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CHAPTER 1

Introduction

1.1 The Genetic Architecture of Lung Cancer Risk
Lung cancer is the second most common type of cancer in the United States and the leading cause of cancer
death. In 2025, the American Cancer Society estimates that there will be over 225,000 new lung cancer cases
and nearly 125,000 lung cancer deaths in the U.S. dlofiebacco smoking is the primary risk factor for
developing lung cancer, estimated to be responsible for 80-90% of all’caséms long been recognized,
however, that lung cancer runs in families, suggesting a heritable component to the dfs&axse study of
24,380 lung cancer cases and 23,305 controls found that even after adjusting for smoking behavior, individu-
als with a rst-degree relative diagnosed with lung cancer have a 1.51-fold increased risk of being diagnosed
with lung cancer themselvés

Prior to the dawn of genome-wide association studies (GWAS), linkage analysis in pedigrees of familial
lung cancer identi ed the chromosomal region 6g23-25, suggesting that rare, high-effect genetic variation
within this locus contributes to lung cancer risk within famifi€s More recent targeted sequencing studies
have identi ed four candidate genes within this region of chromosom&RID1B MAP3K4 UTRN and
PHACTRZ? that are thought to drive this region's association with lung cahcer

Subsequent lung cancer heritability estimates have ranged from 12-20% in East Asian and European pop-
ulations19, respectively, and, since the rst GWAS of lung cancer were published in 2d88more than
60 disease-associated loci have been identi ed across the géfdfén one of the largest GWAS of lung
cancer performed to date, a genome-wide meta-analysis of 35,732 cases and 34,424 controls published in
2022, Byuret al. identi ed 16 genome-wide signi cant{< 5 10 8) loci associated with lung carcinoma,
as well as additional loci associated with speci ¢ histologic subtypes®Among the strongest loci show-
ing consistent association with lung cancer across different studies is 15g25.1, a region of chromosome 15
containing multiple genes linked to smoking behavior and nicotine depentfeneother locus that often
shows association in GWAS of lung cancer is 5p15.33 m&RT15 This gene codes for the catalytic subunit
of the telomerase enzyrhg and mutations in its promoter region have been associated with poor prognosis

in patients with non-small cell lung cancer (NSCL€))

1.2 Racial Disparities in Lung Cancer
In the United States, Black/African American individuals have a higher risk of lung cancer compared with

White Americans, despite smoking fewer cigarettes pef¥&/ Among women, African Americans were



found to have a 17% percent higher excess relative risk (ERR) of lung cancer than White individuals who
smoked the same quantity of cigarettes. Among men, this disparity was even higher, with African Americans
having a 40% higher ERR than White individuals who smoked the same amount of cig&ettes

Black/African American individuals are also less likely to be diagnosed with early-stage disease and have
reduced 5-year survival, although this disparity in mortality has decreased over the past 38, yeavisle
range of different social and environmental factors, including use of menthol cigafetsasoking dura-
tion?3, interventional support for smoking cessattbnoccupational exposuréy access to healthcare, and
early lung cancer screenif are believed to play a role in the racial disparities of lung cancer incidence and
survival’’?8:25 Previous studies have indicated, however, that there may be underlying biological factors
at play, as weff°. For example, one study comparing the tumor transcriptomes of African Americans and
European Americans diagnosed with NSCLC identi ed both coding and non-coding RNAs that were differ-
entially expressed between the two groups. Among the differentially expressed transcripts overexpressed in
tumors from African American patients were miRNAs linked to increased tumor invéion

To date, there have been three published GWAS of lung cancer conducted in African American indi-
viduals®1:32:33 with the largest of these including 64,550 individuals (2,438 cases and 62,112 cdAtrols)
These studies collectively identi ed ve genomic loci (5p15.33 n&&RT3!, 12p13.31 neayWF32 1223
near non-coding gendsNC00943and LINC009443] 15g25.1 neaCHRNASL32:33 and 19q13.2 near
CYP2A63) associated with lung cancer risk. Of these associations, 12p13.31 and 12g23 had no previously
reported associations in other populations, further demonstrating the potential for uncovering novel genetic

contributors to lung cancer risk through inclusion of a genetically diverse sample.

1.3 Current Barriers to Wider Inclusion of African Ancestry Individuals in Genetic Research
Despite individuals of European ancestry making up only 16% of the global poputitiover 90% of all
published GWAS are based on European ancestry individalsdividuals of African ancestry remain
among the most under-represented populations in GWAS. Despite making up an estimated 17% of the global
populatior?®, African ancestry individuals are represented in only 4% of published GYRAS

There are multiple underlying factors responsible for this persistent under-representation of African an-
cestry individuals in genetic research, with challenges ranging from social to technical. One of the most
persistent challenges faced by genetic researchers interested in performing GWAS, for example, is sample
availability. GWAS power increases with sample size, incentivizing researchers to seek out the largest possi-
ble study population.

Over the past decade, the largest, most readily available sources have been biobanks formed in North

American and European nations with robust government and private funding for scienti ¢ research. Euro-



pean ancestry individuals make up a majority of the population in these nations and thus also tend to represent
most of the participants in each respective biobank. For example, one of the largest and most highly utilized
biobanks by genetic researchers around the globe is the UK Biobank, a prospective cohort study supported
by the United Kingdom's National Health Service. Among the UK Biobank's curated datasets are genetic
samples collected from approximately 500,000 people living in the United King@ofhe ancestral com-
position of these data roughly coincides with the demographics of the United Kingdom. Over 88% of UK
Biobank participants are estimated to have primarily European ancestry, while the most recent census of Eng-
land and Wales reported that 81.7% of the population self-identi ed as hi@nly 8,500, or less than 2%,

of UK Biobank participants were found to have genetically inferred African anc&stry

In addition to the systemic over-representation of European ancestry samples in biobanks, standard
GWAS ideally require an ancestrally homogeneous sample. This means that individuals from different ances-
tral backgrounds cannot be pooled together, as systematic differences in allele frequency between cases and
controls due to population substructure can result in spurious GWAS associ8titvsile a GWAS meta-
analysis can be performed using summary statistics from multiple studies performed in different ancestries, a
large sample size discrepancy between the individual studies will result in most associations being driven by
the largest study, which is likely based on individuals of European anééstrjus, because GWAS requires
a homogeneous sample and European ancestry individuals are the largest available sample in most biobanks,
this has resulted in a continuous feedback loop in which most population-level genetic studies continue to be
based exclusively on individuals of European ancestry.

A clear path toward addressing this systemic under-representation of African ancestry individuals in ge-
netic research is to focus recruitment efforts on these underrepresented populations. It is important for any
such targeted recruitment effort to also consider the underlying historical reasons why many African Amer-
icans have a higher mistrust toward healthcare institutions. As a result of both historical abuses, such as the
coerced participation of African Americans in unethical research studies like the Tuskegee experiments, and
ongoing experiences of structural racism within the healthcare system, African Americans participate less
frequently in biomedical research compared with other demographic groti

More recently, government-led initiatives such as the All of Us Research Program have made a concerted
effort at community outreach and recruitment of participants from groups historically underrepresented in
biomedical researdd. Among the more than 245,000 All of Us whole genome sequences made available
to researchers as of 2024, 77% were from participants belonging to a historically underrepresented group,
and more than 50,000 were from self-reported Black/African American indivif®ialhese data represent
an exciting opportunity to expand genetic research in individuals of African ancestry. Because the All of Us

Research Program is still in its early stages, however, participants will have limited longitudinal clinical data



and a relatively short follow-up time. As a result, the All of Us dataset is not currently ideal for GWAS of
chronic diseases such as lung cancer, which require a long follow-up period and linkage to cancer registries

for identi cation of incident cancer cases.

