transcripts by RNAscope (ACD Bio-Techne) following the 

manufacturer’s instructions. Labelling for CD68 protein was subsequently performed and detected using Opal fluorescence 

following the manufacturer’s protocols (Akoya). Probes visualised through fluorescence were used to detect IL-1β RNA and CD68 

protein simultaneously. Slides were imaged using a Zeiss AxioScan.Z1 slide scanner or a Polaris slide scanner with unmixing for 

staining with 4 channels. Tumor grading and lesion analysis were carried out by board-certified veterinary pathologists. Image anal-

ysis was carried out using QuPath. 84 Histopathology analyses were performed blinded to genotype and treatment condition.

Flow cytometry

To generate lung single cell suspensions, lung tissue was minced, then digested with Liberase TM and TH (75 μg/mL each, Roche 

Diagnostics) and DNase I (25 μg/mL, Sigma-Aldrich) in HBSS for 30 minutes at 37 ◦ C in a shaker at 180 r.p.m. Samples were passed 

through a 100 μm filter, centrifuged (300g, 5 minutes, 4 ◦ C) and red blood cells were lysed with ACK buffer (Life Technologies) 

following manufacturer’s instructions. Tracheal single cell suspensions were generated as previously described. 88 Briefly, tracheas 

were incubated in dispase (16 U/mL, Roche) for 40 minutes at room temperature, the reaction stopped with 5% FBS in DMEM 

(Gibco), followed by peeling epithelium with forceps. Epithelial sheets were washed with PBS and incubated with trypsin-EDTA 

(1X, Gibco) for 20 minutes at 37 ◦ C before quenching with 5% FBS-DMEM and filtering through a 100 μm filter. Extracellular antibody 

staining was performed with viability determined by Live/Dead Aqua (ThermoFisher Scientific) or DAPI (Sigma-Aldrich) staining as 

described below. Cell sorting was performed on Influx, Aria Fusion or Aria III instruments (BD Biosciences).

Single-nuclei RNA sequencing

Lung single cell suspensions were stained with Live/Dead Aqua (ThermoFisher), CD45-BV421, CD31-BV421, Ter119-BV421 (lineage) 

and EpCAM-APC-Fire750; lineage-negative, EpCAM + , tdTomato + live cells were sorted into collection buffer (0.04% BSA-PBS) con-

taining Protector RNase Inhibitor (1 U/μL, Roche). Tracheal single cell suspensions were stained only with Live/Dead Aqua, and tdTo-

mato + live cells were sorted into collection buffer as above. Nuclei from the sorted cells were isolated according to the CG00365 pro-

tocol (10x Genomics) for low cell input nuclei isolation, before proceeding with multiome-seq using the Chromium Single Cell Epi 

Multiome ATAC + Gene Expression protocol (10x Genomics). In total, nuclei from the following conditions were subject to multi-

ome-seq: T mice infected with Ad5-CC10-Cre at 3 weeks (lungs from 10 mice pooled), Ad5-bk5-Cre at 10 weeks (lungs and tracheas 

from 10 mice pooled), Ad5-SPC-Cre at 3 weeks treated with PBS control or PM (lungs from 20 mice pooled for PBS and 10 mice for 

PM); ET mice infected with Ad5-bk5-Cre at 10 and 20 weeks (lungs and tracheas from 10 mice pooled per time point), Ad5-CC10-Cre 

at 3 and 10 weeks (lungs from 10 mice pooled per time point), Ad5-SPC-Cre at 3 and 10 weeks treated with PBS control or PM (lungs 

from 10 mice pooled per condition), EPT mice infected with Ad5-SPC-Cre at 25 weeks (tumors from 2 mice analysed separately) were 

used as a late stage LUAD reference. Data from the Ad5-SPC-Cre-induced PBS control cells were used both in cell-of-origin 

(Figure 2) and PM exposure analyses (Figure 4) in this manuscript.

snRNA-seq preprocessing

Raw sequencing data were processed using CellRanger-ARC (v2.0.1) with a custom reference containing the mm10 (GENCODE 

vM23/ Ensembl 98) genome released by 10x Genomics (2020–a), the entire TdTomato viral insert sequence and the EGFR L858R 

sequence.

snRNA-seq QC, clustering and annotation

QC was performed, per sample, in R (v4.3.2) with a randomly generated seed using Seurat (v4.4.0). 89 Doublets were inferred and 

removed using DoubletFinder (v2.0.4). Cells passing the following filters were retained: 200 < nFeature < 7500, mitochondrial 

gene content < 20%, ribosomal gene content < 20%, haemoglobin gene content < 10%, and platelet gene content < 10%. Normal-

isation, scaling, and variable feature selection was performed using SCTransform(vst.flavor = ‘v2’), regressing out cell cycle genes 90 

and mitochondrial, ribosomal, haemoglobin, and platelet gene content. Contaminating non-epithelial cells were removed. Down-

stream analysis was performed with a set seed. Seurat’s FindAllMarkers() was used to identify cell type-specific marker genes 

and FindMarkers() for differential expression analysis; adjusted p-values were calculated using the Bonferroni method. Differentially 

upregulated genes of KAC-like states from prior studies 16,17,20,21 were used as signatures (using Seurat’s AddModuleScore() func-

tion) to support identification of KAC clusters in our dataset. Gene sets overlapping with LUAD were determined based on methods in 

Alonso-Curbelo et al. 91 with wild-type AT2 cells from PBS-treated wild-type control mice used as controls and adenocarcinomas 

from EPT mice induced with AT2-restricted virus used as a reference for late-stage LUAD. Collective expression of transcripts en-

coding the 14 plasma proteins of interest was quantified as an aggregated signature using AddModuleScore().
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Single-cell RNA sequencing (scRNA-seq)

Lungs were profiled from T mice infected with Ad5-SPC-Cre (resulting in rare tdTomato + wild-type cells) followed by three weeks 

treatment with PBS control or PM three times a week by intra-tracheal intubation and collected acutely after the final treatment; 

ET mice infected with Ad5-SPC-Cre followed by treatment with PBS control or PM (resulting in rare EGFR mutant cells, lungs 

from 10 mice pooled per condition). T mice treated with PBS were used as healthy control mice analysed in Figure 1. Lung single 

cell suspensions from individual mice (n = 10 per group) were first stained with Totalseq A hashtag antibodies (Biolegend) and 

then combined for bulk processing within each condition. Cells were stained with Live/Dead Green (ThermoFisher), CD31-BV421, 

