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University.

Running title: Trans-omics gene-smoking interaction in lung cancer

Descriptor number: 6.6 Gene-Environment Interaction

Word count (text): 4571 Words.

At a Glance Commentary

Scientific Knowledge on the Subject:

Smoking is the well-recognized major environmental exposure for lung cancer, however, 

only a fraction of smokers develop the disease. This discrepancy points to a specific type of 

individual susceptibility, where genetic variant and environmental exposure synergistically or 

antagonistically affect lung cancer risk. Unraveling these gene-smoking interactions is critical 

for precise intervention of targeted smokers having very high risk of lung cancer, moving 

beyond a common way to understanding personal vulnerability.

What This Study Adds to the Field:

We launch a free online platform, LungCancer-xWAS-GxE, through conducting the first 

trans-omics gene-smoking interaction study of lung cancer by integrating consortium-scale 

individual genotype data and with alliance-based summary-level molecular quantitative trait 

loci (xQTL) data, involving DNA methylation, gene expression, protein, and metabolite. We 

release 0.27 million gene-smoking interaction signals, pinpoint eight key biomarkers that 

modify effect of smoking on lung cancer risk, and weave them into a novel Molecular 

Modifying Score (MMS). The MMS effectively stratifies lung cancer risk among smokers 

adjusted for age, sex and pack-year of smoking, providing a practical tool to precisely target 

and intervene the smokers at high risk of lung cancer. 
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Artificial Intelligence Disclaimer: No artificial intelligence tools were used in writing this 
manuscript.

This article has an online data supplement, which is accessible at the Supplements tab.
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Abstract

Rationale: Genetically predicted molecular traits provide a cost-effective approach for 

identifying biomarkers and uncovering underlying biological mechanisms. We extended this 

framework to investigate gene-smoking interactions in lung cancer susceptibility.

Objectives: To identify trans-omics gene-smoking interactions affecting lung cancer risk and 

to assess how biomarkers modify effect of smoking.

Methods: We conducted the first trans-omics gene-smoking interaction study of lung cancer 

by integrating consortium-scale individual genotype data (27,737 cases vs 449,910 non-cases) 

from the International Lung Cancer OncoArray Consortium (ILCCO-OncoArray), 

Transdisciplinary Research Into Cancer of the Lung (TRICL), Prostate, Lung, Colorectal, and 

Ovarian Cancer Screening Trial (PLCO), and the UK Biobank (UKB) with alliance-based 

summary-level molecular quantitative trait loci (xQTL) data, involving DNA methylation, 

gene expression, protein, and metabolite. Based on the identified biomarkers, we developed a 

molecular modifying score (MMS) to delineate gene-smoking interaction patterns and stratify 

high-risk smokers of lung cancer.

Measurements and Main Results: Eight biomarkers showing significant interactions with 

smoking were identified through a two-phase analytic strategy, comprising CpG sites in the 

nicotinic acetylcholine receptor region and gene RP11-326C3.14. The MMS, constructed by 

integrating these biomarkers with their effect estimates derived from meta-analysis of all 

available datasets, effectively stratified lung cancer risk among smokers. Trans-omics 

integrative analysis revealed functional relationships across molecular layers, particularly 

implicating the NELFE gene in smoking-related carcinogenesis pathways.
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Conclusions: The xWAS framework enables systematic discovery of trans-omics gene-

environment interactions. The MMS effectively delineates the patterns of the interaction effects 

and facilitates risk stratification. Additionally, we launched a free online platform, 

LungCancer-xWAS-GxE (http://bigdata.njmu.edu.cn/LungCancer-xWAS-GxE/). 

Word count (abstract): 249

Key words: gene-smoking interaction, genome-wide association study, lung cancer, trans-

omics, xWAS.
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Introduction

Lung cancer is one of the most prevalent and deadly malignancies worldwide, accounting for 

approximately 1.8 million deaths annually(1). It is reported that mortality burden of lung cancer 

could rise to 3 million deaths by 2040, largely driven by the ongoing smoking epidemic(2). 

Tobacco smoke contains numerous carcinogens that cause various forms of DNA damage(3), 

exerting both cytotoxic and carcinogenic effects on bronchial and lung epithelial cells(4-6). 

Notably, only about 10% of smokers develop lung cancer in their lifetime, suggesting 

substantial inter-individual variability in susceptibility to tobacco-induced lung cancer across 

populations with different genetic predispositions(7, 8). This variability can be attributed to a 

potential role for gene-smoking interactions, where the joint effects of genetic variants and 

smoking exposure differ from the sum of their independent effects(9). 

The critical importance of gene-environment (G×E) interactions in the development of 

complex diseases has gained increasing recognition. Numerous studies have demonstrated that 

genetic factors could modulate the effects of environmental exposure(10), which help explain 

part of the “missing heritability”(11). Therefore, investigating G×E interaction is essential for 

advancing precision prevention strategies and for identifying high-risk populations.

The advent of high-density genotyping has facilitated genome-wide association studies 

(GWASs), enabling the identification of genetic variants and G×E interactions associated with 

disease risk on a genome-wide scale(12-15). Our previous study identified significant gene-

smoking interactions associated with lung cancer susceptibility(8, 16, 17), while our other 
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studies have reported that DNA methylation sites could modify lung cancer prognosis(18-20). 