1.4 Technical Challenges in Genetic Research Using African Ancestry Genomes
In addition to the practical challenge of participant recruitment, there are additional technical barriers to uti-
lizing datasets from African ancestry individuals in genetic research. Prior to performing a GWAS analysis,
for example, array-based genotype data must undergo robust quality control and may include variant impu-
tation. Because many of the commonly used imputation reference panels are composed of predominantly
European ancestry genontésimputation performance within African ancestry samples using these panels
is often poof®. Instead, one should ideally utilize diverse ancestry reference panels such as the TOPMed
Imputation Reference Panel, which contains reference sequences from more than 20,000 African ancestry
individuals as well as other global ancestry populatfSns

As previously mentioned, a study population for standard GWAS should ideally be genetically homo-
geneous. As an admixed population, however, the genomes of African American individuals are inherently
characterized by a high level of ancestral heterogefity other words, their genomes contain chromoso-
mal segments inherited from multiple distinct ancestral populations. Within these haplotype blocks, linkage
disequilibrium (LD) patterns and allele frequencies can differ substantially depending on the ancestral pop-
ulation of origir’®. Among self-reported African American individuals, global genetic ancestry estimates
typically average approximately 80% African and 20% European anééstBven among individuals with
similar proportions of global ancestry, however, patterns of local ancestry, determined by the distribution of
haplotype blocks inherited from each ancestral population, can be highly heterogeh&reause the effect
size of many alleles are speci c to a particular ancestry-derived haplotype, standard pooled GWAS, in which
each genetic variant is tested for association across an entire study population, may have reduced power to
detect associations in an admixed populatfot?. To address these analytic challenges, statistical approaches
have been developed to improve detection of genetic associations in admixed populations with strong local
ancestry-speci c effect size heterogenéity

Once an initial GWAS regression analysis has been completed, it is common to utilize an array of subse-
guent approaches, collectively referred to as "post-GWAS approaches,” to investigate the biological relevance
of identi ed genetic associatiof8. One such post-GWAS approach is a transcriptome-wide association
study, or TWAS, which utilizes expression quantitative trait locus (eQTL) models trained using genotypes
paired with gene expression to predict changes in genetically regulated expression (GReX) mediated by vari-

ants identi ed using GWAS"°8 Most TWAS models are trained using data from the GTEx Project, one of



the largest collections of paired genotype and gene expression pro led across dozens of healthy tissues from
nearly 1,000 human donots Approximately 85% of all GTEx samples, however, are derived from individu-
als of European ancestry. Thus, due to inherent differences in LD patterns across populations, TWAS models
derived from a training set of predominantly European ancestry are expected to show reduced performance
in a target population of African ancestry individu2l§1.62.63

An ideal solution to this problem would be to train a set of ancestry-speci ¢ TWAS malgetevo us-
ing paired genotypes and expression from African ancestry individuals. Indeed, a few sets of TWAS models
trained on data from African ancestry individuals have already been published. One such set of models was
trained using monocyte expression pro led in a mixed sample of 578 African American and Hispanic individ-
uals®?, while another was trained using whole blood expression from 757 African American indivifiuals
Because both sets of models were trained using blood-derived expression, however, their ability to capture
TWAS associations across the entire spectrum of disease-relevant tissues is inherently limited. Therefore, un-
til large, curated resources like GTEcan expand to include a more genetically diverse set of participants,
a clear opportunity exists for developing innovative methodological approaches to improve the portability of

existing TWAS models to a more diverse set of target populations.

1.5 Computational Approaches for GWAS Variant Prioritization and Interpretation
Another important challenge faced by investigators is the prioritization of genetic variants at GWAS loci.
Due to genome-wide LD patterns, a GWAS may identify signi cant associations with many variants found at
the same locus. This does not mean, however, that all GWAS associations are causally related to the trait of
interest. Instead, a more plausible explanation is that only one or a few underlying variants at each locus are
the true “causal” SNPs, while the remaining SNP associations are likely a result of high LD with the causal
SNPs. These non-causal variants are often referred to as “tag-SNRs predict which variants at a given
locus are most likely to be causal, a variety of different “ ne-mapping” approaches have been defloped
Among the different methodological approaches that have shown success in variant ne-mapping are those
that integrate genome-wide functional information to inform causal prediéoe underlying rationale
of such an approach is that SNPs that overlap with a functionally important genomic region have a higher
likelihood of being causal versus those that do not.

Beyond the challenge of distinguishing causal variants from tag-SNPs, GWAS associations in general
are inherently dif cult to interpret, largely because less than 10% of all reported associations fall within
a known genic regio?’. In the same way that functional information can be used to inform variant ne-
mapping, though, a variety of computational approaches have been developed to improve interpretation of

non-coding GWAS associations by predicting the regulatory function of the genomic regions with which



they overlafy®%°. The ENCODE Consortiuf?, for example, developed one of the rst such resources

of predicted candidateis-regulatory elements (cCCRES) across more than 1,500 cell types. The ENCODE
dataset was generated using a relatively simple approach based on genome-wide enrichment of histone marks
and DNA-binding proteins such as CTEE Since then, a number of more methodologically sophisticated
approaches have been developed to predict tissue-spasiregulatory function across the human genome,
utilizing a diverse array of model architectures including linear modghidden Markov modei€ 4 and

neural network&.

While a variety of functional prediction approaches have already been developed, each involves trade-
offs between interpretability and predictive scope. Simpler linear models, for example, are generally more
interpretable due to their methodological transparency. However, they often lack the capacity to integrate
the full spectrum of known functional features and capture complex patterns among them. In contrast, more
sophisticated models, such as hidden Markov models and neural networks, have an enhanced capacity to
model complex, non-linear relationships among a larger set of training fe&ufidss increased complexity,
however, often comes at the cost of reduced interpretability Additionally, many of the existing functional
prediction approaches were not originally designed with GWAS variant interpretation as a primary goal,
despite often being used for that purpose. Given this current landscape of existing functional prediction
approaches, a clear opportunity exists to develop a framework that balances predictive breadth with model

interpretability, while speci cally optimizing interpretation of GWAS associations.

1.6 Cisregulatory Elements and their Role in Regulating Gene Expression
Although every cell in the human body contains the same underlying genome sequence, it is the precise
regulation of genes encoded by that sequence that determines each cell's unique structure and®@isiction.
regulatory elements (CRES), speci cally promoters and enhancers, are non-coding regions of the genome that
act as key regulators of these differentially expressed gén&omoters are proximal CREs, meaning that
these sequences are typically located between a few hundred base pairs and a few kilobases upstream of their
respective gene's transcription start 888182 Promoters regulate expression of their associated genes via
recruitment of transcription factors and RNA polymerase Il to their DNA sequence &fotffsEnhancers,
by comparison, are distal CREs, meaning that unlike promoters, they can be located as close as 1 kb or far as
1 Mb from their target gene(8)86

Like promoters, enhancers regions contain sequence motifs that recruit DNA binding ptotélosy-
ever, enhancers have been shown to regulate gene expression through a substantially wider range of molecular
mechanisms compared with promoters. For example, with the help of the DNA-binding proteins CTCF and

cohesion, 3D chromatin loops are formed in the cell nucleus, bringing enhancers into physical contact with



their target gene promotéis®%. These 3D chromatin contacts, which can be measured directly using chro-
matin conformation capture assays like HH4S%, help to explain how enhancers can regulate genes as far as
1 Mb away in the linear genome sequence.

In addition to their direct contact with target genes, enhancers have also been shown to play a role in
mediating chromatin accessibility. For example, enhancers can recruit both p300, a histone acetyltransferase
that deposits the active H3K27ac histone mark at neighboring nucleo8graad PRC2, a protein complex
that deposits the repressive H3K27me3 histone ffatk promote either an open or closed chromatin state,
respectively?.

A large proportion of disease and complex trait-associated SNPs identi ed by GWAS overlap with an en-
hancer regiof®. Therefore, it is reasonable to hypothesize that genetically mediated variation in enhancer

activity is an important underlying contributor to complex trait heritability.

