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Abstract

Despite lung cancer affecting all races and ethnicities, disparities are observed in incidence 

and mortality rates among different ethnic groups in the United States. Non-Hispanic African 

Americans had a high incidence rate of lung cancer at 55.8 per 100 000 people, as well as 

the highest death rate at 37.2 per 100 000 people from 2016 to 2020. While previous genome-

wide association studies (GWAS) have identified over 45 susceptibility risk loci that influence 

lung cancer development, few GWAS have investigated the etiology of lung cancer in African 

Americans. To address this gap in knowledge, we conducted GWAS of lung cancer focused 

on studying African Americans, comprising 2267 lung cancer cases and 4264 controls. We 

identified three loci associated with lung cancer, one with lung adenocarcinoma, and four with 

lung squamous cell carcinoma in this population at the genomic-wide significance level. Among 

them, three novel loci were identified near VWF at 12p13.31 for overall lung cancer and GACAT3 
at 2p24.3 and LMAN1L at 15q24.1 for lung squamous cell carcinoma. In addition, we confirmed 

previously reported risk loci with known or new lead variants near CHRNA5 at 15q25.1 and 

CYP2A6 at 19q13.2 associated with lung cancer and TRIP13 at 5p15.33 and ERC1 at 12p13.33 

associated with lung squamous cell carcinoma. Further multi-step functional analyses shed light 

on biological mechanisms underlying these associations of lung cancer in this population. Our 

study highlights the importance of ancestry-specific studies for the potential alleviation of lung 

cancer burden in African Americans.
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Introduction

Lung cancer has a high impact on African Americans, among other populations, in the 

United States [1]. Both African American men and women had a high rate of developing 

lung cancer at 58.2 per 100 000 people and the highest death rate at 33.4 per 100 000 

people from 2016 to 2020 [1]. In 2020, non-Hispanic African American men had the highest 

incidence rate at 60.6 per 100 000 people and the highest death rate at 45.7 per 100 000 

people.

While previous genome-wide association studies (GWAS) of lung cancer have discovered 

over 45 risk loci [2], a large proportion of the heritability of lung cancer remains 

unexplained. Moreover, most single population-based GWAS have been performed in 

Europeans. Although a few East-Asian ancestry-specific genetic studies [3–5] and two 

cross-ancestry studies [6, 7] have been conducted so far, non-European ancestry-specific 

GWAS of lung cancer has been underrepresented [8]. African Americans have a higher lung 

cancer incidence and poorer lung cancer survival rate, while they smoke fewer cigarettes 

per day and have different genetic aspects of nicotine metabolism compared to Europeans, 

which implies unknown potentially complex risk factors [9–11]. Few comprehensive GWAS 

of lung cancer focused on studying African Americans and have been conducted in a 

modest sample size, confirming a few loci previously identified in European and/or Asian 

populations but have not identified new loci specific to African Americans [2, 8, 10]. More 

recently, the Million Veteran Program (MVP) performed a GWAS of overall lung cancer 

in 2438 African American cases and identified a new locus specific to this population due 

to differences in allele frequency [12]. Given differences in genetic architectures, including 

allele frequencies and linkage disequilibrium in African Americans compared to Europeans, 

GWAS focusing on this population can potentially identify new loci as well as new variants 

from known susceptibility loci in lung cancer.

We leveraged the existing large-scale cross-ancestry GWAS datasets [6], which were 

not fully explored, for ancestry-specific analyses to investigate genetic susceptibility loci 

associated with lung cancer and histological subtypes in African-ancestry populations. We 

conducted genome-wide association analyses and genome-wide meta-analysis (GWMA) 

on a dataset comprising 2267 lung cancer cases and 4264 controls of African Americans 

to identify common and low-frequency genetic susceptibility variants associated with 

lung cancer and its subtypes. We then performed multi-step functional annotation on the 

newly identified genetic loci to prioritize risk variants specific to African-ancestry and to 

understand the biological mechanisms affecting lung cancer susceptibility in this population. 

Specifically, we used Functional Mapping and Annotation of GWAS platform (FUMA 

GWAS) [13], Functional Annotation of Variants—Online Resource platform (FAVOR) [14], 

ProteomicsDB [15], STRING [16], and RegulomeDB [17]. We also surveyed the pleiotropic 

effect of the sentinel SNP on various human traits of each locus identified in lung cancer 

GWMA in this population.
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Results

Identification of lung cancer risk loci in African Americans

Leveraging the recent cross-ancestry GWAS in lung cancer [6], we selected 6531 African 

Americans from three studies, the OncoArray Consortium of Lung Study (ONCO), Lung 

Cancer and Smoking Phenotypes in African American Cases and Controls (AA-NCI), and 

INflammation, Health, Ancestry and Lung Epidemiology study (INHALE), to perform 

GWAS in this population (Table 1). Associations of 15 462 133, 15 424 778, and 14 