Ter119-BV421, CD45.2-AF647 and EpCAM-APC-Fire750 antibodies. Immune cells (live CD45 + ), tdTomato - epithelial cells (live 

CD45- lineage- EpCAM + tdTomato-), tdTomato + epithelial cells (live CD45- lineage- EpCAM + tdTomato+) and other lung cells 

(live CD45- EpCAM-) were sorted separately into collection buffer (10% FBS-PBS). Fixed proportions of sorted cell populations 

(60% immune cells, 19% tdTomato- epithelial cells, 1% tdTomato + epithelial cells and 20% other lung cells) were combined for 

scRNA-seq within each condition using the 10x Genomics 3’ Gene Expression kit.

scRNA-seq preprocessing

Raw sequencing data were processed using CellRanger (v7.1.0) with a custom reference containing the mm10 (GENCODE vM23/ 

Ensembl 98) genome released by 10x Genomics (2020-A), the entire TdTomato viral insert sequence, and the human EGFR L858R 

sequence. Cells were demultiplexed using ‘cellranger multi’ with default parameters.

scRNA-seq QC, clustering and annotation

QC was performed, per sample, in R (v4.3.2) with a randomly generated seed using Seurat (v4.4.0). Doublets were removed using 

mouse hashing demultiplexing. Cells that passed filters as above for snRNA-seq were kept, and all normalisation, scaling and var-

iable feature selection performed as above. Cells expressing the human EGFR L858R transgene were rare in this dataset and were 

filtered out to streamline analyses of the lung microenvironment cells. One mouse from the WT PBS group was excluded before anal-

ysis as its cellular composition was substantially divergent from that of other mice in the same group. Lung cell populations were 

annotated based on expression of cell type-specific markers, in line with prior studies. 17,20 Expression of transcripts encoding the 

14 plasma proteins of interest was quantified as an aggregated signature score using AddModuleScore(). Pseudobulk analysis 

was performed using AggregateExpression() based on mouse hashtag IDs, and differential expression analysis was carried out using 

DESeq2. 92

Analysis of murine lung organoid scRNA-seq

Published scRNA-seq data were accessed from Choi et al. 21 (GSE144468), and processed as described above. Doublets were 

removed using DoubletFinder (v2.0.4) and normalisation was performed using SCTransform(vst.flavor = ’v2’) with default parame-

ters. Samples were integrated for visualisation and clustering following the SCTransform integration workflow. Marker genes from 

the original manuscript were used to distinguish the different cell populations. Differential expression between treatment (IL-1β) 

and (PBS) control, within each cell population, was performed using Seurat’s FindMarkers function.

PCLS generation for live cell imaging

Precision cut lung slices were generated according to an adapted protocol. 25 Mice were culled via overdose pentobarbital injection at 

the indicated timepoints after adenoviral Cre induction (between 6 and 16 weeks post-induction) and a catheter was inserted into the 

trachea. 1-3 mL of 2% low melting agarose (Sigma-Aldrich) solutions were injected through the catheter before animals were moved to 

ice and lungs dissected once agarose was set. Individual lung lobes were further embedded in 2% agarose before 300μm lung sections 

were cut using a vibratome (Leica VT1200S). Slices were stained with E-cadherin-AlexaFluor647 (Biolegend) for 1 hour at 37 ◦ C in 

DMEM. Slices were mounted using 2% agarose into 24 well glass bottomed plates (Ibidi) and cultured in DMEM supplemented with 

1% penicillin/streptomycin (Gibco) at 37 ◦ C. For ex vivo Wnt inhibition, slices were treated with DMSO or 100nM LGK974. Live cell im-

aging was performed using 3D confocal microscopy (Olympus FV3000) for 72 hours. After 72 hours of culture, tissue slices were fixed in 

4% PFA and stained for SPC (Abcam, ab211326) and imaged by confocal microscopy (Olympus FV3000). Data were analysed using Fiji.

Ex vivo PM challenge of PCLS

Lungs from EGFR-dox mice fed with a doxycycline-containing diet for 5 days were used to generate PCLS as described above with 

wild-type mice used as controls, with minor protocol modifications. Specifically, a biopsy puncher was used to create 6mm tissue 

cores from agarose-inflated lungs, and these were cut into 400 μm slices. PCLS were cultured for 72 hours in DMEM medium sup-

plemented with 10% heat-inactivated fetal bovine serum, 1% penicillin/streptomycin (Gibco) and 2.5 μg/mL tetracycline, with or 

without 100 μg/mL of PM (SRM2786; Sigma-Aldrich). Where indicated, 100 μg/mL anti-IL-1β (InVivoMAb, BE0246) or IgG control 

(InVivoMAb, BE0091) were added to the media at the start of the culture. For protein secretion analysis, following 72 hours of culture 

supernatants from PCLS culture media were collected, centrifuged at 1,000 g for 10 minutes at 4 ◦ C, supernatants aliquoted and 

stored at -80 ◦ C. LAMP3 protein was measured using mouse LAMP3 ELISA Kit (Abbexa) following the manufacturer’s instructions

ll
OPEN ACCESS

e7 Cell 189, 1–19.e1–e11, June 25, 2026

Please cite this article in press as: Pandya et al., Plasma signals of lung tumor promotion for molecular cancer prevention, Cell (2026), https:// 
doi.org/10.1016/j.cell.2026.05.005

Article



and read on a Safire II plate reader (Tecan). For Cldn4 + cell abundance analysis, after 72 hours of culture, tissue slices were fixed in 

4% PFA, stained using anti-Cldn4 antibodies (ThermoFisher Scientific, 36-4800) and imaged by confocal microscopy (Olympus 

FV3000). Data were analysed using Fiji and QuPath.