Given the high cost and logistical challenges of large-scale trans-omics profiling, integrating 

existing GWAS data with molecular quantitative trait loci (xQTLs) data provides a promising 

and cost-effective approach for biomarkers discovery and for elucidating underlying biological 

mechanisms within the trans-omics association study (xWAS) framework(21). While 

proteome-wide association study (PWAS)(22) and transcriptome-wide association study 

(TWAS)(23, 24) have successfully identified molecular phenotypes associated with complex 

traits, few studies have comprehensively evaluated G×E interactions across multiple omics 

layers.

Therefore, we conducted the first xWAS of lung cancer by integrating alliance-based summary-

level xQTL data with the consortium-scale individual-level genotype data, and extended it to 

G×E interaction analysis. Through a trans-omics integrative approach encompassing 

epigenome-wide association study (EWAS), TWAS, PWAS and metabolome-wide association 

study (MWAS), we aimed to investigate the roles of biomarkers in modifying the relationship 

between smoking and lung cancer risk. Using a two-phase study design (discovery and 

replication), we exclusively evaluated the gene-smoking interactions across multi-omics 

molecular biomarkers, including DNA methylation, gene expression, protein and metabolite. 

Based on the significant findings, we further quantified the modifying effects of molecular 
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biomarkers on the association between smoking and lung cancer.

Methods

The overall principle and design flowchart of the study are presented in Figure 1. First, we 

tested gene-smoking interaction terms, defined as the product of the “imputed” molecular trait 

and smoking exposure (measured in pack-years) for lung cancer susceptibility. The “imputed” 

molecular phenotypes were computed by integrating consortium-scale individual-level 

genotype data with summary-level xQTL data. We implemented a rigorous two-phase 

analytical design to validate the statistically significant interactions. Next, we additionally 

assessed the alternative smoking exposure measured in smoking status and conducted a series 

of subgroup analyses for sensitivity analyses. Finally, a molecular modifying score (MMS) was 

developed, and we conducted an integrative analysis to assess various biomarker results from 

different omics layers.

· Consortium-scale individual GWAS data

Individual-level genotype data were obtained from four datasets, including the International 

Lung Cancer OncoArray Consortium (ILCCO-OncoArray)(25), Transdisciplinary Research 

Into Cancer of the Lung (TRICL)(26), Prostate, Lung, Colorectal, and Ovarian Cancer 

Screening Trial (PLCO)(27), and the UK Biobank (UKB)(28). Detailed information of each 

study and the quality control (QC) procedures applied are provided in the online data 

supplement. Only genetically unrelated individuals of European ancestry were retained for 
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analysis. In cohort studies, only participants without any cancer diagnosis at baseline were 

considered eligible and incident lung cancers during active follow-up (median follow-up time: 

6.4 years) were defined as cases. All cohorts obtained informed consent from participants, and 

ethical approval was granted by relevant institutional review boards. 

· Alliance-based summary-level QTL data

Summary-level QTL data were profiled across four molecular layers: DNA methylation 

(meQTL), gene expression (eQTL), protein (pQTL), and metabolite (metabQTL). Specifically, 

meQTL data were derived from the GoDMC consortium (n=27,750)(29), eQTL from 

eQTLGen (n=31,684)(30), pQTL from Ferkingstad et al. (n=35,559)(31), and metabQTL from 

Shin et al. (n=7,824)(32). All data were collected from whole blood, peripheral blood, or cord 

blood specimens. Detailed information is provided in the online data supplement.

· Molecular trait prediction models

The xWAS framework contains two steps to identify lung cancer associated gene-smoking 

interactions. First, we imputed molecular traits by computing polygenic scores for each 

biomarker using LDpred2(33), a Bayesian shrinkage method that selects SNPs and estimates 

functional weights by integrating xQTL summary statistics with linkage disequilibrium (LD) 
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matrix. The polygenic scores for each molecular trait were calculated as Equation 1.

. (1)

Where Gi represents the genotype of the selected variant i, and 𝛽𝐺𝑖  denotes the corresponding 

effect sizes from the xQTL data. Only imputed biomarkers with significant heritability 

(posterior heritability ℎ2 ≥ 0.01) were retained for subsequent association testing. Further 

methodological details are available in the online data supplement.

· Association testing for xWAS

Second, we used a logistic regression model adjusted for covariates to test the gene-smoking 

interaction. To ensure the robustness and generalizability of the results, we implemented a two-

phase analytic strategy. ILCCO-OncoArray was included in the discovery phase, while TRICL, 

PLCO and UKB were used for replication. To address sample overlap between ILCCO-

OncoArray and TRICL (n = 3,669), the overlapping individuals were assigned to TRICL. 

The association tests were conducted using logistic regression models, adjusted for age, sex, 

genotyping platform (see online data supplement), and the first ten genetic principal 

components, to assess G×E interaction (Equation 2). The biomarkers were standardized in the 

regression model prior to analysis.

(2)

Where 𝜋 represents the individual’s probability of lung cancer. Gene-smoking interactions 

were considered statistically significant only if they met the following criteria: (1) Benjamini 
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& Hochberg (BH) procedure based false discovery rate (q-FDR) ≤ 0.05 in the discovery phase, 

and (2) consistent effect direction with P ≤ 0.05 in the replication phase. In order to derive 

robust estimates of gene-smoking interactions, a fixed-effect meta-analysis was used to 

combine results across all datasets. Sensitivity analyses were conducted using smoking status 

as an alternative environmental exposure, along with subgroup analyses stratified by 

histological type and sex to examine potential heterogeneity. Additionally, we launched the 

free LungCancer-xWAS-G×E online platform (http://bigdata.njmu.edu.cn/LungCancer-

xWAS-GxE/), which stores entire results for all types of biomarkers analyzed in the current 

study. 

