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SUMMARY

Health disparities, plausibly avoidable differences in health outcaamesng
specific population groupss both an imperative challenge for our society and a pressing
scientific issue[1]. Minority population groupswho are vastly underrepresented in
biomedical research and often medically underserdeshroportionatelyexperience
adverse survival outcomdésom the same diseases includiogncer[2]. While disease
mortality rates have steadily decreased over the last century, survival disparities among
racial andethnic population groups persigthe landscapesurvival dispatly is further
complicated byhecomplex and multifactorialature of contributing risk factgrspanning
both genetic and environmentaimensions and variousiechanismswith differential
effectsacrosdifferenttype of diseaseand populationf3]. Yet, currenthealth disparities
research tends to be focusedasspecific disease, with sallentified race and ethnicity
(SIRE) andgenetic ancestryGA) sometimesusedinterchangeablyor studyinggenetic
andor environmenal effectson disparites Moreover, the nderlyingrisk factorghatdrive

survival disparitiesn eachpopulation grougrestill largely unknown.

This thesis explores the genetic, molecular, and environmental effects ol overa
and causepecific survival disparities across population groups by leveraGiAg
inference and population biobank dath&e threechapters 2, 3, and #vestigate these
disparities in two stepg1) Discovery, where the areas of disparities are identified and
measured between population groups, an€f@&racterization, whengopulationspecific

risk factors perpetuatingurvivaldisparities in the identified area are investigated.
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Research advance 1: Chapter 2explorescancers with significant survival
disparities between GA and SIRE grouips., discovery) followed by the characterization
of differential molecular signatures that interact viA to exacerbatsurvival disparities
in cancer patiestof different ancestnyi.€., characterization)Cancer survival disparés
(CsD)among racial and ethnic population groppssistand can remain even when group
differences among negenetic factors are controlled for, pointing to a potential role for
genetic and biological factordsingThe Cancer Genome AtIGBCGA), four cancersvith
disparities in patient overall survivalere identifiedbreast invasive carcinoma (BRCA),
head and neck squamous cell carcinoma (HNSC), kidney renal clear cell gacino
(KIRC), and skin cutaneous carcinoma (SKCMjfferential gene expression between
ancestry groups associdteancesrelated hallmark pathways and canoelated genes
with CSD, seven of which contributdo disparities via interactions with GAAQRSE,
LIME1, SAP25, MXD3, CCER2, RFLNe#ndCTSW n addition,GA correlated with race
and ethnicity but showed observable differences in effects on EiBbings suggested
that legulatory changes mediated by epigenetic mechanmmhk as methylatiomave a

greater contribution to CSD th&@A-specific mutations.

Research advance Zhapter Jurther characterizes two of the four canoeith
significant CSDfound inChapter 2BRCA and HNSCby constructing GAspecific gene
co-expression networkssene o-expression network analysis can provide insight into
genegene interactions associated with important biological processes involved in cancer
that may go undetected in standard analyses that evaluate one gene at a time. Dysregulation
of geneexpressionsnay disrupt essential cellular functions and drive cancer progression,

which may also be influenced lgya t i geneticbbackgroundrlhis study extends the
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characterization of CSbetween African (AFR) and European (EUR) @atientswith

BRCA and HNSC throgh canceandancestryspecific gene cexpression network and
survival models to revediargeted sets of genes and associated biological processes
underlying CSD inAFR ancestrypatients For both cancers, the mean hazard ratio of
survivalassociated AFRetworkgenesand modules wergreater than the EUR network,
corresponding to lower survival probability seen in AFR compared to Bhdestry
patients Genes significant to cancer survivatre alsanothub nodes but remasdhighly
influential in the nework through their connection to hub nodémally, veral potential
prognostic marker gene interactions and their associated biological processes linked to
CSD in AFR ancestrypatientswere identified including ribonucleoprotein complex
biogenesis and itochondrion organization process for BRCA disparities and regulation of

B-cell activation and tube morphogenesis for HNSC disparities.

Research advance hapter 4broadens the research scope beyond cancer to
investigate the overall and leading cagpecific mortality disparities in the United
Kingdom using UK Biobank (UKB)Significant differences exist in both rates and causes
of mortality between racial and etlity groups. However, the key risk factors that are
potentially driving these overall and catsgecific mortality and mortality disparities
each population grougmain unclearThis studyexaminedhe differences imverall and
leading specific cause of mortality (i.e., discovery) and identified associated
environmental risk factors across various ethnic gr@ugscharacterization Numerous
bloodand urinarybiomarkers andnodifiable environmental and behavionabrtality risk
factors were iderfied, several bwhich shoved differential effects on mortality across

ethnic groupsThe strongest ethnigpecific mortality associations were ischemic heart
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disease for Asians, COVHD9 for Blacks, and cancers of respiratory/intrathoracic organs
for Whites. Mental healtnelated diagnoses, including substance abuse, anxiety, and
depression, were a major risk factor for overall mortality in the Asian group. The effect of
mental health on Asian mortality, particularly for digestive cancers, was exacdrpated
observed hesitance to answer mental health questions, possibly related to cultural stigma.
C-reactive protein (CRP) serum levels were associated with both overall anépause
mortality due to COVIDB19 and digestive cancers in the Black gravipere elevated CRP

has previously been linked to psychosocial stress due to discrimination.

Altogether, this thesisighlights populatiorgroup-specificdifferences and unique
genetic and environmental risk factors that contribute to disparities in auoutcomes
Furthermore, itunderscore the importance and demonstratéhe utility of ancestry
informed study designsnd integrative analysis frameworks thaambine clinical
outcome data with genomic and socioenvironmental dataclioically-relevant findings

with greater translatability that can help to improve health equity.
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CHAPTER 1. INTRODUCTION

Eliminating health disparities and advancing health equity has been recogsized
a top priority in the United States (U®y governmentinstitutes including the US
Department of health and Human Services, Centers for Disease Control and Prevention,
andthe National Institute on Minority Health and Health Disparitids5]. The ahgoing
pandemic of Coronavirus disease 2019 (COM®) has revealed the profound adverse
effects of health disparits especially among highsk and underserved racial andreth
minority groupsas demonstrated by their disproportionadverseoutcomeg7, 8]. In
order to mitigate health disparities and promote health equity, expansion of research
specifically designed for afflicted subpopulations aimed at identifigrygtedrisk factors
and biomarker®f greatest prognostigotentialthat can be used to inforand prioritize

interventions and preventions is crucial.

Although realth disparities have been characterized most often asuiglly
definedgroupsof ancestry(selfidentifiedrace and ethnicitgr SIRE) genetically inferred
ancestry(genetic ancestry or GAs also increasingly being useih the recent years.
However, it is important toecognize thatvhile correlatedSIRE and GA are distinctive
conceptghatrepresent different dimensions of hedlh Accordingly, heir appropriate

usage should reflect tloverall objective and data the study being conducted

In characterizing various health disparities, mortalitythe mostdirect and
unambiguousneasure oh diseaseoutcome and arguably of greatbstalth andclinical
impact[10]. Hence, substantiaésources are invested yearly by countries to collect data

onoveralloralc ause mortality rates as a primary



hedth status[11, 12]. PopulatioAbased mortality statistics and analyses allows for
identification of areas of disparity and quantificatiéthe differences across various racial

and ethnic groups. However, these types of traditional analyses based on linked census and
death registration data are insufficient in understandingutiterlying risk factors of
mortality andsurvival disparity [13]. While limited, minority group samplesand their
genome, socio@avironmental, and clinical outcomegata in largescale biobanksin
populationspecific investigationsan enhance our understandindneélth disparities and

elucidatetargetedisk factorsof greatest prognostic potential

1.1  Health disparities

Health digarities refers to differences in health outcomes among specific
population groups[14]. Unfortunately, mmority race and ethnicgroups are
disproportionately burdened by health disparities in cancer and other disease o{@tomes
Various types of risk factors have been linked to health disparities including genetic
biological and environmental factorg(g.,diet, socioeconomic status, physical inactivity)
[15]. Traditionally, lealth disparities have been characterized most often among groups
defined by race and ethnicity or #Rbutalso by GA in the recent yeaaftributedto the
sequencing technology and availability of reference population databasksas Human
Genome Diversity Project and the 1000 Genomes Pr@iéctl7]. Several indicators of
health status and outcome exist including measures of morbelgy, ihcidence and

prevdence) and mortalityg.g.,death rate and survival probabilify)g].



1.1.1 Mortality

Mortality is a keyindicator ofhealththat captures the likelihood of an indlual
both developing and survivirdjseases such as cangH]. At the patierdevel, mortality
measures arelinically important indicatos of disease progression that also reflect
improvements madey treatment and therapeutids]. Death isaalsoclearly identifiable
eventandrobust against bs&s compared to othbealth outcomes arttkalth indicators
including incidence and prevalence rategich areinfluenced by overdiagnoses the
detection ofdiseasdahat donot cause symptoms or desfii8]. At the populatiorlevel,
mortality measurebfelp toquantify health problems, define or monitor health status, and

set priorities and goals.

1.1.2 Disparities in cancer

Cancer health disparities (CHD)anifes in forms of disparate patient outcomes,
adverse effects, and quality of life after cancer diagnasid continue to hamper the
progress made in cancer biomedical research in the last cEb®iriortality, measure
by overall survival (OS)s the mostlirectand unambiguousieasure of diseaseitcome,
and isespeciallyimportant for patients suffering from chronic, hgdouurden diseasssuch
as cancerThus, it is ncreasingly being used in clinical studies as markers of disease
prognosis and treatment efficag0]. While overall cancer mortality has steadily
decreased in the lagecadescancersurvival disparies (CSD) remain a major public
health concern with over 600,000 estimated deaths nationally in[20281]. Moreover,

cancer disparities also entailgreat economic burdentheic minorities and medically



underservedroups in the US were estimated to have lost $3.2 billion in earnings attributed

to cancer mortality disparities in 20122].

1.1.3 Disparities in overall and causspecific mortalities

Mortality rate is the oldest and most commanmdicator used to measure
popul ationds overall heal t h rateddingdanU&K) been
and 1890 in the UR2, 23]. Unfortunately, the persistent mortality gap between population
groups is not onlyruefor deattsdue to cancer, but al$or overall and other causspecific
mortalities. Most recent analysis of death registration from England and Wales by the
Office for National Statistics in the UK demonstrated that significant differences mortality
exist between ethnic groups. For example, highecaalse mortality rates were found in
White ethnic groups and ischemic heart disease mortality rates were highest in
Bangladeshi, Pakistani, and Indian ethnic groups between years 2012 t¢22019
Conversely, Blacks livig in the US showed higher and earlier mortality in nearly every

age compared to Whit¢s2].

1.2  Ancestry

Ancestryinformation can be divided into two types, socially defined SIRE and

genetically inferred GASIRE and GAare correlatedsincethey are both basesin o ne 0 s

ancestral originsAlthough both GA and SIREan beused to categorize individuals into



subpopulations, it should be emphasized that theyatrénterchangeableonceptsand

reflect different aspects of human identity and biology.

1.2.1 Socially defined ancestry

Race and ethnicity ar@sially defined membership that is salentified based on
shared heritage, culture, and social experief@gs Therefore, its definition can vary by
country and change over timelRE is considered amportantepidemiological proxyor
socioenvironmental factors and societal resources that potentially impact health status and

outcomedut animpreciseproxy for genetic diversitj26).

1.2.2 Genetically inferred ancestry

GA is a characteristic of the genome based sgateméc allele frequency
differencesin individuals descending from different ancestral populat[@3. GA is a
proxy for genetic diversity that is inferred objectively and independently of social
dimension of SIRE26]. GA is alsodistinct from SIREN that it can be inferred lodgl
(chromosomal) and gbaly (genomewide) asbotha categorical and continuous variable
[27]. Thus, GA can @pture the genetic dimensions of health disparities with greater

precisionthan SIRE



1.3 Biobanks

Biobanks refer tolargescale collectioa of human biological material and
associated information organized for research purg@8:29]. Biobanks from modern,
cosmopolitan countries, such as the US and the UK, alloveXploration ofminority
sample populations andeingenomic and clinical data from biological samples, associated
lifestyle, and environmental factarén this way, biobankgresent a immense mining

opportunityfor health disparities resedr.c

1.3.1 The Cancer Genome Atlas

The Cancer Genome Atlas (TCGA) wasjoint effort of the National Cancer
Institute and the National Human Genome Research Institate began in 2006 to
accelerate genomic studies on molecular basis of cg86erThe project molecularly
characterized over 20,000 primary cancer and matched samples from 33 aarussshe
US and Canaddl'he over 2.5 petabytes of data geed throughare publicly available

for researchwhich helped bolster computational biology field of cancer res¢aéth

1.3.2 UK Biobank

UK Biobank (UKB) is national health initiative for building health registry of
500,000 peoplaged betweed0 and 69 from 2006 to 2010 across thdJK including

England (89%), Scotland (7%), and Wales (4p8)]. Participants were measured,



providedbiologicalsamplesand aswered extensive surveys and interviews, allowing for
wide breadth of data spanning physical measures, lifestyle, blood biomarkers, imaging,
genetic, and linked health and medical recgB88. This genetcally andphenotypically

rich dataset is distinguished by its scale and the length of participant-igli¢average of

12 years) and offers opportunities to explore leading causes of mortality and test an array
of associated risk factors by populationsups.U K6 s  groupsby National Health

ServiceareAsian, Black, Chinese, Mixed, White, and Other



CHAPTER 2. ASSOCIATION OF GENETIC ANCESTRY AND
MOLECULAR SIGNATURES WITH CANCER SURVIVAL

DISPARITIES: A PAN -CANCER ANALYSIS

2.1  Abstract

While overall cancemortality has steadily decreased in recent decades, cancer
health disparities among racial and ethnic population groups persist. Here we studied the
relationship between cancer survival disparities (CSD), genetic ancestry (GA), and tumor
molecular signat@s across 33 cancers in a cohort of 9,818 patients. GA correlated with
race and ethnicity but showed observable differences in effects on CSD, with significant
associations identified in four cancer types: breast invasive carcinoma (BRCA), head and
neck sgamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), and
skin cutaneous carcinoma (SKCM). Differential gene expression and methylation between
ancestry groups associated canedated genes with CSD, of which seven protmding
genes(PAQRG6, LIME1, SAP25, MXD3, CCER2, RFLN#nd CTSW significantly
interacted with GA and exacerbated observed survival disparities. These findings indicated
that regulatory changes mediated by epigenetic mechanisms have a greater contribution to
CSD than ppulationspecific mutations. Overall, we uncovered various molecular
mechanisms through which GA might impact CSD, revealing potential popugtemific

therapeutic targets for groups disproportionately burdened by cancer.



2.2  Background

Cancer is a compk genetic disease that disproportionately affects population
groups in the United States (US). While cancer health disparities (CHD), or differences in
disease burden and outcome between population groups, can be measured by indicators of
morbidity, including disease incidence and prevalence, we focus on mortality in this study
[2]. Mortality is a uniquelymportant measure that captures the likelihood of an individual
both developing and surviving can¢&6]. Thus, mortality rates and survival probabilities
are key indicators of disease progression that also reflect improvements made iin cance
treatment. On the contrary, incidence and prevalence rates may not accurately reflect
progress made against cancer, as they are influenced by overdiagnoses, or detection of
tumors that do not cause symptoms or death, due to an increase in screenig]tests
Survival and mortality are direct measure of disease burden that are also clinically
important for patients suffering from chronic, heduyrden disease sh as cancer,
increasingly being used in clinical studies as markers of disease prognosis and treatment

efficacy[18, 20].

Although overall cancer mortality has steadily decreased in the last decades, it
remains a major public health concern with over 600,000 estimated aedithsally in
2020[10, 21]. The landscape of cancer mortality is further compdidaby persistent
inequalities across distinct race and ethnicity groups. The innovations and advancements
made in cancer surveillance, diagnostics, and therapeutics that have resulted in an overall
reduction of cancer incidence and deaths are undermindeback of progress made in
reducing CHD, which in some cases have worsened over the[$8a84]. For example,

thesurvival gap between African American and white women diagnosed with breast cancer



widened over the last 20 years, notwithstanding the overall decline in breast cancer
mortality rate by 409435, 36]. Investigations of the underlying factors that cause and

exacerbate CHD in certain population groups are critical for promoting cancer health

equty.

CHD between race and ethnicity groups have been thoroughly described in
previous studies, with an emphasis on the contributions efjenatic factors, including
socioeconomic status, access to healthcare, and environmental expbdurdswever,

CHD can remain even when group differences amonggeoetic factors are controlled

for, pointing to a potential role for genetic and biologicaldexin CHD. Recent studies

have uncovered contributions of genetic differences, including pharmacogenomic variants
and differential gene expression to CHID, 35, 37-40]. The vast expansion of multi

omics data for numerous cancer types, through projects such as The Cancer Genome Atlas
(TCGA), has enabledeep genomic profiling of CHD across population groups, along with

the use of estimated genetic ancestry (GA) instead oidsaifified race and ethnicity
(SIRE). GA is known to affect cancer survival disparities (CSD) for breast carcinoma,
where Africanancestry is associated with higher mortality, but the impact of GA on CSD

for other cancers is largely unknoj#i-43].

It should be stressed that GA and SIRE are distinct concepts, reflecting different
aspects of human identity and biology. Race and ethnicity are socially defined, based on
shared heritage, culturené social experiences. More importantly, race and ethnicity are
not biological or genetic categories, and considered to be a poor proxy for genetic diversity
[19, 26]. GA, on the other hand, is a characteristic of the genome based on cortidbed a

frequency differences among ancestral populations. GA can be inferred objectively and

1C



with precision, as a categorical or continuous variable, and it can be defined independently
of the social dimensions of race and ethnicity. When GA is inferreal esntinuous
variable, it can be used to characterize patterns of admixture commonly seen among

individuals from modern, cosmopolitan populations.

For this study, we performed a paancer analysis of survival disparities between
population groups usinghé¢ TCGA data, and characterized the differences in GA
associated molecular signatures and their impacts on (EigDre 1) We identified the
cancer types exhibiting significant disparity in overall survival (OS) outcomes of cancer
patients based on bothFE and GA. Moreover, differential expression and mutational
analyses on different cancer types and GA groups were used to identify molecular
signatures affecting cancer survival that display significant interactions with ancestry.
These findings suggestah GA and GAassociated features contribute to differential
survival outcomes in several cancer types. The results also underscore the potential for

populationspecific therapeutic targets for groups disproportionately affected by cancer.
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Figure 1. Graphical summary of the study.