Bulk RNA-seq of murine tumor tissue

RNA was extracted from flash-frozen, dissected large single tumors collected from EPT mice at ethical endpoint (approx. 2mm 3 ) us-

ing the AllPrep DNA/RNA Mini Kit (Qiagen). Tissue was homogenised in Buffer RLT Plus containing β-Mercaptoethanol (Sigma-

Aldrich M3148) using a fresh TissueRuptor Disposable Probe (Qiagen: 990890). The lysate was processed through a QIAshredder 

column (Qiagen: 79656). RNA was treated with RNase-free DNase on-column (Qiagen: 79254), eluted and stored in RNase/ 

DNase-free water at -80 ◦ C. RNA quantity and integrity were assessed using the Qubit RNA BR assay kit (Invitrogen Q10211) and 

a BioAnalyser. Bulk RNA sequencing (RNA-seq) was performed on samples to yield 25 million paired-end reads per sample 

(PE100). Libraries were prepared using NEB mRNA polyA selection. The resulting FASTQ files were processed using Kallisto 93 

(v0.45.0) with the Mus musculus GRCm38 reference genome, using default parameters. Differential expression analyses were con-

ducted in R (v4.2.3) using DESeq2 (v1.38.3).

Bulk RNA-seq analysis of pre-invasive dataset

Data from Chen et al. 65 were processed using in-house pipelines. 94 Briefly, Illumina adapters were trimmed from raw sequencing 

reads using Cutadapt, and FASTQ files with less than 80% of total reads being duplicates were kept for alignment. FASTQs were 

aligned to hg38 human reference genome build using STAR (v.2.5.2a) in two-pass mode with ENCODE 3 parameters. The same 

reads were also mapped to the human transcriptome (GENCODE v42) using the same STAR parameters to generate gene expression 

data. RSEM (v.1.3.3) was used to quantify gene expression from the aligned files to the transcriptome. Samples in which less than 

75% of protein-coding genes were expressed were excluded from analyses.

Machine learning model development

To predict incident lung cancer diagnoses from baseline data, we trained a machine learning classification model using 2,923 plasma 

proteins measured by the Olink® platform alongside patient characteristics as candidate predictors. The UKBB dataset was split into 

train (75%) and held-out test (25%) sets, stratifying by smoking status, sex, household income, educational attainment, lung cancer 

diagnosis (inferred using the ICD-10 code C34), age at baseline, body-mass index (BMI) and pack years of smoking. The latter three 

continuous variables were first categorised into quartiles. Missing values were treated as a separate category for the purposes of 

splitting, to allow the distribution of missingness across these variables to be factored into the selection of train and held-out samples. 

Splitting was performed using the MultilabelStratifiedShuffleSplit() function from the iterative-stratification (v0.1.7) Python package. 

Missing covariate data were imputed separately in the train and held-out sets to minimise data leakage, using multiple imputation 

with chained equations (MICE 95 ; using the mice package v3.17.0). Imputed covariables were smoking status (categorised into never, 

previous, and current; < 1% missing), passive smoking (weekly hours of home tobacco exposure; 10.0% missing), pack-years of 

smoking (15.4% missing), BMI (< 1% missing), household income (dichotomised into < and >= £31,000 annually; 14.6% missing) 

and educational attainment (split by degree or professional qualification status; 1.3% missing). To predict values for missing data 

points, MICE imputation models incorporated these variables, lung cancer diagnosis, and follow-up duration in addition to: PM expo-

sure (derived from a land-use regression model), age at baseline and sex. Imputation models were trained using the training dataset 

only and subsequently applied to the held-out test set. Continuous variables were imputed with predictive mean matching, while 

random forest and logistic regression were used to impute higher order categorical and binary variables, respectively. This produced 

15 variant imputed datasets, where missing covariate data were replaced with imputed values (thus yielding complete datasets). Due 

to variation in the modelling process, these 15 complete datasets naturally contain small variations across imputed variables. Each 

imputed dataset was independently used in the same analysis protocol.

Recursive feature elimination (Probatus, v3.1.2) was used to select proteins (from the full list of 2,923 markers, excluding proteins 

with >25% missing values). Within the training data, the dataset was stratified by the number of incident lung cancer diagnoses and 

split into five folds. Bayesian hyperparameter optimization included all features with five repeats of five-fold cross-validation and was 

performed using the Tree-structured Parzen (TPE) sampler from the Optuna python package (v3.5.0 96 ), with 100 trials. Each of these 

100 trials gave a set of sampled hyperparameters to produce a trained model, with each feature given a SHAP (SHapley Additive 

exPlanations) score, which measures the contribution of that feature to the model prediction. After each trial, the features with the 

lowest 20% of SHAP scores were eliminated. Features that culminated in the peak cross-validation test set performance were 

selected.

Following feature selection, 100 models were created using different hyperparameter combinations, for hyperparameter tuning of 

the eXtreme Gradient Boost classification model (XGBoost, v2.0.3 97 ), using the area under the receiver-operator characteristic 

(ROC–AUC) as the objective function. Due to data imbalance (N = 375 participants diagnosed with lung cancer during follow-up, 

compared to N = 47,724 without a lung cancer diagnosis), we randomly undersampled the majority class to generate a 1:1 ratio be-

tween cases and controls in the cross-validated training set (using imbalanced-learn v0.12.0 98 ). We utilised a bagging procedure to 

aggregate predicted probabilities across the 100 cross-validation fold models (by the mean) to output the final predicted probability 

per individual.
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Model Validation

The final model, consisting of 14 proteins alongside age, smoking status, pack-years, and past diagnosis of COPD, was bench-

marked against probabilistic lung cancer risk prediction models in the UK Biobank, using the lcmodels package (v4.1.1) set out in 

a previous manuscript. 99 This comparison was conducted on the held-out test set (comprising 25% of the full dataset) with the orig-

inal class balance (i.e. no undersampling was performed). The ROC–AUC was calculated and the statistical significance of differ-

ences in AUC values was assessed using DeLong’s test (pROC, v1.18.5). For sensitivity analysis, the held-out test set was further 

stratified by two-year intervals prior to lung cancer diagnosis to evaluate model performance.

Protein measurement in validation cohorts

The association between each protein and lung cancer incidence was quantified using hazard ratios derived from Cox proportional 

hazards models, adjusting for participants’ baseline age where available (see cohort-specific details below), apart from the deCODE 

genetics and LC3 consortium cohorts where logistic regression and conditional logistic regression were used respectively to derive 

odds ratios. To account for heterogeneity in cohort design and characteristics (Table S1), a random-effects meta-analysis was em-

ployed to integrate findings across cohorts. Random-effects meta-analysis was performed using the metafor R package (v 5.0-1).