438 297 genetic variants for overall lung cancer (Lung), lung adenocarcinoma (ADE), and 

lung squamous cell carcinoma (SQC) were subjected to meta-analysis using METASOFT 

[18] to achieve optimal statistical power, with fixed effects model based on inverse-variance-

weighted effect size. We performed a meta-analysis on all the available samples, rather than 

implementing a two-stage discovery-replication approach, since Skol et al. demonstrated this 

approach as generally more powerful [19]. The study workflow shown in Fig. 1 summarizes 

the steps from data preparation to subsequent analyses in the present study. There was no 

evidence of genomic inflations for Lung (λLung = 1.013) or any histologic subtypes, ADE 

and SQC (λADE = 0.992; λSQC = 0.989), implying that residual population stratification 

is unlikely to influence association statistics within individual genome-wide association 

analyses and combined meta-analysis (Fig. 2). GWMA identified three, one, and four 

susceptibility loci associated with Lung, ADE, and SQC at the genome-wide significance 

level of P ≤ 5 × 10−8, respectively. Top GWMA results in this population are reported in 

Table 2, and genomic loci associated with lung cancer risk at a suggestive significance level 

of P ≤ 10−5 for lung cancer overall and adenocarcinoma and squamous carcinoma specific 

strata are reported in Supplementary Tables 1–3. Genomic regional association plots for the 

top genetic variants discovered in GWMA are shown in Supplementary Fig. 1.

Among the significant loci, two loci for overall lung cancer (15q25.1 and 19q13.2), one 

for ADE (15q25.1), and two for SQC (5p15.33 and 12p13.33) were reported in previous 

GWAS [2, 6, 8, 10] (Table 2), including two loci (5p15.33 and 15q25.1) reported in African 

Americans [10]. Confirmation of these loci was either with already reported or newly 

identified lead variants (Table 2, Fig. 2, Supplementary Tables 1–3). Among them were the 

loci implicated in smoking behaviors (Ever and Never smokers) [10], such as rs17486278 

and rs55781567 within CHRNA5 at 15q25.1 and rs144437384, in CYP2A6 at 19q13.2. [2]. 

It has been observed that the intronic variant, rs2853677, in TERT at 5p15.33, has consistent 

effects across diverse populations [6] and was previously reported in African Americans 

[10]. In our study, this variant displayed an association with overall lung cancer and ADE 

at a suggestive genome-wide significance level of P < 10−5 (Supplementary Tables 1 and 

2). Further, we identified two new lead variants associated with SQC at two known loci: 

rs115287843, between TRIP13 and LOC100506688 at 5p15.33 and rs113048688 in ERC1 
at 12p13.33 (Table 1, Supplementary Table 3, Supplementary Fig. 1f–g). The new lead 

variants were defined to be within ±250 kb of a previously reported variant with an r2 < 0.6 

(1000 Genomes AFR population) [20]. These two new lead variants for SQC showed low 

allele frequencies in our dataset (EAF = 0.02 for rs115287843 and 0.01 for rs113048688) 

but monoallelic in the 1000 Genomes European populations.
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Notably, we identified three novel susceptibility loci, including one in Lung (12p13.31) and 

two in SQC (2p24.3 and 15q24.1) at the genome-wide significance level (Table 1, Fig. 2, 

Supplementary Fig. 1). From the locus at 12p13.31, an intronic variant, rs216859, in VWF 
was associated with overall lung cancer at genome-wide significance (allele frequency (AF) 

= 0.71, Odds Ratio (OR) = 1.30, and a GWMA fixed-effect model P-value, P = 2.67 × 10−9). 

Two other novel susceptibility loci, 2p24.3 and 15q24.1, were specific to SQC, where we 

detected an intergenic variant rs6431749 between MYCN and GACAT3 at 2p24.3 (AF = 

0.73, OR = 0.64, P = 8.15 × 10−10) and rs115735578 in LMAN1L at 15q24.1 (AF = 0.01, 

OR = 4.23, P = 1.04 × 10−8) (Table 1, Supplementary Fig. 1e–h). Importantly, lead variants 

from all three novel loci showed either the highest minor allele frequencies in African 

populations (rs216859 and rs6431749) or were rare in African populations but monoallelic 

in non-African populations (rs115735578) among the 1000 Genomes populations. We also 

explored the risk variants identified in our study for European and East Asian populations 

using two large multi-population GWAS [6, 12]. Lung locus in CHRNA5 at 15 q25.1 tagged 

by rs17486278 shows the same direction of the allelic effect in European [6] and MVP 

African populations [12] (Supplementary Table 4).

In addition to identifying the top associations in African-ancestry GWMA of lung cancer, 

we searched secondary independent association signals at each locus using conditional joint 

analysis. While we did not observe any independent variants conditional on the lead SNPs 

identified at the genome-wide significance level of P < 5 × 10−8, we report candidate 

suggestive associations at the nominal significance level of P < 10−3 (Supplementary Table 

5).