·MMS

To quantify how molecular biomarkers modify the effects between smoking exposure and lung 

cancer risk, we developed the MMS. While mathematically similar to a polygenic risk score 

(PRS), the MMS has distinct biological interpretation which captures interaction effects. 

Individuals with higher MMS values are expected to experience greater smoking effect on lung 

cancer risk compared to those with lower MMS. It was calculated as below (Equation 3-5): 

(3)

(4)

(5)

Here, 𝛽𝐸 represents the population-average effects of smoking (measured in pack-years) and 
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𝛽𝑋𝐸 × 𝑋 denotes the individual-level effects attributable to genetically predicted molecular 

traits. To avoid collinearity, only the most significant biomarker was retained from any 

correlated pairs with Pearson's correlation coefficient | ρ | > 0.7. 

We stratified the population into three groups based on MMS tertiles. Lung cancer risk in 

relation to smoking exposure was then evaluated within each group. Generalized additive 

models (GAMs) were fitted separately by sex to estimate age-specific lung cancer incidence at 

ages 50, 60, and 70 in the UKB population. Differences in predicted risk across MMS groups 

were interpreted as the excess risk due to distinct genetic background.

· Trans-omics integrative analysis

To uncover the potential trans-omics regulatory relationships, we performed an integrative 

analysis by assessing correlation between genetically determined molecular biomarkers across 

different layers. Following the Central Dogma, which holds that heritable genetic information 

in DNA undergoes epigenetic modifications (e.g. DNA methylation at CpG sites) that regulate 

its transcription into mRNA and subsequent mRNA translation into protein, we aimed to 

identify trans-omics molecular paths (DNA methylation → gene expression → protein 

abundance → metabolites level) consisting of correlated biomarkers which yields to gene-

smoking interaction. To maximize the number of molecular paths, we applied a loosen criterion 

to select the CpG site as a starting point, if its q-FDR ≤ 0.05 in the meta-analysis. Then, we 

picked up gene expressions which met below criteria: (1) The gene expression is significantly 

(q-FDR ≤ 0.05 and correlation coefficients | ρ | > 0.3) associated with the identified CpG site 
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which contributes to the gene-smoking interaction; (2) The gene expression and smoking 

exhibits significant (P ≤ 0.05) interaction effect on lung cancer risk. Second, we chose proteins 

which linked to gene expression using the same criteria. Finally, metabolites linked to proteins 

was analyzed in a same manner.

Results

· Demographic and clinical characteristics of study participants 

A total of 27,737 incident lung cancer cases and 449,910 non-cases of European ancestry 

passed QC, with all individuals genetically confirmed to be unrelated (Figure E1). Table 1 

presents demographic characteristics of lung cancer cases and non-cases (controls) across the 

four datasets. Lung cancer cases exhibited higher smoking pack-years and greater proportion 

of current smokers, as well as a lower proportion of never smokers compared to non-cases 

across all datasets. Furthermore, the histological subtypes of lung cancer were similarly 

distributed across the four studies.

· Acceptable performance of predicted molecular traits 

We used alliance-based xQTL summary-level data, involving 244,533 CpGs, 19,942 genes, 

4,907 proteins, and 486 metabolites, to impute four types of molecular biomarkers for 

individuals with genotype data in ILCCO-OncoArray, TRICL, PLCO and UKB using LDpred2. 

Finally, 127,621 CpGs, 13,039 genes, 4,730 proteins and 298 metabolites were successfully 
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predicted. Figure 2 illustrates the distribution of median heritability (ℎ²) estimated across 30 

replications for the predicted biomarkers across the four omics layers. Totally, for the entire 

145,688 biomarkers, 103,317 (70.9%), 25,294 (17.4%), 5,954 (4.9%) and 1,619 (1.1%) 

biomarkers had ℎ² > 0.01, ℎ² > 0.1, ℎ² > 0.3 and ℎ² > 0.5, respectively. Only reliable biomarkers 

who met below criteria were retained for downstream association analyses: (i) ℎ² > 0.01 in the 

current prediction model, and (ii) median of ℎ² > 0.01 across 30 replications (see online data 

supplement). As a result, 89,073 out of 89,186 (99.9%) DNA methylation, 9,012 out of 9,418 

(95.7%) genes, 4,225 out of 4,571 (92.4%) proteins, and 140 out of 142 (98.6%) metabolites 

were remained in the subsequent analyses. The heritability of current biomarker prediction 

model is highly in accordance with the median posterior heritability estimated across 30 

replications (Figure E3), indicating these predicted biomarkers are robust and reliable. Since 

the “sparse” option was set in LDpred2, we obtained number of SNPs used to predicted each 

biomarker. There is a weak but significant (Pearson’s ρ = 0.04, P < 0.001) correlations between 

heritability and the number of SNPs included in the prediction model across four omics layers. 

The median of the number of SNPs for predicted DNA methylation (86), gene expression 

(7,239), protein (415,460) and metabolite (340,348) biomarkers exhibited significant 

difference among four layers (Kruskal-Wallis test: P < 0.001). As shown in Figure E3, more 

pQTLs and metabQTLs were utilized to predict proteins and metabolites, which likely results 
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in higher heritability of them. 

