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SUMMARY  

Health disparities, plausibly avoidable differences in health outcomes among 

specific population groups, is both an imperative challenge for our society and a pressing 

scientific issue [1]. Minority population groups, who are vastly underrepresented in 

biomedical research and often medically underserved, disproportionately experience 

adverse survival outcomes from the same diseases including cancer [2]. While disease 

mortality rates have steadily decreased over the last century, survival disparities among 

racial and ethnic population groups persist. The landscape survival disparity is further 

complicated by the complex and multifactorial nature of contributing risk factors, spanning 

both genetic and environmental dimensions and various mechanisms with differential 

effects across different type of diseases and populations [3]. Yet, current health disparities 

research tends to be focused on a specific disease, with self-identified race and ethnicity 

(SIRE) and genetic ancestry (GA) sometimes used interchangeably for studying genetic 

and/or environmental effects on disparities. Moreover, the underlying risk factors that drive 

survival disparities in each population group are still largely unknown.   

This thesis explores the genetic, molecular, and environmental effects on overall 

and cause-specific survival disparities across population groups by leveraging GA 

inference and population biobank data. The three chapters 2, 3, and 4 investigate these 

disparities in two steps: (1) Discovery, where the areas of disparities are identified and 

measured between population groups, and (2) Characterization, where population-specific 

risk factors perpetuating survival disparities in the identified area are investigated. 



 xiii  

Research advance 1:  Chapter 2 explores cancers with significant survival 

disparities between GA and SIRE groups (i.e., discovery), followed by the characterization 

of differential molecular signatures that interact with GA to exacerbate survival disparities 

in cancer patients of different ancestry (i.e., characterization). Cancer survival disparities 

(CSD) among racial and ethnic population groups persist and can remain even when group 

differences among non-genetic factors are controlled for, pointing to a potential role for 

genetic and biological factors. Using The Cancer Genome Atlas (TCGA), four cancers with 

disparities in patient overall survival were identified: breast invasive carcinoma (BRCA), 

head and neck squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma 

(KIRC), and skin cutaneous carcinoma (SKCM). Differential gene expression between 

ancestry groups associated cancer-related hallmark pathways and cancer-related genes 

with CSD, seven of which contributed to disparities via interactions with GA: PAQR6, 

LIME1, SAP25, MXD3, CCER2, RFLNA, and CTSW. In addition, GA correlated with race 

and ethnicity but showed observable differences in effects on CSD. Findings suggested 

that regulatory changes mediated by epigenetic mechanisms, such as methylation, have a 

greater contribution to CSD than GA-specific mutations. 

Research advance 2: Chapter 3 further characterizes two of the four cancers with 

significant CSD found in Chapter 2, BRCA and HNSC, by constructing GA-specific gene 

co-expression networks. Gene co-expression network analysis can provide insight into 

gene-gene 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 gene expressions may disrupt essential cellular functions and drive cancer progression, 

which may also be influenced by patientôs genetic background. This study extends the 
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characterization of CSD between African (AFR) and European (EUR) GA patients with 

BRCA and HNSC through cancer-and-ancestry-specific gene co-expression network and 

survival models to reveal targeted sets of genes and associated biological processes 

underlying CSD in AFR ancestry patients. For both cancers, the mean hazard ratio of 

survival-associated AFR network genes and modules were greater than the EUR network, 

corresponding to lower survival probability seen in AFR compared to EUR ancestry 

patients. Genes significant to cancer survival were also not hub nodes but remained highly 

influential in the network through their connection to hub nodes. Finally, several potential 

prognostic marker gene interactions and their associated biological processes linked to 

CSD in AFR ancestry patients were identified including ribonucleoprotein complex 

biogenesis and mitochondrion organization process for BRCA disparities and regulation of 

B-cell activation and tube morphogenesis for HNSC disparities.  

Research advance 3: Chapter 4 broadens the research scope beyond cancer to 

investigate the overall and leading cause-specific mortality disparities in the United 

Kingdom using UK Biobank (UKB). Significant differences exist in both rates and causes 

of mortality between racial and ethnicity groups. However, the key risk factors that are 

potentially driving these overall and cause-specific mortality and mortality disparities in 

each population group remain unclear. This study examined the differences in overall and 

leading specific causes of mortality (i.e., discovery) and identified associated 

environmental risk factors across various ethnic groups (i.e., characterization). Numerous 

blood and urinary biomarkers and modifiable environmental and behavioral mortality risk 

factors were identified, several of which showed differential effects on mortality across 

ethnic groups. The strongest ethnic-specific mortality associations were ischemic heart 
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disease for Asians, COVID-19 for Blacks, and cancers of respiratory/intrathoracic organs 

for Whites. Mental health-related 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 exacerbated by an 

observed hesitance to answer 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 COVID-19 and digestive cancers in the Black group, where elevated CRP 

has previously been linked to psychosocial stress due to discrimination.  