1.7 Enhancer RNAs and their Role in Complex Disease
While the structure and function of enhancer elements has been studied since th¥/,198@ss not until
2010 that the existence of enhancer RNAs (eRNAs), the non-coding RNAs transcribed from enhancer se-
quences, was rst describ&°. Subsequent work has estimated that approximately 80% of all mammalian
enhancers are transcribed as eRA®s While it is now well-established that most enhancer sequences are
transcribed, the biological function of these eRNAs remain under-expi®re€urrent evidence, however,
suggests that eRNAs may provide a mechanistic explanation for some of the well-characterized enhancer
functions previously discussed, such as chromatin contact formation and chromatin rem@ééfitig

eRNAs can be divided into two distinct sub-groups, 1D and 2D transcripts, based on structure and func-
tion. Transcripts in the rst sub-group, 1D eRNAs, are similar in structure to mRNAs transcribed from
canonical genes. These 1D eRNAs are generally long kb in length}%4 unidirectionally transcribed tran-
scripts that undergo both splicing and polyadenylation. Transcripts in this class have been shown to function
in trans meaning that they play a role in both recruiting and mediating binding of chromatin remodeling
proteins at sites across the gendfite%>

In contrast to 1D eRNAs, 2D eRNAs are structurally distinct from canonical gene transcripts. Instead
of long, unidirectional transcripts, 2D eRNAs are shertd kb in length)t06:197.1083n bidirectionally tran-
scribed %%, Additionally, unlike 1D eRNAs and canonical gene transcripts, 2D transcripts are both unspliced
and non-polyadenylated. They are believed to function primarigignmeaning that they help to both estab-
lish and maintain 3D chromatin contacts between enhancers and their target f¥n#&(sst enhancers are
transcribed as 2D rather than 1D eRNA%

As it is already established that canonical gene expression is mediated by ¥QINPs that result in



differential levels of gene expression between individuals) and that enhancer sequences are enriched for com-
plex trait-associated variants, it is reasonable to hypothesize that eRNA expression should likewise be under
some degree of genetic control. Recent work supports this hypothesis and also demonstrates that eRNA-based
TWAS can identify genetically regulated eRNA expression associated with diseaS&.ri8knote, this prior

work by Donget al. showed that the heritability for schizophrenia attributable to genetically regulated eRNA
expression is independent of the heritability due to genetically regulated canonical gene expression. In light
of these results, an opportunity exists to dramatically expand this investigation of genetically regulated eRNA
expression, not only across the spectrum of human disease but also among individuals of non-European

ancestry.

1.8 Specic Aims

Despite the striking disparities in both lung cancer risk and mortality between African Americans and White
Americans, there are multiple barriers that impede the comprehensive study of lung cancer in individuals of
African ancestry. Because African ancestry individuals remain broadly under-represented in genetic research,
studies in these populations will have inherently smaller sample sizes than comparable studies in European
ancestry populations. Additionally, maiysilico post-GWAS approaches are not optimized for use in non-
European populations, further compounding this disparity.

The central motivation of my dissertation is to improve understanding of the genetic architecture of lung
cancer in individuals of African ancestry using a combination of both existing and novel computational ap-
proaches. In pursuit of this overarching objective, my rst aim was to conduct a comprehensive study of the
genetic architecture of lung cancer in African ancestry individuals using existing analytic approaches. Next,
to improve interpretation of genetic associations discovered in Aim 1, | aimed to develop a novel computa-
tional framework capable of identifying functionally relevant genetic variation in disease-associated cell and
tissue types. Finally, | aimed to investigate understudied sources of complex trait heritability by modeling
genetically regulated eRNA expression. For each of the novel approaches developed in Aims 2 and 3, | pri-
oritized maximizing their compatibility with African ancestry samples. Collectively, my results reveal novel
genetic contributors to lung cancer risk in individuals of African ancestry. Additionally, the computational
frameworks and data resources that | have developed have been made publicly available, providing the re-
search community with a versatile set of tools for better understanding the genetic architecture of complex

traits.



CHAPTER 2

Conducting a Comprehensive Study of the Genetic Architecture of Lung Cancer in African Ancestry

Individuals*

*Adapted with permission from Betti et al., The American Journal of Human Genetics}2025

2.1 Introduction
Black/African American individuals are disproportionately affected by lung cancer, the leading cause of
cancer death in the United Staté%13 They have a higher risk of lung cancer compared with White Amer-
icans, despite smoking fewer cigaref#®&’. Black/African American individuals are also less likely to be
diagnosed with early-stage disease and have reduced 5-year survival, although the racial disparity in mor-
tality has narrowed over tinfé. To our knowledge, three other GWAS of lung cancer have been conducted
to date in Black/African American individuals, which have identi ed a combined total of ve loci (5p15.33,
12p13.31, 12923, 15g25.1, and 19q13.2) associated with lung canc&r¥sR A multi-ancestry meta-
analysis of lung cancer that included African American individuals found 16 loci associated with overall lung
cancer risk®. Given this limited knowledge of the genetic susceptibility in Black/African American individ-
uals, as well as known population differences in smoking behaviors, nicotine metabolism, and lung cancer
risk114.115.19.116.11%here is a clear need for additional studies.

We performed a GWAS using a discovery sample of 6,490 African ancestry individuals, adding not only
additional individuals to the prior GWAS but also imputing to a diverse ancestry panel in TOR#ladding
new approaches not previously considered for the genetic susceptibility of lung cancer in Black/African
American individuals. Finally, we implemented an innovative approach that included both traditional and
local ancestry-strati ed GWAS, in addition to adding informatinesilico bioinformatic analyses. We iden-
tied 10 independent loci associated with overall lung cancer in individuals of African ancestry. Utilizing
ne-mapping and TWAS, we identi ed 16 putative causal SNPs and four causal genes underlying these

GWAS associations, illuminating possible mechanisms through which they may in uence lung cancer risk.

2.2 Materials and Methods

2.2.1 Study population

Individuals with incident lung cancer and matched control subjects were selected based on self-identi ed
Black/African American race from the prospective Southern Community Cohort Study (3EC®E NCI

Lung Cancer and Smoking Phenotypes in African American Cases and Controls (NCH'Stidynd IN-

HALE 120 for inclusion in the planned analysis. Brief descriptions of each study are included in the Supple-



mentary Methods. A total of 6,922 individuals (2,600 lung cancer cases and 4,322 controls) self-identi ed as
Black/African American, and 2,688 individuals (1,380 lung cancer cases and 1,308 controls) self-identi ed
as White. Institutional Review Board approval and written informed consent was obtained from all study

participants prior to participation.

2.2.2 Genotyping and Quality Control of Lung Cancer Cases and Controls

Genotyping of SCCS participants was performed at Vanderbilt University Medical Center using the lllumina
Expanded Multi-ethnic Genotyping Array (MEGA). The SCCS genotyping data were combined with ex-
isting genotyping data from the NCI and INHALE studies (lllumina 1M and Multi-ethnic Genotyping Array
(MEGA), respectively}??31 Overlapping samples between studies were removed to ensure independent
study populations. Related samples across the three studies were removed, retaining the participant with the
lowest individual-level genotype missingness.

Standard quality control lters were applied to the genotyping data from all three studies, and bi-allelic
autosomal markers were retained for analysis (Supplementary Figure 2.1). Briey, genetic markers having
a call rate of< 0:98 and individuals with a call rate &f 0:95 were removed. Principal components anal-
ysis was used to estimate genetic similarity to three reference populations using FlashPCAZ%Z20)
software. Reference populations included Yoruban (YRI), European (CEU), and Asian (CHB/JPT) from the
1000 Genomes phase 3 populatibtis Individuals within 50% of the YRI reference cluster were consid-
ered as having African genetic ancestry. Individuals within 50% of the CEU reference cluster were classi ed
as having European genetic ancestry. Samples with excessive heterozygsity3 standard deviations)
were removed. Inconsistencies between reported and genetically inferrenl=sed(for individuals with
genetically inferred African ancestry and= 8 for individuals with genetically inferred European ancestry)
were replaced with genetically inferred sex.