· Significant gene-smoking interactions identified by the two-phase study

In the discovery phase, we identified 53 CpG sites, 14 gene expressions, and 4 proteins 

significantly associated with smoking-related lung cancer risk (q-FDR ≤ 0.05; Table E1), while 

no metabolites reached significance threshold. In the replication phase, seven CpG sites and 

one gene were successfully replicated (P ≤ 0.05) with consistent directions of effect (Table 2). 

Among the significant CpG sites, four were located in the chromosome 15q25.1 region, which 

harbors the nicotinic acetylcholine receptors gene cluster (CHRNA3/5-CHRNB4-IREB2) (e.g., 

cg13714459IREB2: Pdiscovery = 7.83×10-9, q-FDRdiscovery = 3.49×10-4 and Preplication = 8.02×10-3). 

Two CpG sites are located in the RDM1 gene at 17q12 (e.g., cg02662658RDM1: Pdiscovery = 

1.91×10-6, q-FDRdiscovery = 1.08×10-2 and Preplication = 2.55×10-2), and one CpG site, cg15034267, 

is located within the body of GTPBP1 gene within 22q13.1 region (cg15034267GTPBP1: Pdiscovery 

= 1.08×10-6, q-FDRdiscovery = 8.31×10-3 and Preplication = 4.38×10-2). One gene expression locus, 

RP11-326C3.14, located at 11p15.5, was observed significant in our two-phase design 

(Pdiscovery = 7.21×10-6, q-FDRdiscovery = 1.63×10-2 and Preplication = 5.17×10-3). Pairwise 

correlations between the identified biomarkers are shown in Figure E4. 

To enhance the robustness of our effect estimates, we conducted a comprehensive meta-

analysis integrating results from both discovery and replication phases. All gene-smoking 

interactions identified in the two-phase analysis remained significant in the combined dataset 

(Figure 3). Moreover, the meta-analysis identified additional 138 biomarkers exhibiting 
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significant interactions with smoking (q-FDR ≤ 0.05, Table E2). Quantile-quantile (Q-Q) plots 

for the meta-analysis results are shown in Figure E5. The most significant signal remained 

within the nicotinic acetylcholine receptors region (e.g., cg13714459IREB2, Pmeta = 3.73×10-8).

· The influence patterns of significant gene-smoking interactions

The patterns of 8 gene-smoking interactions identified through the two-phase analytic strategy 

were exhibited in the combined data in Figure E6. The odds ratio (OR) for smoking pack-years 

in relation to lung cancer risk in the overall population was 1.032 (95%CI: 1.031–1.033). 

Higher levels of five biomarkers (cg13714459, с919941054, cg20622131, сg15034267 and 

RP11-326C3.14) were associated with an increased carcinogenic effect of smoking, while 

elevated levels of сg13561554, сg02662658 and cg26989927 were found to attenuate the 

smoking-related risk of lung cancer, highlighting biologically distinct modification patterns. 

To explore the effects of pack-years on lung cancer across different levels of the eight 

significant biomarkers, each biomarker was categorized into a three-level factor (low, medium 

and high) based on tertiles in the combined dataset. The forest plot revealed that the effect of 

pack-years varied across subpopulations with different epigenetic or transcriptional profiles 

(Figure E7). For example, among individuals with lower methylation levels of cg13714459, 

the association between 10 smoking pack-years and lung cancer risk showed an OR of 1.324, 

whereas in those with higher level of cg13714459, OR increased to 1.398. Significant 
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heterogeneity was observed across three subpopulations (Pheterogenity = 1.75×10-10).

· Additional signals observed in sensitivity analysis by smoking status

In the sensitivity analysis, we reassessed the eight identified interactions using smoking status 

instead of pack-years as the environmental exposure. While the results remained consistent 

with those from the primary analysis in the discovery phase, three biomarkers (cg02662658, 

cg26989927 and cg15034267) failed to reach significance in the replication phase. This 

discrepancy may be due to information loss caused by categorizing a continuous variable 

(pack-years of smoking) into a binary variable (smoking status), which might reduce statistical 

power in hypothesis testing. Nevertheless, all biomarkers showed significant interactions with 

smoking status in the combined dataset (Table E5). 

Using the same two-phase analytical strategy, we examined interactions between all types of 

biomarkers and smoking status (Figure E8-9). Ten CpG probes sites showing statistically 

significant interactions with smoking status (Table E6). Four probes (cg13714459, cg19941054, 

cg20622131 and cg13561554) replicated findings from our primary analysis. Besides, six new 

biomarkers were additionally identified. The results of meta-analysis were provided in Table 

E7.

· General signals observed by subgroup analysis stratified by subject characteristics

The gene-smoking interaction effects of most biomarkers were similar across different sex and 
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histological type strata, suggesting that these interactions are general, and not limited to specific 

subpopulations (Table E8). In contrast, the modifying effects of cg26989927RDM1, 

cg02662658RDM1 and RP11-326C3.14 were observed exclusively in lung adenocarcinoma 

(LUAD), suggesting a more specific role in LUAD pathogenesis (Figure E10-17). In addition, 

significant (q-FDR ≤ 0.05) gene-smoking interactions in subgroups by sex or histological type 

are shown in Manhattan plots (Figure E18-23).