SNP-set analysis based on the top SNPs

In light of the identification of low-frequency variants as a new locus or new lead variants 

from known loci for SQC in African-ancestry GWMA, we further performed SNP-set test 

to facilitate the detection of an aggregated effect of low- and high-frequency variants at 

the locus level. For each of the three loci tagged by a low-frequency variant from the 

GWMA of SQC, we extracted all SNPs within 1 Mb of rs115287843 (near TRIP13 at 

5p15.33), rs113048688 (in ERC1 at 12p13.33), and rs115735578 (in LMAN1L at 15q24.1) 

and applied the aggregated Cauchy association test (ACAT) [21] to the summary statistics. 

We observed significant aggregated signals for all three loci tagged by a low-frequency 

variant for SQC, rs115287843 at 5p15.33 (P = 3.40 × 10−9), rs113048688 at 12p13.33 (P = 

2.16 × 10−8), and rs115735578 at 15q24.1 (P = 8.10 × 10−9). ACAT results at the locus level 

were concordant with the GWMA results at the variant level with slightly lower p-values but 

did not show significant improvement (Table 2).

Pleiotropic effects of risk variants associated with lung cancer in African Americans

We conducted a phenome-wide association study (PheWAS) look-up to explore pleiotropic 

effects of lung cancer risk-associated variants identified in African-ancestry GWMA. 

536 of the 3302 unique traits in the GWASATLAS database [22] were associated with 

the lead variants from eight loci (rs216859, rs17486278, and rs144437384 for Lung; 

rs17486278 for ADE; rs6431749, rs115287843, rs113048688, and rs115735578 for SQC) 

at the nominally significant level of 0.05. A total of 11 traits (type 2 diabetes (T2D), body 
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mass index (BMI), estimated glomerular filtration rate (eGFR), HbA1c, hip circumference, 

waist circumference, right cerebellum white matter, schizophrenia, FEV1, FVC, PEF) 

were more likely to show a pleiotropic effect on variants associated with lung cancer 

development in our study (Supplementary Table 6). A PheWAS of rs17486278 showed a 

strong association with lung function, including FEV1 and FVC. The pleiotropic effects 

of the rs216859 and rs6431749 revealed nominal association with T2D, rs17486278 and 

rs6431749 with schizophrenia, and rs17486278, rs113048688, and rs115735578 with BMI. 

PheWAS findings on SNPs in Table 2 extracted from GWASAATLAS [22] are shown in 

Supplementary Table 6 and Supplementary Fig. 2.

Functional annotation of lung cancer-associated variants in African Americans

We evaluated functional relevance of the eight lead variants using the FAVOR platform 

(v2.0) [14] to identify possible epigenetic and evolutionarily conserved functions. The 

database contained full information on the lead variants from six loci. A selection of 

annotation values of these variants is plotted in Fig. 3. Variant epigenomic scoring 

of representative annotations (e.g. H3K27ac, H3K4me1, and H3K4Me3 chromatin 

modification peaks), as well as annotation principal component derived from multiple 

epigenomic features are shown as their relative strength among all the variants in the 

genome. These scoring highlighted variants with potential transcriptional function, where 

rs17486278 (CHRNA5) at 15q25.1 and rs115735578 (LMAN1L) at 15q24.1 showed the 

highest levels of epigenetic functionality among six variants. Similarly, variant conservation 

scoring integrating multiple relevant annotations indicated that rs144437384 (CYP2A6) at 

19q13.2 showed the highest conservation annotation values.

Next, we estimated the regulatory potential of top hits identified in African-ancestry 

GWMA using RegulomeDB [17]. RegulomeDB provides a probability ranging from 0 to 

1, with 1 being most likely a regulatory variant (Supplementary Table 7). We observed 

that four SNPs, rs17486278 (CHRNA5), rs6431749 (MYCN), rs115287843 (TRIP13), and 

rs115735578 (LMAN1L) were predicted to be regulatory variants with probability > 0.6. 

Among them, rs17486278 in CHRNA5 at 15q25.1 displayed the highest probability of 0.87. 

(Supplementary Table 7). The findings of rs17486278 in CHRNA5 and rs115735578 in 

LMAN1L from FAVOR and RegulomeDB suggested that these two variants are more likely 

involved in the epigenetic regulation of transcription.

Candidate gene prioritization from African-ancestry GWMA

To identify susceptibility genes from the eight risk loci (12p13.31, 15q25.1, 19q13.2 for 

Lung; 15q25.1 for ADE; 2p24.3, 5p15.33, 12p13.33, 15q24.1 for SQC), we used FUMA 

GWAS functional annotation tool [13]. First, we defined independent significant variants 

from each of these loci as reported in Supplementary Table 8 utilizing FUMA GWAS [13]. 