Altogether, this thesis highlights population group-specific differences and unique 

genetic and environmental risk factors that contribute to disparities in survival outcomes. 

Furthermore, it underscores the importance and demonstrates the utility of ancestry-

informed study designs and integrative analysis frameworks that combine clinical 

outcomes data with genomic and socioenvironmental data, for clinically-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 recognized as 

a top priority in the United States (US) by government institutes including the US 

Department of health and Human Services, Centers for Disease Control and Prevention, 

and the National Institute on Minority Health and Health Disparities [4-6]. The ongoing 

pandemic of Coronavirus disease 2019 (COVID-19) has revealed the profound adverse 

effects of health disparities, especially among high-risk and underserved racial and ethnic 

minority groups as demonstrated by their disproportionate adverse outcomes [7, 8]. In 

order to mitigate health disparities and promote health equity, expansion of research 

specifically designed for afflicted subpopulations aimed at identifying targeted risk factors 

and biomarkers of greatest prognostic potential that can be used to inform and prioritize 

interventions and preventions is crucial. 

Although health disparities have been characterized most often among socially 

defined groups of ancestry (self-identified race and ethnicity or SIRE), genetically inferred 

ancestry (genetic ancestry or GA) is also increasingly being used in the recent years. 

However, it is important to recognize that while correlated, SIRE and GA are distinctive 

concepts that represent different dimensions of health [9]. Accordingly, their appropriate 

usage should reflect the overall objective and data of the study being conducted. 

In characterizing various health disparities, mortality is the most direct and 

unambiguous measure of a disease outcome and arguably of greatest health and clinical 

impact [10].  Hence, substantial resources are invested yearly by countries to collect data 

on overall or all-cause mortality rates as a primary indicator of their populationôs current 
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health status [11, 12]. Population-based mortality statistics and analyses allows for 

identification of areas of disparity and quantification of the differences across various racial 

and ethnic groups. However, these types of traditional analyses based on linked census and 

death registration data are insufficient in understanding the underlying risk factors of 

mortality and survival disparity [13]. While limited, minority group samples and their 

genomic, socioenvironmental, and clinical outcomes data in large-scale biobanks in 

population-specific investigations can enhance our understanding of health disparities and 

elucidate targeted risk factors of greatest prognostic potential.  

 

1.1 Health disparities 

Health disparities refers to differences in health outcomes among specific 

population groups [14]. Unfortunately, minority race and ethnic groups are 

disproportionately burdened by health disparities in cancer and other disease outcomes [2]. 

Various types of risk factors have been linked to health disparities including genetic, 

biological, and environmental factors (e.g., diet, socioeconomic status, physical inactivity) 

[15]. Traditionally, health disparities have been characterized most often among groups 

defined by race and ethnicity or SIRE but also by GA in the recent years attributed to the 

sequencing technology and availability of reference population databases, such as Human 

Genome Diversity Project and the 1000 Genomes Project [16, 17]. Several indicators of 

health status and outcome exist including measures of morbidity (e.g., incidence and 

prevalence) and mortality (e.g., death rate and survival probability) [18].  
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1.1.1 Mortality 

Mortality is a key indicator of health that captures the likelihood of an individual 

both developing and surviving diseases such as cancer [10]. At the patient-level, mortality 

measures are clinically important indicators of disease progression that also reflect 

improvements made by treatment and therapeutics [18]. Death is a also clearly identifiable 

event and robust against biases compared to other health outcomes and health indicators, 

including incidence and prevalence rates, which are influenced by overdiagnoses or the 

detection of disease that do not cause symptoms or deaths [18]. At the population-level, 

mortality measures help to quantify health problems, define or monitor health status, and 

set priorities and goals. 