· MMS empowers the ability of identifying smokers at high risk of lung cancer

The MMS quantifies the extent to which genetics exacerbate the effect of smoking on lung 

cancer risk. Five relatively independent biomarkers (cg13714459, cg13561554, cg26989927, 

cg15034267 and RP11-326C3.14) were selected for MMS construction, with the weights 

determined by coefficients obtained from the meta-analysis across four datasets. The proposed 

MMS could effectively stratify the population with given age and sex (Figure 4). Individuals 

in the high MMS group consistently exhibited a higher risk of lung cancer. As pack-years 

increased, the lung cancer risk differences among the MMS groups became more pronounced. 

It is interesting that, given the same age (e.g., 50), smoking pack-years (e.g., 40) and MMS 

group (e.g., high), female lung cancer incidence is slightly higher than that of male, which has 

been observed in many studies(34, 35). Anyway, females had a lower smoking prevalence 

(42.8% vs 56.5%, P < 0.001) and fewer pack-years (23.4 vs 31.7, P < 0.001) compared to 

males, inducing lower lung cancer incidence overall. 

MMS is not a score predicting individual lung cancer risk. Instead, MMS can be understood as 
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an extra smoking effect attributed to individual susceptibility. Since MMS is not designed to 

improve lung cancer prediction performance, the increase of predictive power (e.g., AUC) by 

MMS is slight in the overall population (AUCcovariate = 0.8392 vs AUCcovariate+MMS×pack-year = 

0.8416). Anyway, we still observed that the increase of overall discrimination ability of age, 

sex and pack-year of smoking from low to high MMS group (Figure E24).

 

· Trans-omics integrative analysis

Trans-omics integrative analysis revealed molecular pathways comprising correlated 

biomarkers across omics layers that contribute to gene-smoking interactions in lung cancer 

susceptibility (Figure 5). Bands connecting adjacent layers represent significant inter-omics 

correlations. Consistent with genetic principles, the strongest correlations occurred between 

biomarkers in close genomic proximity (cis-acting), while fewer associations were observed 

between biomarkers on different chromosomes or distant regions of the same chromosome 

(trans-acting). Specifically, we identified 55 DNA methylation probes correlating with 26 gene 

expression levels, all occurring in cis. Notably, only one gene expression biomarker, NELFE, 

exhibited trans-acting associations with three downstream protein levels. Among these 

proteins, ANAPC7 showed correlations with 19 metabolites. Given the localization of the 

NELFE gene within the major histocompatibility complex (MHC) class III region on 

chromosome 6, the observed downstream trans-omics associations likely reflect functional 

biological relationships rather than direct genomic proximity.
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Discussion

Under the xWAS framework, we systematically evaluated gene-smoking interactions in lung 

cancer using trans-omics data encompassing epigenomics, transcriptomics, proteomics, and 

metabolomics. Through a rigorous two-phase analytical strategy, we identified eight 

biomarkers, including seven CpG sites and one gene expression. Building on these findings, 

we innovatively developed the MMS that delineate how genetic predisposition modifies the 

effect of pack-years on lung cancer risk. The MMS enables effective population risk 

stratification while accounting for gene-smoking interaction.

The primary criterion for assigning studies to the discovery and replication phases was the 

balance of statistical power, with an effective sample size ratio of approximately 1:1. The 

effective sample size of a study for dichotomous outcome is calculated as

, which accounts for the number of cases and controls(36). 

Based on this formula, ILCCO-OncoArray contributed 30,272 effective sample size, TRICL 

10,434, PLCO 7,002, and UKB 17,257. To achieve a balance between two phases, we therefore 

allocated the TRICL to the replication phase, together with PLCO and UKB. We acknowledge 

the theoretical difference between case-control design (TRICL) and cohort design 

(PLCO/UKB). The rationale for combining the coefficients derived from logistic models using 

samples in case-control and cohort study designs is based on a methodological paper by 

Prentice and Pyke (1979)(37), which demonstrates that the coefficient derived from logistic 

regression model is invariant to retrospective sampling in the case-control design, and is 

equivalent to the estimate from prospective sampling in the cohort design. Despite potential 

selection bias, Cochran or meta-analysis guideline suggests that multiple results can be pooled 
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when there is no heterogeneity across different studies(38). Hence, we performed heterogeneity 

tests across the datasets in the replication phase to empirically assess the feasibility of 

combining the TRICL case-control study with the PLCO/UKB cohort studies. The well-

established criterion of heterogeneity in omics study is that Q-test P ≤ 0.10 (39, 40) or I2 > 75% 

suggested by Winkler published in Nature Protocols(41). Our results (see Table E9) showed 

non-significant (q-FDR > 0.2 and I2 < 75%) heterogeneity between TRICL case-control study 

and PLCO/UKB cohort studies after multiple testing corrections. Therefore, this empirical 

evidence supports combining multisource results in a meta-analysis, which is an acceptable 

approach in genomic epidemiology(42, 43).