With this mapping, FUMA GWAS prioritized 146 unique genes based on position, variant 

functional score, eQTL, and chromatin interactions (Supplementary Table 9). Based on the 

position mapping of deleterious coding variants, two genes (AC010145.4 on chromosome 

2 and TRIP13 on chromosome 5 for SQC) displayed the highest combined annotation-

dependent depletion (CADD) score (posMapMaxCADD = 14.59 and 16.45, respectively; a 

CADD score ≥ 12.37 is considered deleterious) [23]. Based on the chromatin interaction 
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mapping, 124 genes were nominated of which one gene (FBXL14 on chromosome 12 

in SQC) was based on the chromatin interaction in the lung tissue (Supplementary Table 

9). Multiple connections for potential target genes based on chromatin interactions or 

eQTLs within lung cancer risk loci were shown for chromosomes 2, 5, 12, 15, and 19, 

respectively (Supplementary Fig. 3). Among them, eight genes were mapped by both eQTLs 

and chromatin interactions including RP11–650 L12.2, CHRNA3, and CHRNB4 on 15q25.1 

for ADE (Supplementary Fig. 3d) and ZDHHC11, BRD9, TRIP13, RP11–661C8.2, and 

RP11–43F13.3 (Supplementary Fig. 3f, Supplementary Table 9) on the 5p15.33 for SQC.

Colocalization of GWMA and eQTL signals at lung cancer risk loci in African Americans

To map susceptibility genes from the lung cancer risk loci in African Americans, we further 

performed eQTL colocalization analysis. We surveyed an overlap between GWMA variants 

within ±100 kb windows of each lead variant (Table 2) and significant eQTL variants in 

multiple tissue types from the GTEx v8. We also included 26 unique eQTL variants that 

overlapped with African-ancestry GWMA variants using FUMA GWAS (Supplementary 

Table 10). To prioritize candidate susceptibility genes, we performed colocalization analyses 

using eQTL summary statistics of multiple tissues from the GTEx v8. A total of six 

unique candidate genes were identified as potential susceptibility genes (Supplementary 

Table 11). Based on histological subtypes, eQTL-based colocalization has identified three 

and one candidate genes for ADE and SQC, respectively. Notably, previously implicated 

candidate susceptibility genes, PSMA4 and CHRNA3, on chromosome 15 displayed the 

higher probability scores (PPH4 > 0.95) from coloc analysis in brain tissues (hypothalamus, 

cortex, and cerebellum) that are potentially associated with smoking behavior as well as 

esophageal muscular tissue. We did not observe any candidate SNPs colocalizing in lung 

tissue with PPH4 > 0.65.

Finally, we explored the protein–protein interaction (PPI) network associated with each 

nearest gene identified from eight African-ancestry GWMA loci. We observed that four 

proteins (VWF and CYP2A6 for Lung and TRIP13 and ERC1 for SQC) were highly 

enriched for PPI at FDR < 0.05. Each prioritized gene of VWF, CYP2A6, MYCN, TRIP13, 

ERC1 reported a PPI P-value of 2.03 × 10−12, 1.00 × 10−16, 0.0498, 2.18 × 10−5, and 

0.0166, respectively (Supplementary Table 12). Visualization of the PPI network for each 

gene using interaction data based on ProteomicsDB highlighted pathways such as PI3K-Akt 

signaling pathway, platelet activation, focal adhesion kinase, neuroactive ligand-receptor 

interaction, various metabolism-associated pathways, NF-kappa B signaling pathway, and 

transcriptional misregulation in cancer (Supplementary Fig. 4). Subsequently, we scrutinized 

the PPI network associated with 146 unique genes prioritized from FUMA GWAS. Among 

them, 65 proteins remained for PPI network analysis, with PPI P-value of 1.00 × 10−16. 

The PPI network for 32 proteins after hiding disconnected nodes in the network is 

displayed in Supplementary Fig. 5, which highlights various metabolic processes, response 

to nicotine, chemical carcinogenesis, pathway in cancer, and epoxygenase P450 pathway 

(Supplementary Table 13).
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Evaluation of multi-ancestry polygenic risk variants of lung cancer in AA

We evaluate the robustness of the multi-ancestry polygenic risk scores (PRS) in AA by 

utilizing two recent multi-ancestry GWAS summary statistics for lung cancer [6, 12]. The 

summary for PRS construction is shown in Supplementary Fig. 6. An increase in the PRS 

decile is associated with statistically significantly higher risks of lung cancer in AA, adjusted 

for demographic (age and sex) and lifestyle (smoking status) factors (Table 3, Fig. 4). A risk 

gradient is also observed across the decile of the PRS, such that individuals in the highest 

decile of the PRS show an over 2-fold higher risk of lung cancer in AA (OR = 2.21 adjusted 

for age and sex; 2.27 adjusted for age, sex, and smoking status) compared to those in the 

lowest decile of the PRS (Table 3). The model that only considers age and sex has a low 

area under the curve (AUC) of 0.581, with a 95% confidence interval (CI) of (0.566–0.600). 