Pan-cancer analysis of TCGA data across multiple tumor types reveals differential
molecular signatures associated with cancer survival disparities across different genetic
ancestries.

2.3 Materials and Methods

2.3.1 TCGA omics data curation and analysis

Affymetrix Human SNP Array 6.0 raw data for TCGA participants across 33 cancer
types were downloaded in two formats from the Genomic Data Commons (GDC) Legacy
Archive and harmonized with the 1000 Genomes Proje€GH) reference population

variants with the program PLINKL6, 44]. GA was characterized at the continental level,

12



via comparison with 1KGP surrogate ancestral source populdfiabge 3)from distinct
continental population groups, as both categorical and continuous variables. Categorical
GA inference yields the most likely continental group assignments for individuals, whereas
continuous GA inference yields percent contributions from difteoentinental source
populations, which we refer to as GA proportions. Continuous GA ancestry inference is
used to capture patterns of admixture for TCGA participants. The continental GA
proportions for African (AFR), East Asian (EAS), Native American TNlAand European
(EUR) were estimated with the program ADMIXTURE and were used to categorize
participants into continental GA groups, AFR, EAS, Admixed American (AMR), and
EUR, using the principal component analysis (PCA) an@drest neighbor classifiét-

NN) [45].

Genelevel count files for RNAsequencing data and somatic mutation annotation
files (MAF) were obtained from the GDC Data Portal. For germline mutations, germline
variant data files for 10,389 TCGA patrticipants were downloaded from the GDC Legacy
Archive. Differential gene expression and differential mutation analysis between GA
groups were performed using the program DESeq2 raatComparefunction in the
Maftools Bioconductor/Rpbackage, respectivelj46, 47]. For differentially expressed
genes (DEGSs), enrichment analysith the Hallmark Pathway gene sets in the Molecular
Signatures Database (MSigDB, version 7.1) was performed. TCGA participant
methylation data were taken from the SMART (Shiny Methylation Analysis Resource
Tool) App. Additional details can be found Appendix A, sectiorA.1 Supplementary

Methods

13



2.3.2 Survival analysis

Clinical data for the all TCGA participants were downloaded from the GDC Data
Portal and merged with survival outcome endpoints in the TCGAXRacer Clinical Data
Resource(TCGA-CDR) for survival analysis using R version 3.620]. Univariable
analysis using KaplaMeier (KM) method and multivariable modeling using Cox
proportional hazard (CeRH) models were performed using the OF GG A participants.
KM curves were constructed and compared between each GA and SIRE groups using the
log-rank test. Then for each cancer type, three types of generaPl&arodels were
constructed for: 1. SIRE groups, 2. Categorical GA groups, and 3inCons GA
proportions. For four cancer types showing significant disparity in relative risk of mortality
between GA groups in the univariable and survival analysis, capeeific multivariable
Cox-PH models were constructed with additional clinicallyevaint covariates including
age at cancer diagnosis, American Joint Committee on Cancer stage, tumor morphology,
tumor status at survival event, and gender. Other variables, such as molecular subtype,
postmenopause status, and alcohol use, were also etlhased on data availability and

completeness.

2.3.3 Differential molecular signature analysis

Identified DEGs were feature selected using the analysis of variance (ANOVA) and
filtered for Fstatistics >1 and@ al ue OO0. 05. Sel ect embsetsi f fer e
were additionally tested for classification performance of GA groups using elastic net

logistic regression. Accuracy in classification rates were validated ushhigldL@ross

14



validation and the area under the receiver operating characteristfesetial mutational
rates (somatic and germline) between GA gr

test of independence-{@mlue <0.05).

2.3.4 GeneGA association and interaction analysis

Featureselected DEGs and identified differentially mutatedege(DMGs) were
evaluated for significant association with GA using multiple linear regression modeling
and logistic regression models, respectively. Genes with expression level or mutation status
showing significant ass oc ied forifuther amalysishfor GA a't
geneby-genetic ancestry (GxGA) interaction on cancer survival outcomes with an
interaction term in the final CeRH model. For genes displaying significant joint effect
with ancestry, methylation level of associated CpG idaf@Gl) were tested for
differential methylation using the Wilcoxon rank sum test and also added to the GxGA
interaction survival model. Additional details including model formulas can be found in

Appendix A, sectiorA.1 Supplementary Methods

2.4 Results

2.4.1 GAinference vs. SIRE

Genomewide genetic ancestry, at continuous and categorical scale, was inferred

for 9,818 TCGA participants across 33 cancer types. For GA at continuous scale, we used
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the ADMIXTURE program with reference populations from 1KGP to egéroantinental
ancestry proportions: AFR, EAS, NAT, EUR, and other (Figkg 98.95% of TCGA
participant ancestry was explained by the four defined continental ancestry dtioups (

16). TCGA participants show predominantly EUR ancestry (82.5%), feliblwy AFR
(8.19%), EAS (6.76%), and NAT (1.50%). 81.23% (n=7,975) of the TCGA participants
had selfidentified race information (American Indian or Alaska native, Asian, Black or
African American, Native Hawaiian or other Pacific Islander, and White) @n@B%
(n=6,880) had selidentified ethnicity (either Hispanic/Latino or not Hispanic/Latino)
information available Table 4. A total of 8,010 TCGA participants had race and/or
ethnicity information available, with 79.01% identified as White (White rawk reon
Hispanic or unknown ethnicity), 9.78% as Black (Black or African American race and non
Hispanic or unknown ethnicity), 7.12% as Asian (Asian or Native Hawaiian or other
Pacific Islander race and ndfispanic or unknown ethnicity), and 4.09% as Higpa
(Hispanic/Latino ethnicity). TCGA participants from each of these four SIRE groups show
distinct and characteristic ancestry patterns, albeit with some overlap between groups

(Figure2B).

For GA at categorical scale, PCA followed byNN classification with the IKGP
was performed on the 9,818 TCGA patrticipants for categorization into four continental GA
groups: EUR, AFR, AMR, and EAS. While high concordance rates were generally
observed between SIRE and GA groups (WhiteUR: 94.2%, Black/AfricarAmerican
T AFR: 95.79%, Asiafi EAS: 90.88%), the concordance rate between Hispanic ethnicity
and AMR ancestry was much lower at 68.@8g(re 17. Differences between SIRE and

GA classification can be seen in the PCA plots (Fig@eand2D), which show visily
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distinctive clustering patterns for GA groups, in contrast to the more continuous
overlapping patterns seen for the SIRE groups. In addition, lack of concordance between
GA and SIRE was seen for a small fraction of individuals with majority EUR cEQdR
ancestry. Of those with over 60% EUR ancestry and SIRE information, 47 (0.74%)
participants seffdentified as either Asian or Black instead of White. Similarly, of those
with over 60% in EAS or AFR, nine (1.58%) and 22 (2.81%) participants identsied a
White, respectively. In contrast, GA group assignment based on the PCA-NNd k
classifier did not yield any participants with 60% or more of a single ancestry that were

classified into a nomajority GA group.
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Figure 2. Genomewide genetic ancestry (GA) and admixture estimates for TCGA
participants.

(A) ADMIXTURE plot showing K=5 GA and admixture proportions for 1000 Genome
Project continental reference populationsEuropean (EUR), African (AFR), Admixed
American (AMR), ad East Asian (EAS) along with 9,818 TCGA participants. The five
ancestry proportions are shown as EUR (orange), AFR (blue), Native Americani (NAT
red), EAS (green), and unknown (gray). (B) ADMIXTURE ancestry proportions are shown
for TCGA participarg only, organized by sallentified race/ethnicity (SIRE) groups as
shown above the plot. (C and D) Principal components analysis plots for TCGA
participants, colorcoded by SIRE (C) and GA groups (D).

2.4.2 Cancer survival disparity

To determine cancer types with CSD among SIRE and GA groups, univariable and
multivariable survival analyses were performed, modelling the effect SIRE and GA on OS
and OS time. Survival data were available for 33 cancer types for 98.28% of the TCGA
participants with inferred GA (n=9,649). The estimated median felipwime using the

reverse KM method for all participants was 34.5 months with shortest median-tglow
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in East Asian/Asian and the longest in European/WHigble 5. Univariable analyses

using the KM method and multivariable analyses using -€bx modeling revealed
significant CSD among different SIRE and GA groups in four cancers: breast invasive
carcinoma (BRCA), head and neck squamous cell carcinoma (HNSC), kidney renal clear
cell carcinoma(KIRC), and skin cutaneous carcinoma (SKCM) (Fig@teTable 6.
Specifically, KM analysis (Figur@A; Table j and pairwise logank tests of survival
curves (FigureB) showed significantly different survival for the following SIRE groups:
Hispanic vs. others in KIRC and White or Hispanic vs. Asian in SKCM. Significant
survival probability difference for the GA groups were: EUR vs. EA in HNSC, AMR vs.
others in KIRC, and AMR vs. both EUR and EAS, and EUR vs. EAS in SKCM.
Differences in the mumber and strength of CSD were observed when using GA compared
to SIRE for survival analysis. For SKCM, comparison of survival analysis results between
SIRE and GA groups was not possible due to lack of Black/Afifaaerican participants

with survival outomes For other cancers including cholangiocarcinoma, glioblastoma
multiforme, and rectum adenocarcinoma, SIRE data were unavailable and hence no

pairwise tests of survival were performed.

Subsequently, we modeled the patient cancer survival outcon3@sdancers by
SIRE and for GA at both categorical and continuous scales, while adjusting for relevant
clinical features as covariates using €RI{ models (Table). Multivariable modeling
results showed significant disparity in survival probabilities an®HRE groups and for
GA at categorical and continuous scales for four cancers: BRCA, HNSC, KIRC and SKCM
(Figure 3C). Final models for these four cancers were built with additional relevant

covariates specific to each cancer and checked for concordarge pmaver, and
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proportional hazard assumptioi@able 9A. For BRCA, there was a significantly greater
risk of mortality for the AFR compared to the EUR ancestry group (hazard ratio (HR)=1.84
[95% CI: 1.1, 3.08], p=0.021), and a 10% increase in the AFRstaggaroportion was
associated with an 8% increase in the relative risk of mortality (HR=1.08 [1.02, 1.15],
p=0.013). For HNSC, the AFR ancestry group showed significantly worse survival
compared to the EUR group, with two times the relative risk of dg#®¥2.01 [1.23,

3.28], p=0.005), and a 10% increase in AFR ancestry was associated with a 9% increase in
the relative risk of mortality (HR=1.09 [1.03, 1.16], p=0.005). This disparity in survival
was also seen in multivariable modeling of SIRE groups fackAfricanrAmerican vs.

White with HNSC (HR=2.05 [1.19, 3.52], p=0.009). Additionally, a significantly higher
risk of mortality was associated with Hispanics compared to Whites with HNSC (HR=2.49,
[1.17, 5.31], p=0.018), and a 10% increase in NAT angceglis associated with a 36%
increase in the relative risk of mortality (HR=1.36 [1.18, 1.57], p=<0.001). For KIRC, NAT
ancestry was associated with better survival, with a 37% reduction in relative risk for every
10% increase in NAT ancestry (HR=0.63 [03199], p=0.043). Lastly, for SCKM, a
greater risk of mortality was associated with the EAS ancestry group compared to the EUR
group (HR=5.5 [2.51, 12.04], p=<0.001), similar to what was seen for SIRE modeling of
the Asian vs. White groups (HR=8.37 [3.39,77], p=<0.001). In contrast, better survival
was associated with the AMR ancestry group compared to the EUR group (HR=0.15 [0.04,
0.56], p=0.005). In summary, C#H modeling using GA allowed for interpretation of
survivorship in both categorical andntmuous ancestry scales, and only three out of the
six significant pairwise disparities detected with GA were also found by modeling SIRE

(Figure3C).
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We also evaluated the effect of African subcontinental ancestry on CSD, in light of
the high levels of gnetic diversity in Africa. To do so, we inferred African subcontinental
ancestry proportions for al/|l TCGA particip
African subcontinental ancestry proportions were inferred for three geographically and
geneticdly coherent reference population groups, representing the three main regions of
Africa that participated in the transatlantic slave trade: West Africa (Senegambia and Sierra
Leone), West Central Africa (Bight of Benin), and Southwest Africa (Bight of &iafid
the Loango CoastF{gure 18. TCGA participants show all three African subcontinental
ancestries, with predominantly West Central African ancestry corresponding to the Esan
(ESN) and Yoruba (YRI) reference populations from Nigdfigre 18G. Multivariable
survival modeling with three African subcontinental ancestry proportions as continuous
variables did not yield any significant differences in the risk of mortality in AFR
participants with BRCA or HNSC, where significant CSD between AFR and E&HR w
detected Table 8D. Moreover, models for all other cancers types in TCGA with AFR
participants also generally showed no significant impact of African subcontinental ancestry
on cancesspecific relative risk of mortality, with the exception of West anAfrican

ancestry in kidney renal papillary cell carcinoma (KIRPR=0.77 [0.60, 0.99], p=0.041).
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Figure 3. Cancer survival disparities (CSD) by SIRE and GA.

(A) KaplanMeier (KM) plots of the four cancer types that shognsicant disparities
between SIRE and/or GA groups. (B) Statistical significance of SIRE and GA CSD shown
as-logl10 of pvalues of pairwise logank tests comparing KM survival curves. (C) Forest
plots for exponentiated hazard ratios from the Cox Propogi Hazard multivariable
models for the four cancer types that show significant disparities between SIRE and/or GA
groups. Values for categorical GA groups shown with squares, and values for continuous
GA proportions are shown with triangles. Values$tRE groups are shown with circles.
Symbols are color coded according to the SIRE or GA groups: White/EUR (orange),
Black/AFR (blue), Hispanic/AMR or NAT (red), Asian/EAS (green).

2.4.3 Differentially expressed genes by GA

Next, we evaluated the relationshiptween gene expression and GA for the four
cancers that showed significant CSD. Differential gene expression analysis was performed
for all significant GA grougcancer pairs: AFR vs. EUR in BRCA, AFR vs. EUR in HNSC,
AMR vs. EUR in KIRC, and AMR vs. EURnd@ EAS vs. EUR in SKCM. Initial analysis
with DESeq?2 identified 672 differentially expressed genes (DEGSs) for BRCA, 443 DEGs
for HNSC, 386 DEGs for KIRC, and 169 and 316 DEGs respectively for SKCM (Figure
4A). With the exception of BRCA, where 67.41% ofl aignificant DEGs were
significantly upregulated in the AFR group over EUR, the majority of DEGs were
upregulated in the reference EUR group rather than in the comparison GA group for HNSC,
KIRC, and SKCM (FigurdA). A heatmap of BRCA gene expressionuesd shows a clear
demarcation between AFR and EUR groups, further illustrating differences in gene

expression levels between GA groups in BRCA (FigiBe

23



(A)

BRCA: AFR vs. EUR SKCM: AMR vs. EUR
- | ] = o | |
greoq | L N .
[
0_? 28 é [ | E | |
B 100 o ' ' = 407 ' !
2 ! ! 3] | |
é ° ° o4 ) 1% ] ' | o &
1 [ -
5% 50 e e ° o® }é 27 ‘." o: : 2
R _ — " 0 L L
50 25 0.0 25 5.0 2 0 2 )
HNSC: AFR vs. EUR SKCM: EAS vs. EUR

30 4 | ' . 251 | |
z ° ' ' g - ] 1
o ] | 15 4 ] 1
B 40 ° ! ! 3 ! !
g ! ! 3 10 ! '
= ] | 0 | 1
< 20 kY Lo o % 5] ! !
: & 7] ke el
= N 0K e i == IO = == 2 04 i

6 3 0 6 -4 2 2 4 6
log2(Fold Change)

o)
=
S 204
o
3 © EUR @ AFR
& 10- ® AVR @ EAS
]
g

Mean
Expression
African
Individuals
5
0
European 5
Individuals k

Normalized gene
expression

Figure 4. Differentially expressed genes (DEGSs) for canceshowing CSD between
GA groups.

(A) Volcano plots for DEGs in four cancer types and five GA pairs showing significant
CSD. The saxes show loggene expression foichange values for reference/comparison
ancestry groups, and theaxes show thdogio p-values for DEGs. (B) Heatmap for DEGs

in BRCA patients comparing AFR vs. EUR ancestry groups; each row is a single
participant, and each column is a single gene. Normalized gene expression values are
color-coded as shown in the legend. AFR ancestry ppaitts are shown on the top of

the heatmap (blue bar), and EUR participants are shown on the bottom (orange bar).
Distributions of GA group mean expression values are shown above the heatmap.
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2.4.4 Gene set enrichment analysis

Gene set enrichment analysis waarformed with a focus on caneslated
pathways. For this analysis, the EUR ancestry groups were taken as the reference, and
significant DEGs were characterized as either arpdownregulated in the comparison
ancestry group relative to the referenceREGQroup and analyzed for enrichment in the
hallmark gene sets from the MSigDB. DEG sets across all four cancers were significantly
enriched among 16 different hallmark pathways (Figak¢. KIRC and BRCA were
significantly associated with the greatest nembf functional pathways at 12 and 10,
respectively(Table 10) For BRCA, the AFR upegulated gene set was enriched for early
and late estrogen response, apical junction, and KRAS signaling pathways, while the AFR
downregulated gene set overlapped wither pathways, such as bile acid metabolism,
adipogenesis, and fatty acid metaboli@figure 5A; Table 11 & 12)In KIRC, only the
AMR downregulated gene set showed any enrichment, including epithedsénchymal
transition (EMT), inflammatory responsagiogenesis, and peroxisome pathw@ygure
5A). Similarly, the AFR dowsregulated gene set in HNSC only showed enrichment with
pathways for genes wegulated by KRAS activation, genes defining early response to
estrogen, genes encoding componentpimiadjunction complex, and myogenesis. Lastly,
for SKCM, AMR and EAS dowatregulated genes were enriched for the complement and
coagulation pathways, while AMBnly downregulated genes were enriched among the

late estrogen response and KRAS signalingvpayis.