UKCTOCS

Temporal patterns of serum protein levels were analysed longitudinally in a cohort of 248 women (98 lung cancer cases and 150 con-

trols) over five years preceding clinical lung cancer diagnosis from UKCTOCS. 42 Serum samples from each individual were analysed 

annually using the Olink® Oncology II proteomics panel. For visualisation, we used locally estimated scatterplot smoothing (LOESS) 

curves to assess trends in protein levels over time relative to lung cancer diagnosis. Protein levels were standardised to have a mean 

of zero and a standard deviation of one prior to analysis. LOESS curves were fitted using the loess() function in R with default span. 

Cox regression models were used to estimate hazard ratios per standard deviation of protein values and were adjusted for age at 

sampling.

LC3 Consortium

The LC3 Consortium dataset comprised 731 lung cancer cases and 731 smoking-matched controls drawn from six prospective co-

horts, with cases and controls matched on age, sex, smoking status, and date of inclusion. 43 We used summary statistics from Data 

S4 of the published manuscript, 43 in which odds ratios per standard deviation increment in relative protein concentrations were 

derived using conditional logistic regression.

deCODE genetics + Icelandic Cancer Project

Data from the deCODE + Icelandic Cancer Project was obtained following personal correspondence with the authors of the manu-

script. 48 Associations were estimated using a logistic regression model using the SomaScan® v4 assay data collected during this 

project. This cohort consisted of 610 (72.4%) incident lung cancer cases, 232 (27.6%) prevalent lung cancer cases, and 37,892 

non-cancer controls. Logistic regression was used to calculate odds ratios by modelling case status (defined as incident and prev-

alent lung cancer cases combined) versus non-lung cancer controls. Time from sample collection to lung cancer diagnosis was 

defined using only incident lung cancer cases.

EPIC

Results for the EPIC study were obtained through a collaboration between the Francis Crick Institute (T.P., M.A, C.S) and EPIC in-

vestigators (K.S.B, D.C.M, M.G, R.C.H.V, M.D.C, H.Z, P.M.K). Hazard ratios were adjusted for cigarettes smoked per day, number of 

years smoked, BMI, and educational attainment. Baseline hazards were also stratified by age (binned into 5 year age groups), sex, 

and recruitment centre, with proteomics assessed using the SomaScan® v4.0 platform. 25.7% (N = 188) of incident lung cancer 

cases in the LC3 consortium were drawn from the EPIC cohort but were assayed using Olink® panels rather than SomaScan® 

7K and are therefore treated as independent observations in EPIC.

EPIC-Norfolk

Data access was obtained through an agreement between the Francis Crick Institute (T.P, C.S) and the MRC Epidemiology Unit, Uni-

versity of Cambridge. EPIC-Norfolk forms a subset of the EPIC study and accounts for 33.7% of incident lung cancer cases in EPIC; 

as EPIC-Norfolk samples were assayed using Olink® panels rather than the SomaScan® 7K platform used for the full EPIC cohort, 

they are reported separately. Serum samples from baseline assessment were assayed in two independent batches: batch 1 

comprised a randomly selected control sub-cohort (N = 749) and case sub-cohort (N = 291), profiled using the Olink® Explore 

1536 platform; batch 2 comprised a control sub-cohort (N = 1,010) and case sub-cohort (N = 698), profiled using the Olink® Explore 

Expansion platform. Normalised proteomic expression (NPX) values were not compared between batches owing to the absence of 

bridging samples. Cox regression models were used to estimate hazard ratios per standard deviation of protein values and were 

adjusted for age at sampling.
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China Kadoorie Biobank

Results were obtained through collaboration between the Francis Crick Institute (T.P, C.S) and China Kadoorie Biobank investigators 

(N.W, K.H.C, Z.C). Proteomics data were assayed using four Olink® panels spanning 2,941 proteins from 2,029 participants (N= 31 

cancer cases) from a sub-cohort of the China Kadoorie Biobank. 46 13/2029 participants reported a history of cancer at baseline and 

were thus excluded. 3/2029 participants without Olink® data were excluded. Cox regression models were used to estimate hazard 

ratios per standard deviation of protein values in the sub-cohort, stratified by sex and region, and adjusted for age (plus squared 

term), time since last meal (plus squared term), ambient temperature (plus squared term) and educational attainment.

Atherosclerosis Risk in Communities (ARIC) Study

Results were obtained through collaboration between the Francis Crick Institute (T.P, M.A, C.S) and ARIC investigators (E.A.P, V.A.B, 

N.C, Z.W). 100,101 Proteomics (SomaScan® 5k) were run on the entire eligible cohort of ARIC. A Cox regression model was used to 

estimate hazard ratios per doubling of relative fluorescence unit (each protein was log 2 transformed) adjusting for age, recruitment 

centre, sex, smoking status (current, former, or never), pack years smoked, BMI, waist-to-hip ratio, diabetes status, height, physical 

activity, as well as work, leisure, and sport indexes, alcohol drinking status, a plasma protein-derived smoking score, 102 PEER factors 

(Probabilistic Estimation of Expression Residuals), 103 and genetic principal components.

TALENT

Samples were processed locally in Taiwan and quality control followed an established protocol 27 : samples with QC warnings were 

excluded, as were samples whose median NPX exceeded ±5 standard deviations from the median NPX across all samples. Proteins 

with >50% of measurements below the plate-specific limit of detection were removed. PM 2.5 exposure was estimated using the Air 

Pollution Exposure Tool (APEX), which linked participants’ residential postcodes for the year preceding enrolment with annual sat-

ellite-derived air pollution estimates at 0.01 ◦ x0.01 ◦ resolution, which were obtained from the Atmospheric Composition Analysis 

Group. 104–106 For each geocoded address, APEX averages all PM 2.5 grid cells within an 11-km radius to generate the final annual 

exposure estimate. To understand the relationship between PM 2.5 and protein levels, adjustments were made for participants’ 

age, BMI, family history of lung cancer and sex.

GSVA analysis of TRACERx plasma proteomics

Gene Set Variation Analysis (GSVA) was applied to normalised protein expression (NPX, measured using the Olink® platform) data to 

enable pathway-level comparisons across cancer stages. GSVA was performed using the GSVA R package (v3.23) with default pa-

rameters and the kcdf= ’Gaussian’ kernel.