Genetic data were lifted to hg38 using the UCSC LiftOver $8cnd imputation was conducted using the
TOPMed Imputation Servéf*. The phasing step was performed using E4&1év2.4), while imputation was
performed using the TOPMed r2 reference panel. Following imputation, SNPs with an imputatidh4
were retained for downstream analysis. Multi-allelic and rare variants (MAF01) were removed from
the merged data, followed by removal of SNPs that failed the Hardy-Weinberg Equilibrium (HWE) test
(p< 1 10 “° for samples with genetically inferred African ancestry gme 1 10 8 for genetically
inferred European ancestry). For individuals with genetically inferred African ancestry, SNPs with a MAF
that deviated by 0:2 from the African American (ASW) 1000 Genomiédpopulation were removed. For
individuals with genetically inferred European ancestry, SNPs with a MAF that deviateddd® from the

Northern European (CEU) 1000 Genomes population were removed.
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Finally, individuals that were third degree relatives or closer (68 for individuals with genetically
inferred African ancestry ami= 10 for individuals with genetically inferred European ancestry) were pruned
from the dataset. After imputation and QC ltering, a total of 14,252,384 high-quality SNPs and 6,490
African ancestry individuals (2,390 lung cancer cases and 4,100 controls) were available for analysis. Of the
6,490 African ancestry individuals in our discovery sample, 4,488 were included in a previously published
GWAS of lung cancet!, while the remaining 2,002 are new samples. For European ancestry individuals,
a total of 8,386,318 high-quality SNPs and 2,950 individuals (1,404 lung cancer cases and 1,546 controls)

remained after Itering. PLINK?6 (v1.9 and v2.00) and R (v4.1) software were used for statistical analyses.

2.2.3 Quality Control and Imputation of the Replication Study Population

An independent set of African ancestry participants from the SCCS with existing genotyping data from prior
studies were included for replication. Arrays included the Illlumina 1M, MEGA, and In nium OncoArray,

as well as the Affymetrix Axiom genotyping array. Genotyping data were imputed separately for each array
using the TOPMed Imputation Servéf-118after undergoing independent initial QC (following procedures

as described for the discovery set). Following imputation, the four datasets were merged, with SNPs having
a mean imputation® > 0:4 retained for downstream analysis. After pruning of related individueds 25),
removing the individual in each pair with a higher SNP-level missingness, a total of 14,357,654 SNPs across

2,109 African ancestry individuals (219 lung cancer cases and 1,890 controls) remained for replication.

2.2.4 Lung Cancer SNP Heritability Estimation

To estimate the SNP-based heritabilibf) of lung cancer in African Americans, we utilized the Genome-
Wide Complex Trait Analysis-genome-based restricted maximum likelihood (GCTA-GREML) approach
(v1.93.2)127:128 which utilizes individual-level genetic data, to estimate the heritability of lung cancer. Her-
itability estimated on the observed scale was transformed to a liability scale based on estimated population-
level prevalence of lung cancer in Black individuals. To perform this transformation, we utilized a population-
level prevalence of 0.136, which was reported by the SEER Program in 2018 across Black individuals in the
United State$?°. We adjusted for age, sex, smoking status (current, former, or never), smoking pack years,

study site, and the rst ve principal components (PCs).

2.2.5 GWAS in African Ancestry Individuals
A two-stage genome-wide association analysis was conducted, implementing logistic regression models to
identify associations between germline genetic variation and lung cancer. In the discovery stage, the model

was adjusted for age, sex, smoking status (current, former, or never), smoking pack-years, study site, and
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global ancestry. Global ancestry was estimated for the admixed Black/African American individuals using
1000 Genome¥3 YRI and CEU reference populations and ADMIXTURE software (v1.3.0) with a super-
vised analysis approach, assuming two reference populatieng). A two-sided p-value op< 5 10 8

was considered statistically signi cant apck 1 10 ® was considered suggestive in discovery analyses.

In the replication stage, a logistic regression model examined associations between signi cant SNPs from
the discovery stage and lung cancer (adjusting for age, sex, smoking status, smoking pack-years, genotyp-
ing array, and global African ancestry), in an independent sample of African ancestry lung cancer cases and
controls. Evidence of @ < 0:05 and an effect size in the same direction as the discovery analysis were
considered replication. PLINK® (v2.00) software was used for analyses. To con rm whether the GWAS
loci that we identi ed were previously reported, we interrogated the NHGRI-EBI GWAS Calt3llog iden-
tify lung cancer-associated SNPs withc 1 10 °. Lung cancer associations in the GWAS Catalog were
identi ed using the EFO ID MONDQ0O001071 and downloaded on October 17th, 2024. GWAS Manhattan
and Q-Q plots were plotted using the ggman R package (v33£.6)

2.2.6 Local Ancestry-Aware GWAS

The gnomAD v3.1.2 HGDP + 1KG callsE¥ was downloaded from the gnomAD data portal (https://gnomad.
broadinstitute.org/downloads#v3-hgdp-1kg). A subset of 788 individuals with continental European ancestry
and 813 individuals with non-admixed, continental African ancestry were retained as reference populations
for local ancestry estimation. These reference population genotyping data were then merged with genotyp-
ing data from the GWAS discovery population, restricted to only overlapping SNPs, and haplotype phasing
of both admixed and reference populations was performed using the_pbaseonstatic function from
SHAPEIT (v5.5.1}3*% RFMix (v2.03-r0)3° software and phased data was then used to estimate local an-
cestry of the admixed Black/African American individuals. After performing local ancestry estimation, these
data, along with the corresponding phased genotypes, were used to run a local ancestry-aware GWAS using

Tractor software (v0.0.P} (https://github.com/Atkinson-Lab/Tractor).

2.2.7 GWAS Strati ed by Smoking Status

Strati ed analyses were performed based on smoking status. The smoking status-strati ed analyses consisted
of 4,877 ever smoking persons (2,222 lung cancer cases and 2,655 controls) and 1,613 never smoking persons
(168 lung cancer cases and 1,445 controls). The logistic regression model for ever-smokers included covari-
ates of age, sex, smoking status (current or former), smoking pack-years, study site, and proportion global
African ancestry. The logistic regression model for never-smokers included covariates of age, sex, study site,

and proportion of African ancestry.
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2.2.8 lIdenti cation of SNPs Associated with Lung Cancer Histologic Subtypes

Lead SNPs at loci identi ed using GWAS were examined for association with NSCLC (1,385 lung cancer
cases and 3,590 controls) and small cell lung cancer (SCLC) (157 lung cancer cases and 3,590 controls),
the two major lung cancer subtypes. We also performed strati ed analyses for adenocarcinoma (839 lung
cancer cases and 3,590 controls) and squamous cell carcinoma (SCC) (456 lung cancer cases and 3,590
controls), the two most common NSCLC subtypes. The logistic regression model for each histology-strati ed
analysis was adjusted for age, sex, smoking status (current, former, or never), smoking pack-years, study site,
and proportion of global ancestry. SNPs that surpassed a Bonferroni-corrected critical p-value threshold of

p< 5 10 3(0.05/10 SNPs) were considered statistically signi cant.

2.2.9 Fine-Mapping GWAS Associations

Fine-mapping of all GWAS associations with at least suggestive signi cameel 10 6) was performed

using PAINTOR (v3.0) softwar®®. LD matrices were computed using all continental African ancestry in-
dividuals from the 1000 Genomes phas&®3phased whole genome sequencing (WGS) dataset. A set of
functional annotations in UCSC BED format compiled by the developers of PAINTOR was downloaded and
lifted from hg19 to hg38 using liftOvVéF. Individual ne-mapping models were t using each functional
annotation, and the top ve uncorrelated functional annotations with the highest log likelihood of their re-
spective models were used to ta nal PAINTOR model. SNPs with a posterior probability of 0.7 or greater

were considered likely causal.

2.2.10 Transcriptome-Wide Association Study (TWAS) Using African Ancestry Models Trained in
Whole Blood

A TWAS was performed using a previously published set of TWAS models trained using whole genome

sequencing and whole blood gene expression from 757 African American indiidtialModels were

downloaded from Zenodd® (https://zenodo.org/records/7735723). Gene-level associations were considered

statistically signi cant at a threshold gf< 1:41 10 ° (0.05/ 3,543 genes).

2.2.11 Training TWAS Models Using Lung Tissue from African American Individuals

Tumor-adjacent lung tissue samples from 64 donor individuals of self-reported African ancestry underwent
RNA sequencing at the National Cancer Institute and genotyping at Vanderbilt University Medical Center
using the lllumina MEGAX genotyping array. Normalized expression data were generated using the RNA-
seq pipeline of the GTEx Consortitth(https://github.com/broadinstitute/gtex-pipeline/tree/master/rnaseq).