DEG sets for these four cancers showed significant enrichment among beth non
cancerrelated pathways.€., myogenesis) and several canoglated pathways, such as

angiogenesis, EMT, inflammatory response, peroxisome in KIRC and KRAS signaling,
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estogen response, fatty and bile acid metabolism in BRCA. In particular, a number of
AMR downregulated genes, such aderleukin (IL) 6 IL-8, matrix metallopeptidase
(MMP) 1, are involved in pathways critical to tumorigenesis, including angiogenesis, EMT,
and inflammatory responsé&dble 13. These three pathways are intimately connected in

a feedback loop: EMT and uegulation of the inflammatory response leads to secretion
of inflammatory mediators including cytokines, chemokines, and matrix MMPs #aécr

a pratumor microenvironment that enhances angiogenesis, induces EMT, and maintains
inflammation through paracrine and autocrine effects (FigB)g48]. For BRCA, there

was AFR upregulation of 12 genes involved in response to estrogen and several genes
involved in KRAS activation includingdSD11B2 which is implicated in hormone
metabolism and response and egepressed in both breast cancer cell liaed breast
tumors Table 1) [49]. Estrogen has also been linked to breast cancésfpotential role

as a mitogen stimulating cell division of breast tissue or as a carcifa@en
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Figure 5. Gene set enrichment analysis of DEGs.

(A) Survival and gene set enrichment are shown for @kR arrows), AMR (red arrows),

and EAS (green arrows) ancestry groups compared to the reference EUR group. Up
arrows indicate higher survival or expression compared to the EUR reference group, and
downrarrows indicate lower survival or expression. (Bygtration of three cancerelated
hallmark pathways (inflammatory response, epithati@senchymal transition, and
angiogenesis), and their associated functions, which are enriched for genes that are under
expressed in the AMR ancestry group for KIRC.

2.4.5 Differential gene expression signatures

DEG sets were further refined by characterizing gene expression signatures as
reduced sets of genes that maximally distinguish each of the ancestry groups in the four
cancers. First, DEG sets were subject to featefecBon using ANOVA and fest.
Second, to ensure the GA discriminatory power of the resulting feseleeted DEGs, we

evaluated their ability to accurately classify GA groups using elastic net logistic regression.
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GA classification performances werdidated based on Hold cross validation (CV), and

the average area under the receiver operating characteristic curve R®GL was
calculated for each of the four cancers. DEG sets were filtered and reduced to 37 genes for
BRCA, 50 genes for HNSC, nineeges for KIRC, and eight genes for SKCM (AMR vs.
EUR). There were no DEGs that passed the assumption checks for EAS vs. EUR in SKCM
and therefore these were excluded from downstream analyses. The average accuracy rates
of featureselected gene sets werangeally high with 87.2% for BRCA, 98.2% for HNSC,

82.0% for KIRC and 86.7% for SKCMr{gure 19. The high classification accuracies the

GA differential gene expression signatures gave confidence to proceed with the smaller

gene set for downstream analyses.

2.4.6 GeneGA associations

Before investigating the GxGA interaction effects on cancer survival for the four
cancer types, the genes making up the GA differential gene expression signatures for the
four cancer types were examined for significant associatietngelen gene expression and
genetic ancestry, while accounting for relevant clinical covariates using multiple linear
regression (MLR)(Table 14A & 195. For BRCA, AFR ancestry showed significant
associations (adjustedvalue <0.05) with 30 out of 37 seledt DEGs, accounting for
patient age and molecular subtypes of their breast cancer. Similarly, 12 out of 50, four out
of nine, and three out of eight DEGs showed significant associations between gene

expression levels and GA for HNSC, KIRC, and SKCM, retspely.
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2.4.7 Differentially mutated genes by GA

We explored the differences in gene mutational signatures between GA groups
showing survival disparities for the four previously identified cancers. For each GA pair,
genes displaying significantly different ratef somatic or germline mutations between GA
groups were identified by Fisherods exact
with gene mutation in any one group set at five. There were total of 15 significantly
differentially mutated genes (DMGs)itlv somatic variants in BRCA (AFR vs. EUR), 20
for HNSC (AFR vs. EUR), two for KIRC (AMR vs. EUR), and 85 (AMR vs. EUR) and
27 (EAS vs. EUR) for SKCMHKigure 20; Table 16 Germline mutations were far less
common than somatic mutations with only ATM, BRCAhd BRCA2 meeting the
minimum mutation requirement. None of those three genes showed significantly different
germline mutation frequencies between GA groups. We proceeded t@&gemmdeling
of DMGs with different rates of somatic mutations using logistgression. There were
zero DMGs significantly associated with GA in BRCA, one in HNSC, two in KIRC, and

15 (AMR vs. EUR) and four (EAS vs. EUR) in SKCNlable 14B.

2.4.8 Genesby-GA interactions and cancer survival

DEGs with significant association betweetpeession levels and GA, and DMGs
with significant association between mutation status and GA, were tested for joint effects
between gene and GA on survival outcomes for the four previously identified cancers with
CSD. To do so, independent variable for®&r DMG, and a term for GXGA interaction,

were added to the final survival model and assessed for statistical significance. While
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DEGs showed significant GxGA interactions for three out of four cancers (BRCA, HNSC,
and SKCM), no DMGs showed significantteénactions with GA on survival outcomes
(Figure 6; Table 9B. For BRCA, five proteircoding DEGs PAQR6, LIME1, MXD3,
SAP25,and CCER3, showed significant GXGA interactions, all of which were ever

expressed in the AFR ancestry group compared to themeteEJR group (Figuré).

The greatest increase in relative risk of death for BRCA cancer patients with AFR
ancestry was associated with increased in expressidiXef3 (HR=2.19 [1.13, 2.43],
p=0.012), followed by.IME1 (HR=2.11 [1.01, 4.02], p=0.023AR5 (HR= 1.79 [1.19,

4.03], p= 0.042)CCER2(HR=1.66 [1.02, 3.15], p=0.009), aRAQR6(HR=1.56 [1.03,

2.38], p=0.038). For HNSC, one protaiading gene @TSW and one long nenoding

RNA transcript AC005330.1 showed significant GXGA interactions for patients of AFR
ancestry (Figuré). Interestingly, CTSW which is undeexpressed in the AFR ancestry
group compared to the EUR group, was associated with an increased relative risk in
mortality (HR=1.32 [1.0041.73], p=0.047) for HNSC patients of AFR ancestry, while
AC005330.1 overexpressed in AFR compared to EUR, was associated with decreased
relative risk (HR= 0.69 [0.50, 0.96], p=0.0293FLNA a proteircoding gene over
expressed in the AMR ancestry grocgmpared to the EUR group in SKCM, was also
associated with increased relative risk of mortality (HR=2.69 [1.42, 5.08], p=0.002)
(Figure 6). There were nearly no mutations found for these seven pimiding genes,

with <1% of each GA group carrying angrgtic variants. Here, the GxGA interaction
results for DEGs highlight varying effects of selected gene expression on cancer
survivorship based on GA. Furthermore, the expectation of inverse relationship between

survival probability and gene expressiondksvof genes associated with worse survival
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(i.e., the GA group with lower survival probability will see a higher expression level for
genes associated with worse survival) did not necessarily hold for all DEGs across four
cancers. This suggests that direcality of relationship between cancer survival and

selected gene expression may also vary by GA and/or cancer type.

3.0 1 °
PAQR6
AMR / SKCM
AFR / o =
o5 BRCA LIMET "~ RFLNA
' vixps®
MXD3 g
ke’ LIMET @
5 2.0 4
o SAP25 o
| A
N 15 AFR/HNSC PAQR6 @ CCER2
z ACTSW AFR / BRCA
1.0 4
AC005330.1
A

T

15 -1.0 -05 00 05 1.0 1.5
Log,(Fold Change)

@ Differentially Expressed Genes (DEG)
@ DEG x Differentially Methylation

Figure 6. Geneby-GA interactions associated with CSD.

Differentially expressed genes (DEGs) with signific&%XGA interactions that are
associated with the relative risk of death in cancer patients are shown.-axie shows

the log gene expression folchange values for reference/comparison ancestry groups,
and the yaxis shows the change in hazard ratiosnfrthe Co¥*H models. Genes are
grouped by cancer type/GA combinations: AFR/HNSC (triangles), AFR/BRCA (circles),
AMR/SKCM (square). The set of AFR/HNSC genes shown in light blue show the re
estimated change in hazard ratios after differential methyiatevels are added into

model.
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2.4.9 Differential methylation and gergy-GA interactions

Investigation of differential mutation signatures revealed that there are nearly no
genetic variants for the seven protemding genes showing significant GxGA
interactions. Therefore, to test for evidences of regulatory differences contributing to the
differential expression of these DEGs, we performed methylation analysis of CpG sites
specific to these seven genes. Methylation levels of -geseciated CpG sites were
downl oaded for four cancer s, and Spear mano
DNA methylation levels and corresponding gene expression levels. There were significant
correlations between DNA methylation levels and gene expression levels for seven out of
13 CpG probes in PAQRS6, nine out of 18 EdMEL, six out of 10 forISAP25 seven at
of 26 forMXD3, one out of one foECER2 zero out of one foETSW and 17 out of 66
for RFLNA (Figure 2). Genemethylation level associations, adjusted for GA and other
clinically relevant covariates, and differential methylation between GA pairs, were
evaluated using MLR and the Wilcoxon rank sum test, respectively. There were five CpG
sites forMXD3, four for LIME1, and one foPAQRG associated with both differential
expression and differential methylated between GA pairs. The final model used to
interrogate the impact of differential methylation on GxGA interactions included the CpG
sites cg07598367 fA?AQRG cg 12413156 and cg01242400 fdME1, and cg16616449,
cgl13278795, and cg08293303 MdXD3, of which all but one CpG site (cg16616449 for
MXD3) showed significantly lower methylation level in AFR compared to EUR with
BRCA (Figure 23. The addition otthese differentially methylated CpG sites yielded a
better model fit with higher concordance rate and lower Akaike information criterion (AIC)

for all three DEGs, and the interaction terms for GXGA remained signifitabtg 9G.

32



Interestingly, the charmgin hazard ratio between GA groups increased in all three genes,
from 1.56 to 2.96 (p= 0.012) f&?AQR6 2.11 to 2.53 (p= 0.022) faiME1, and 2.19 to

2.45 (p= 0.03) folSAP25 indicating even greater survival disparity between GA groups
with the additim of differential methylation data (Figu&. Methylation analysis results
points to the regulatory role of differential methylation on gene expression and provide

further evidence for GxGA interactions and their contribution to CSD.

2.5 Discussion

In this study, we performed a parancer analysis of 9,818 TCGA participants
across 33 cancers types in an effort to discover CSD between SIRE and GA groups along
with the molecular genetic featuregene expression, methylation, and mutatidimat are
associaté with such disparities. There are four main implications from this study, each of
which shed light on a different aspect of how GA and molecular genetic features interact
to affect CSD (1) GA and SIRE are correlated but have different impact on, C5GA
is associated with survival disparities in four cancer types: BRCA, HNSC, KIRC, and
SKCM, (3) Differential gene expression between ancestry groups associatesretateer
hallmark pathways and caneelated genes with CSD, seven of which contribate t
disparities via interactions with GAand (4) Gene methylation differences between

ancestry groups are associated with differential gene expression and its impact on CSD.

First, we demonstrated that effect of GA and SIRE on survival outcomes of TCGA
paricipants are different. The strength and number of significant CSD found using SIRE

varied from GA in the survival analyses, suggesting that different underlying effects may
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be attributable for the observed differences. Thus, we used GA for all downatrabses

with differential molecular features related to CSD. GA also offers several advantages over
SIRE including a greater spectrum of analysis and interpretation by virtue of two scales of
measurement, categorical and continuous. Using the contincalesa continental GA
proportions, we estimated the effect of an incremental increase in a particular GA on the
hazard ratio of cancer patients. For example, in BRCA patients with EUR GA, a 10%
increase in AFR ancestry was associated with an 8% increasktive risk of mortality.
Meanwhile, a 10% increase in NAT ancestry was associated with a 37% reduction in
relative risk in KIRC. This kind of i ncr e
important as the number of genetically admixed individual#tioues to grow through
increased globalization, immigration, and intermarrig®&]. Moreover, using GA
inferences based on genomic data will help reduce bias and misclassification associated
with either seHidentification or healtfworker identification of race and ethnicity based on
subjective pereptions of skin color, cultural background, and other social faj@@ysThe

issue of dissonance between SIRE and &#fgecially when persons of n&tR-majority

GA identify themselves as White, can also lead to a loss of minority samples

underrepresented in genomic studies.

Second, GA was associated with CSD in four cancers: BRCA, HNSC, KIRC, and
SKCM. AFR ancestry waassociated with significantly worse survival relative to EUR
ancestry in both BRCA and HNSC. EAS ancestry also showed increased mortality risk for
cancer patients with SKCM compared to EUR ancestry. Having AMR or NAT ancestry,
however, had reversed effsabn survival outcomes for different cancers: it negatively

affected the survival outcome in HNSC compared to EUR ancestry but had a positive effect
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on survival in KIRC compared to AFR and in SKCM compared to EUR. Even after
controlling for available clirgally relevant factors, the ancestry effect on cancer survival
varied in direction and strength across cancers, suggesting thassdéiated survival

disparity exists and are canegecific.

Third, our results indicate that differential gene expressetnwden ancestry groups
associates canceelated hallmark pathways and canoglated genes with CSD. Notably,
DEGs between AMR and EUR with KIRC were enriched in pathways including
inflammatory response, EMT, and angiogenesis, all of which are atkm@in hallmark
features of cancer and crucial for tumor invasion, growth, and metdstgsishese genes
were undeexpressed in AMR compared to EUR with KIRC, which corresponds with the
reduced risk of mortality seen in the AMR group. Similarly, BRCA patients with AFR
ancestry showed nearly twice the relative risk of mortality compared to EUR, associated
with overexpression of genes related to KRAS activation and estrogen response. The role
of both KRAS, an oncogene and a tuAratucer, and estrogen, in the development of
breast cancer has been described in other studies, suggesting-tibgtilapon of these
genes may contribute to the higher mortality risk of AFR compared to EUR observed

BRCA[54].

We identified seven prein-coding genes that are associated with CSD via
interactions between GA and differential gene expression. There were five such genes
uncovered for BRCA PAQRG6, LIME1, MXD3, SAP2and CCERZ2i all of which are
both upregulated in the AFR ancestry grougative to EUR and previously implicated in
tumorigenesis. For example, tRAQR6(Progestin and AdipoQ Receptor Family Member

6) gene encodes a plasma membrane progesterone receptor that has been shown to mediate
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progestininduced inhibition of apoptosis breast cancer cell$5]. In prostate cancer,
elevated expression B AQR6was associated with worse patient survival and act as tumor
promoter via regulation of the MAPK signaling pathwag]. Both theSAP25(Sin3A
Associated Protein 25) adXD3 (MAX dimerization protein 3) genes encode proteins
involved in transcription repression, which are potential targets for caheeapy.
Interference with the interaction betwe8AP25and Sin3A/B protein has been shown to
inhibit tumor growth in breast cancer cell lirj&3]. Knockdown of theMiXD3transcription

factor protein induced apoptosis in neuroblastoma cell lines, also demonstrating its
potential as a therapeutic tar§e8]. TheLIME1 (Lck-interacting membrane protein) gene

is another potential target for cancer treatment due to its role in regulatiorcaf T
functions and genes involved in DNA repair sucMasil andBRCA1[59]. Interestingly,
increasd expression dECER2was associated with taxaireluced peripheral neuropathy,

a chemotherapy toxicity with an increased risk in AFR ancestry populations due to Taxane,
one of the most commonly used chemotherapeutic agents for early and metastatic breast
cancel[60, 61]. Conversely, in HNSCexpression of the gel&T SWwas downrregulated

in the AFR group compared to EURTSWis a candidate tumesuppressor gene that is
expressed in immune cells such as natural killer andIl§[62]. In a recenttsidy, CTSW
showed a positive correlation with breast cancer patient survival and is believed to improve
immunity against early cancer ce]&?]. Finally, theRFLNAgene was over expressed in

the AMR ancestry grqu relative to EUR in SKCM. Th&FLNA protein, also called
Refilin-A, interacts with filamins and plays a regulatory role in the amtioskeleton
network, important in cell adhesion and migratjé8]. Overexpression of this gene has

been associated with several types of cancer and can increase the risleofegastasis
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[63, 64]. While the potential role of these protaiading genes in tumorigenesis has been
suggested, their sfbarate impact on cancer patient survival linked to specific GA has not
been previously shown. These cancedated genes interacting with specific GA offer

potential therapeutic targets for population groups disproportionately burdened by CSD.

Fourth, gee methylation differences, but not mutation differences, are associated
with differential expression between ancestry groups and contribute to CSD. DMG analysis
revealed that there are no genes with significantly different mutation frequencies between
GA groups that show GxGA interaction. The mutational rates for the seven protking
DEGs were also exceptionally low and indifferent across GA groups, suggesting that
regulatory differences are more relevant to CSD. To test this hypothesis, differentially
methylated CGIs correlated to each gene were fitted in the survival model with GxGA
interaction term. GA hazard ratio changes increased and the overall model fits were
improved, all the while the interaction term remained significant. Epigenetic dysregulat
and aberrant methylation are often linked to cancer, including hypomethylation of the GD3
(ganglioside D3 synthase) gene in OS of triple negative breast cancer g&bgniéet
these somatically inherited chges are reversible, unlike mutations, and present new
opportunities for development of drugs that target epigenetic enzymes to modify these
changeg66, 67]. Understanding of differential methylation patterns and other epigenetic
changes that modify the expression of genes associated with CSD may help to improve

health equity in cancer patients.

There were several limitations to our study. TCGA samples ardynmasEUR
ancestry (>80%) and have significantly smaller samples for other ancestry groups. There

is far less diversity in TCGA dataset compared to the US population, and it is not a
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representative sample of the general or cancer populations in the cdumsryssue of

limited minority group samples played a role in using overall survival, most widely
available survival endpoint across all cancers, for our analysis. In addition to the
significance of mortality as a direct indicator for cancer burdenhdsatlso the least
ambiguous endpoint to define compared to other survival endpoints, such as-flesase
survival and progressieinee survival, reducing risk of misclassificatifi20]. However,

some of the patige may not have had sufficient follewp time to experience death,
potentially biasing the results for more aggressive cancer types with higher rates of
mortality [20]. Another important caveat to note is the potrdisparity in the time of
diagnosis across different population groups. Since thettragent is defined as time
between diagnosis and death in our study, differences in frequency, quality, and access to
cancer screening tests between GA groups canh tiedeadtime bias (due to early
detection) or lengttime bias (due to neror slow-growing cancers). For example, White
women are more likely to have mammograms at regular basis and have higher in quality
2D or 3D imaging compared to African women WBRCA [68]. This can lead to earlier
discovery of both symptomatic and asymptomatic tumors in white women and potentially
inflate survival time angbrobabilities in the study of CSD. Since mortality is relatively
robust against overdiagnosis, however, we chose OS as endpoint with tumor status at death
and age at diagnosis as constant covariates in our models to reduce potential time biases.
In addition, we adjusted or stratified for several other clinical characteristics relevant to
cancer survival including tumor stage and morphology, to ensure that the models reflect

differences in cancer mortality and not differences in diagnosis between GA groups.
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Moreover, it must be emphasized that TCGA clinical data do not capture many
important environmental, demographic, and behavioral factors that may also contribute to
CSD, such as socioeconomic status, access to health care, diet and exercise habits, and
stress associated with racial discriminat[68, 70]. Some studies have shown that equity
in or adjustment for these n@enetic factors significantly reduce the levels of G30).
Therefore, there may be hidden factors that confound the level of genetic contributions of

identified DEGs to CSD that are unaccounted forunanalysis.