In contrast, the combined model, which includes age, sex, smoking status, and PRS, shows 

moderate predictive ability with an AUC of 0.691 (95% CI: 0.678–0.705). This combined 

model is more effective in distinguishing between lung cancer cases and controls in African 

Americans (AA), as presented in Table 4 and Fig. 5.

Discussion

We conducted an African-ancestry GWMA of lung cancer involving 6531 individuals of 

African ancestry. While most previously published findings mainly focused on European-

ancestry studies [6], our GWMA of African-ancestry has identified eight loci associated 

with lung cancer at the genome-wide association level of P < 5 × 10−8.

Lung tumorigenesis is a complex process, including acquiring genetic mutations and 

epigenetic alterations in cellular processes. Lung cancer GWAS have shown shared and 

distinct genetic architectures across different populations [6, 24]. Since most GWAS 

signals have shown small effect sizes and can be affected by confounding, identifying 

new genetic association signals remains challenging. To date, a limited number of risk 

variants have been identified in African-ancestry populations. Elucidating the genomic 

architecture of lung cancer risk in African Americans is critical to better understanding lung 

cancer development in this population. In addition, the shared genetic variants underlying 

lung cancer predisposition in African Americans can help refine risk prediction profiling 

for individuals at high risk in other African-ancestry admixed populations [6, 25]. Our 

investigation of lung cancer and specific histological subtypes in African Americans 

provided several key findings.

We have confirmed two African-ancestry susceptibility loci for Lung, one for ADE, 

and two for SQC. These associations are new independent genome-wide significant 

risk variants in previously reported loci. An intronic variant associated with smoking 

behaviors, rs144437384, in CYP2A6 at 19q13.2 is more frequent in African Americans 

(GNOMAD AF = 0.05) compared to other populations (GNOMAD AF = 0 for both 

Europeans and East Asians). These findings highlight the utility of African-ancestry 

GWMA in conducting further downstream analyses to examine the biological and functional 

mechanisms underlying ancestry-specific lung cancer.
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In this study, we have surveyed the genetic effects of common and low-frequency (rare) 

variants on lung cancer development in African descent populations. A common intronic 

variant, rs17486278, located in CHRNA5, showed a strong association with lung cancer and 

ADE in a single population of African descent and has been reported in multi-population 

studies of Europeans and East Asians for lung cancer [26] and Europeans and African 

Americans for lung function-related traits [27]. Although the sample size in SQC GWAS 

was small, we identified four new association signals in African Americans (two from 

novel and two from previously reported loci). Since these low-frequency variants are more 

common in African Americans, we were able to identify them in our study populations 

despite smaller sample sizes compared to other populations. Table 2 and Fig. 2c show that 

we observed one common and three low-frequency variants. A common intergenic variant, 

rs6431749, near MYCN and GACAT3, displayed strong evidence of pleiotropic effects on 

various traits relevant to cardiovascular, endocrine, immunological, metabolic, neoplastic, 

psychiatric, and neurological domains. A low-frequency intergenic variant, rs115287843 

near TRIP13 and LOC100506688, was reported to affect the metabolically-related traits, 

eGFR and elevated fasting glucose level. Two low-frequency intronic variants, rs113048688 

in ERC1 and rs115735578 in LMAN1L, were involved in the genetic contribution to the 

immunological domain traits, platelets and HbA1c, and BMI.

We have identified and prioritized lung cancer risk genes in African Americans. Our 

findings also predicted biological pathways that are associated with these genes, and we 

performed integrative trans-omics functional annotation analyses. Through PPI network 

analyses, we found candidate genes that were frequently altered in various biological 

pathways, including acetylcholine receptor activity, immune response, cellular response 

to acetylcholine, regulation of cellular response to stress, regulation of DNA repair, and 

metabolic process. Furthermore, integrative multi-omics functional analyses using FAVOR 

and RegulomeDB suggested that two African-ancestry risk-associated variants, rs17486278 

(ADE) and rs115735578 (SQC) at 15q25.1 and 15q24.1, are more likely involved in 

regulatory mechanisms.

Finally, we assessed the performance of PRS based on the multi-ancestry genome-wide 

significant SNPs for individuals in our study population. We observed that individuals at 

the top decile of the PRS are at a statistically significantly higher risk of lung cancer than 

those in the lowest decile. The PRS results demonstrate that the risk prediction model 

for lung cancer combining non-genetic and genetic data may have limited clinical utility 

for discriminating lung cancer cases from controls in AA using SNPs derived from multi-

population GWAS. The risk assessment model, including age, sex, smoking status, and PRS, 

shows better discriminatory ability and provides an incremental improvement in the AUC. 