PrediXcan-based TWAS modéfswere trained using the predixcaum script in the MR-JTH7 GitHub repos-
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itory (https://github.com/gamazonlab/MR-JT]I).

2.2.12 TWAS Using JTI Models and African Ancestry Covariance Matrices

Using an independent set of 600 whole genome sequenced African American individuals from the SCCS, a
set of covariance matrices modeling African American SNP linkage disequilibrium patterns was generated
using WGS data to accompany pre-trained models of GReX data for 49 cell and tissue types from GTEXx
v8. These original pre-trained models were trained using the joint-tissue imputation (JT1) frarh&orét
downloaded from Zenodd?® (http://doi.org/10.5281/zenodo.3842289).

Using the S-PrediXcan framewol#, a TWAS was run using the pre-trained JTI models in conjunction
with the set of SNP covariance matrices based on SNP LD patterns in African ancestry individuals to evaluate
the association between gene-level GReX with lung cancer risk in African ancestry individuals. Gene-level
associations were considered statistically signi cant at a threshgd&d® 10 8(0.05/529,175 gene-tissue

pairs), while a threshold gi< 1:86 10 ©(0.05/26,930 unique transcripts) de ned suggestive signi cance.

2.2.13 Mendelian Randomization of TWAS Associations
LD scores based on European and African American SNP LD patterns were generated using genotypes from
the GTEXx v8 (838 individuals) and SCCS (600 individuals) WGS datasets, respectively. Prior to computing
LD scores, each dataset underwent LD pruning with PLINK (v2.00) using antoff of 0.01 and a window
size of 1 kb.

Using the Mendelian randomization (MR) framework from MR-3¥| SNP eQTLs for each gene tran-
script of genome-wide or suggestive signi cance were tested for causality. Under this statistical model, a
causal SNP (genetic instrumef®) mediates lung cancer risk (outcom®,via its effect on gene expression

(exposureE).

2.2.14 Gene Set Enrichment Analysis of TWAS Results in Lung
TWAS results from the discovery analyses and local African ancestry-aware analyses were evaluated through
gene set enrichment analysis, with genes ranked by their signi cance level, using the WeB¢ astdisite

and the KEGG*! pathway as the functional database.

2.2.15 Multi-Ancestry GWAS Meta-Analysis

We also examined associations between 8,386,318 high-quality SNPs and lung cancer (adjusting for age,
sex, smoking status, smoking pack-years, and global African ancestry) in an additional 2,950 individuals
(1,404 lung cancer cases and 1,546 controls) with genetically inferred European ancestry. Summary statistics

from this European ancestry and the African ancestry discovery GWAS of lung cancer were meta-analyzed
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with existing summary statistics from previously published lung cancer GWAS in European and East Asian
ancestry populatior$ for an overall total of 73,835 individuals (37,539 cases and 36,296 controls). A
xed effects, inverse variance-based meta-analysis was performed using MEZTAI2011-03-25), with

p< 5 10 ®indicating genome-wide signi cance.

2.3 Results

2.3.1 Study Population

Discovery (N = 6,490) Replication (N = 2,109)

Case (2,390) Control (4,100) Case (219) Control (1,890)

Female 1,158 (48.5%) 2,194 (53.5%) 88 (40.2%) 887 (46.9%)
Sex

Male 1,232 (51.5%) 1,906 (46.5%) 131 (59.8%) 1,003 (53.1%)
Age (years) Mean (SD) 61.1 (11.0) 58.5 (12.4) 55.9 (8.8) 56.8 (9.1)

Current 820 (34.3%) 1,146 (28.0%) 158 (72.1%) 689 (36.5%)
Smoking status Former 1,402 (58.7%) 1,509 (36.8%) 40 (18.3%) 536 (28.4%)

Never 168 (7.0%) 1,445 (35.2%) 21 (9.6%) 665 (35.2%)
Smoking pack-yeafs Mean (SD) 30.7 (26.4) 22.3(20.4) 30.7 (24.5) 21.2 (21.0)
Percent African ancestry ~ Mean (SD) 81.4(10.3) 80.6 (10.4) 84.8 (8.7) 84.9 (8.5)

Table 2.1: Participant characteristics in discovery and replication datasets
TPack-years calculated among ever smokers only.

A total of 6,490 African ancestry individuals (2,390 lung cancer cases and 4,100 controls) enrolled across
three study populations (Table 2.1 and Supplementary Table 2.1) were used to perform genetic analyses of
lung cancer. Cases and controls in this sample were balanced, with similar distributions of age, sex, and
genetic ancestry (Supplementary Figure 2). The nal genetic dataset consisted of approximately 14 million

high-quality SNPs.

2.3.2 Estimated Lung Cancer Heritability in African Ancestry Individuals

Using the GCTA-GREML?® approach, we estimated the SNP-based heritabhy ¢f lung cancer within

our genetic dataset. Among these individuals, we estimatéd be 15.94% (95% Cl = [4.89% - 41.15%)).

This African ancestry-based heritability estimate is comparable with previous estimates in both European
(20.60%, 95% CI = [14.2% - 27.1%]) and East Asian ancestries (12.10%, 95% CI = [4.40% - 17.7%)]) from
previous GCTA-GREML-based estimafes
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2.3.3 GWAS Identi es Genetic Loci Associated with Lung Cancer in an African American Sample

Figure 2.1: GWAS and local ancestry-strati ed GWAS in African American individuals identify SNP
associations with lung cancer. AOverall GWAS.B: Tractor-AFR.C: Tractor-EUR. Loci marked in blue
indicate replication in an independent sample of African ancestry individuals. The threshold for
genome-wide signi cancef(< 5 10 8) is marked in red, and the threshold for suggestive signi cance
(p< 1 10 5 is marked in blue. For the Tractor-based analyses, the mean local ancestry proportion across
all tested variants was 0.81 for African ancestry and 0.19 for European ancestry.

Using logistic regression, each SNP was tested for association with lung cancer, adjusting for age, sex, study,
smoking status, pack-years, and estimated proportion of African genetic ancestry (Figure 2.1 and Supplemen-
tary Figure 2.3). We observed a single statistically signi cang (5 10 8) locus, 15025.1 (rs17486278, OR

(95% CI) = 1.34 (1.23 — 1.45p = 4:52 10 '?). An additional three loci were suggestive< 1 10 ©):

8022.2 (rs181801863, OR (95% CI) = 2.77 (1.92 — 4.Q0% 524 10 8), 14q11.2 (rs180718702, OR

(95% Cl) = 0.52 (0.41 — 0.67)p= 4:20 10 7), and 18¢22.3 (rs1942164, OR (95% Cl) = 1.27 (1.16 —
1.40),p= 5:37 10 7). Three of these four loci (8922.2, 15925.1, and 18q22.3) replicated in an indepen-
dent sample of 2,109 African American individuals (219 lung cancer cases and 1,890 controls). Compared

with previously reported associations with lung cancer found in the NHGRI-EBI GWAS Cagal(®up-
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plementary Table 2.2), one (15¢25.1) of the four loci we describe had an association with lung cancer and
smoking behavioy*31443L.145while the remaining three (8g22.2, 14g11.2, and 18g22.3) have no previously

reported association with lung cancer (Table 2.2 and Supplementary Figure 2.4).

2.3.4 Local Ancestry-Aware GWAS Improves Detection of Population-Speci ¢ SNP Associations with

Lung Cancer

In an effort to model ancestral genetic heterogeneity in our admixed dataset of African American indi-
viduals, we performed a local ancestry-aware GWAS using Tractor softamhich uses population sub-
structure to improve discovery of SNPs with effect size heterogeHéitye identi ed one signi cant locus,
15025.1 (rs17486278, OR (95% CI) = 1.35 (1.23 — 1.483, 1:02 10 19), among the African ancestry-
derived alleles (Figure 2.1). Additionally, we identi ed six suggestive loci: 1p34.2, 3926.31, 4926, 8922.2,
11913.2, and 139g31.3 (Supplementary Figure 2.5 and Supplementary Table 2.3). Of these six loci, ve have
a previously reported association with lung cancer in the NHGRI-EBI GWAS Cdt#lioghile 8g22.2 does
not (Table 2.2). We replicated three of these associations (8g22.2, 13g31.3, and 15g25.1) in an independent
sample of 2,109 African American individuals.