Finally, it should be noted that we have mainly characterized GA and performed
analyses at the continental level, for both categorical and continuous ancestry variables.
Continental level analysis allowed for the most direct comparison WRIE &nd was
appropriate given the limited minority or n&JR participants in TCGA. While we
performed a separate analysis for African ancestry at the subcontinental level (West
Central, West, and Bantu) to investigate its impacts on relative risk oflityoita AFR
patients, there were mostly no observed effects and HR was not always estimable due to
low sample size. Future studies that perform-finale GA analysis on a dataset with more
minority samples may be able to detect C&izestry associationmtentially missed in

this study.

2.6 Conclusion

In summary, our pagancer analysis of survival outcomes in different population
groups and the associated differential molecular features based on GA highlights the

molecular genetic contributions to CSD. Anmioer of DEGs were identified in this study
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that are associated and interact with specific GA and impact cancer survival. Many of these
genes have been previously implicated in tumorigenesis and therefore may serve as
potential targets for the developmeiftnew cancer therapies that can alleviate persistent
CSD. Furthermore, our results indicate that disparities in cancer survival are not
significantly associated with genetic variants, such as germline or somatic mutations, but
instead are influenced by n@gtory changes modified by epigenetics including gene
methylation. This is in contrast to much of traditional cancer research focusing on the
mutational spectrum of oncogenes and tuswuppressegenes. Instead, our findings point

to importance of epigeties in tumorigenesis. More studies are needed to further
characterize the underlying biological differences and mechanisms contributing disparate
mortality and morbidities in cancer patients. Findings of this kind can inform the discovery
of new druggabléargets for cancer treatments and prevention methods that are precise and

populationspecific, thereby helping to combat health disparities in cancer.
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CHAPTER 3. ANCESTRY-SPECIFIC GENE INTERACTIONS
LINK BIOSYNTHETIC PATHWAYS AND IMMUNE RESPONSE

TO CANCER SURVIVAL D ISPARITIES

3.1  Abstract

We previously reported genetic ancestry (GA) related cancer survival disparities
(CSD) in breast invasive carcinoma (BRCA) and head and neck squamous cell carcinomas
(HNSC). This study aimed to investigate-e&xpressed genes amgne ceexpression
network features that are associated with observed CSD between African (AFR) and
European (EUR) ancestry BRCA and HNSC patients. Four camckancestryspecific
gene ceexpression networks were constructed using The Cancer Genomgeafdathe
survival effects of network genes were evaluated using Cox proportional hazard models,
followed by network feature assessment, modular analysis, and module enrichment
analysis. For both cancers, the mean hazard ratio of sunsgatiated AFR meork
genes was greater than the EUR network genes, corresponding to lower survival probability
seen in AFR compared to EUR patients. Survasdociated genes also showed low degree
and high eigenvector centrality across cancers and ancestries, sugipastthgse genes
remain influential through their connections to hub genes in the network. Finally, targeted
set of genes and their associated biological processes related to CSD in AFR were
identified, such as ribonucleoprotein complex biogenesis forBR@ bcell activation
regulation for HNSC. Our results highlight ancestpecific differences in BRCA and

HNSC networks and several gene interactions that contribute to the observed CSD.
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3.2  Background

Cancer health disparities (CHD), persistent inequalitecross populations
manifesting in forms of disparate patient outcomes, adverse effects, and quality of life after
cancer diagnosis, continue to hamper the progress made in cancer biomedical research in
the last century. While the disparity in overall canmortality between Black and White
groups in the United States has narrowed substantially, from 26% in 2000 to 13% in 2019,
large differences in the overall burden of cancer morbidity and mortality between groups
remaing22]. For example, ethnic minorities and medically underserved groups in the US
were estimated to have lost $3.2 billion in earninggbatied to cancer mortality disparities
in 2015[22]. To address this enormous public health concernteaaccommodate genetic
heterogeneity among racial and ethnic groups, researchers are increasingly integrating
ancestry information of diverse populations and applying anebasgd adjustment to
results for better portability across populati¢png-74]. We previously performed a pan
cancer study of survival disparity between genetic ancestry (GA) groups and reported
significant cancer survival disparity (CSD) in four tumor types, including breastvevas
carcinoma (BRCA) and head and neck squamous cell carcinoma (HNSC) between The
Cancer Genome Atlas (TCGA) participants of African (AFR) and European (EUR)
ancestry[75]. Ancestryinformed study designs and analyses that can further disaggregate
ancestryspecific risk factors perpetuating CHD will be pivotal for achieving health equity

[76].

In recent years, focus of cancer research has expanded from traditional inspection
of individual gene that drive cancer development and progression to perturbations across

multiple levels of gene regulatory interactidiig, 78]. This integrative perspective has
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also prompted interest in clinical applicatsoof network and graph theory to biological
systemg79-81]. Networkbased approaches can help toausr complex biological and
molecular pathways underlying cancer and other dis€@®83]. Network analysis
leveraging genomic data offers potential to shape clinical practice as a means for disease
monitoring, pronoting precision medicine and leading to personalized thergfiés
Specifically, gene cexpression networks allow for simultaneous analysis of numerous
genegene inteactions and may help fill in the gaps remaining from standard differential
expression analyses, which consider expression patterns fegeapat-atime [85].
Potential prognostic and therapeutic target genes and their irdaggiossibly missed in

standard differential expression analysis, may be revealed through network analysis.

In this work, we constructed canemmdancestryspecific gene c@xpression
networks of BRCA and HNSC patients of AFR and EUR ancestry to inaéstignegene
interactions and modules impacting cancer survival in each network, using TCGA RNA
seq data. Ancestrgpecific multivariable modeling of survival outcomes using Cox
proportional hazard models was used to evaluate clinical significance afrkejenes
and gene modules. Finally,-depth analysis of network and module characteristics
including network topological feature assessment and modulesgérarichment analysis
were used to delineate important features and interactions contributirggge survival.

This integrative approach allowed us to elucidate genes and pathways that may help inform
targeted therapies and mitigate significant CSD observed in AFR versus EUR ancestry
patients. Furthermore, this work underscores the need for awar@me utility of ancestry

informed study designs in cancer and health disparity research.
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3.3 Materials and Methods

3.3.1 Data curation and GA inference

Genelevel count files for RNAseq data from primary tumor samplesvere
downloaded folTCGA patrticipantswith BRCA and HNSCfrom the GDC Data Portal
(https://portal.gdc.cancer.ggviising the Data Transfer Tool. The count of the reads
mapped to each gene were perfedrand calculated by HTSeq at the gene Iduélal
filtering of geneswith expression counts equal to zero>th0% of the samples and
nor mali zation of raw count data were perfor
genotyping array data wetearmonized with reference population variants from 1000
Genomes Project for GA inference using ADMIXTURE anaddarest neighbor classifier,
as previously describdd5]. GA inference was used to stratify TCGA participants into
AFR and EUR ancestry grouflinical data for TCGA participants weatsodownloaded
from the GDC Data Portal and merged with survival outcome endpoints in the TCGA Pan
Cancer Clinical Data Resource (TC&DR) for survival analysis using R version 3.6.1

[20.

3.3.2 Gene ceexpression networgonstruction

TCGA patient RNAseq data was stratified by patient carype (BRCA or
HNSC) and ancestry (AFR or EUR). For each gene, within each of the four-cancer
ancestry strata, vectors of pati@piecific expression counts were generatBearsod s

correlation (r) betweenpairs of straturspecific gene expression count vectomsere
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calculated usingandas.DataFrame.corfiunction. Baselineinteractionsbetween pairs of
genegnodes)were established by correlating the expressioovef 467 million pairs of
geneq21,618 x 21,618) and selecting pairs satisfyind.85, pvalue <0.05correlation
thresholds (to minimize false positive§ach dataset was randomly desampled(100

for BRCA and 40 for HNSC), stratified by cancer stag® consensusteractions (edges)
from one hundred iterations were used to construct the final netwagspreviously
described[86]. Graph centrality functions from NetworkX were used to extract node
degree, closeness centrality, betweasssncentrality, and eigenvector centrality, for each

node in the four networkK87].

3.3.3 Survival modeling analysis of network genes

Cox proportional hazard (Ce®H) modelswere used to investigate tledfect of
co-expression network genem cancersurvival outcomes usingancerandancestry
specific modelsOverall survival (OS) outcomad TCGA participantof AFR and EUR
ancestry with BRCA or HNSQ\grca-arr= 148; Nercaeur= 706; Ninscarr= 47; Ninsc
eur= 345)and \ariancestabilizing transforrad gene expression data, in additiosdweral
clinical featurege.g.,cancer diagnosis, American Joint Committee on Cancer stage, tumor
status at survival evergenderpostmenopausal stat@mdmolecular subtypefer BRCA,
and alcohol usdor HNSC) were testedand selectedhs covariates or stratum in the
multivariable modelThe fnal cancerandancestryspecific models werselected based

onbackward selectionsingthe Akaike information criterion (AlQyalueand checked for

45



model performance wittHarrell's concordance inde®0. 75 and

assumption test using the survival packag® version 3.6.1Final models are as follows:

BRCA:
AFR hy,(t) = hy(t) X exp (B; - Gene; + B, - Tumor_stage + B5 - Triple_negative)

m = Post-menopatise

EUR hy(t) = ho(t) X exp ( By Gene; + B * Agecancer px + B3 - Tumor_status)
s = Molecularsubtype

HNSC:

AFR ho(t) = ho(t) X exp (B, - Gene; + B, - Tumor_status + p5 - Gender)
a = Alcofol use

EUR ho(t) = ho(t) X exp (B, - Gene, + B, - AG€cancer px + P3 - Tumor_stage + f3, - Tumor_status)

a = Alcohol use

The log haardratio (ogHR), standard error (se), andvpluesfor each ceexpression
network gene tested in the GBH model were used to determine genes with significant
impact on cancer survival outcomé € 0 ). addbtheir mean HR with 95% confidence

interval (Cl) usng the following formulas and exponentiating the logarithmic form (where

n=number O&yenes):

Mean logHR = Zic, loghRi

n

logHR 95% CI = mean logHR + 1.96 X 1
08 ° gHR = ,’ /Z?=1 1/se?

3.3.4 Assessment of important network topological features

Four network centrality measures degree, closeness, betweenness, and
eigenvector, and their association to genes with significant impact on overall survival (OS

genes)i were evaluated using logistic regression models in stgiacRage. O$ene
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status yes or no) determined from C&H modeling was used as dependent variable with
tumor type, GA, and the four centrality features as covariates in this joint model for BRCA
and HNSC network genes, shown below. The joint model was checked for
multicollinearity of variancenflation factor<2.5 for all covariates. Predicted probabilities

of co-expression network genes being an-g@Be with each network feature across
different canceandancestry combinations were plotted to assess for any changes in

feature effects.

logit P(y; = 1) = By + By * Tumor_type; + B, * GA_African; + 33 * Degree; + B, * Closeness;
+pB5 * Betweenness; + 8, * Eigenvector;

3.3.5 Gene modularity & enrichment analysis

Weighted gene cexpression network analysis (WGCNAgsed on hierarchical
clusteringand Dynamic Tree Cutyas used to define network modules from expression
profiles corresponding tAFR and EUR ancestry patienfsr BRCA and HNSC.
Adjacency matrices (containing gegene correlation values) for these networks were
rai sed tmcarEWEL@SAEUDDL 4 Hnsclrr = Qnscedk = 13) in order
for the network node degrehstributions to resemble scdiee topology[88]. The
minimum number of nodes for a module was set to 5. Subsequemtdule conservation
score (called Zsummary) was calculated for each network module with the
modulePreservatiofunction from WGCNA, which quantifies whetharode connections
in amodule found in one network is alpresent in a second network. A Zsumnraty

indicates high module conservation, >2 and <10 indicates moderate consearadig®2
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indicates no conservatid8g]. The level of heterogeneity (H) of modules in each of the
four network was compared using the Shannon Diversity Index, whiel tato account
the module size and types found in the network using the following formula (where

m=number of modules an@proportion of genes in the modu)e
H = 721:117!1:1;;[-

Finally, gene set enrichment analysis (GSEA) of ¢beexpression networikodule gene
setswas conductedy performing separate queries for statistically significant overlap
(FDR ¢value <0.05) betweegenes in each modusdGene Ontology (GO) biological
processesn the Molecular Signatures Database (MSigDB, version ®gan HR and
module coiservation scores for each module were used to determine modules with greatest
survival effect that are most unique to specific GA. The top 10 GO biological processes for
selected modules were visualized using the circlizmékageOverall network strucire

with module information was visualized using Cytoscape software v.3.7.2 and

AutoAnnotate app v1.3.2.

3.4 Results
3.4.1 Cancerandancestryspecific ceexpression networks

Co-expression networks for AFR and El#Rcestry tumosamples with BRCA
and HNSC were constructed using pair s e Pearsonos correl at.

expression levels of 467.4 million pairs of genes and selecting those gene pairs displaying
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highly correlated (positive or negative) changes in expressiols lavess samplg€$able

17). There were 1406 and 235 consensus edges in AFR andgEhldR ceexpression
networks for BRCA, and 1400 and 79 consensus edges in AFR and EUR networks for
HNSC, respectivelyThere werel26 common network nodes (23.03 %bdf7 pbtal AFR

and 74.11% ofotal 170EUR node$ sharedbetween the two ancestry groups in BRCA
and 86 shared network nodes (11.2 93@8 totalAFR and 94.51% 31 totalEUR node$

in HNSC.

3.4.2 Network genes and cancer survival

To assess theffect of ceexpres®n network gene on cancer survival outcomes
expression data for all genes in each network were merged with OS event data for AFR
and EUR ancestry patients with BRCA and HNSC. The median faljptimes using the
reverse KaplatMeier method were shortest AFR with HNSC at 20.52 months and
longest for EUR with HNSC at 35.01 montAsble18). Model selection for cancemd
ancestryspecificmodels revealed that tripleegative breast cancer status was an important
predictor of AFR ancestry patient surviiaobability but not for the EUR group. The
majority of BRCA network genes (65.48%) were overexpressed in AFR ancestry tumor
samples, while the majority of HNSC network genes (62.35%) were overexpressed in EUR
tumors, based on mean gene expression léleice, models were adjusted for HR to
reflect a oneaunit increase in expression for BRCA genes and aunitedecrease for HNSC
genes. For BRCA, there were 16 AFR network and 6 EUR genes significantly associated

with ancestryspecific cancer survival. Theean hazard ratio (meanHR) of these g2Bes
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were 1.03 [95% CI= 0.85,1.26] for AFR and 0.75 [0.71, 0.80] for the EUR network,
indicating that an average increase in the relative risk of death for AFR ancestry group, and
an average decrease in risk of defth EUR, were associated with increases in the
expression levels of these genEg(re7A; Table 19. For HNSC, 41 O$enes were each
found from AFR and EUR ancestnetworks with mean HR of 1.22 [1.15,1.29] and 1.05
[1.04, 1.06], respectively, also imditing greater risk of death associated with change in

gene expression of AFR network @8nes compared to EUR network -@é&nes, on

average.
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Figure 7. Network gene impact on cancer survival and associated network features.

Forest plots of (A) mean hazard ratio (meanHR) ofg@Bes and (B) odds ratio measuring
association between centrality measurements of€@tes. Predicted probability plot of
OSgenes by tumor type and GA for significant network features is shown in (C).

3.4.3 Network topological features and cancer survival

To understand the topological characteristics of genes associated with cancer
survival in the gene eexpression networks, we modeled the probability ofgeBes
based on binary data generated from ®bk malels, with four network centrality
measure$ degree, closeness, betweenness, and eigenveict@ joint model of BRCA
and HNSC. Two features, degree and eigenvector, were significantly associated with OS
genes with odds ratio (OR) of 1.57 [1.23,2.0Avgue=0.003) and 0.27 [0.10,0.57} (p
value=0.0006) (Figure/B). Degree measures the number of direct or-fiegree
connections, while eigenvector evaluates the node importance based on both first and
seconddegree connection$he patternof high eigenector and low degree centrality in
OS-genes in the cexpression networks were observable across both cancers and GA,
evidenced by similarities across predicted probability ofg@ése plots in FiguréC and

Figure23.

3.4.4 Module characteristics & heterogengit

For both cancers, there were greater number of modules found in the AFR ancestry

network than EUR network, with 7 and 12 modules for AFR and 5 and 4 modules for EUR
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in BRCA and HNSC, respectivelfTable 1).Low module conservation scores, which

indicatesuniqueness of module composition in a tumor type, was generally seen in AFR

ancestrynetworks, with three modules showing conservation <2 for both cancers, whereas

no EUR ancestmetwork modules had low conservation scores. Moreover, greater

heterogenejt of modules was found for AFR network modules, with highémdéx values

for BRCA and HNSC. Mean HR, size, and conservation score of each module is shown in

Figure 8A, with module names in red for those containing-g&fes in its gene set.

Localized pattrns AFR modules in the uppleft quadrant and breakdown of mean

absolute logHR, size, and conservation by GAgure 8B) demonstrated larger mean

hazard effect on survival and module size, and lower module conservation per network

modules for AFR ancegtmetworks compared to EUR.

Table 1. Network modular analysis summary.

BRCA HNSC
African European African European
Total number of modules 7 5 12 4
Median module size (# of genes 27 38 35 24.5
Max module size 221 68 128 32
Heterogeneity index (H) 1.44 1.30 2.26 1.30
Module Low 3 0 3 0
conservation (<2)
(# of modules) Moderate 3 4 9 4
(10 >s)
High 1 1 0 0
(010)

Descriptive statistics of network modules identified by WGCNA. Module conservation
score of <2 indicates low conservation of genes in the maxdulgared to the other GA

net wor k. Medi um conservation
Heterogeneity index is based on Shannon Diversity Index formula, which takes into
account the number and size of modules in each network.
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Figure 8. Modular analysis summary.