While the utility of predicted molecular biomarkers for revealing disease mechanisms has been 

increasingly demonstrated under xWAS framework(21, 44, 45), which effectively addresses 

the limited availability of individual-level multi-omics data, our study extends this paradigm 

by investigating biomarkers-smoking interactions. These interactions not only help explain 

missing heritability in lung carcinogenesis but also reveal potential molecular pathways 

underlying tobacco-related lung cancer development(46, 47). As shown in Figure 1, the 

association between the actual molecular trait 𝑋 and the disease 𝑌 could be affected by 

unobserved confounders 𝑈, such as diet and education(48). In this study, we used genetically 

determined molecular traits 𝑋, imputed from genotype data and xQTL summary statistics, to 

represent 𝑋. Since the unobserved confounders 𝑈 are independent of 𝑋, they are not a 

concern anymore. Notably, causal path ① or ② indicates the possible mechanisms of 

interplay between genetic and smoking factors, leading to significant differences in tobacco-
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related susceptibility.

Meanwhile, we compared the heritability distributions of predicted biomarkers with several 

previous studies (21, 49). The heritability distribution may depend on the type of the molecular 

biomarker(50). These existing evidences also exhibit large variation of the heritability across 

different omics layers. Anyway, even though there is prediction error and some biomarkers 

have low heritability, it does not cause inflation of type I error in xWAS framework according 

to error-in-variables theory(51, 52). Therefore, it does not compromise our conclusions.

Our two-phase study identified several novel and biologically plausible biomarkers, with the 

most significant signals being DNA methylation probes in the 15q13.3 region, which 

encompasses IREB2 and CHRNA3/5. This region, encoding nicotinic acetylcholine receptors, 

was reported to show consistent association with lung cancer in previous studies across diverse 

populations(53, 54). In addition, two CpG sites, cg02662658, and cg26989927, were identified 

within the 17q12 region of the RDM1 gene. RDM1 demonstrates overexpression at both mRNA 

and protein levels in human lung tumors, particularly in lung adenocarcinoma. Experimental 

evidence from in vitro and in vivo studies suggests that RDM1 functions as an oncogene in lung 

adenocarcinoma and contributes to cell survival and proliferation in NSCLC, likely through its 

role in DNA repair capabilities(55, 56). Although RDM1 has not been implicated in lung cancer 

susceptibility by GWAS to date, our findings provide supporting evidence at the methylation 

level for the role of RDM1. Furthermore, we identified a CpG site, cg15034267, located within 

the body of the GTPBP1 gene on chromosome 22(22q13.1). The GTP-binding protein (GTPBP) 

family, characterized by GTPase activity, has been shown to play a critical role in cancer(57), 

although evidence from in vivo and in vitro studies on its carcinogenic mechanisms remains 
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limited. Notably, our study offers comprehensive evidence that smoking interacts with the 

carcinogenic effects of these genes, revealing their potential biological mechanisms in lung 

cancer development.

The MMS developed in this study provides insights into the interaction between genetic 

predisposition and smoking-related lung cancer risk. Our findings show that females have a 

slightly higher lung cancer risk than males after adjusting for smoking pack-years and age. This 

is consistent with growing evidence suggesting that females are more susceptible to smoking-

related pulmonary diseases(34). Unlike traditional polygenetic risk score, which assume a static 

genetic risk on the outcome, our MMS demonstrates that genetic predisposition interacts with 

modifiable lifestyle factors, such as smoking. This highlights the potential for personalized 

interventions that account for both inherited and environmental influences(58). Our findings 

underscore the importance of incorporating both genetic information and lifestyle 

modifications for more effective cancer prevention, such as smoking cessation(59). 

Our study had several strengths. First, we integrated consortium-scale individual-level GWAS 

data of lung cancer with alliance-based summary-level xQTL data to detect gene-smoking 

interactions, making this the largest trans-omics G×E study of lung cancer to date. Second, we 

applied a two-phase analytic strategy to ensure the robustness of the identified biomarkers. 

Biomarkers were selected in a discovery phase using the BH procedure at q-FDR ≤ 0.05 and 

further tested in a replication phase at the nominal level 0.05, the overall FDR of the entire 

study is actually controlled at level 0.05×0.05×Π0 (where Π0 is the proportion of true null 

hypotheses)(60, 61). The two-phase criterion is more conservative than the single-phase 

threshold where FDR is controlled at 0.05Π0. Therefore, the nominal significance level for the 
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replication phase was widely applied in omics studies(62-64). As a secondary analysis, we 

conducted a meta-analysis of all four studies to maximize statistical power and ensure the 

largest sample size for detecting G×E interaction(65-67). Indeed, additional significant signals 

were identified beyond those found in the two-phase design. Importantly, all 8 gene-smoking 

interactions identified in the replication-based analysis remained statistically significant, 

confirming their robustness. Finally, we developed the MMS, which enhances the potential for 

individualized lung cancer prevention strategies. This integrative and rigorous approach 

provides novel insights into the complex interplay between genetic predisposition and smoking, 

laying a solid foundation for future research on lung cancer susceptibility and targeted 

interventions.