Among European ancestry-derived alleles (Supplementary Figure 2.1C), we identi ed no signi cant as-
sociations. A single locus, 3p12.1, was suggestive (Supplementary Figure 2.6 and Supplementary Table 2.3)
and had no previously reported association with lung cancer in the NHGRI-EBI GWAS Ckita(dgble
2.2).

2.3.5 Lung Cancer GWAS Strati ed by Smoking Status Reveal Additional Loci in African Americans
We performed GWAS analyses strati ed by smoking status. The overall discovery sample of 6,490 individ-
uals was divided into subgroups of 4,877 individuals who had ever smoked (2,222 lung cancer cases and
2,655 controls) and 1,613 individuals who had never smoked (168 lung cancer cases and 1,445 controls).
Among ever-smokers (Supplementary Figure 2.7A), 15925.1 was the only locus that reached genome-wide
signi cance (lead SNP rs17486278, OR (95% CI) = 1.38 (1.26 — 1/56)3:61 10 12). There were seven
additional loci that reached suggestive signi cance: 3p26.1, 8q11.23, 10922.3, 12q13.11, 12g21.31, 14911.2,
and 19q13.2. Of these signi cant loci (Supplementary Figure 2.8), three (10g22.3, 12g21.31, and 14q11.2)
had no previously reported association with lung cancer.

Among never-smokers (Supplementary Figure 2.7B), although no associations reached genome-wide sig-
ni cance, we identi ed 10 independent loci that reached suggestive signi cance: 234, 3925.1, 3926.33,
8pl11.23,9921.32, 10p14, 13921.32, 17924.3, 21g21.3, and 21g22.2 (Supplementary Table 2.3). Of these 10
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loci (Supplementary Figure 2.9), half (39g25.1, 3926.33, 8p11.23, 9921.32, and 13g21.32) had no previously
reported association with lung cancer. Consistent with expectations, locus 15g25.1, associated with lung

cancer via its in uence on smoking behaviéf, reached signi cance only in ever- but not never-smokers.

2.3.6 Histology-Strati ed Analyses Reveal SNPs Associated with Histologic Subtypes of Lung Cancer

in African Americans
Of the 10 genome-wide and suggestive loci, nine (1p34.2, 3926.31, 4926, 8922.2, 11q13.2, 13g31.3, 14qg11.2,
15¢25.1, and 18g22.3) were signi cantly associatee (5 10 3) with NSCLC (Supplementary Table 2.4).
Among these nine loci, 1p34.2, 4926, and 8g22.2 were also associated with SCLC. Nine loci (1p34.2, 3p12.1,
3026.31, 4926, 89g22.2, 13g31.3, 14911.2, 15025.1, and 18g22.3) were associated with adenocarcinoma, and
three loci (1p34.2, 11913.2, and 18g22.3) were associated with SCC.

2.3.7 Fine-Mapping Reveals Putative Causal Variants with High Population Speci city at Lung Cancer-

Associated Loci

Ref Effect AFR  EUR  Functional
Locus SNP Chr  Position allele  allele AF AF AF context Analysis
1p34.2 rs3754283 1 42151361 A G 0.39 0.40 0.15 Intergenic Tractor-AFR
3pl2.1 rs143941775 3 83636902 T C 0.01 0.01 0.00 Intergenic Tractor-EUR
3pl2.1 rs4488844 3 85910317 A G 0.21 0.22 0.42 CADM2intron Tractor-EUR
3pl2.1 rs2575775 3 86993648 G A 0.43 0.42 0.26 Intergenic Tractor-EUR
3026.31  rs61629847 3 172180456 T C 0.11 0.11 0.17FNDC3Bintron Tractor-AFR
3026.31 rs114023048 3 174872005 C T 0.01 0.01 0.00NAALADLZ2intron Tractor-AFR
8q22.2 rs188251241 8 98781244 T C 0.03 0.03 0.00STK3intron Overall
8g22.2 rs73282753 8 100302168 G T 0.02 0.02 0.00RNF19Aintron Overall
13g31.3  rs148865363 13 90250639 T C 0.01 0.01 0.00 Intergenic Tractor-AFR
13g31.3 rs143548866 13 90267291 C T 0.01 0.01 0.00 Intergenic Tractor-AFR
14q911.2 rs139035814 14 21587763 G A 0.01 0.01 0.00 Intergenic Overall
14911.2  rs10162452 14 22849963 T C 0.34 0.34 0.30 Intergenic Overall
15¢25.1 rs12914385 15 78606381 C T 0.19 0.19 0.39CHRNA3intron Overall, Tractor-AFR
15925.1  rs11637630 15 78607377 A G 0.29 0.30 0.23CHRNA3intron Overall, Tractor-AFR
15g25.1 rs8041120 15 80151415 A G 0.29 0.29 0.32 2 kb upstre&@#htdf Overall
18g22.3  rs17056218 18 75051069 G A 0.28 0.28 0.16ZNF407intron Overall

Table 2.3: Fine mapping of variants with posterior probability > 0:7 for causal associations with lung
cancer in African ancestry individuals. Chr = chromosome; AF = allele frequency in the discovery
sample; AFR AF = allele frequency in the gnomAD v4.1.0 African/African American genetic ancestry
group; EUR AF = allele frequency from the gnomAD European (non-Finnish) genetic ancestry group.
Genomic coordinates are based on hg38.
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We used PAINTOR® to ne-map putative causal SNPs at the lung cancer-associated loci. We included loci
reaching suggestive signicanc@& 1 10 ) in any analysis. Across all GWAS of overall lung cancer
(main and local ancestry-strati ed analyses), we identi ed a total of 16 putative causal SNPs with a poste-
rior probability greater than or equal to 0.7 (Table 2.3). Of these 16 SNPs, eight fell within a gene intron
and one fell upstream in the putative promoter region of a gene. The remaining six SNPs were intergenic.
Across all main and strati ed analyses, we identi ed 35 unique SNPs with a posterior probabilty,

with 20 of them mapping to either a gene intron or a putative gene promoter and the remainder being in-
tergenic (Supplementary Table 2.5). Notably, among all 35 putative causal variants, 16 were observed in
African/African American gnomAD individuals but absent in non-Finnish European individitfaldmong

these ne-mapped SNPs was rs12914385 at locus 15¢g25.1, one of the genomic regions most consistently
associated with lung cancer. This SNP maps to an intron of nicotinic acetylcholine recept@HgBNA3

Among the ne-mapped SNPs at loci with no previously reported lung cancer associations, rs4488844, one of
the three putative causal variants at 3p12.1, falls within an intra®@AdM2 At locus 8g22.2, we identi ed
rs192390743, which lies in an intron 8TK3 We also identi ed intronic SNP rs17056218 #NF407 at

locus 18qg22.3.

2.3.8 TWAS Identi es Genes and Functional Pathways Associated with Lung Cancer Risk in Indi-
viduals of African Ancestry

We performed an initial TWAS using previously published models based on whole blood expression in

African ancestry individuals, identifying no signi canp 1:41 10 ®) associations using the standard

or Tractor-based GWAS. We next implemented two alternate approaches to perform TWAS in our admixed

dataset of African ancestry individuals. First, we trained PrediXcan-543&IAS models of GReXle novo

using genotype and expression data from tumor-adjacent lung tissue samples collected from 80 self-identi ed

African American individuals. These individuals were independent of our GWAS samples. With these GReX

models, we performed TWAS using summary statistics from our African ancestry lung cancer GWAS. Our

results yielded no signi cant gene associations (Supplementary Figures 2.10 and 2.11). However, gene set

enrichment analysis of the TWAS results identi ed multiple nominajty<( 0:05) enriched gene pathways

relevant to cancer. Among the lung TWAS associations based on the standard GWAS of African ancestry

individuals, we observed signi cant positive enrichment for the terms “JAK-STAT signaling pathway,” “Path-

ways in cancer,” and “Cytokine-cytokine receptor interaction,” all represented by theEREDBR We also

identi ed enrichment for “PI3K-Akt signaling pathway,” representedEjOR PKN2, andTHBS4 For the

lung TWAS associations based on the Tractor GWAS of African ancestry alleles, the terms “Ribosome bio-

genesis in eukaryotes,” represented\ilyL6, PWP2 SNORD3B-2andUTP18 showed signi cant positive
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enrichment. The term “mRNA surveillance pathway,” meanwhile, represented by §&rRds3 PPP2R5D
CLP1, CSTF3 andCPSF1 showed signi cant negative enrichment.