MeanHR, module size, and conservation score by (A) module and (B) ancestry group.

53



3.4.5 Gene set enrichment analysis of selected modules

AFR ancestrynetwork modules with highest meanHR for carsewival, and low
conservation with EUR moduleg.§.,BA-1, HA-3, HA-28), were selected for further
analyses using gene set enrichment analffBable 20). BRCA-EUR module BES,
showing protective effect on survival (module meanHR=0.97), was additiahalben for
comparison with the module BA (module meanHR=1.18). Module BAwas highly
unique to AFR ancestry with a low module conservation score of 1.74. Gene set enrichment
analyses resulted in 104 genes in overlap with top 10 GO biological procedseing
peptide, organonitrogen compound, and amide biosynthetic process, mitochondrion and
proteincontaining complex organization, and ribonucleoprotein complex biogenesis
(Figure 9A). Module genes linked with mitochondrion organization process.,(
SHARPINandTIMM22) showed largest hazard effect with meanHR of {Tgble21). In
contrast, EUR module BE was nonunique in module composition (conservation
score=12.09) and its genes were enriched in imrnelaged biological processes, such as
lymphocyte, T-cell, cell activation, and regulation of immune system process and immune
response. Genes linked to regulation of immune system processcatichdtivation €.g.,
MS4A) showed the greatest protective effect on avefagele 21). Two modules for
HNSCAFR, HA-3 and HA28, were similar with relatively high module meanHR of 1.31
and 1. 23, respectivel vy, and | ow conservat.i
showed enrichment in vastly different processes:3fenes significantly overlapped with
circulatoryrelated functions and structures, such as vasculature development, collagen
fibril organization, tube morphogenesis and development, and ossification, whi8 HA

genes were enriched for immune functions including adaptive immune response,
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immunoglobulin production, production of molecular mediators of immune response, and
B-cell activation(Figure 9B). The genes related to circulatory system development and
tube morphogenesig.g.,SULFJ), and Bcell receptor signaling pathway and regulation

of B-cell activation é.g.,IGHV4-28) showed the largest hazard effect on survival out of

genes in modules HA and HA28, respectivelfTable21). AFR ancestrynetwork and

module structures and the @8nes are visualized Figurel0.
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Figure 9. Top 10 Gene Ontology biological processes enriched for genes in selected
modules.

Circos plots for (A) BRCA modules HBAAFR) and BE6 (EUR) and (B) HNSC modules
HA-3 and HA28 (AFR).
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Figure 10. AFR networks for BRCA and HNSC and OSgene interactions.
Two AFR ceexpression network structures are visualized with module information for (A)

BRCA and (B) HNSC. Ggenes are highlighted in yellow and the relationship between
gene interactions (red) are detad in the Discussion.
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35 Discussion

This study investigated the survival disparity seen in BRCA and HNSC patients of
AFR ancestry compared to EUR ancestry through the construction of -cantkamcestry
specific gene c@xpression networks, characterizatiémetwork features, modules, gene
interactions, and functions linked to cancer surviVhkre are four main implicatiornisat
highlight ancestryspecific differences in BRCA and HNS§&ne ceexpressiometworks
and module characteristi@nd reveal genenieractionsthat are likely to contribute to

observed CSD

First, AFR ancestinetworks and modules are of greater complexity and
connectivity compared to EUR, suggesting that alternate patterns of gene regulation are
may be present in cancers of AFR amgegatients. At the network level, there were
greater number of gene interactions found in AFR networks, with less than 25% of
interactions common or conserved in EUR networks for both BRCA and HNSC. At the
module level, more network modules with gredteterogeneity and uniqueness were
found for AFR than EUR, demonstrated by the higimétex and low module conservation
scores (Table 1). These network connectivity and modular characteristics were markedly
different between AFR and EUR ancestry groupsdiditnot distinguish between BRCA
and HNSC, suggesting that patterns of gene regulation reflected in turegprassion

networks may be more ancesspecific than cancespecific for these two tumor types.

Second, AFR ancestiyetwork genes and gene modules displayed greater effects
on cancer survival, with higher relative risk of death in cancer patients, than EUR network

genes. AFR ancestryetwork genes for both BRCA and HNSC showed higher meanHR,
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at the network level with OSjenes (Figure/A) and as part of modules (FiguBg,
compared to EUR ancestnetwork genes and gene modules. This result aligned with
previous study findings of significantly greater risk of mortality for AFR compared to EUR
ancestrygroups for BRCA and HNSC andgeby-GA interactionson gene expression
contributing to CSO[75, 89]. The ancestrgpecific gene interactions linked to cancer
survival found in this study further support the role of GA and gene expression regulations,

and their disparate effects on cancer prognosis and outcomes.

Third, genes significant to cancemgival identified in this work are not hub nodes
but remain highly influential in the network through their connection to the hub nodes. In
our network topological feature assessment, we observed that low degree (connections)
and high eigenvector (influeacof connections) were two significant centrality feature
characteristics of O8enes, universally across GA and tumor types (FigBr€). This
result corresponds with other studies on network properties and cancer, where it was
reported that cancer progstic genes are depleted in hub nodes and do not occupy key
positions in the cexpression and protein interaction netwdi®392]. Moreover, Zhang
and Horvath similarly concluded that prognostic genes of cancer survival are ingtdgd hi

correlated with intranodular connectivity93].

Fourth, several potentigirognostic marker gene interactions and their associated
biological processes linked to CSD in AFR ancestry gneperevealed in this study.
Functional enrichment analysis of modules ofést hazard effect on survival of BRCA
and HNSC AFR ancestry patients shed light on specific-get®being coegulated in
distinctive biological processes and likely contributing to disparity in their cancer outcomes

compared to EUR. For example, BR&@&R module BA1 genes showed significant
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overlap with various biosynthetic pathways including ribonucleoprotein complex
biogenesis, such as ribosomes, which have been shown to be deregulated in cancer cells to
support enhanced growth and subsequent ceikidh, and altered in translational

efficiency of transcripts involved regulation of tumorigen¢8#96].

In-depth analysis of top GO biological processes reveale8fdtgeneenriched
in mitochondrion organization process has the ktrgazard effect on BRGAFR cancer
survival. Mitochondrial alternation argiysfunctionhave been reported in breast cancer
and related to cancer aggressiveéss Specifically, SHARPIN identified as an O8ene
in module BA1, is a ubiquitin binding protein that is highly expressed in numerous
cancers, especially in breast can@f. SHARPINhas been indicated as facilitator of p53
degradation in breast cancer cells and also as estrogen rdd¢apidulator that promotes
breast cancer progressif#7-99. Interestingly, SHARPINis also involved in gengene
interactions with three other @f&nes in BRCAAFR network:CYHR1 COMMDYS5, and
MAF1 (Figure 10.A). Similarly, MAF1 and COMMDS5 have been implicated in cancer
through lipid metabolism and EGFR activation, respectij@®102. Despite clustering
into two different modules in the network, these four genes with significant impact on
BRCA-AFR survival shw strong interaction and are all located on the same chromosomal
locus (8g24.3). This result aligns with previous findings of genomicatpcalized gene
signatures that are associated with amplification of 8g24.3 due to copy number alterations
found in various tumors[103 104. Thus the OSgene interactions and regulations
observed here for genes at this locus may represent an important target for BRCA patients

of AFR ancestry in improving their survival and reducing survival disparity.
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In the HNSGAFR network, two modules of disittive biological functions (HA
3 and HA28) were identified in relation to CSD in AFR ancestry patients. Modul28iA
overlapped with various immune functions and identified genes with reported roles in
cancer includingGHV4-28, which has been associateth cell proliferation, invasion,
and migration in esophageal squamous cell carcindr@g. Another OSgene in the
module, DERL3 was found to possess tunsarppressor properties and epigenetically
silenced to mediate Warburg effect in tumf86. In addition, module HA3 genes and
their enrichment in circulatofselated functions and structures, such as circulatory systems
development and tube morphogenesis, directly related to Imeladegk tumor oncology
and metastasis: dysfunctions of biological adhesions, vein and muscle invasions, soft tissue
damages, and cartilage ossification are all key features of metastases leading to poor

prognosis in head and neck canday, 109.

There was also an interesting gegene interaction found iHA-3 between OS
geneSULF1andVCAN (Figure10B). SULF1 a gene encoding an extracellular heparan
sulfate endosulfatases, with downregulated expression seen in several cancers, was highly
correlated tovCAN an extracellular matrix proteoglycamssociatedvith tumorigenesis
through its role in cell adhesion, proliferation, migration, and angiogefE3gs117].
SULF1has shown to have tumor suppression effect cellular growth, survival signaling,
tumor cell proliferation, migration, and angiogenesis in cafpt&d]. Therefore, our
findings suggest potential joint effects 8ULF1andVCANas prognostic maker and/or
therapeutic target fomproving survival outcomes of HNSC patients with AFR ancestry.
Lastly, the network positions of these two genes, not highly connected themselves but

influential through connections to the hub nodes in the module, reemphasizes the low
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degree and high eigeeetor centrality properties found among-@&hes in the network

(Figurel10B).

There are several limitations to our study that may be addressed in future studies.
First, our network construction method was
geneco-expression pairs with absolute valua®®.85across all dowssampled iterations
of networks. Although the threshold was based on previous finding that networks of
random signal appear connected at r<(JBE], a rankbased network with empirical
testing of optimal parameters may help prevent omission of any wikakissential gene
interactions potentially missed in our study. Additionally, preserving the sign of
correlationsi(e.,create signedetwork) may enhance results and interpretations of module
geneset functional enrichment analysis. Second, the number of AFR ancestry patients in
TCGA is limited compared to their EUR ancestry counterparts, which may reduce the
randomness of dowsamplirg and benefits of multiple network iterations. Although
WGCNA, a widely used gene @xpression analysis method closely related our
methodology, sets minimum number of samples at 15, and our method improves over
WGCNA in handling imbalanced data and id&stig highly conserved gene interactions,
additional sources of BRCAFR or HNSCAFR tumor data will help further validate
study findings. Third, other network measures of topological features beyond the four
centralities metrics investigated in our woespecially indices measuring ini@adinter-
module distances, may provide more granular information onr@&ied gene properties
in the network. Finally, it should be noted thdtile genegene interactions are inferred
through edges in the @xpressia network, it does not necessarily equate tdiract

interaction on the molecular levelMoreover, the differences and/or changes in
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transcription reflected in eexpression networks may not alwaygéiectedatthe protein
levd, and vice versaDespit these limitations, gene -@xpression network analysis has
shown to be valuable in characterizing gene functions elndidatng regulatory

relationshipetween gendd.14.

3.6 Conclusion

In summary, these four major implications in our study ideraifgestryspecific
differences in BRCA and HNSEb-expressiometworksand reveal targeted sets of genes
and associatebiological processes underlyir@SD in AFR ancestry patient8y using
separate ancestrgpecific survival models and networks, we added precision to our
analysis ie., triple-negative breast cancer status was an important predictor for BRCA
AFR survival only) and our results capture both ancespiscific differences as wedls
potential targets for cancer therapies. Numerous recent studies have echoed the need for
ancestrybased adjustments and recalibration to combat ancestral bias and confounding
results in genomic and cancer reseditd) 74, 115 116. Hence, our findinganderscore
the importanceand demonstrate the potential utilitffancestryinformed study designsa
gene ceexpressiometwork analysis, coupled witincestryspecificmodeling of survival
outcomes togenerateclinically-significant interpretations foimproving CSD towards

greater health equity.
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CHAPTER 4. ETHNIC -SPECIFIC HEALTH RISK FACTORS
CONTRIBUTING TO OVERALL AND CAUSE -SPECIFIC

MORTALITIES IN THE UK BIOBANK

4.1 Abstract

Despite a substantial overall decrease in mortality, disparities among ethnic
minorities in developed countries persist. This study investigated mortaiitgrdies and
their associated risk factors for the three largest ethnic groups in the United Kingdom:
Asian, Black, and White. Study participants were sampled from the UK Biobank (UKB),
a prospective cohort enrolled between 2006 and 2010. Geneticgitablsamples, and
health information and outcomes data of UKB participants were downloaded and data
fields were prioritized based on participants with death registry records. Kdpian
method was used to evaluate survival differences among ethnicsgsaupival random
forest feature selection followed by Cox proportiehatard modeling was used to identify
and estimate the effects of shared and ethnic gspepific mortality risk factors. The
White ethnic group showed significantly worse survivalbability than the Asian and
Black groups. In all three ethnic groups, endoscopy and colonoscopy procedures showed
significant protective effects on overall mortality. Asian and Black women show lower
relative risk of mortality than men, whereas no sigaifit effect of sex was seen for the
White group. The strongest ethnic greggecific mortality associations were ischemic
heart disease for Asians, COVI® for Blacks, and cancers of respiratory/intrathoracic
organs for WhitesMental healthrelated diagaoses, including substance abuse, anxiety,

and depression, were a major risk factor for overall mortality in the Asian group. The effect
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of mental health on Asian mortality, particularly for digestive cancers, was exacerbated by
an observed hesitance to wes mental health questions, possibly related to cultural
stigma.C-reactive protein (CRP) serum levels were associated with both overall and cause
specific mortality due to COVIEL9 and digestive cancers in the Black group, where
elevated CRP has previdydeen linked to psychosocial stress due to discrimination. Our
results point to mortality risk factors that are grepecific and modifiable, supporting

targeted interventions towards greater health equity.

4.2  Background

Despite the progress made in imyry mortality rate, life expectancy, and disease
survival outcomes in the last century, health disparities between various population groups
persist and remain a major global health issue. Mortality rates are a key indicator of a
popul at i on ihstatus and haaelbéen Ibng tacked and documented in countries
including the United Kingdom (UK) and the United States (US) since 1901 and 1890,
respectively[12, 23]. While the mortality gap between race and ethnicity groups have
narrowed, the decreasing trend has leveled off in recent years: mortality disparity continues
to exist and is variously complex across different populations, geographies, and mortality
causes[12, 117. In particular, the ongoing pandemic of Coronavirus disease 2019
(COVID-19) exemplifies the profound adverse effects of disparity,ostnated by the
disproportionate burden and number of deaths amongrisigland medically underserved

racial and ethnic minority groupg, 8].
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Both environmental and genetic factors, with increasing evidence for interaction
between environment and genetics through epigenetic mechan@wespéen cited as
contributors of health disparitig35, 89, 118 12(. Specifically, the role of differential
socioeconomic status (SES), access to heakhand allostatic load in mortality disparities
had been previously cited as significant risk factors for disparity in morfali& 121].
However, studies that explore the potential contributions of many other mortality risk
factors together, including health behaviors, medical histories, and dietary factors, are
scarce. Moreover, much bkalth disparity research currently focuses on describing the
areas and sizes of disparity, by testing a stratified population in a single model with race
and ethnicity as a predictor, and therefore lack information on underlying risk factors
specific toeach group. In order to effectively reduce disparity, it is crucial to first
understand the key contributors to overall and prevaanse mortalities specific to each
ethnicity, which can be taken to suggest targeted interventions with the greatisidikel

of impact for each group.

The aim of this study was to investigate the disparity in mortality patterns and
identify important phenotypic risk factors for the three largest ethnic groups in the UK by
using the United Kingdom Biobank (UKB) prospecte@hort study, a National Health
Service initiative for building health registry of 500,000 people aged between 40 and 69
from 2006 to 201(31]. By |l everaging UKBG6s compr ehens
measues, lifestyle, blood and urine biomarkers, imaging, genetic, and linked medical and
death registry records, coupled with greapecific feature selection methods and survival

models, we aimed to identify top mortality risk factors that are measurabfoterdially
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modifiable [32]. We hope that these findings can inform precise strategies for each

ethnicity with the goal of improving mortality for all.

4.3 Materials and Methods

4.3.1 Ethics statement & datavailability

Ethics approval for the UKB was obtained from the North West Meiltitre
Research Ethics Committee (MREC) for the United Kingdom, the Patient Information
Advisory Group (PIAG) for England and Wales, and the Community Health Index
Advisory Graip (CHIAG) for Scotland (seéttps://www.ukbiobank.ac.uk/leaimore
aboutuk-biobank/abouus/ethic3. This study was conducted usiniget UKB resource
under application number 65206 granting access to LMR and IKJ to the corresponding
UKB biomarkers and phenotype data. UKB data is publicly available upon application on

the UK biobank websiten{tps://www.ukbiobank.ac.uk/registapply)).

4.3.2 UK Biobank data & preparation

Datafields for each individual in the study cohort were downloaded on 3/18/2021
from UKB. With ~6% of the study cohort having experienced death, we prioritized our
study on datdields applicable to the individuals who had death registry records: we
applied a series of automated and manual filters to thefigdda, starting with keeping

fields that had values for individuals with death records (2,512unayue datdields).
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The second filter was to keep détd el ds with O80% rec,ord
followed by manual filtering to merge related records and transform field responses as
needed. Diagnosis fields (field 41202) were grouped based orl@CBlocks, and
operation fields (field 41272) were grouped according to the Chapters as defined in the
UKB Data Showcase. For each of these fields, we transformed the binary occurrence of a
diagnosis or operation for an individual into a count of the-KDDblock or operation
chapter to not be too granular when defining features for our models. Theefial210
datafields was used as features for our model selection. Further, alfieldtawere

categorized i n a ®dmany Gaegoryef Ongiat h( FR2&QBudrse i

4.3.3 GA inference

GA inference was performed to estimate six ancestry proportidfrscdn,
European, East Asian, Central Asian, South Asian, and West Asian) for 477,205 UKB
participants using their whole genome genotypes (WGG) characterized using the UK
Biobank Axiom Array or the UK BILEVE Axiom Array122. Participant WGG wre
merged and harmonized with whole genome sequence (WGS) data from global reference
populations, the 1000 Genomes Project (1IKGP) and the Human Genome Diversity Project
(HGDP), as indicated in TabB2[16, 123 124. WGG and WGS variant data were merged
to include variants present in all three datasets with variant strand flips and identifier
inconsistencies corrected and were filtered for sample missingness <5% and a minor allele
frequency >1%. The merged gane variant data set was pruned for linkage disequilibrium

using PLINKnd2apwptahr @i [44 Prihdpal coinfonedt.artalysis
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(PCA) on genome variant dataset followed using the FastPCA program implemented in
PLINK v2 (Figure25) [125. Finally, genomavide GA inference that analyzes the PCA
data from global reference populations and-reference individuals with nenegative

least squares (NNLS) was impiented using the Rye algorithm as previously described

[126.