However, we acknowledge several limitations. First, due to the potential horizontal pleiotropy 

of genetic variants, we could only identify associations rather than causality. Currently, no 

effective tools exist to fully account for pleiotropy in G×E interaction studies. Second, the 

xWAS framework has inherent limitations. Its performance is constrained by the heritability 

of molecular biomarker, which measures the reliability of the genetic prediction. As a results, 

biomarkers with h2 < 0.01 were excluded due to limited statistical power, in accordance with 

criterion used by existing studies. Third, both the xQTL and GWAS datasets were derived from 

individuals of European ancestry, which limits the generalizability of our findings to other 

populations. In future, it is anticipated to confirm our findings in populations of diverse 

ancestries. Fourth, since all lung cancer GWAS data was derived from blood sample, we 

therefore only used QTL data derived from blood sample for the sake of consistency. We aim 

to produce blood sample based multi-omics biomarkers, which are distinct from single- or 
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cross-tissue somatic mutations that drive tumorigenesis. Though these identified G×E 

interactions may be diverse among different lung cancers driven by different somatic mutations 

(e.g., KRAS and BRAF), there is no somatic mutation data of participants in our study for 

analysis. However, we performed stratified analyses by histological subtype for these 8 

interactions in the combined set. Four interactions exhibited significance in both LUAD and 

LUSC subgroup analyses, while four interactions exclusively contributed to LUAD risk, 

indicating both genetic similarity and heterogeneity exist between LUAD and LUSC. Finally, 

the statistical power of G×E study under xWAS framework is relatively lower compared to 

traditional study of main effect of biomarker(23, 68). Therefore, we observed fewer signals in 

both discovery and validation phases. Though another additional replication is helpful to 

confirm the significances of these signals, we have already utilized all available consortium-

scale GWAS data and alliance-based xQTL data. Additionally, potential selection bias may be 

introduced in case-control studies and can never be entirely ruled out in observational research. 

Therefore, in vivo and in vitro experiments are warranted to verify whether and how these 

biomarkers modify the smoking effect on lung tumorigenesis.

In conclusion, we perform the first trans-omics gene-environment interaction study to uncover 

biomarkers that modify smoking effect and quantify the extent to which genetics exacerbate 

the smoking effect on lung cancer risk. Furthermore, we launched an open-access online 
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platform, LungCancer-xWAS-GxE to share the signals across different omics layers with the 

community, which was available at http://bigdata.njmu.edu.cn/LungCancer-xWAS-GxE/.

Data availability

Access URLs for four lung cancer GWAS individual data are as following： 

 ILCCO-OncoArray data are available from 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001273.v3.p2.

 TRICL data are available from https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs001681.v1.p1. 

 PLCO data are available from https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi-study_id=phs001286.v2.p2. 

 UK Biobank data are available from https://www.ukbiobank.ac.uk/. 

Access URLs for four types of xQTL summary statistics as following: 

 Methylation QTL statistics are available from http://mqtldb.godmc.org.uk/. 

 Expression QTL statistics are available from https://www.eqtlgen.org. 

 Protein QTL statistics are available from https://www.decode.com/. 

 Metabolite QTL statistics are available from http://metabolomics.helmholtz-

muenchen.de/gwas. 
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The following are the URLs of the software used in this article: 

 PLINK 2.0: https://www.cog-genomics.org/plink/.

 TOPMed imputation server: https://imputation.biodatacatalyst.nhlbi.nih.gov/#!.

 R v4.3.0: https://www.r-project.org/.

 KING: https://www.kingrelatedness.com/manual.shtml.

 LiftOver: https://genome.ucsc.edu/cgi-bin/hgLiftOver.

 R package bigsnpr: https://github.com/privefl/bigsnpr.

 R package metafor: https://cran.r-project.org/web/packages/metafor/index.html.
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Figure Legends

Figure 1. The principle of xWAS framework and overall design flowchart.

(A) The causal diagram illustrates the principle of standard xWAS framework. 𝐺 represents 

SNPs used to build a prediction model. 𝑋 represents unobserved molecular traits. 𝑋 

represents predicted molecular biomarkers using genotype and xQTL data. In xWASs, 

association tests are conducted between 𝑋 and outcomes Y, thereby avoiding confounding by 

𝑈. (B) The causal diagram of G×E analysis within the xWAS framework. The interaction 

between 𝑋 and E is considered, reflecting how E may interact with molecular biomarker. Both 

causal paths ① and ② may contribute to the modifying effects. (C) The flowchart of the 

overall study design.

Figure 2. Distribution of heritability of molecular biomarkers estimated by LDpred2.

The heritability of molecular biomarkers (ℎ2) estimated by LDpred2 is used to measure the 

accuracy of prediction models. Pie charts reflect the number of molecular biomarkers in a 

particular ℎ2 range.

Figure 3. The Manhattan plot of the interaction between genetically determined 

molecular biomarkers and pack-year of smoking on lung cancer risk under the xWAS 

framework.

Red dots indicated the identified biomarkers through two-phase analytic strategy. The dots 

above the green dash lines represent biomarkers with q-FDR ≤ 0.05 in the combined set.
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Figure 4. Predicted probability of lung cancer risk stratified by age, smoking pack-years 

and molecular modifying score (MMS) group. 

Panels (A) to (E) show the predicted lung cancer risk at ages 50, 60, and 70 for males and 

females in the UK Biobank stratified by MMS group. Vertical gray dashed lines indicate the 

mean pack-year of smoking stratified by sex.

Figure 5. Results of trans-omics integrative analysis across four omics layers.

The bands represent the correlation between predicted biomarkers across different molecular 

layers. Only correlations with q-FDR ≤ 0.05 and Pearson’s | ρ | > 0.3 are presented in the figure.
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Figure 1
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Figure 2
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Figure 3
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Figure 4
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Figure 5 
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Table

Table 1. Demographic and clinical characteristics of lung cancer cases and non-cases in ILCCO-OncoArray, TRICL, PLCO and UK Biobank.