In our second TWAS approach, we utilized the substantially larger GTEx dataset with a JTIl-based frame-
work!3”. Because most GTEx samples are of non-African ancestry (and PrediXcan models include only
European ancestry samples), we constructed an ancestry-speci ¢ set of SNP covariance matrices from an
independent sample of 600 African ancestry individuals. The purpose of these ancestry-speci c covariance
matrices was to accompany the pre-trained TWAS models and improve their cross-ancestry portability. In the
resulting TWAS of overall lung cancer (main and local ancestry-strati ed analyses) across 49 cell and tissue
types, we identi ed three unique genes that attained genome-wide signi canc®( 10 8) in at least one
tissue:CHRNA3 SNRNP20PandZYG11A(Supplementary Figure 2.12). Additionally, we identi ed seven
more genes that were suggestiye<( 1:86 10 ) in one or more tissuesAC012184.3ADK, CCDC12
EML4, PSMA4 TMEM50A andZYG11A TWAS analyses strati ed by smoking status (Supplementary Fig-
ure 2.13) identi ed three additional genes that reached suggestive signi carcel86 10 ©) in at least
one cell or tissue typeBCL2L10andB4GALTS both associated with lung cancer risk in ever-smokers, and
CISD2 associated with lung cancer risk in never-smokers.

Using the JTI-based TWAS results from lung tissue, we performed gene set enrichment analysis (Supple-
mentary Figure 2.14). Among the nominally signi cant, positively enriched functional terms were pathways
relevant to lung function and cancer biology, including “asthma” (representedL ByDQALin the TWAS of
overall lung cancer) and “non-homologous end joining” (representad®# in the Tractor-based TWAS of
African ancestry-derived alleles). Among the signi cant negatively enriched pathways was “Antigen process-
ing and presentation” (represented BiA-DQA1in the Tractor-based TWAS of African ancestry-derived
alleles).

All JTI-based TWAS associations that attained at least suggestive signi cance were tested for causal-
ity using MR. Under this causal inference model, we tested whether each gene's genetic instrument (SNP
eQTLs) causally in uenced the outcome (lung cancer) via their mediation of the exposure (GReX). Of the
nine genes associated with overall lung cancer (across both the standard and local ancestry-strati ed analy-
ses), four CHRNA3 EML4, PSMA4 andSNRNP20Pwere predicted to be causal in at least one tissue type.
Including genes identi ed in the smoking status-strati ed TWAS, \BAGALTS CHRNA3 EML4, PSMA4
andSNRNP20Dof the 11 total genes identi ed were predicted to be causal in at least one cell or tissue type

(Supplementary Table 2.6).
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2.3.9 Multi-Ancestry Meta-Analysis of Lung Cancer Identi es an Association with Locus 4g35.2

Figure 2.2: Multi-ancestry GWAS meta-analysis of lung cancer risk. A:Manhattan plot of
meta-analysis of African and European ancestry lung cancer GWAS that we performed with previous
studies in European and East Asian ancestry populations. Loci in red indicate new associations not
previously identi ed in prior meta-analysis by Bywt al. The threshold for genome-wide signi cance
(p< 5 10 8)is denoted by the red horizontal linB: LocusZoom plot of the 4935.2 region. The dashed
line indicates genome-wide signi cancp€ 5 10 8).

We performed a multi-ancestry meta-analysis (Figure 2.2) using summary statistics from non-African ances-
try samples from a recent cross-ancestry meta-analysis of overall lung cancer (Supplementary Tables 2.7 and
2.8), along with those from GWAS we performed in African and European ancestry individuals, for a total of
73,835 individuals (37,539 cases and 36,296 controls). Compared to the original GWAS meta-analysis, we
observed signi cant results at 14 of the 16 previously identi ed associations: 1p31.1, 3928, 5p15.33, 6p21.32,
60921, 6g22.1, 8p21.2, 9p21.3, 10925.2, 11923.3, 13g13.1, 15¢921.1, 15g25.1, and 19913.2. Loci 3p22.1 and
8p21.1 were the only two original associations to fall below genome-wide signi cgnees( 10 8).

In addition to the previously reported associations, we identi ed three new associations: 2p14, 4935.2,
and 6¢27. Of these, 4935.2 (lead SNP rs67982721, OR (95% CI) = 1.09 (1.06 41=13)18 10 8) has
not previously been associated with lung cancer. Of the 10 loci that attained at least suggestive signi cance
(p< 1 10 %) in our African ancestry-based analyses, one locus (15¢25.1) was genome-wide signi cant
in the multi-ancestry meta-analysis (lead SNP rs17486278, OR (95% CI) = 1.21 (1.19 —{1:28)37
10 69),
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2.4 Discussion
We present a population-level genetic study of lung cancer in 6,490 African American individuals (2,390 lung
cancer cases and 4,100 controls). Using GWAS and incorporating local ancestry information, we identi ed a
total of ten loci associated with lung cancer in African ancestry individuals. Notably, four of these ten loci,
all of which replicated in an independent sample, had no previously reported association with lung cancer.
In addition to an association with overall lung cancer, each of these seven loci was also associated with at
least one speci ¢ histologic subtype. Among the putative causal SNPs at signi cant GWAS loci, nearly half
were present in gnomAD African/African American individuals and were essentially absent in individuals of
European ancestry.

At locus 3p12.1, we identi ed rs4488844, an intronic SNFC#DM2 Increased expression of this gene
in NSCLC has previously been linked to brain metastdgisAt 8g22.2, ne-mapped SNPs rs188251241 and
rs73282753 localize to introns 8fTK3andRNF19A respectivelySTK3functions as a tumor suppressor and
has been implicated in a number of different cancers, including pancreatic, liver, and colorectal'®8ncers
RNF19is an E3 ubiquitin ligase that is overexpressed in NSCLC and has been shown to disrupt p53 func-
tion14°, Additional notable genes that we identi ed includ&dF407 at locus 18¢22.3, a gene previously
shown to in uence tumor progressié and metastasis in colorectal cant®r Using TWAS, we identi-
ed multiple additional gene associations at loci that did not attain signi cance in the GWAS, including six
(AC012184.3ADK, CCDC12 SNRNP200TMEM50A andZYG11A at loci with no previously reported
association with lung canceAC012184.3transcribed at locus 16922.1, is a long non-coding RNA. Its ex-
pression has previously been associated with higher mortality in head and neck squamous cell carcinoma
patient$®2. ADK codes for an adenosine kinase at locus 10g22.2 and reduced expression has been linked to
liver cancer susceptibilii?®. CCDC12at locus 3p21.31 has been shown to promote colon adenocarcinoma
tumorigenesi&®*. SNRNP20&odes for spliceosome subunit gene at locus 2q11.2 and has previously been
linked to acute myeloid leukemt&®, along with and stem cell differentiation and proliferatiéh TMEM50A
codes for a transmembrane protein thought to play a role in embryonic nervous system deveidpmkite
ZYG11Aat locus 1p32.3 is a cell cycle regulator gene that has been linked to tumor suppressor activity in
ovarian cancée8, Our results suggest that these genes we identi ed may play some previously uncharacter-
ized role in lung cancer risk among individuals of African ancestry and thus represent promising targets for
future functional studies of lung cancer.