4.3.4 Feature selection

Top feature selection of mortality risk factors for each of the three ethnic groups
was based on combined ranking of results from @oxportionathazard (CoxPH)
modeling and random survival forest model using survival and randomForestSRC package,
respectively, in R version 3.6[1127, 12§. Univariable CoxPH model evaluated the
importance of each variable for the ethnic groups and their overall or-specic
mortality predictions b a-mdex Falowupdimes ewere d an c e
calculated as the time between UKB study enroliment and either death (OS=1) or last data
download in years. Most common level of categories or median numerical vake&shi
group were set as reference level with age at diagnosis included as fixed covariate in the
Cox-PH models. In addition, random forest models were also constructed using rfsrc
function (ntree=1000, nsplit=10, nodesize=15) with imputation allowed fissing
numerical values based on random foregthqute.rfsrc Thereafter, variables were ranked
on importance based on minimal depth using/tireselecfunction. Feature selection was
using random forest minimal depth method and optimal number ofésatuthe model

was validated using cross validation (CV), where averagedé€x for random survival
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forest model for each top feature set (size increasing by 5) across 5 repetikid8
were calculated. Optimal number of features for multivariabbelehwas based on the
minimal numbers of features yieldingi@dex within 0.5% of the max-@dex across the

5 repeats (Figur@7). The rankings from CeRPH and random forest were averaged to

provide the final list of top mortality risk factors for multiable modeling.

4.3.5 Survival modeling analysis

Multivariable CoxPH survival models were constructed for each ethnic group
using all of Asian and Black participant data (Talk while 10,000 subsampled
participants from the White ethnic group (random samgplvithout replacement; 20,000
for lung and bronchus cancer model to ensure >100 events) were used for modeling.
Optimal seed for random subsampling were selected that preserves the mortality
proportions in the three &Brodndne@t 6@)gear
categories of the entire White cohort (TaB)e In addition to overall mortality models,
causespecific mortality models were subsequently constructed for selected causes of death
based on relative frequency and standardized residfialbi-squared test: COVIEL9
(Black), ischemic heart disease (Asian), lung and bronchus cancers (White), and digestive
cancers (all). General model construction started with the optimal number of selected risk
factors determined in the feature selectimpsnd were reduced using backward stepwise
selection method based on Akaike information criterion. Age at enrollment categories, sex,
and six GA proportions were included in the model as fixed covariates. Proportional

hazards assumption was also cheaks&idg thecox.zphfunction in the survival Fbackage
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and the covariates were dropped or stratified when violating the assumption. Finally,
significant risk factors in final model were rescaled and transformed as necessary,
especially for blood biochemistis with expected ranges or threshold for normal (Table

23).

4.3.6 Ethnicity interaction analysis

In order to assess potential differential effects of mortality risk factors across the
three ethnic groups, CaRH models of pooled samples Black, Asian, and ratgom
subsampled White participants in UKB for-aluse and digestive cancers mortality were
constructed. These models were subjected to same model selection and checking steps as
previously described, starting with a full model containing all&@@&mortality specific
selected features. For significant predict
with ethnicity (Asian*RiskFactor and Black*RiskFactor, with White as reference) were
added to evaluate for significant interaction between ethniciynaortality risk factors
[129. Forest plot of interaction results were plotted usingptbe modelfunction in the

sjPlotR-package.
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Table 2. Characteristics of the three ethnic group study cohorts in the UK Biobank
(UKB).

Characteristic Full Cohort Asian group Black group White group
(N =490,610) (n=9,877) (n = 8,038) (n = 472,695)
Sex (% in ethnic group):
Female 266,650 (5485) 4,582 (4639) 4,639 (5771) 257,429 (546)
Male 223,960 (4%5) 5,295 (5361) 3,399 (4229) 215,266 (4%4)
Age of enrollment (%):
O 50 127,103 (231) 4,121 (4172) 4,019 (5000) 118,963 (28L7)
51-65 290,698 (525) 4,762(48.21) 3,337 (4152) 282,599 (598)
O 66 72,809 (1484) 994 (1006) 682 (848) 71,133 (1905)
Overall survival (OS=1 or dead % 32790 (668) 458 (4.64) 335 (4.17) 31,997 (677)
Causespecific (% in dead):
Digestive neoplasfn 5107 (1517) 42 (917) 45 (1343) 5020 (1569)
Ischemic heart diseaSe 3513 (1071) 102 (2227) 27 (806) 3384 (1058)
COVID-19* 623 (190) 17 (371) 26 (7.76) 580 (181)
Respiratory/intrathoracic 2943 (898) 19 (415) 17 (507) 2907 (909)
organ (bronchus & lung)
neoplasms

A Primary reason of deat h c ospecificmonalitycehbrts r prinery malignanengoplasms df digestive e ¢
organs (C186), ischemic heart disease (1268), COVID-19 (U7.1 &U 7.2), and primary malignanéoplasm of bronchus and lung (C34)

4.4 Results

4.4.1 Genetic ancestry and mortality patterns

Three main ethnic groups were assigned based onidselified ethnic
background: White (British/Irish/Any other white background/White), Asian (Indian/
Pakistani/Bangladeshi/any other Asian background/Asian or Asian British), and Black
(African/Caribbean/any other Black background). Other ethnic groups were not included
in this study due to low sample size, comprising <1% of the total and dead datigsets (F
11A & B). Of the 33,393 death records, Whites made up 95.82% followed by Asians with

1.37% and Blacks with 1%.

To provide ethnic grougpecific models with more objective and granular ancestry

information, GA inference was performed. Six GA proporsi were estimated for 477,205
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participants or 97.28% of the threthnic group dataset. Whites were predominantly of
European ancestry (98.65%), followed by West Asian (0.69%) and Central Asian (0.33%)
(Figure 11C). Blacks were also dominantly of a singecestry, African (88.85%),
followed by European (7.45%) and West Asian (1.82%). Asians were comparatively more
admixed, however, with South Asian (54.78%), Central Asian (33.52%), East Asian

(4.69%), European (3.39%), and West Asian (3.21%) (Figl@el).

There were observable differences in age of enroliment across the ethnic groups
(i.e., Whites were enrolled at median age of 58 years, compared to Asians at 53 Blacks at
50.5), while the followup times were consistent with median of 12 years forhatiet
groups (Figurd2A). Kaplan Meier (KM) survival probability curves for each ethnic group
and pairwise logank test of difference in curves showed significant difference for Asian
vs. Whites and Blacks vs. Whites (Figut2B). Differences also existeloetween top
causes of death and their associations across ethnic groups. Primary reasons of death from
Death Registry data coded in International Classification of Diseases, Tenth Revision,
Clinical Modification (ICD10) were analyzed at the block levekath ethnic group and
Chi-square test of independence was performed for association between causes of mortality
and ethnicity. For Asians, the top causes were ischemic heart diseases (22.27%), followed
by primary malignant neoplasms or cancers of digestigans (9.17%), while deaths from
digestive cancers were most frequent for Blacks (13.43%) and Whites (15.69%) (Figure
26) . P e a r -sqoamed gest shbwed significant association between top causes of
mortality and ethnicity with particularly strongogitive associations between ischemic
heart disease and Asians (std.residual=8.44), C@\@nd Blacks (std.residual=7.97),

and respiratory/intrathoracic organ cancers and Whites (std.residual=4.26) (E@)re
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Based on the differences observed for midyt and causes of death, all downstream

analyses were performed separately for each ethnic group.

(A) Not Available Chinese B) Not Available Black
(0.2%) (2%) (0.3%) |f Mixed (0.2%) (19)
(0.6%)

, Prefer not to

(0.4%)

All UK Biobank

(UKB) Data
N = 501,587

UKB Mortality Data

n=33393

White

(95.8%)

(@) - ;
Ethnicity-specific average ancestry
0.0 0.2 04 0.6 0.8 1.0
L 1 1 1 1 J
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White
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Figure 11. Ethnicity and genetic ancestry in the UKB.

Participant ethnic group percentages for (A) the entire UKB cohort(@)dgarticipants

with mortality data. (C) Average genetic ancestry proportions for Asian, Black, and White
ethnic groups. (D) Individual participant ancestry group proportions stratified by
ethnicity. Continental ancestry group proportions are shown agakf (blue), East Asian
(green), European (yellow), Central Asian (plum), South Asian (red), and West Asian
(brown).
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Figure 12. Ethnicity and mortality in the UKB.

(A) Study enrollment age and follayp time distributions for Aan (red), Black (blue),
and White (yellow) ethnic groups. (B) Kapiiteier curves showing survival probabilities
over time for Asian, Black and White ethnic groupsiaRies for ethnic group pairwise
log-rank test of survival curves are shown. (C) Asdams between ethnicity and specific

mortality causes as measured bysqitaetestefon ds

independence.
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4.4.2 Overall mortality

Feature selected mortality risk factors (Tap® were analyzed in multivariable
Cox-PH models ath their effect sizes or hazard ratio (HR) were estimated. For overall
mortality, previous impatient diagnoses, such as neoplasms, and operations and/or
procedures, such as on heart, arteries, and veins or on respiratory track, had greatest impact
on overdl mortality in all three groups (Figur&3A). However, some diagnoses were
uniquely important or more significant to specific ethnic groups. For example, having
mental and behavioral diagnoses increased relative risk of mortality by 60% in Asians
(HR=1.5%B, Cl195%=[1.236,2.066], p=0.00035), while having infectious and parasitic
diseases increased the risk by nearly 2.5 times in Blacks (HR=2.472 [B.822],
p<0.0001) (Table25A). In contrast, operation on digestive organs including upper
endoscopy andatonoscopy was the only type of-patient procedures associated with
reduced mortality risk in all three groups (KR~0.743 [0.571,0.967], p=0.027;
HRg1ack=0.479 [0.3450.665], p<0.0001; Hhite=0.694 [0.5590.863], p<0.0001) (Figure
13A). Being fenale was associated with reduced mortality risk by more than 36%
compared to males in Asian and Black group but not in Whites. Several blood and urine
biomarkers showed significant effect on overall mortality of Asians including cy€latin
(HR=1.115[1.0511.183], p=0.00031) and aspartate aminotransferases (HR=1.069 [1.036,
1.102], p<0.0001). For Blacks, increase in CRP levels (mg/L) was highly associated with
increase in mortality risk (HR=1.028 [1.01B,043], p=0.00034), whil@apolipoprotein
(ApoA) levels (10 mg/dL) reduced mortality risk by 14% (HR=0.862 [0.78978],
p=0.021). Moreover, having paid employment status or beineesgifoyed decreased

mortality risk by 36% in Blacks (HR=0.642 [0.476,866], p=0.0038). Signifant
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environmental and sociodemographic risk factors for overall mortality in Whites were past
smoking status (smoked on most or all days; HR=1.408 [1.08B3], p=0.011) and
receipt of disability support or allowance (none; HR=0.545 [0.00533], p<0.001). In

all three ethnic groups, GA informed the models but did display significant effects on

overall or causspecific mortalities.

4.4.3 Causespecific mortality: Digestive cancers

Previous diagnoses of infectious and parasitic diseases were importdattisk
in all three groups, increasing the relative risk of death by at least 2 folds{HR141
[2.266,11.660], p<0.0001; HRck=2.253 [1.1014.608], p=0.026; HRnite=2.069 [1.328,
3.223], p=0.0013) (Figur&3B). In addition, operation on digestivegans was the largest
risk factor in all three groups, since endoscopy and colonoscopy are the main methods used
in digestive cancer diagnosis (TaBEB). Unique or grougspecific patterns were observed
including increase in glucose levels (mmol/L) atanding height (cm) both significantly
associated with increase in relative mortality risk by 18% and 3%, respectively, per unit
change in Whites (HfRicose=1.175 [1.0291.343], p=0.017; HRheight1.034 [1.0011.068],
p=0.044). Increase in CRP levelasvagain highly associated with increase in mortality
risk for Blacks (HR=1.053 [1.022,.086], p=0.00084). For Asians, consumption of butter
as main spread type doubled the risk of digestive cancer mortality than those consuming

other spread types or margne (HR=2.187 [1.0404.597], p=0.039). Hesitancy to

answering questionsé.,.c hoosi ng fAprefer not to answero

or Ainoo) rel ated t o ment al state or il
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(B) Digestive cancer mortality
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Figure 13. Ethnicity and mortality risk factors: overall.

Risk factor-mortality associations, as measured by Cox proportional hazard ratios (with
95% Cls), are shown for Asian (red), Black (blue), and White (yellow) ethnic groups.
Significance of association measured wglues are indicated in stars. Associations ar
shown for (A) overall (altause) mortality and (B) digestive cancer mortality. Mortality
risk factor categories include: age, blood biochemistry, previoupatient disease
diagnoses (diagnoses), lifestyle and environmental measures, medications), (meds.
previous inpatient operations and/or procedures (operations), sex, sociodemographic
factors (soedem), general health, mental health, and physical measures (phys.).

78



(A)

Cause-specific mortality: Ischemic heart disease (Asian)

Sex

& xxx

Operations

R

Lifestyle & Environment

Past tobacco
smoking

el

Blood

Biochemistry

15 =

T T
m w (=]
oljey piezeH

(B)

COVID-19 (Black)

Cause-specific mortality

Sex

Physical Measures

HRR

Operations

Family
History

Diagnoses

XHR

*¥

*%¥

Blood
Biochem.

Age Enrolled

15

o sl

o.wmm plezey

[°:
5
&
Risk Factor

BN /\@\_

79



(©)

Cause-specific mortality: Lung & bronchus cancer (White)
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Figure 14. Ethnicity and morality risk factors: cause-specific.

Risk factormortality associations, as measured by Cox proportional hazard ratios (with
95% Cis), are shown for Asian (red), Black (blue), and White (yellow) ethnic groups.
Significance of association @m&ured in pvalues are indicated in stars. Individual plots
for (A) Asiani ischemic heart disease, (B) Blatk COVID19, and (C) Whitg
Lung/Bronchus cancer are shown. Mortality risk factor categories include: age of
enrollment, blood biochemistry, preu® inpatient disease diagnoses (diagnoses),
lifestyle and environmental measures, family history, previepaiient operations and/or
procedures (oper.), sex, and physical measures (phys. measure).

4.4.4 Causespecific mortality: COVIBP19, ischemic heart desmse, and lung & bronchus

cancers

For COVID-19 deaths in Blacks, males had increased relative risk of mortality by

72% compared to females (RRe=0.285 [0.108,0.750], p=0.011), and history of
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hospitalization due to influenza and pneumai&=13.905 [1.779108.709], p=0.012)

and receiving ventilation support (HR=4.841 [1.942.026], p=0.039) were most
significant predictors of mortality for diagnosis and operations, respectively (RigBre
Table 25C). Similar to overall and digestiveamcer mortalities, increase in CRP was
associated with increased mortality risk to COMIDin Blacks (HR=1.043 [1.004,082],
p=0.030). Increase in waist circumference (cm) was another highly significant risk factor
unique to COVIDB19 risk of death (HR=059 [1.028,1.091], p=0.00014). For ischemic
heart disease deaths in Asians, increase in cysfatibeing male, and past smoking
(smoked most or all days) all significantly increased the mortality riskgdiR=1.194
[1.035, 1.378], p=0.015; HRmae=0.071 [0.015,0.339], p=0.00090; H&oking=2.847
[1.461,5.550], p=0.039) (Figur&4A). For deaths due to lung and bronchus cancers in
Whites, having previously diagnosed chronic lower respiratory disease (HR=1.859 [1.190,
2.904], p=0.0065), procedures mspiratory tract (HR=9.069 [5.8943.954], p<0.0001),

and increase in alkaline phosphatase (HR=1.073 [1.02%22], p=0.0023) increased
mortality risk, while increase in ApoA (HR=0.896 [0.884963], p=0.0030) and fresh fruit

and breakfast cereal ikta (HRit=0.924 [0.8770.973], p=0.0027; HRea=0.956 [0.922,

0.991], p=0.015) lowered the mortality risk for Whites (FigL4€).

4.4.5 Mortality risk factor interactions with ethnicity

Two pooledsample multivariable survival models were tested for augons
between Asian and Black ethnic groups and 3talise mortality risk factors (Figut&A)

and 15 digestive cancer mortality risk factors (FigléB). For alkcause mortality, there
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was one significant interaction between Asian ethnicity and tipesaand/or procedures

on genitourinary systemsHR=1.477 [1.084, 2.014, p=0.014) and three significant
interactions between Black ethnicity and blood biomarkers: creatidiRel(.011[1.003,
1.019, p=0.0109), glycated hemoglobin (HbA1cHR=0.985[0.972,0.999, p=0.0042),

and CystatinC (HR=0.886[0.813,0.967, p=0.0066) (Table 25D). Thus, genitourinary
systemgaelated operations in Asians and higher creatine level in Blacks had significantly
greater adverse effect on overall survival comparettheo effects in the White group,
while higher levels of cystati€@ and HbAlc had less adverse effect in Blacks compared
to their effects in Whites. For digestive cancer mortality, one significant interaction
between Black ethnicity and CRP emergd&€1.101[1.029,1.179, p=0.0(1), showing

a greater adverse effect of increased CRP levels in Blacks compared to(Wbte25E).
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(A)
Asian * Op_Genitourinary Systems
Black * Dx_Circulatory diseases
Black * Past tobacco smoking [Just tried once or twice]
Asian * Past tobacco smoking [Smoked on most or all days]
Asian * Male
Asian * Dx_Circulatory diseases
Black * Male
Black * Past tobacco smoking [Smoked on most or all days]
Asian * Apolipoprotein A
Asian * Op_Respiratory Tract
Black * Dx_Neoplasms
Asian * Dx_Endocrine, Nutritional & Metabolic
Black * Apolipoprotein A
Asian * Dx_Nervous System diseases
Asian * Aspartate aminotransferase
Black * Number of treaments/medications taken
Black * Past tobacco smoking [Smoked occasionally]
Black * C-reactive protein
Black * Creatinine (umol/L)
Black * Bread intake
Black * Red blood cell (erythrocyte) count
Black * Testosterone
Asian * C-reactive protein
Asian * Creatinine
Asian * Glycated haemoglobin (HbA1c)
Asian * Red blood cell (erythrocyte) count
Black * Red blood cell (erythrocyte) distribution width
Asian *Red blood cell (erythrocyte) distribution width
Asian *Townsend Index
Black * Gamma glutamyltransferase
Asian * Testosterone
Black * Pulse rate
Asian * Cystatin.C
Asian * Gamma.glutamyltransferase
Asian * Pulse.rate.automated.reading
Asian * Op_Digestive System
Asian * Bread intake
Asian * Number of treaments/medications taken
Black * Glycated haemoglobin (HbA1c) (mmol/mol)
Black * Aspartate aminotransferase
Black * Cholesterol
Black * Townsend Index
Asian* Past tobacco smoking [Smoked occasionally]
Black * Op_Respiratory Tract
Asian * Attendance disability allowance: None
Black * Attendance disability allowance: None
Asian * Past tobacco smoking [Just tried once or twice]
Black * Current employment status: Paid Employment/Self-Employed
Black * Op_Digestive System
Asian * Current employment status: Paid Employment/Self-Employed
Black * Cystatin C (0.1 mg/L)
Asian * Cholesterol
Black * Dx_Endocrine, Nutritional & Metabolic
Black * Past tobacco smoking [Prefer not to answer/Don't know]
Asian * Past tobacco smoking [NotAvailable]
Black * Dx_Nervous System diseaess
Black * Op_Genitourinary Systems
Black * Past tobacco smoking [NotAvailable]
Asian * Dx_Neoplasms
Asian * Past tobacco smoking [Prefer not to answer/Don't know]
Asian * HDL cholesterol
Black * HDL cholesterol
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B)

Black * Age enrolled [35-50]
Asian * Dx_Infectious & Parasitic diseases
Asian * Age enrolled [66—80]
Asian * Op_Digestive Systems
Black * Op_Heart, Arteries & Veins —
Asian * Sensitivity/hurt feelings [Prefer not to answer/Don't know]
Black * Age enrolled [66—80]
Black * Dx_Infectious & Parasitic diseases o
Black * Op_Digestive Systems
Asian * Age enrolled [35-50]
Asian * Op_Heart, Arteries & Veins
Black * C-reactive protein (mg/L)
Asian * Aspartate aminotransferase
Black * Sensitivity/hurt feelings [No]
Asian * LDL direct
Asian * Townsend Index
Black * Albumin
Asian * Albumin
Black * LDL direct
Asian * Standing height
Black * Aspartate aminotransferase
Black * Standing height
Black * Townsend Index
Asian * C-reactive protein
Asian * Male
Asian * Sensitivity/hurt feelings [No]
Black * Sensitivity/hurt feelings [Prefer not to answer/Don't know]
Black * Male
Black * Dx_Blood diseases & Immune System disorders
Asian * Dx_Blood diseases & Immune System disorders
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Figure 15. Risk factor interactions with ethnicity on overall and digestive cancer
mortality.