Air Pollution Exposure in Humans

Plasma samples obtained from healthy participants (n=6) were collected 24 hours after exposure to 2 hours of diesel exhaust 

(300 μg/m 3 ) or filtered air (crossover design, separated by one month). 62 Plasma (70 μL each) was probed using a SOMAmer®-based 

proteomic array at the Manitoba Centre for Proteomics and Systems Biology. SomaScan® v1.3 was used for measuring the abun-

dance of 1,307 distinct proteins. Protein expression profile was measured with Relative Fluorescence Unit (RFU) readouts. RFU 

values obtained from the proteomic arrays were log 2 transformed and Welch T-test was used for differential analysis to determine 

the expression profile of plasma proteins following exposure to diesel exhaust compared to control. Proteins with fold change

≥1.5 with p≤0.05 were considered to be significantly differentially altered.

Analysis of GTEx Consortium bulk RNA-seq

We accessed bulk RNA sequencing (RNA-seq) data from up to 54 non-diseased tissue sites collected from 946 deceased individuals, 

as provided by the GTEx Consortium. 50 To assess whether lung tissues exhibited higher transcript expression (measured as tran-

scripts per million, TPM) compared to other tissues, GSVA was applied and a Wilcoxon test was conducted to compare the distri-

bution of expression values in lung tissues against that of the next highest non-lung organ.

Analysis of the Human Lung Cell Atlas data

The RDS object of the integrated cell atlas of the human lung in health and disease (core) was downloaded from the human cell atlas 

data portal (https://data.humancellatlas.org/hca-bio-networks/lung/atlases/lung-v1-0). Data were subsampled to 50,000 cells and 

ann_level_3 annotations were used for cell type information with smooth muscle FAM83D+ cells re-annotated as fibromyocytes. Nor-

malised gene counts were used to calculate the mean expression per cell type of the 14 genes encoding the 14-protein signature 

proteins (ALPP, GDF15, CXCL17, CEACAM5, WFDC2, TNFSF13B, LAMP3, SFTPA1, SFTPD, CDCP1, PLAUR, PRSS8, PIGR, 

MMP12). Seurat’s AddModuleScore() was used to calculate the average expression levels of the 14-protein signature on a single 

cell level.

Analysis of the CANTOS trial

For each individual in the study, a proteomic signature score was calculated as the mean of their baseline protein relative fluores-

cence units (RFU) for 10/14 aptamers available. Subjects were dichotomised by cohort-median signature score into "Higher" and
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"Lower" groups. Cox proportional-hazards models estimated the association between the binarised or continuous signature score 

and incident lung cancer, adjusting for baseline BMI, smoking status, and age. The number needed to treat (NNT) was calculated as 

the reciprocal of the absolute risk reduction (ARR), defined as the difference in cumulative lung cancer incidence between treatment 

arms over the trial follow-up period. Confidence intervals for the NNT were derived by inverting the corresponding confidence inter-

vals for the ARR.

Mouse Plasma Proteomics Analysis

Blood plasma samples were collected at baseline, 3-, 10- and 15- week timepoints from recombined EGFR-dox and wild-type 

C57BL/6J control mice, exposed to PBS or PM following the established 3-week dosing regimen (all mice were fed a doxycy-

cline-containing diet throughout the experiment). Baseline samples were collected after starting the doxycycline diet but prior to 

any PBS/PM treatment. Plasma samples were sent to SomaLogic (Boulder, Colorado) and assayed in one batch on the 

SomaScan® 11K v5.0 platform, with samples split evenly between two plates.

Four technical replicates were sent blinded to SomaScan® to assess technical variability. Proteins exhibiting a coefficient of vari-

ation (CV) exceeding the 95th percentile within the four technical replicates (pooled mouse plasma with mixed age and sex) were 

excluded from further analysis, resulting in the removal of 539 proteins. Data were then log-transformed to stabilise variance and 

approximate a normal distribution, facilitating downstream statistical analyses. One mouse was excluded from analysis as an outlier 

identified by principal component analysis. Subsequently, for each mouse, changes in the relative fluorescence unit (RFU) at time 

points 3, 10 and 15 were calculated relative to their respective baseline measurements by subtracting the baseline aptamer RFU 

from each subsequent time point measurement. A linear mixed-effects model for the 14 proteins within each condition was then fitted 

using the lme4 (v1.1-37) package using the equation Baseline RFU ∼ Time + (1 | Individual Mouse), where Baseline RFU is the base-

line value for that mouse. Estimated marginal means were computed within each condition and time point using the emmeans 

(v1.11.1) package. All p-values across conditions from these contrasts (time 0 vs 3 weeks, time 0 vs 10 weeks, time 0 vs 15 weeks) 

were adjusted using the Benjamini–Hochberg procedure with adjusted p-values < 0.05 considered significant.

RT-qPCR of IL-1β-treated foetal organoids

Organoids were seeded into four 24-well plate wells, with two wells maintained as untreated controls (AT2 medium only) and two 

wells treated with recombinant human interleukin-1 beta (IL-1β; 100 ng/mL, Merck, IL038) for 48 hours. Two independent experi-

ments were performed. Total RNA was extracted using the RNeasy Mini Kit (Qiagen) with 100 μL RLT Plus buffer, further steps 

were performed according to the manufacturer’s protocol. RNA was treated with DNase I using the TURBO DNA-free Kit (Invitrogen) 

according to the manufacturer’s instructions. RNA concentration was measured using a DeNovix spectrophotometer. RT-qPCR was 

performed with the Luna Universal One-Step RT-qPCR Kit (NEB) according to the manufacturer’s protocol with 5 ng RNA per reac-

tion and 45 cycles on a QuantStudio 3 Real-Time PCR System (Applied Biosystems). Relative expression was calculated by the 

comparative Ct method, with the treated samples being normalised to the mean value of the two respective controls measured 

on the same plate. Two-way ANOVA followed by Sidak’s multiple comparisons test was performed using GraphPad Prism version 

(v10.1.1).

QUANTIFICATION AND STATISTICAL ANALYSIS

Unless otherwise stated, all statistical tests were two-sided and p-values were adjusted using the Benjamini–Hochberg correction. 