Discovery Phase Replication Phase
ILCCO-OncoArray TRICL PLCO UKBCharacteristics
Case Control Case Control Incident LC Non-LC Incident LC Non-LC

Sample size 16606 13905 4975 5484 1787 85821 4369 344700
Age (years) * 64.1 ± 10.5 61.8 ± 10.5 60.9 ± 10.0 58.6 ± 9.3 64.1 ± 5.1 61.8 ± 5.1 69.0 ± 6.7 57.9 ± 8.4
Sex, n (%)

Male 10285 (61.9%) 8308 (59.7%) 2676 (53.8%) 2941 (53.6%) 1080 (60.4%) 39749 (46.3%) 2281 (52.2%) 166580 (48.3%)
Female 6321 (38.1%) 5597 (40.3%) 2299 (46.2%) 2543 (46.4%) 707 (39.6%) 46072 (53.7%) 2088 (47.8%) 178120 (51.7%)

Smoking status, n (%)
Never 1612 (9.9%) 4378 (32.3%) 499 (10.3%) 1653 (30.2%) 153 (8.7%) 42210 (50.0%) 708 (16.4%) 188011 (54.8%)
Former 6440 (39.7%) 5536 (40.8%) 1755 (36.0%) 1942 (35.5%) 92 (52.5%) 35763 (42.4%) 1961 (45.4%) 121127 (35.3%)
Current 8169 (50.4%) 3656 (26.9%) 2618 (53.7%) 1875 (34.3%) 679 (38.8%) 6448 (7.6%) 1653 (38.2%) 34100 (9.9%)
Unknown 385 335 103 14 34 1400 47 1462

Pack-year† 41.0 ± 31.5 19.9 ± 24.6 40.7 ± 28.8 25.1 ± 26.0 53.6 ± 36.3 16.0 ± 24.9 38.0 ± 23.8 22.2 ± 18.4
Histology, n (%)

LUAD 6877 (41.4%) - 2114 (42.5%) - 710 (39.7%) - 1272 (29.1%) -
LUSC 4038 (24.3%) - 1083 (21.8%) - 339 (19.0%) - 618 (14.1%) -
SCC 1751 (10.5%) - 538 (10.8%) - 239 (13.4%) - 313 (7.2%) -
Others‡ 3940 (23.7%) - 1240 (24.9%) - 499 (27.9%) - 2166 (49.6%) -

All participants included in the analysis are of European ancestry, which were confirmed by the 1000 Genomes Project reference panel.
*In ILCCO-OncoArray and TRICL studies, the age for lung cancer cases refers to the age at diagnosis, while for controls, it refers to the age at blood sample 
collection. In the PLCO study, age for both cases and non-cases was recorded at the time of randomization. In the UKB study, age for incident cases was defined at 
lung cancer diagnosis after enrollment, while for non-cases, it was defined at last follow-up. Age is described as mean ± standard deviation (SD). 
†The smoking histories were assessed by baseline questionnaires in PLCO and UKB studies. Pack-year of smoking is expressed as mean ± SD. The pack-years of 
never smoker is imputed to be zero. 
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‡Other histological types include those recorded as unknown in the electronic records.
Abbreviation: LC, lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; SCC, small-cell lung cancer.
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Table 2. Significant gene-smoking interactions identified by the two-phase analytic strategy.

Discovery Phase Replication Phase Meta-analysis
Biomarker CHR h2 Gene

Beta (95% CI) P q-FDR Beta (95% CI) P Beta (95% CI) P
Methylation

cg13714459 15 0.04 IREB2 0.016 (0.011, 0.022) 7.83×10-09 3.49×10-04 0.005 (0.001, 0.009) 8.02×10-03 0.009 (0.006, 0.012) 3.73×10-08

cg19941054 15 0.05 IREB2 0.015 (0.010, 0.020) 4.37×10-08 9.73×10-04 0.005 (0.001, 0.009) 7.05×10-03 0.008 (0.005, 0.011) 1.05×10-07

cg20622131 15 0.02 CHRNB4-RP11-335K5.2 0.021 (0.013, 0.028) 1.04×10-07 1.54×10-03 0.006 (0.000, 0.011) 4.28×10-02 0.011 (0.007, 0.016) 1.64×10-06

cg13561554 15 0.12 IREB2-HYKK -0.007 (-0.010, -0.004) 1.12×10-06 8.31×10-03 -0.002 (-0.004, -0.000) 1.57×10-02 -0.004 (-0.005, -0.002) 3.62×10-06

cg02662658 17 0.04 RDM1 -0.012 (-0.017, -0.007) 1.91×10-06 1.08×10-02 -0.004 (-0.008, -0.001) 2.55×10-02 -0.007 (-0.010, -0.004) 2.58×10-06

cg26989927 17 0.03 RDM1 -0.014 (-0.020, -0.008) 7.87×10-06 2.93×10-02 -0.006 (-0.011, -0.002) 9.58×10-03 -0.009 (-0.013, -0.005) 1.73×10-06

cg15034267 22 0.06 GTPBP1 0.009 (0.005, 0.012) 1.08×10-06 8.31×10-03 0.003 (0.000, 0.005) 4.38×10-02 0.005 (0.003, 0.007) 7.19×10-06

Expression
RP11-326C3.14 11 0.09 0.017 (0.009, 0.024) 7.21×10-06 1.63×10-02 0.007 (0.002, 0.012) 5.17×10-03 0.010 (0.006, 0.014) 1.32×10-06
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