Foreg plots showing HR and 95% CI bars of ethnidyrisk-factor interactions tested in

the two pooled sample survival models combining Whites, Blacks, and Asians for (A)
overall (all-cause) and (B) digestive cancer mortality. Significant interactions vattkB

(blue) and Asians (red) are highlighted with stars showing significant level (* for <0.05;
** for <0.01).

45 Discussion

In this study, we characterized mortality patterns across three largest ethnic groups
in the UK and identified significant mortality risk factors for each, using gepggific
feature selection and survival modeling of the UKB data. Our study demondtrated
mortality disparity exists and assessed the impact of shared andgpeciic mortality

risk factors for overall and other leading caspecific mortalities per ethnicity.
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Differential survival was seen between ethnic groups with Whites shovworggw
survival probability compared to Black and Asians in UKB. The same trend was observed
in the recent analysis of death registration from England and Wales by the Office for
National Statistics in the UK, which reported that Whites had higheaaBemortality
rates than other ethnic groups between 2012 to 224P The top causes of death
associated with each ethnicity also varied, delineating diseases that increase mortality and

are in need of intervention for each group.

Feature selection of top risk factors amulvéval analysis results elucidated both
general and targeted strategies for reducing mortality and disparity across ethnicities.
Serious preexisting medical conditions, based on ICD10 and preventive or diagnostic
OPCS Classification of Interventions ando&dures, had the greatest impact on
mortalities in all three ethnic groups: neoplasms increased relative risk of overall mortality
by over 2 folds, while exams of digestive organs showed a protective effect, reducing the
risk of overall mortality by atdast 25%. Thus, focusing on cancer prevention and
surveillance methods, such as receiving endoscopic exam of gastrointestinal tract, colon,
and lower bowel, may be healthful in reducing the overall mortality in the UK irrespective

of ethnicity[130.

Conversely, other preexisting medical conditions and diagnoses were- ethnic
specific including the mental and behavioral diseases and Asian mortality. The relative risk
of mortality in Asians, whora mostly South Asians of Indian, Pakistani, and Bangladeshi
origin in the UKB, increased by 60% when previously diagnosed with mental illnesses
related to psychoactive substance abuse, organic mental disorders, anxiety, and depression

(Table 26). Asian paticipants also evaded directly answering mental healtted
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guestions, and this observed hesitancy was significantly associated with a greater risk of
mortality in Asians dying of digestive cancers. High prevalence of mental disorders and
reluctance taliscuss mental illness have also been reported in both India and for Asian
Indian communities in the US, where the perception of mental health issues has been
marred by social stigma and cultural shame, which has contributed to avoidance in
psychologicalliagnosis and café31-134]. Moreover, several studies have indicated that
South Asian immigrants experience high rates of mental health disorders, which has been
linked to redudbn in general life expectancy and worse disease outcomes including cancer
[135138. These finding underscore the importance of sociocultural factors and mental
health and its significant impact on Asian mortality. Reducing stigmatization and
increasing awareness of mental illnesses and access to related care represent targeted

opportunities for Asians.

Several blood and urine biomarkers showed specific asssatiith ethnicity and
mortality. CRP, a biomarker for chronic inflammation, is an important mortality risk factor
for Blacks, as evidenced by the significant association between increased CRP levels and
greater risk of both overall and catsmecific dedis due to COVIBL9 and digestive
cancers. Elevated CRP levels have been previously associated with diseases including
diabetes and cardiovascular disease and were found in African Americans and Black ethnic
grougs at higher concentratiorfd39-141]. Chronic inflammation, as measured by CRP
and other blood biomarkers, has been linked to physiological responses to psychosocial
stressors, icluding exposure to discriminatidi4?. Here, CRP showed a significant
interaction with Black ethnicity in the pooled siwal model for digestive cancer mortality,

suggesting a greater adverse effect of elevated CRP in Blacks compared to Whites. This
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finding further reinforces the importance of CRP as mortality risk factor in the Black ethnic
group.Similarly, increased leals of cystatinC, a marker of renal function, in Asians and
their overall and ischemic heart disease deaths, and glucose in Whites dying from digestive
cancers, were significantly increased the risk of mortality. Glucose was found to promote
invasion andnetastasis of colon cancer cells, which fit with our finding as a significant
risk factor for White mortality from digestive cancds43. HbAlc, an indicator of
averageblood glucoselevel in the last 90 days was also associated with greater risk of
overall nortality in both Whites and Asians. Meanwhile, HbAlc negatively interacted with
Black ethnicity, suggesting that Blacks experience a reduced adverse effect of elevated
HbAlc on their overall survival compared to Whitadditionally, high concentrations of
cystatinC have been linked to greater risk of heart failure and death in persons with
coronary heart disease (CHID44]. Our results reinforce and further suggest that cystatin

C is an important overall mortality risk predictor for Asians and Asians dying of CHD.
Finally, the protective effect with increased level of ApoABdack overall mortality and

White mortality due to lung and bronchus cancers also aligns with previous reporting of
inverse correlation between ApoA levels and risk of developing lung, ctdgrbceast,

and ovarian cancef&45. Biomarkers of this kind are routinely used to assess health and
disease status and have been linked to various factors, such as genetics, dietary and
behavigal, and environmental pollutantgl46 147]. Identification of measurable
biomarkers with ethnic grougpecific effects can inform precise strategies and potential

biological targets for reducing associated mortality.

Several modifiable risk factors for mortality relatedotoysical measures, dietary

habits, and health behaviors were also identified including lessening the consumption of
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butter for Asians (digestive cancer), increasing fresh fruit and breakfast cereal intake and
quitting smoking for Whites (lung and bronclaascer), and lowering waist circumference

for Blacks (COVID19). Waist circumference, but not body mass index or weight, was
feature selected as a significant risk factor for CO\tEDdeaths in Blacks, suggesting that
adiposity around the waist may be meffective predictor of COVIEL9 deaths than other
related body measuremeniglg. These key environmental factors are modifiable and can

help reduce mortality risks.

Lastly, two sociodemographic risk factors, disability living allowance for Whites
and having paid or sedémployment status for Blacks, impactduk toverall mortality.
However, other socioeconomic measure of deprivation, such as Townsend index scores,
was not found to be a significant risk to ethgpecific mortality. This is likely attributable
to within-group similarities in SES of participant$ same ethnicity, which may also
explain the lack of significant associationgh genetic ancestry proportiomsdethnic
specific mortalities. Moreover, this demonstrates that the effects of indineledlrisk
factors highlighted in this studintermediate and proximabutweigh that of SES, a distal
risk factor, when we independently investighiiee main contributors of mortality in each
ethnicity[149. A number of proximal risk factors also showed significant interactions with
ethnic groups, adding to growing evidence ofudhequal effects of the same risk factors
on mortality across different race and ethnicity grodfi-152. Therefore, poplation-
specific study design that inform targeted risk factors and strategies for reducing mortalities

will be critical to overcoming disparities across race and ethnicity groups.

There are several limitations to this study. First, The UKB data is samgiing

people living across the UK with median age of enroliment over 50. There may be bias of
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results due to left truncation, since the analysis was based on participants who had survived
to the late enroliment age. In addition, race and ethnicity clagsficaaries between
countries for it is a socially defined membership and-idelfitified based on shared
heritage, culture, and social experiences. While the UK ethnic groups studied here
approximately correspond to US racial groups, evidenced by similamgenetic ancestry
proportions of White and African Americans, the social experiences and potential health
implications could be differejl53. Thus, the extent to which the study findings may be
transferable to othecountries like the US is uncertain and may require additional

validation using data based on the population of interest.

4.6 Conclusion

Our findings demonstrate the ethic differences in mortality and associated risk
factors that may contribute to the obserdexparities. Several measurable and modifiable
blood biomarkers and environmental and behavioral factors were identified including
unexpected associations between ethnic mortality disparities, mental health, and systemic
stress some of which showed diffential effects on mortality across ethnic graufisese
results underscore the importance of populasipecific studies that can help decompose

health disparities and inform targeted interventions towards greater health equity.
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CHAPTER 5. CONCLUSIONS AND FUTURE PROSPECTS

Despite the progress madedisease survival outcomes and mortality rates in the
last centurythe improvements have not been uniform across all population gibings.
research in health dispes ha grown in recent years, masjudiesare narrowly focused
on a specific disease and use SIRE and GA interchangeably in studying genetic and/or
environment impacts on disease disparity. Moreover, although statistics on overall and
causespecific nortality and disease survival are nationally collected and publiseety,
these results are limited to assessing and quantifying the magnitude of the difference
between groups: the underlying genetid environmental factors and mechanisms that
potentally drive these differences are still largely unknowrherefore, population
biobanks encompassimtjnical, genomic, andocicenvironmental datat largescale such
as TCGAand UKB, representa tremendous opportunifypr health disparities research
conductinginclusivestudieswith diverse cohorts. Thtaree chapters 2, 3, and 4 presented
in this thesis collectivelynderscore the importance of populatgpecific study design
that leverage ancestipformation and biobanks to discoverotential biomar&rs with

prognostic valudor reducing health disparitigeat may belruggable or modifiable

To effectively mitigate health disparitiesne must first understand disparities
two steps:(1) Discovery and (2) Characterization. Hence hapter 2 first focused on
discovery ofCSD by evaluating overall survival outcomes of patients of var6Asand
SIRE across 33 different cancer typ&sur cancer types with cancer survival disparities
and seven canceelated geas that interact witlbA and contribute t&€SD were revealed

SubsequentlyChapter 3 expanded the characterization of CSD by construGig
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specific gene caexpression networks of two cancers identified earli€hapter 2. Lastly,
Chapter 4 focused omortality disparities in the UKB participants, broadeniegearch
scopeto include overall anather leadingcausespecific mortalities beyond cancer. In
contrast to first two chapter€hapter 4alsoshifted to studyingocienvironmental risk
factors catributing tomortality disparitiesacross ethnicity groups instead of GA grgups
sinceSIRE emphasizes cultural and socioeconomic qualities of individubaishdirectly
relates to th&JKB data analyzed in Chapter Bihe three chapters highlight the eifént
uses of SIRE and GAsuggestingheir appropriate use in research that reflects both
study objectives and datBurthermorethis thesis demonstrates the utility of population
specific study designthat leverage ancestral information in an inédge analysis
framework, combining clinical outcomes data with genoamd socioenvironmentdiata
to maximizeclinical relevance and translatabiliyresearcHindingsfor improving health

equity.

Continuedresearchthat is squarely focused on disaighating various areas of
health disparities and their multiple dimensions of genetic, molecular, and environmental
factors exacerbating the observed disparities will be essential for allevititeng
disproportionate burdeof morbidity and mortalityborne by minority and medically
underserved groups in our society. Future studies that can examine different dimensions of
disease riskactors simultaneously and disaggregate their effects will teefpioritize
strategies and treatments. Finally, intentioaatl continuedefforts towards equitable
population representation in biomedical research and genomic data, such as All of Us and

Genomics England, wilhelp improve health equity for all people
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APPENDIX A.  SUPPLEMENTARY INFORMATION FOR

CHAPTER 2

A.1  Supplementary Methods

A.1.1 Reference population

We use genomic data from the 1000 Genomes Project
(http://www.internationalgenome.djgas our reference populations including African (n
=661), Admixed American (n = 347), East Asian (n = 504), and European (n £163)
Because there were no Native American reference populations, we used data collected from
individuals in Lima, Peru (called PEL in the 1000 Genomes) and Mexican ancestry
individuals from Los Angeles, USA (called MXL in the 1000 genomes) as a proxy. As
previously shown, the individuals sampled as part of these two populations (MXL and
PEL) have high Native American ancesfd54. Overall, we used 21 populations

categorized under four super populations sampled as part of the 1000 Genomes Project.

A.1.2 TCGAcohort

TCGA Affymetrix Human SNP Array 6.0 raw data for all 33 cancees/were
downloaded in two formats: birdseed format for blood samples (n=9,175) and CEL format
for normal tissue samples (n=2,365) from the Genomic Data Commons (GDC) Legacy

Archive (https://portal.gdc.cancer.gov/legaamghive/) using GDC Data Transferodl

(gdeccl i ent v1.4.0_ Ubuntu_x64). Genotype call
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Birdseed (v2) was used for genotype calling on birdseed files. Each CEL files was assessed
for experimental quality using Affymetrix Power Tools andquality samplesvith QC-
call-rateall <90% were removed. For both types of genotype files, a custom script that
employs PLINK version 1.9 was used to harmonize the TCGA dataset and the reference
population variant§44]. The TCGA datasets were merged with the reference population
variants by identifying the set of variants common to both datasets with strand flips and
variant identifier inconsistencies correctath@eded. The merged data was initially filtered

for variants with missing call rates exceeding and minor allele frequency (MAF) less than
5%, resulting in 848,946 variants for the solid tissue samples and 862,394 variants for the
blood samples. Principmmponent analysis (PCA) followed also using PLINK to visually
evaluate the quality of merged data in-BGpace. These harmonized data were further
pruned for linkage disequilibrium (LD) using thendep command in PLINK with a
window size of 50kb, a gpesize of 5 variants, and a variance inflation factor of 2. After
pruning for LD, we were left with 241,247 and 257,991 variants, respectively, for solid

tissue and blood samples.

A.1.3 Clinical data

Clinical data for the all TCGAvarticipants were downloaded from the GDC Data
Portal (https://portal.gdc.cancer.gov/) using TCGABIolinks R/Bioconductor package and
merged with survival outcome endpoints generated by the TCGARacer Clinical Data
Resource in R version 3.6[20, 12§. Clinical vari abl es fAr ace

Alaskan Native, Asian, Black or African American, Native Hawaiian or other Pacific
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Islander,andWhg¢) and fAethnicityo (Hispanic or Lat
collapsed into four categories of salentified race and ethnicity (SIRE): African
American (Black or African American), Asian (Asian or Native Hawaiian or other Pacific
Islander) Hispanic (Hispanic or Latino or American Indian or Alaskan Native), and White

(White and not Hispanic or Latino). Additional clinical data on the molecular subtypes of
TCGA breast carcinoma samples were sourced

[155 156].

A.1.4 RNA sequencing data

Genelevel count files for RNAsequencing data were downloaded for all TCGA
participants from the GDC Data Portdittps://portal.gdc.cancer.gov/) using the Data
Transfer Tool. The count of the reads mapped to each gene were performed and calculated
by HTSeq at the gene level. HTSEgunts were utilized over normalized FPKM
(Fragments per Kilobase of transcript petlidin mapped reads) or FPKIMQ (Fragments
Per Kilobase of transcript per Million mapped reads upper quartile values) for downstream

analyses.

A.1.5 Mutation data

Somatic Mutations
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Openaccess somatic mutation annotation files (MAF) generated from thedvBuTe
Variant Aggregation and Masking workflow type for four cancer projects were
downloaded from GDC Data Portal (https://portal.gdc.cancer.gov/) using the
GenomicDataCommons R/Bioconductor package. These MAF files were generated after
additionally processig to remove lower quality and potential germline variants and
aggregated and annotated mutation information were linked to each tumor samples in

TCGA (https://docs.gdc.cancer.gov/Data/File_Formats/MAF_Format/).

Germline Mutations

Controlledaccess gerntie variant data files for 10,389 TCGA participants
deposited in the GDC were downloaded from the Genomic Data Commons (GDC) Legacy

Archive (https://portal.gdc.cancer.gov/legaaghive/) using GDC Data Transfer Tool

[157.

A.1.6 Genomewide ancestry proportions and ancestry group inferences

The genomavide continental ancestry proportions for TCGA participants were
estimated using ADMIXTURE. Harmonized and processed genotypiag datasets for
blood (n= 8,107) and normal tissue (n=2,177) samples were estimated for ancestry
separately with K=5 (AFR, EAS, EUR, NAT, and unknown) and K=4 (AFR, EAS, EUR,
and NAT), respectively. For participants with both blood and normal tisangdes, blood
sample ancestry estimates were prioritized over normal tissue sample ancestry estimates,

which resulted in total of 10,126 participants with global ancestry estimatedheArkst
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neighbor (kNN) classifier was employed to categorize each AQ@rticipant into one of
four continental ancestry groups using the PCA results, with the Capaickage.
Continental reference population groups were used as referenceblfoclassification
and the optimal neighbor (K) value of three was used fdn btitod and normal tissue

samples.