Statistical analyses were performed in R (v4.4.3) or Python (v3.13.2), with the exception of single-nuclei/cell RNA-seq analyses (per-

formed in R v4.3.2) and bulk RNA-seq of murine tumor tissue (performed in R v4.2.3). For each experiment, the specific statistical test, 

exact value of n, what n represents (e.g. number of mice, cells, or participants), and measures of centre and dispersion (mean ± SEM, 

median with IQR) are detailed in the corresponding figure legend. Where relevant, assumptions of the selected statistical tests (e.g. 

normality) were assessed by visual inspection of Q-Q plots or by Shapiro–Wilk testing prior to analysis. A p-value < 0.05 was consid-

ered statistically significant unless otherwise stated.

ADDITIONAL RESOURCES

This work involves data from the following registered clinical trials:

• CANTOS (Canakinumab Anti-inflammatory Thrombosis Outcome Study): ClinicalTrials.gov NCT01327846; https:// 

clinicaltrials.gov/study/NCT01327846

• TALENT (Taiwan Lung Cancer Screening in Never-Smoker Trial): ClinicalTrials.gov NCT02611570; https://clinicaltrials.gov/ 

study/NCT02611570

• TRACERx (Tracking Cancer Evolution through therapy [Rx]): ClinicalTrials.gov NCT01888601; https://clinicaltrials.gov/study/ 

NCT01888601

• COPA (COPD Originates in Polluted Air): ClinicalTrials.gov NCT 02236039; https://clinicaltrials.gov/study/NCT02236039
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Figure S1. Association of the 14-protein signature with lung cancer in different cohorts, related to Figure 1

(A) Recursive feature elimination on the training set of the UKBB-derived model illustrating change in model performance following feature reduction. Shade 

represents 95% CI.

(legend continued on next page)
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(B) Meta-analysis of each protein across datasets, colored by platform with 95% CI. Platform-specific estimates are displayed only when at least two datasets per 

platform were available.

(C) Relative risk of each protein with 95% CI for lung cancer in each individual cohort, colored by platform.

(D) Hazard ratio with 95% CI between protein and lung cancer in the UKBB, split between squamous cell carcinoma and adenocarcinoma subtypes.

(E) Hazard ratio with 95% CI between protein and lung cancer in the ARIC cohort, split between non-small cell lung cancer (NSCLC) and small cell lung cancer 

(SCLC).

(F) Hazard ratio with 95% CI between protein and lung cancer in the EPIC cohort, split between adenocarcinoma, squamous cell carcinoma, and small cell 

carcinoma.
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Figure S2. Performance and biological characterization of the 14-protein signature, related to Figure 1

(A) ROC-AUC on the held-out dataset of 12,025 individuals from the UKBB of the proteomics and four patient characteristics model, compared against a model 

trained on the 14 proteins alone (comparison between the protein-only and clinical-characteristic-only models, p = 0.26 by DeLong’s test).

(B) LOESS curves of the 3 proteins measured longitudinally at 1-year intervals in 15 never-smokers who were prospectively diagnosed with lung cancer during 

follow-up and 150 controls from the UKCTOCS clinical trial. Data represent 5 samples per individual before the diagnosis of lung cancer. Shade represents 95% 

CI. Bars represent the significance of each protein (Wilcoxon test, capped at − log 10 p = 4).

(C) Expression of each of the 14 proteins of interest across healthy tissues in the GTEx consortium (n = 19.788 samples, 946 donors).

(legend continued on next page)
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(D) Boxplot of GSVA score with interquartile range of the 14-protein signature in the individuals from the TRACERx observational study across all individuals, by 

pathological stage at diagnosis (Wilcoxon test).

(E) Paired comparison of the GSVA score of the 14 proteins of interest in individuals from the TRACERx observational study at baseline who did not relapse within 

2 years of surgery, with a second sample taken at the last available follow-up (Wilcoxon test).

(F) Aggregate protein signature score (calculated using 10/14 proteins available) between lung cancer cases and controls in the TALENT cohort (Wilcoxon test).
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Figure S3. Distinct initiating lineages form EGFR-driven LUAD, related to Figure 2

(A and B) Representative images (A) and quantification (B) of tdTomato + cells from immunohistochemistry IHC staining for RFP in the indicated groups in T mice 

2 weeks post viral induction. Mice receiving basal cell virus with no polidocanol injury are expected to have limited recombination. The proportion of positive cells 

is determined relative to total lung cells.

(legend continued on next page)
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(C) 3D reconstruction of murine EPT lung from microCT data, demonstrating 3D spatial context of proximal airways (trachea and mainstem bronchi), distal airways 

(bronchioles), and alveolar tissue (5 lung lobes).

(D and E) Spatial quantification of the proportion (D) and number (E) of RFP + cells in T mice in each location. TdTomato + cells were automatically detected in 

QuPath and manually assigned to location.

(F) Survival of EPT mice induced with ubiquitous virus (Ad5-CMV-Cre) in control (blue) and polidocanol-treated (red) conditions, collated across two independent 

cohorts. Mice excluded from survival analysis if collected for non-cancer-related illness, n = 10 Ad5-CMV-Cre; n = 13 Ad5-CMV-Cre and polidocanol. Mantel-Cox 

test, p = 0.18.

(G) Time to first microCT-detected lesion (> 0.3 mm in diameter) in EPT mice scanned monthly. Data collated across two independent cohorts, and data represent 

median. n = 9 basal, 8 neuroendocrine, 12 club, 13 AT2; One-way ANOVA with Tukey’s multiple comparison test.

(H) Principal-component analysis of bulk RNA-seq data generated from tumors collected from EPT mice at ethical endpoint (n = 5 tumors from 5 individual mice 

for basal, club, AT2; n = 4 tumors from 4 individual mice for neuroendocrine).

(I) Representative IHC for human EGFR-L858R of EPT lungs induced with lineage-restricted viruses collected at the ethical endpoint. n = 9 basal-, 7 neuroen-

docrine-, 12 club-, and 13 AT2-targeted EPT mice.

(J) Inset: representative adjacent non-malignant lung tissue demonstrating IHC positive control staining of AT2 cells in the alveolar microenvironment (SPC), club 

cells in bronchioles (CC10), basal cells lining large bronchi (Krt5), and neuroepithelial bodies in bronchioles (synaptophysin). Scale bar is 50 μm. Main panels: 

representative serial sections of lung lobes from EPT tumors derived from basal, neuroendocrine, club, and AT2 lineages collected at the ethical endpoint. Scale 

bar is 1,000 μm.