This implies that genetic predictors in combination with information on demographic and 

lifestyle factors, may improve risk stratification efforts for lung cancer.

A limitation of this study is that we utilized PheWAS data obtained from multiple 

populations, not only the African-ancestry population. However, we believe the PheWAS 

survey on lung cancer can provide valuable insights into the pleiotropic effects on the 

disease risk. The interpretation of our eQTL colocalization analysis is also limited as 

the GTEx eQTL dataset is predominantly of European populations. Given the low allele 
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frequencies of some of the loci specific to this population, a larger eQTL dataset using lung 

tissues from African ancestry populations might be needed.

In conclusion, we have performed African-ancestry genome-wide association analyses and 

various multi-omics functional annotation analyses for lung cancer and specific histological 

subtypes. We have identified eight genome-wide significant variants and prioritized potential 

causal variants that may influence lung cancer development in African Americans. In 

addition, we have highlighted several in silico functional approaches to map and prioritize 

the variants identified. We also utilized integrative functional annotation platforms to 

functionally characterize the prioritized genes, including coding and non-coding genes, 

which provide numerous functional information on variants. Our GWMA of African 

Americans has helped elucidate the etiology and biological mechanisms of lung cancer 

susceptibility. Understanding the African Americans-specific genetic architecture of lung 

cancer predisposition will help reveal how lung cancer develops in African descent 

populations and could assist in identifying new susceptibility biomarkers for better risk 

evaluation directed at early detection and diagnosis, targeted therapy, and improved 

preventive measures for African Americans and other admixed populations.

Materials and methods

Genome-wide association studies of African ancestry populations

We included three African-ancestry GWAS [6] of lung cancer, including (i) the OncoArray 

Consortium of Lung Study (ONCO) with 269 cases and 286 controls (mean age at diagnosis 

for cases = 65.5, mean age at enrollment among controls = 67.1) [28], (ii) Lung Cancer and 

Smoking Phenotypes in African American Cases and Controls (AA-NCI) with 1704 cases 

and 3460 controls (mean age at diagnosis for cases = 63.6, mean age at enrollment among 

controls = 58.8) [10, 29], and (iii) INflammation, Health, Ancestry and Lung Epidemiology 

study (INHALE) with 294 cases and 518 controls (mean age at diagnosis for cases = 62.9, 

mean age at enrollment among controls = 59.6) [30, 31] (Table 1). In brief, genotyping 

for each study was performed using the Infinium OncoArray-500 K for the ONCO GWAS 

[28], the Illumina HumanHap 1 M-Duo chip for the NCI-AA GWAS [10], and the Illumina 

Multi-Ethnic GWAS/Exome Array for INHALE GWAS [30], respectively. Full details for 

these GWAS have been reported elsewhere [6, 10, 28, 30]. A total of 1010 cases of lung 

adenocarcinoma (ADE) and 517 cases of lung squamous cell carcinoma (SQC) were defined 

based on available histological information [6].

Quality control and imputation

We implemented FastPop [32] to infer genetic similarity of 6531 individuals with 505 

samples comprising known ancestries from CEU (Utah residents with Northern and Western 

European ancestry from the CEPH collection), CHB (Han Chinese in Beijing, China), and 

YRI (Yoruba in Ibadan, Nigeria) from HapMap 3 using a total of 2042 ancestry informative 

markers. All samples were imputed using 32 470 samples from the Haplotype Reference 

Consortium (HRC r1.1) as a reference panel through the Sanger imputation service. Further 

details regarding the imputation methods and quality control steps can be found in our 

previous publication [6].
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Statistical analysis for African-ancestry GWAS and GWMA

For this study, we followed the same design as we previously described [6]. Genome-

wide analyses were performed for the merged ONCO and AA-NCI data in Study 1. We 

subsequently received genome-wide association data from the INHALE study and analyzed 

it as Study 2. We performed an association analysis on the combined data of the ONCO 

and AA-NCI samples (Study1), and on INHALE data (Study2), adjusting for age, sex, 

study, and the first four principal components (PCs) using SNPTEST with option EM [33]. 

Principal component analysis using PLINK (v1.9 option –pca) was run to calculate the 

principal components as covariates in the additive genetic model. Instead of a two-stage 

discovery-replication approach, we opted for a meta-analysis on the available samples, 

which has been shown to be generally more powerful [19, 34]. To ensure optimal statistical 

power, we used fixed-effects GWMA with inverse-variance weighting using METASOFT 

[35] and further filtered with P-value for Cochrane’s Q statistics ≥ 0.01.