Previous estimates of lung cancer heritability range from 8-39§:160.2.161,162 These estimates, are
based on European and East Asian populations, leaving the heritability of lung cancer in African ancestry

populations not well-characterized. We found the heritability of lung cancer within our African ancestry
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study population to be approximately 16%, suggesting that although the estimated heritability of lung cancer
in African ancestry individuals is comparable to that of other populations, some of the underlying genetic
associations may be population-speci c.

We combined our GWAS ndings in African ancestry individuals with previous studies in European
and East Asian individuals to perform a multi-ancestry lung cancer meta-analysis. Using this approach, we
identi ed an association with 4935.2, a locus with no previously reported lung cancer associations. The lead
SNP at this locus was rs67982721, an intergenic variant between geRe2 and TRIML2 This region
has been previously associated with forced expiratory volume in COPD patients, further con rming a shared
genetic risk for lung cancer and lung functi¢a-164

Although this study had a relatively small sample size of African ancestry individuals compared with
those of GWAS performed in European and East Asian ancestries, this work nevertheless represents a valuable
contribution to understanding the genetic architecture of lung cancer in individuals of African ancestry. The
limited available sample size is perhaps the biggest consideration in this study, as it impacts not only power
for discovery but also the precision of the estimated heritability. The lack of diverse ancestry representation is
a known challenge and wide-ranging within human genetics research. Despite this, we leveraged all available
data to identify variants and genes associated with lung cancer, including those with underlying differences
in genetic ancestry, and investigated differences by smoking status and histologic subtype.

Our study introduces several key innovations relative to prior genetic studies of lung cancer conducted
among high-risk African descent individuals. In addition to rigorous genotype data quality control, our data
was imputed using the diverse TOPMed imputation panel, which signi cantly enhances our ability to capture
and accurately impute population-speci ¢ variat® Another innovation of this work was the use of the
Tractor statistical framewofk to run local ancestry-aware GWAS in our admixed African American sample.
Given Tractor's ability to detect variant associations with high effect size heterogeneity across different local
ancestrieg*®> our use of Tractor in combination with the standard GWAS approach expands the set of
potential associations. Together, these approaches helped to both con rm previous associations and identify
genetic loci and candidate genes for future study. Collectively, our results represent an important step in

investigating the African ancestry genomic landscape of lung cancer risk.
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2.5 Supplementary Information

2.5.1 Supplementary Methods

2.5.1.1 Study Populations

2.5.1.1.1 SCCS: Southern Community Cohort Study

The Southern Community Cohort Study (SCCS) is a prospective cohort that was established to address many
unresolved questions about the root causes of cancer health disparities. From 2002-2009, the study enrolled
approximately 85,000 adults aged 40-79 years from the southeastern states in the USA with the highest rep-
resentation of African Americans (Alabama, Arkansas, Florida, Georgia, Kentucky, Louisiana, Mississippi,
North Carolina, South Carolina, Tennessee, Virginia, and West Virginia.). Recruitment occurred mainly at
community health centers (CHCSs), institutions providing basic health services primarily to the medically
uninsured, so the cohort includes many adults of lower income and educational status. Each study partici-
pant enrolled at CHCs completed a detailed baseline in-person interview administered by trained personnel
to collect information participant characteristics, behaviors, and health status. Nearly 90% of participants
provided a biologic specimen (approximately 45% a blood sample, stored at -80°C, and 45% buccal cells).
Follow-up for mortality is conducted by linkage to the National Death Index and Social Security mortality
les. Follow-up for cancer incidence is conducted via linkage to state cancer registries. Participants also
received follow-up questionnaires by mail about every 5 years. Using a nested case-control study design in
the prospective SCCS cohort, incident lung cancer cases and controls (matched on age, sex, race, site, and

biospecimen collection method) were identi ed.

2.5.1.1.2 NCI Lung Cancer and Smoking Phenotypes in African American Cases and Controls (NCI)

The NCI Lung Cancer and Smoking Phenotypes in African American Cases and Controls study set includes
lung cancer cases and controls from the following studies: MD Anderson Lung Cancer Epidemiology Study;
The Multiethnic Cohort Study (MEC); NCI-MD Lung Cancer-Case Control Study; Northern California Lung
Cancer Study; Project CHURCH (Creating a Higher Understanding of Cancer Research & Community
Health); Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO); Southern Community

Cohort Study (SCCS); and the Karamos Cancer Institute at Wayne State University (KCFWSU)

2.5.1.1.3 INHALE Study

Lung cancer cases were enrolled at the Karmanos Cancer Institute, Henry Ford Health System, or their
respective network sites, within 12 months of diagnosis. Volunteer controls were enrolled from the same
geographic areas from which cases were drawn (metropolitan Detroit). Participants were 21-89 years of age

and asked to complete an interview, low-dose chest CT scan and spirometry, as well as provide saliva, blood,
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and tumor tissue (cases only) samples. Eligibility criteria also included carrying health insurance (in the
event medical follow-up was required based on a clinical nding on CT or spirometry), never having taken
Amiodarone or been diagnosed with bronchiectasis or cystic brosis. Additionally, controls had never been
diagnosed with lung cancer nor had surgical removal of any portion of lung. The INHALE study was con-
ducted from 2012-2018. Genotyping was performed using the Illumina Multi-Ethnic GWAS/Exome Array
(MEGA) which covers 1.7 million SNPs across the genome. The Wayne State University, McLaren Health
Care and Henry Ford Health System Institutional Review Boards approved the procedures used in collecting
and processing participant information, and written informed consent was obtained from all participants prior
to participation.

See Supplementary Table 2.1 for the number of lung cancer cases and controls.

2.5.1.2 Genotyping and Quality Control

Pre-phasing using Eadi®® (v2.4) was performed to phase haplotypes and improve imputation performance.
The software program minimaé# (v1.6.6) and phased haplotypes, along with the TOPMed r2 reference
panel o= 97,256, 20% African ancestry), were used to impute genotypes for the lung cancer cases and
controlst'®, SNPs having an imputation quality scoreré® 0:4 were retained. Imputed allele frequencies
were compared with allele frequencies in the ASW 1000 Genomes popufatiand SNPs having a MAF
deviating by more than 0.2 between the 1000G ASW and the African ancestry individuals in the current study
were removed. Familial relationships were inferred using KiRGoftware (v2.2.7) and third-degree related

or closer individuals were removed £ 68).

Prior to merging the admixed and reference populations for global ancestry estimation, additional SNP-
level Itering was performed. First, all A-T and G-C SNPs were removed from both the reference and
admixed sets. Next, the data were pruned, removing linked variants with>a@:1 within a 50 kb window,
using a step size of 5 SNPs. Variants in the reference dataset that were not present in the admixed population
were removed, before nally checking for chromosome mismatches and allele ips between the two datasets.
Finally, the reference and target datasets were merged, followed by removing variants on the sex chromo-
somes and performing LD pruning again on the merged datefset: 1 within a 50 kb window, using a step

size of 5 SNPs).
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2.5.2 Supplementary Figures

Supplementary Figure 2.1: Overview of the work ow for quality control and imputation of the
genotype data used for GWAS.
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Supplementary Figure 2.2: African (YRI) admixture proportions within GWAS discovery and
replication sets. The overall discovery set had a median YRI ancestry proportion of 0.82 (range 0.44 —
1.00). These predicted genetic ancestry distributions remained consistent within both cases (median 0.83
with range 0.46 — 1.00) and controls (median 0.82 with range 0.44 — 1). The replication dataset had a
median proportion of 0.86 YRI ancestry (range 0.50 — 1.00). The median among the cases was 0.86 (range
0.51 - 0.97), while among the controls it was 0.86 (0.50 — 1.00).
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Supplementary Figure 2.3: Q-Q plots of overall GWAS, Tractor-based GWAS, and multi-ancestry
meta-analysis of overall lung cancer. Ain the Q-Q plot for the logistic regression-based of overall lung
cancer] gc = 1:01. B: In the Tractor-AFR analysi$,cc = 1:01. C: In the Tractor-EUR analysis,
| gc = 1:00.D: In the multi-ancestry meta-analysis of lung cancer in African, European, and East Asian
ancestried, gc = 1:15.
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