(K) Quantification of IHC data shown in (J). n = 9 basal-, 7 neuroendocrine-, 12 club-, and 13 AT2-induced EPT mice analyzed.

(L) Representative IHC for human EGFR-L858R protein in basal, club, and AT2-targeted ET mice, 36 weeks post-oncogene induction. Scale bar is 500 μm in all 

images.

(M) Representative immunofluorescence of neuroendocrine-targeted EPT mice demonstrating mutant clones (3 weeks post-induction), alveolar hyperplasia 

(20 weeks), adenoma (20 weeks), and LUAD (36 weeks).

(N and O) Quantification of the proportion of lesion types detected per (N) ET mouse over time. 3 weeks, n = 3 basal, neuro, club, and AT2. 10 weeks, n = 9 basal, 

n = 15 club, n = 14 AT2; 14 weeks, n = 3 neuro; 20 weeks, n = 4 basal, 4 neuro, n = 3 club, and n = 3 AT2. 36 weeks; n = 8 basal, n = 4 neuroendocrine, n = 11 club, 

n = 8 AT2-targeted ET mice, and (O) per EPT mouse over time. 3 weeks, n = 2 basal, n = 3 neuro, club, and AT2. 10 weeks; n = 3 basal, neuro, club, and AT2. 

20 weeks, n = 1 basal, n = 2 neuro, n = 3 club, n = 2 AT2. 36 weeks, n = 4 basal, n = 2 neuro. ND, not determined due to time point occurring beyond the ethical 

endpoint of these animals. Time to adenocarcinoma (LUAD) onset in EPT vs. ET mice; AT2: 10 vs. 36 weeks, p = 1.0 × 10 − 4 ; club: 20 vs. 36 weeks, p = 0.002; 

basal: 36 vs. 36 weeks, non-significant; neuroendocrine: 36 weeks vs. no LUAD detected in ET mice; Fisher’s exact test. Adenocarcinoma onset at 20 weeks in 

EPT mice across lineage groups: AT2/club 6/6 mice vs. basal/neuroendocrine 0/4 mice; Fisher’s exact p = 0.0048. Bars represent mean ± SEM.
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Figure S4. Airway and alveolar initiating cells form lesions in the alveolar niche, related to Figure 2

(A) Representative axial views of microCT data of first-detected lesions in EPT mice induced with each virus. n = 9 basal-, 8 neuroendocrine-, 12 club-, and 13 

AT2-targeted EPT mice analyzed. Lesions are outlined by colored lines; for full experimental results, see Videos S1, S2, S3, and S4.

(B) Number of tumors in EPT mice at ethical endpoint, separated by location within the lung. Central alveolar tumor: occurring near proximal airways in the alveolar 

compartment; distal alveolar tumor: occurring at lung periphery in the alveolar compartment; endobronchial tumor: tumor within the airway lumen. Undefined: 

tumor occupying entire lung lobe (location indeterminate).

(C) Representative image of dual human EGFR-L858R and SPC immunofluorescence of EGFR-mutant basal-derived cells in the trachea (left) and lung (right) of an 

EPT mouse collected 7 months post-induction with polidocanol and the basal cell virus.

(D) Quantification of data in (C) showing WT or EGFR-mutant cells that are SPC+ in the trachea and lung of basal-induced EPT mice collected at ethical endpoint 

(7–12 months post-oncogene induction), n = 4. One-way ANOVA with Sidak’s multiple comparison test.

(E) Schematic of quantification of ‘‘airway > alveoli’’ and ‘‘airway > airway’’ phenotype observed in PCLS experiment from T and ET mice targeted with club cell 

virus, depicting the cell division and cell movement that underlies this classification.

(F) PCLS from club cell-targeted ET mice treated with DMSO or 100 nM LGK974 for 72 hours ex vivo, derived 14 weeks (repeat 1, 2 animals) or 20 weeks (repeat 2,

2 animals) post-induction. One representative experiment shown; n = 2 mice per condition, 5–6 fields of view per animal; unpaired t test.

(G and H) Serial-sectioned PCLS from the same experiment as (F), separate PCLS simultaneously cultured and stained for SPC-AF488. (G) Representative 

images. (H) Quantification of tdTomato+ SPC-expressing cells in airway and alveolar compartments ± LGK974 (Kruskal-Wallis test); one representative 

experiment of two independent experiments, n = 2 mice per condition.
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Figure S5. Lung epithelial lineages converge on alveolar intermediate cell states upon acquiring an EGFR mutation, related to Figure 2

(A) Bubble plot depicting the expression of marker genes of cellular subsets underlying cell classification in Figure 2I.

(B) Violin plot showing the KAC gene signature score expression (from Han et al. 17 ) for AT2-, basal-, and club-derived cells, showing all cells detected in each 

condition per time point. KACs derived from each lineage, as identified from cell clustering in Figure 2I, are highlighted in red.

(C) Comparison of genes enriched in airway (basal and club)-derived KACs compared with other airway cells, and genes enriched in AT2-derived KACs compared 

with other alveolar cells, demonstrating common markers of KACs; absolute log 2 FC > 0.1, p value < 0.05. Genes are colored in red if also present in the Han et al. 

mouse KAC’s signature. 17

(D and E) Volcano plots depicting significantly upregulated (red) and downregulated (blue) genes in basal cell-derived KACs (D) or club cell-derived KACs 

(E) compared with AT2-derived KACs. Differential gene expression determined by absolute log 2 FC ≥ 0.8 and adjusted p value < 0.01.

(F and G) Representative images (F) and quantification (G) of CLDN4 + RFP + cells (indicated with white arrows) within RFP + hyperplasias and adenomas in the 

alveolar compartment from ET mice collected 20 (depicted in circles) and 36 weeks (depicted in triangles) post-oncogene induction, with non-induced ET mice as

(legend continued on next page)
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a control. Data represent the average number of CLDN4 + EGFR-L858R + per mm 2 observed across multiple lesions per mouse. No RFP + lesions were observed in 

airways. n = 3 AT2 (20 weeks), n = 3 club (20 weeks), n = 5 neuro (20 weeks and 36 weeks), and n = 4 basal (20 weeks and 36 weeks). One-way ANOVA, ns. 