Conditional and joint analysis on lead SNPs identified in GWMA

Conditional and joint analysis has been used to search secondary genome-wide significant 

association signals at a particular locus, involving association analysis conditioning on the 

sentinel GWMA SNP for each locus within a particular genomic region, followed by a 

stepwise procedure of selecting additional SNPs, one by one, according to their conditional 

P values (P). Such a strategy can enable us to discover more than two independently 

associated SNPs at a locus. We adopted a genome-wide stepwise selection procedure 

to detect SNPs based on conditional P values using GCTA v1.94 (−cojo-cond) [36]. 

Conditional analysis of each associated locus was performed within a standard region of a 1 

Mb window centered on the lead SNP, the most strongly associated SNP in lung cancer. LD 

patterns were estimated using best-guess genotype data in 5164 African participants from 

AA-NCI data as reference (6). Conditional association analysis was performed, including 

the lead SNP as a covariate. Any SNP showing a conditional association with P < 5 × 

10−8 was considered an independent signal and was repeated until no SNP with P < 10−3 

remained in any of the genomic regions explored.

Characterization of genomic susceptibility loci prioritized by functional mapping and 
annotation

We utilized the Functional Mapping and Annotation of GWAS platform (FUMA GWAS) 

[13] (v1.4.1; https://fuma.ctglab.nl/) to prioritize risk variants associated with lung cancer 

in African-ancestry populations. To identify genomic risk loci, we used the SNP2GENE 

function with default thresholds. In SNP2GENE, independent significant SNPs were defined 

as those with a P ≤ 5 × 10−8 and with independence at r2 < 0.6 in the GWMA results. Lead 

SNPs were determined based on a pairwise r2 < 0.1 among these significantly independent 

SNPs. Genomic risk loci were identified by merging the LD blocks (r2 > 0.6) of independent 

significant SNPs that are close to each other within 250 kb. These lead SNPs are crucial 

in capturing the genetic association signal specific to each locus. The genetic data of the 

African population in 1000G phased 3 was used as a reference to estimate LD. Finally, 

susceptibility variants from GWMA were prioritized and mapped by functional annotation 
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such as positional, expression quantitative trait loci (eQTL), and chromatin interaction 

mappings using the SNP2GENE function with default settings.

Colocalization between GWMA and GTEx eQTL association signals

The Genotype-Tissue Expression (GTEx v8) database includes data from 49 normal tissues 

from 838 donors. GTEx eQTL association data for variants within ±100 kb windows of 

the lead variants presented in the African-ancestry GWMA were extracted. Colocalization 

between the five African-ancestry GWMA associations within the newly identified loci and 

eQTL signals were calculated using the coloc package (v5.1.0; https://cran.rproject.org/web/

packages/coloc/) [37]. To account for the heterogeneous LD in our African-ancestry GWMA 

and eQTL population in the GTEx v8 and avoid potentially spurious colocalizations due to 

the violation of common LD assumption in genome-wide associations, eQTL signals, and 

ancestry-specific LD matrix, we applied the LD-independent approach using coloc package 

[37].

Survey of prioritized variants in phenome-wide association database

We examined the pleiotropic effects of SNPs identified in lung cancer GWMA in African 

Americans on various complex human traits. We surveyed a phenome-wide association 

study (PheWAS) database of GWASATLAS (https://atlas.ctglab.nl/) consisting of 4756 

GWAS summary statistics from 473 unique studies across 3302 unique traits and 28 

domains [22]. We extracted the pleiotropic traits with the minimum univariate P-value of 

0.05 across all analyzed traits available in GWASATLAS.

Integrative multi-omics annotation analysis and annotation-informed function prediction

To functionally characterize the top lead variants associated with lung cancer susceptibility 

in African-ancestry populations, we utilized the Functional Annotation of Variants—

Online Resource (FAVOR v2.0) platform [14] (https://favor.genohub.org/), which includes 

integrative multi-omics functional annotation information for all possible 8 812 917 339 

single nucleotide variants (SNVs) across the human genome and 79 997 898 observed 

insertions and deletions (INDELs) from the Trans-Omics for Precision Medicine (TOPMed) 

BRAVO variant set (Genome Reference Consortium Human Build 38). We examined 

plausible functional roles for top SNPs by integrating genome-wide annotation values 

for each SNP, with the goal of identifying variants that possess epigenetic function or 

evolutionary conserved function. Example of annotations include maximum H3K27Ac 

values across multiple tissues as well as the phastCons conservation score. Percentiles for 

each attribute are obtained through comparison against all variants in the genome [38].

We further utilized RegulomeDB, which provides functional context to genetic variants, 

prioritizes functionally important variants within the non-coding regions of the human 

genome, and provides a prediction score that is interpreted as the probability of the variant 

of interest being of real functional significance [17, 24].