African subcontinental ancestry proportions were inferred for all TCGA participants with
O050% African continental ancestry. Afri c:
inferred for three geographically and geneticaloherent reference population groups,
representing the three main regions of Africa that participated in the transatlantic slave
trade: West Africa (Senegambia, GWD and Sierra Leone, MSL), West Central African
(Bight of Benin, ESN and YRI), and BantuMIK). It should be noted that the LWK Bantu
population from Kenya clusters genetically with Bantu populations from Southwest Africa
(Bight of Biafra and the Loango Coast), and thereby represents the third major region of
the transatlantic slave tradel. b8antinental ancestry proportions for African ancestry
TCGA patrticipants were inferred from these reference populations usintpgative least
squares transformation of R@lues for reference and TCGA individuals, implemented in
the Rye algorithm (http&github.com/healthdisparities/rye), as previously describh26

15§.

A.1.7 Survival analysis

Overall survival (OS) primary endpoint
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The TCGA ParCancer Clinical Data Resource (TCE&DOR) curated and
published by Liu et al. in Cell in 2018 is the major study that defined four types of clinical
outcome endpoints for more than 11,000 human tumors in the TCGA dataset and an
integral data source for this study. We chose overall survival (OS) from hlua the

primary endpoint for survival analysis for the following reasons:

First, death is a direct indicator of disease burden. The overarching goal of our study
is to identify potential contributing genetic factors of CSD using genetic ancestrytered
disproportional cancer disease burden across population groups. Since death is an outcome
with the highest disease burden or | mpact
aligned with our study goal. Other endpoints including diséaseirterval (DFI) and
progressioffree interval (PFI) are also important clinical indicators, but they may be more
suited for other study purposes.d.,for comparing treatment effectiveness on cancer

progression and prognosis).

Second, death is the least aguwus endpoint to define. Liu and colleague
emphasized the difficulty in defining other endpoints, especially DFI, due to retrospective
and secondary nature of clinical data collection in TCGA that is largely incomplete.
Therefore, there is a greater rigkmisclassification with other endpoints, and it is difficult
to determine if they were unaffected by overdiagnosis. Overdiagnosis is a problematic by
product of early and frequent screenings defined as detecting tumors that are eitber non
too-slow-growing to ultimately cause symptoms or death. While it influences cancer

incidence and prevalence, mortality is robust against overdiagnosis.
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Third, OS was the most widely available survival endpoint in TEER. Since
our study stratifies analyses intafdrent GA or SIRE groups and TCGA dataset is
overwhelmingly European/White in composition, it was important for us to use survival
endpoint that was most complete to avoid loss of additional data. For example, in TCGA
CDR, there are over 500 participamigh missing diseasspecific survival (DSS) field

compared to less than 10 with missing OS field.

Finally, to increase data specificity for OS and account for potential bias in time
to-event due to disparity in timing of diagnosis across GA groups, nekided
ftumor statué6 ( at deat h), pr i-CORtogetermine DS statgseadd i n T

the age at diagnosis, respectively, as constant covariates in all the final models.

KaplanMeier estimation

For pancancer survival analysis of the TCGA coharterall survival, available
for most of patients (11,151 out of 11,160) was selected as the outcome endpoint. First,
univariate analysis using Kapkiteier (KM) method was performed to generate survival
curves. For each cancer type, data were stratifigtdofour genetic ancestry groups (GA)
determined using-KIN classification and up to six pairwise tognk test of ancestry group
combinations for significant difference in
package for each cancer type. R@e comparisons of survival curves were also performed
was performed for the four SIRE groups. Resultingalues were adjusted for multiple
testing using Benjamin and Hochberg (BH) correction and assessed for significant

difference in pairs with minimurper groups size 5. KM plots for cancers with significant
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differences between GA groups or SIRE groups were constructed for all GA and SIRE

groups also using the survminepckage.

Cox proportional hazard modeling

Multivariate analysis using Cgtoportional hazard models followed the univariate
analysis using KM method, accounting for several other clinical features including age at
cancer diagnosis, American Joint Committee on Cancer stage, tumor status at survival
event, gender, and tumor moghbgy either as covariates or stratum. For each cancer, three
types of models were constructed: (1) SIRE, (2) GA as categorical groups, and (3) GA as
continuous proportions. GA proportions were rescaled for one unit of change to equal to
10% in GA proportns. Each cancer type and their models were evaluated for significant
di fference in relative risk of mortality b
and model fitness using the concordance | e
pairwise comparisons of cancer survival under the Cox PH models were performed using
the powerCT.default function in powerSurvEpipRa c k age (t hreshol d OO0
This power calculation takes into account both total number of participants (event &
censorefland number of events from each group in comparison and the estimated hazard
ratio from the Co¥PH model. Cancespecific models were fitted for four selected cancer
types showing significant disparity in survival, where covariates were added, dropped or
stratified using the forward selection and based on the Akaike information criterion (AIC)
value and proportional hazard assumption test using the survpatlkage. For African
subcontinental ancestry analysis, ABRly models for each cancer includedet African
subcontinental GA continuous proportions (West Central, West, and Bantu) and the clinical

covariates in the general model.
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General models

SIRE:

/(t) = /1,(t) x exp (b, - Black + b, - Hispanic + b - Asian + b, - gender + bs - age + by - tumor stage
+ b, - tumor status)

GA - Categorical:

/(t) = /1,(t) X exp (b, - Africa + b, - Americas + by - East Asia + b, - gender + bs - age + bg

- tumor stage + b, - tumor status)

GA - Continuous:

h(t) = hy(t) x exp (b, - African + b, - Native American + b, - East Asian + b, - gender + bs - age
+ bg - tumor stage + b, - tumor status)
Subcontinental African GA - Continuous:
h(t) = ho(t) x exp (b, - WestCentral + b, - West + by - Bantu + b, - gender + bs - age + by

- tumor stage + b, - tumor status)

Main Cancers (4) - final models
BRCA:
/1, 4(t) = /lo(t) x exp (b, - Black + b, - Hispanic + b;* Asian + b, - age + bs - tumor status)
p = post menopause status
s = tumor stage
fg(t) = /1,(t) x exp (b, - Africa + b, - Americas + by - East Asia + b, - age + bs - post menopause
+ bg - tumor status)

s = tumor stage

Ity s(t) = /Io(t) X exp (b, - African + b, - Native American + b, - East Asian + b, - gender + b - age
+ bg * tumor status)

m = tumor morphology

s = tumor stage

HNSC:
/1q(t) = /1,(t) X exp (b, - Black + b, - Hispanic + by * Asian + by - gender + bs - age + by

- tumor stage + b, - tumor status)

a = alcohol use
/1a(t) = /1,(t) X exp (b, - Africa + b, - Americas + b - East Asia + b, - gender + bs - age + bg

- tumor stage + b, - tumor status)

a = alcohol use
J1a(t) = /2, (t) X exp (b, * African + b, - Native American + by East Asian + b, - gender + bs - age
+ bg * tumor stage + b, - tumor status)

a = alcohol use
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KIRC:
A(t) = /1,(t) x exp (b European + b, - Native American + b, - East Asian + b, - gender + b - age
+ b - tumor stage + b, - tumor smtus)
SKCM:
Py g(t) = /‘.’u{t} xexp (b, -Asian + b, - Hispanic + by -age + b, - tumor stage + bg - tumor sratus)
m = tumor morphology
g = gender
Ity o(t) = /.?“(!) xexp (by-Africa + b, - Americas + by - East Asia + b, - age + bs - tumor stage + by
- tumor smtus)

m = tumor morphology
g = gender

Ay g (8) = /fﬂ(t] xXexp (by-African + b, - Native American + by - East Asian + b, -age + bs

- tumor stage + b, - tumor smtus)
m = tumor morphology

g = gender

A.1.8 Gene expression analysis

Differential gene expressions

Gene expression data were downloaded for the fmoers that showed significant
CSD and divided into two GA cohorts for each cancer to determine significant DEGs in
GA pairs. Genes with raw expression counts equal to zero in >10% of the samples were
removed from the analysis with DESeq2 Bioconductgrékage that is based on fitting
of negative binomial generalized linear model and Wald test for differential expression.
DESeq2 analysis results were filtered for significant DEGs based on adjustadpu e OO0 . 05
and absolute value of log2 fold change betweeGA gr oups O1. Retri eva

and conversion of gene names to Ensemble ID was performed using the BiomaRt
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Bioconductor/Rpackage. Finally, volcano plots for DEGs were generated using

EnhancedVolcano Bioconductorffickage.

Gene set enrichmennalysis

Gene set enrichment analysis (GSEA) of the DEGs were investigated by
performing separate queries for statistically significant overlap (FBRIwg or false
discovery rate for hypergeometrievplue corrected for multiple testing with BH method
at <0.05) between umnd dowrregulated DEGs and hallmark pathways in the Molecular
Signatures Database (MSigDB, version 7.1). Hallmark gene sets are specially curated
genes that represent w&lthown biological states, which allowed for functional analgsis
DEGs divided into upor downregulated subsets based on the direction of log2 fold

change between the reference (EUR) and comparison GA groups.

Feature selection & cross validation

Differentially expressed gene sets were narrowed by feature selawiog
analysis of variance (ANOVA), a filtdsased method. DEGs were first checked for
ANOVA assumptions by omnibus test of nor mal
Check for multicollinearity based on variance inflation factor (VIF) was als@imeed
and filtered out DEGs with VIF <5. Remaining DEGs were each evaluated for difference
in group mean gene expressions and filtered fstafistics >l and@w al ue OO0. 05. Se
differentially expressed gene sets were additionally tested for clasisifigperformance
of GA groups using elastic net logistic regression. Accuracy in classification rates were

validated using 1fold crossvalidation (CV) data sets and area under the receiver
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operating characteristics (AUROC) were calculated, averagedllf@Vs, and plotted

using ggplot2 Rpackage.

A.1.9 Gene mutation analysis

Somatic MAF files downloaded from the GDC were evaluated for genes with
differential mutations in GA groups using Maftools BioconductgyéiRkage. GA groups
were compared for sigiitant differences in the frequencies-@lue <0.05) of non
synonymous mutations with high or moderate Ensembl Variant Effect Predictor (VEP)
i mpact using the Fisher 6s makCanparefuhctos.t of
Minimum number of samples witmutations for cohorts was set at five to avoid single
mutated genes. For germline mutations, prioritized, cancer related variants that are either
pathogenic, likely pathogenic or prioritized variants of uncertain significance (VUS) were
considered. Minimumumber of samples with mutations was also set at five in at least one

cohort to avoid single mutated genes.

A.1.10Ancestrygene association analysis

Differentially expressed genes (DEGSs) using multiple linear regression (MLR)

Differentially expressed ges passing ANOVA andtest feature selection and the
normality and homoscedasticity assumption tests were evaluated for significant association

between gene expression and GA. Using the statadRage, multiple linear regression
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models were built with 8T gene expression count as dependent variable and GA and other
relevant clinical endpoints as independent variables for each of four cancer types. Genes
with expression | evel showing svalupadus$tadc an't
for multiple testing using BH correction) were selected for further analysis for interaction
with GA in impacting differential survival outcomes.
BRCA:

0= Gy x G DR+ Gy DM+ Gy JOOY2 + G JOA QENO + G OA QNG + Gy AL Cd+ |
HNSC:

W= Gy x G BRA+ 6y M+ 6y IAECA + 6y AWERAGT QO+ |

KIRC:
Gx QDAQE + & IATM+ G DA + Gy WO £ § 00T + T

@
SKCMAMRY
w= Gy x @ DAQGT + ¢ ATM+ G IAECD + Gy WOG &1 &OI +

Differentially mutated genes (DMGSs) using logistic regression

Differentially mutated genes were evaluated for signitiG@ssociation between
gene mutation and GA with logistic regression models using the staaskage. Gene
mutation status (yes or no) as dependent variable with GA and other relevant clinical
endpoints as covariates for each of four cancer types. Getieswatation status showing
significant associ adue adjusted fortnultip® festingtusing 8 . 0 5

correction) remained to analyze the joint effect of DMGs and GA on survival outcomes.
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BRCA:

€"CA 1 =(@X Q DRI+ 6y DM+ @:XIW2+(hawdEMﬁ6+&gadeMﬁ6

HNSC.:
ECAN) = Gy x 6 DYG+ 6 ATM+ 6y TAEX + ¢y AP0 BAGI Q+ T
KIRC:
GECA(N) = Gy x 63 DAQAI + ¢y AWM+ &3 DAECQ + G WOG £ { &0HOi +T

SKCMAMR):

&) = G x G DEAG + &AM+ G TOAET [ 6BMD+ &y DOG 1 { Aol +7
SKCMEAS):

&) = G x G OE 0BG+ G AWM+ Gy IOAEL [ 6D+ Gy DOG 1§ DOl +7

A.1.11 Ancestrgene interaction analysis

Selected differentially expressed or mutated genes shown to be associated with
genetic ancestry (GA) groups were tested for significant statistical interaction with GA in
affecting differential survival outcomes for cancer patients with BRCA, HNSC, KIRC, o
SKCM. The final CoxPH models used for GA groups in the multivariate survival analysis
were mostly retained with addition of terms for the gene of interest andageestry
interaction term. Multivariate CeRH models with added gene interaction ternesewn
checked again for model fitness for the final model construction. For selected differentially
expressed genes (DEGS), gene expression counts, vastabdeing transformed, and
centered at the mean were used, while for selected differentiallyedgahes (DMGSs),

gene mutation status (yes or no) was modeled instead with the survival outcomes.
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BRCA:
g o= V:lo 0 xQon (Q BRA+ ¢ JAEQ+ @3 D'QAHIAEQ+ Gy AIM+ Gy METOA B ENCHIQ
+ Gy OG €l [ aoi
s = tumor stage
m= molecular subtype
HNSC:
W 0 = M, 0 x Q0N (Q DR+ G OAEQ+ ¢y D'QAIAEQ+ ¢y DTN + Gy ASM+ ¢y
06 £l 1 0D+ Gy DO €1 § 00
a = alcohol use
KIRC:
o=/ 0 xam(QBaQa&i + &I+ @ BaQE OO+ @ OMA + @ ATM+ ¢
D06 €1 | 0D+ Gy DO €1 | 000
SKCMAMR):
By a0 = ZO O xQon (Q DBAQ@I + 6y OAEQ+ Gy DBAQQT DAEQ+ ¢y ATM+ Gy OG € | &M
+ Gy D0G &l i ol
m = tumor morphology

g = gender

Differential methylation of CpG islands and gdmeGA interactions

TCGA methylation data on CpG islands (CGI) of differentially expressed genes
with statistical interaction on cancer patient survival were downloaded using the SMART
application (http://www.bioinfezs.com/smartapp/). Methylation levels expressed as log2
transfrmed beta methylation values {Mlues), for CGI for each of the seven previously
identified DEGs were first assessed for correlation to corresponding gene expression levels
and to other CGIM evel s by Spearmands r apakagecor r el at
further examine the relationship with selected DEGs, correlated CGl were added as
covariates in multiple linear regression (MLR) models for gene expression with ancestry
and other clinically relevant covariates as independent variables. Finélyst©wing

significant associations with gene expression levels found using MLR were each tested for
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differential methylation levels between GA ancestry groups using the Wilcoxon rank sum
test. All the pvalues were adjusted using BH correction methodcanetlation test, MLR,
and Wilcoxon rank sum test were performed using the statackRage. Differentially
methylated CPI associated with gene expression of selected DEGs were fitted into
ancestrygene interaction model using backward and forward stepsabection. Each

model was evaluated for optimal structure based on AIC and concordance rate.



A.2  Supplementary Figures
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Figure 16. ADMIXTURE plots and average continental genetic ancestry (GA)
proportions (%) for TCGA participa nts.

Ancestry estimates for TCGA participants using ADMIXTURE program are plotted with
1000 Genomes Project population groups as reference panels. ADMIXTURE was
performed separately for genotyping array data from (A) normal blood samples and (B)
normal soid tissue samples. Average continental ancestry % for TCGA (blood or solid
normal) and reference groups for each run are shown below the plot. The weighted average
continental ancestry for blood and solid normal is also shown.
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Figure 17. Concordance between categorical genetic ancestry (GA) and self
identified race & ethnicity (SIRE) classification.

Number TCGA patrticipants with SIRE classification (row) that match categorical GA
classification (column) are shown in each squaretal number (row sum) and the
concordance rate (%) for each SIRE group, calculated by dividing the number of matched
pairs by the group total, and are indicated at the end of each row.
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Figure 18. Subcontinental ancestry mapreference PCA, and ADMIXTURE plot for
Africans in TCGA.

Subcontinental African ancestry proportions (West Africa, West Central Africa and Bantu)
were estimated using the Rye (https://github.com/healthdisparities/rye) inference
algorithm and 1000 Genome Reat (1KGP) populations as reference. (A) Map of the five
African reference populations, corresponding to three distinct geographic regions and
subcontinental ancestry groups in Africa. (B) Principal component analysis (PCA) plot of
African reference popations from the 1KGP. (C) ADMIXTURE plot of 1KGP reference
populations and African TCGA participants.
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Figure 19. Averaged AUROC plot for classification performance of feature selected

DEGs.

Selected differentiallyexpressed gene (DEGs) sets were tested for classification
performance of GA groups using elastic net logistic regression. Accuracy in classification
rates were validated using 46ld crossvalidation (CV) data sets. The area under the
receiver operating ltaracteristics (AUROC) calculated and averaged across CVs are
indicated in the parentheses for each cancer type.
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BRCA: African (n = 130) vs. European (n = 641) SKCM: East Asian (n = 12) vs. European (n = 425)
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Figure 20. Forest plots for differentially mutated genes with somatic mutations in 4
cancers.

Genes with significatty different rates of somatic mutations between GA groups were
identified by Fisheroés exact test (minimum
one group set at five). There were 15 significantly differentially mutated genes (DMGSs)

with somatic vaants in BRCA (AF vs. EU), 20 for HNSC (AF vs. EU), 2 for KIRC (AA vs.

EU), and 85 (AA vs. EU) and 27 (EA vs. EU) for SKCM.
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Figure 21. Correlation plots for methylation of CpG probes in 7 DEGs with GXGA
interaction.

SYearmands rank correlation between sel ect e
methylation level of CpG islands (CPI). Hierarchical clustering was applied to CPI and
blueto-red scale indicate positive and negative correlations between gene expssion

CPI methylation level. The size of circles corresponds to significance leveabfgs with

significantly correlated CPI in bold.
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