(H) Quantifying the 14-protein gene set signature score within AT2-, basal, or club-lineage- tagged cells in ET tumorigenesis, with cell clusters identified within 

each lineage (determined from total cell clustering in Figure 2I) ordered along the x axis by median pseudo-time; black dot represents group mean signature score.
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Figure S6. Tumor promotion remodels the lung microenvironment, related to Figure 3

(A) Dot plot of cluster-specific genes in the mouse lung microenvironment scRNA-seq dataset.

(B) Stacked bar chart showing the distribution of cells per mouse (from hashing) per cell type. Wild-type (WT) PM, red shades; WT PBS, blue shades; EGFR-

mutant PBS, green shades; EGFR-mutant PM, orange shades.

(C) Spatial quantification of IL-1β RNAscope and CD68 (macrophage) of ET mice 3 weeks post PM exposure in the alveolar or airway compartment. Peri-airway 

regions are defined as 50 microns from bronchioles (br), and arrows indicate double-positive cells. n = 3 mice, 2–3 lobes per mouse; bronchiole data are averaged 

from 15 to 40 airways/lobe. Unpaired t test.

(D) Bubble plot comparing expression of the 12 detected protein transcripts between conditions in all cell types (where n cells > 100) within the dataset. Color of 

the bubble denotes the per-gene normalized percentage change; size represents − log 10 p value (Wilcoxon test), where only results with p < 0.05 are shown. 

(E–H) GSVA score of the 14-protein signature on pseudobulked WT AT2 cells (E), alveolar macrophages (F), interstitial macrophages (G), and monocytes (H). 

Wilcoxon test.
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Figure S7. Tumor-promoting inflammation regulates expression of the 14-protein signature, related to Figures 3 and 4

(A) RT-PCR from 48 hours of IL-1β treatment of human WT fetal-lung-derived AT2 (fdAT2) organoids of four epithelial proteins compared with control (two-way 

ANOVA) between conditions (n = 2 separate samples).

(B) ELISA assay of LAMP3 protein levels in supernatants of PCLS generated from EGFR-dox mice either untreated (WT) or treated with doxycycline for 5 days 

in vivo before ex vivo challenge with 50 μg/mL PM for 72 h. Data are normalized to PBS control, and paired t tests between PCLS from the same mouse.

(C) Volcano plot from the UKBB held-out set comparing the relationship between ever-smokers (current or previous smokers) and never-smokers after adjusting 

for age, sex, BMI, and incident diagnosis of lung cancer, COPD, or IPF. Top 10 significantly up- and downregulated proteins labeled alongside 14 proteins of 

interest (in red). Gray line represents proteins significantly associated by Wilcoxon test.

(D) Boxplot of GSVA scores with intequartile ranges of the 14 proteins of interest for baseline samples from individuals in the TRACERx cohort, split by smoking 

status.

(E) Distribution of PM 2.5 levels among individuals in the TALENT cohort.

(legend continued on next page)
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(F) Aggregated protein signature score in individuals who developed lung cancer and controls, split by median PM 2.5 levels. Significance is determined by 

Benjamini-Hochberg-adjusted p values (Wilcoxon test).

(G) Ridge plot between the 14-protein signature and the KAC signature highlighting overlap across tissues (p < 0.05 in all tissues using linear regression).

(H and I) (H) Visualization and (I) quantification of claudin 4 positive (Cldn4 + ) cells in WT mice (EGFR-dox mice not treated with doxycycline) exposed to PM and 

harvested directly after the last PM exposure, n = 5.
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Figure S8. PM exposure expands and reprograms EGFR-mutant KACs, related to Figure 4

(A) Experimental schematic depicting T, ET, and EPT mouse models of EGFR-driven LUAD, induced with Ad5-SPC-Cre via intratracheal instillation (i.t.), following 

PBS control or PM exposure. Lungs were harvested acutely post-exposure (3 weeks, 10 mice per treatment), or at 10 weeks (n = 10 mice per treatment). EPT mice 

(n = 2) were collected at the ethical endpoint, approximately 25 weeks post induction. At each time point, tdTomato + EpCAM + cells were fluorescence-activated 

cell sorting (FACS)-isolated and subject to snRNA-seq to profile AT2-lineage-tagged cells. PBS control data correspond to the SPC-Cre-induced condition 

analyzed earlier as part of cell-of-origin analyses described in Figure 2H.

(B) UMAP visualization of lung tumorigenesis profiled by snRNA-seq, labelled by condition (left) and cell state (right).

(C) Proportion quantification of cell states across conditions.

(D) Proportion quantification of KACs from PBS- and PM-exposed control and EGFR-mutant conditions at 3 weeks. Chi-squared test.

(E) Dot plot of cluster-specific markers from the mouse lung tumorigenesis snRNA-seq dataset.

(legend continued on next page)
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(F) Heatmap of differentially expressed genes comparing PBS- and PM-exposed EGFR-mutant KACs at 3 weeks. Cap of ±1.2 applied to scale.

(G) Differentially upregulated Hallmark gene sets in KACs from PM- and PBS-exposed conditions at 3 weeks.

(H–J) UMAP visualization of lung tumorigenesis profiled by snRNA-seq as described above with (H) projection of the Han et al. mouse KAC signature, 17 (I) 

Marjanovic et al. HPCS signature, 16 and (J) Choi et al. DATP signature. 21
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Figure S9. IL-1β blockade administered concurrently with PM exposure reduces the organoid-forming efficiency of EGFR-mutant epithelial 

cells, related to Figure 4

(A and B) Correlation plots depicting the relationship between the number of cells and the number of significantly differentially expressed genes (A) and the 

number of differentially expressed genes where log 2 fold change (log 2 FC) > 0.25 (B) (Pearson’s correlation).

(C) Representative images of hyperplasia, high-grade dysplasia, and moderately differentiated carcinoma in relation to Figure 4K. Scale bar, 50 μm.

(D) Representative images and quantification of organoid-forming efficiency of tdTomato + EGFR-mutant epithelial cells isolated at 3 weeks post-oncogene 

induction, from anti-IL-1β (200 μg) or hamster IgG control-treated ET mice, administered in vivo concurrently with PM exposure (50 μg), 3 exposures per week for

3 weeks. Data compiled from n = 3 independent experiments, n = 7 IgG controls, and n = 8 anti-IL-1β-treated mice.
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