We then exploited web-based functional annotation databases to provide insights into 

the biological and molecular mechanisms underlying lung cancer in African descent 

populations. We utilized ProteomicsDB (https://www.proteomicsdb.org/protein), a multi-
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omics resource that includes proteomics, transcriptomics, and phenomics data for multi-

organisms and facilitates protein–protein interaction (PPI) and protein-drug interaction 

analyses [15]. We also analyzed gene-based functional enrichment using the STRING 

database (STRING v12.0; https://string-db.org/) [16]. We selected the setting options with 

the maximum number of interactions as 20 and the highest confidence score of 0.9 to 

examine the functional enrichment of numerous pathways by the gene.

Set-based joint association analysis on low-frequency and rare variants

With improved imputation resources, existing GWAS enable the discovery of low-frequency 

and rare genetic variations, making substantial contributions to the study of missing 

heritability and to new genetic discoveries for complex human traits and diseases [21]. 

Specially, it has been important to apply methods that can increase statistical power for 

detecting associations between low-frequency or rare variants and complex traits [21, 

39]. We implemented the aggregated Cauchy association test (ACAT) [21] to perform a 

powerful set-based association test that complements single variant analysis in GWAS. 

The ACAT utilizes all summary statistics of variants in a region to test whether the entire 

region is associated with disease. The ACAT approach is useful for aggregating multiple 

low-frequency or rare variants that may not reach statistical significance by themselves.

Polygenic risk score

To evaluate the robustness of multi-ancestry PRS associated with lung cancer susceptibility, 

we retrieved 45 and 86 SNPs at P ≤ 5 × 10−8 identified by Byun et al. and Gorman 

et al., who recently published the two large multi-ancestry lung cancer GWAS [6, 12]. 

We constructed the PRS for cases and controls by summing the risk allele counts as 

additive genotype components (0,1,2) for 55 variants (Supplementary Table 14) after 

properly harmonizing two studies weighted by their effect sizes (ORs) extracted from the 

corresponding GWAS (Supplementary Fig. 6). For each individual in AA, we summed the 

weighted risk allele counts (PLINK option –score). We then standardized PRS by mean and 

standard deviation of control samples.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Study design. ONCO, OncoArray consortium of lung study; AA-NCI, lung cancer and 

smoking phenotypes in African American cases and controls; INHALE, inflammation, 

health, ancestry and lung epidemiology study.
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Figure 2. 
Manhattan plots and quantile-quantile plots of the GWMA for lung cancer in the African 

descent population. (a) lung cancer: 2267 cases and 4264 controls. (b) ADE: 1010 cases and 

4264 controls. (c) SQC: 517 cases and 4264 controls. The x-axis represents chromosomal 

location, and the y-axis represents the −log10(P value). The gene annotations for newly 

identified loci are in black. The top and bottom horizontal lines denote the Bonferroni-

corrected genome-wide significant two-sided P value of P = −log10(1.25 × 10−8) and a 

suggestive significant P value of P = −log10(1.00 × 10−5), respectively.

Byun et al. Page 20

Hum Mol Genet. Author manuscript; available in PMC 2025 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 3. 
Integrative multi-omics functional annotation analyses using the FAVOR platform. (a) 

plot for epigenetic annotation values. (b) plot for evolutionary conservation annotations. 

The percentiles indicate the proportion of variants with lower values across the genome; 

higher values indicate greater functionality. The large filled circle represents each principal 

component that integrates all epigenetic or conservation annotation values, including some 

that are not shown.
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Figure 4. 
Analysis of odd ratios (ORs) for AA-specific lung cancer by polygenic risk score (PRS) 

decile. ORs are shown for two models: one adjusted for age and sex, and a second adjusted 

for age, sex, and smoking. Within each decile group, the ORs for the age- and sex-adjusted 

model are shown on the left, and those for the model additionally adjusted for smoking are 

shown on the right. Data are presented as ORs with 95% confidence intervals (CIs).
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Figure 5. 
Prediction accuracy of lung cancer models in African American individuals, shown using 

ROC curves. The models, ordered from highest to lowest performance (top to bottom 

curves), are: (1) PRS combined with demographic and lifestyle covariates (age, sex, 

smoking, and PRS), (2) demographic and lifestyle covariates only (age, sex, and smoking), 

(3) PRS combined with demographic covariates (age, sex, and PRS), and (4) demographic 

covariates only (age and sex). A diagonal line representing 50% prediction accuracy 

(random chance) is included for reference. Each model is represented by a distinct color, 

as indicated in the legend. The curves illustrate the comparative predictive performance of 

the models.
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Table 4.
Performance of models for distinguishing lung cancer cases from controls.

Model AUC (95% CI)

Age + Sex 0.581 (0.566–0.600)

Age + Sex + PRS 0.605 (0.590–0.620)

Age + Sex + Smoking 0.671 (0.657–0.685)

Age + Sex + Smoking + PRS 0.691 (0.678–0.705)

PRS, polygenic risk scores; AUC, the area under the receiver operating characteristic curve; CI, confidence interval.
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