 

1.1.2 Disparities in cancer 

Cancer health disparities (CHD) manifest in forms of disparate patient outcomes, 

adverse effects, and quality of life after cancer diagnosis, and continue to hamper the 

progress made in cancer biomedical research in the last century [19]. Mortality, measured 

by overall survival (OS), is the most direct and unambiguous measure of disease outcome, 

and is especially important for patients suffering from chronic, heavy-burden diseases such 

as cancer. Thus, it is increasingly being used in clinical studies as markers of disease 

prognosis and treatment efficacy [20]. While overall cancer mortality has steadily 

decreased in the last decades, cancer survival disparities (CSD) remain a major public 

health concern with over 600,000 estimated deaths nationally in 2020 [10, 21]. Moreover, 

cancer disparities also entail a great economic burden: ethnic minorities and medically 
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underserved groups in the US were estimated to have lost $3.2 billion in earnings attributed 

to cancer mortality disparities in 2015 [22]. 

 

1.1.3 Disparities in overall and cause-specific mortalities 

Mortality rate is the oldest and most common indicator used to measure 

populationôs overall health and have been tracked since 1901 in the United Kingdom (UK) 

and 1890 in the US [12, 23]. Unfortunately, the persistent mortality gap between population 

groups is not only true for deaths due to cancer, but also for overall and other cause-specific 

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, higher all-cause 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 to 2019 [24]. 

Conversely, Blacks living in the US showed higher and earlier mortality in nearly every 

age compared to Whites [12]. 

 

1.2 Ancestry 

Ancestry information can be divided into two types, socially defined SIRE and 

genetically inferred GA. SIRE and GA are correlated, since they are both based on oneôs 

ancestral origins. Although both GA and SIRE can be used to categorize individuals into 
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subpopulations, it should be emphasized that they are not interchangeable concepts and 

reflect different aspects of human identity and biology. 

 

1.2.1 Socially defined ancestry 

Race and ethnicity are socially defined membership that is self-identified based on 

shared heritage, culture, and social experiences [25]. Therefore, its definition can vary by 

country and change over time. SIRE is considered an important epidemiological proxy for 

socioenvironmental factors and societal resources that potentially impact health status and 

outcomes but an imprecise proxy for genetic diversity [26].  

 

1.2.2 Genetically inferred ancestry 

GA is a characteristic of the genome based on systematic allele frequency 

differences in individuals descending from different ancestral populations [25]. GA is a 

proxy for genetic diversity that is inferred objectively and independently of social 

dimension of SIRE [26]. GA is also distinct from SIRE in that it can be inferred locally 

(chromosomal) and globally (genome-wide) as both a categorical and continuous variable 

[27]. Thus, GA can capture the genetic dimensions of health disparities with greater 

precision than SIRE.  
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1.3 Biobanks 

Biobanks refer to large-scale collections of human biological material and 

associated information organized for research purposes [28, 29]. Biobanks from modern, 

cosmopolitan countries, such as the US and the UK, allow for exploration of minority 

sample populations and their genomic and clinical data from biological samples, associated 

lifestyle, and environmental factors. In this way, biobanks present an immense mining 

opportunity for health disparities research. 

 

1.3.1 The Cancer Genome Atlas 

The Cancer Genome Atlas (TCGA) was a joint effort of the National Cancer 

Institute and the National Human Genome Research Institute that began in 2006 to 

accelerate genomic studies on molecular basis of cancer [30]. The project molecularly 

characterized over 20,000 primary cancer and matched samples from 33 cancers across the 

US and Canada. The over 2.5 petabytes of data generated through are publicly available 

for research, which helped bolster computational biology field of cancer research [30]. 

 

1.3.2 UK Biobank 

UK Biobank (UKB) is national health initiative for building health registry of 

500,000 people aged between 40 and 69 from 2006 to 2010 across the UK including 

England (89%), Scotland (7%), and Wales (4%) [31]. Participants were measured, 
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provided biological samples, and answered extensive surveys and interviews, allowing for 

wide breadth of data spanning physical measures, lifestyle, blood biomarkers, imaging, 

genetic, and linked health and medical records [32]. This genetically and phenotypically 

rich dataset is distinguished by its scale and the length of participant follow-up (average of 

12 years) and offers opportunities to explore leading causes of mortality and test an array 

of associated risk factors by populations groups. UKôs ethnic groups by National Health 

Service are Asian, Black, Chinese, Mixed, White, and Other.  



 8 

CHAPTER 2. ASSOCIATION OF GENETIC ANCESTRY AND 

MOLECULAR SIGNATURES WITH CANCER SURVIVAL 

DISPARITIES: A PAN -CANCER ANALYSIS  

2.1 Abstract 

 While overall cancer mortality 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 signatures 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 squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), and 

skin cutaneous carcinoma (SKCM). Differential gene expression and methylation between 

ancestry groups associated cancer-related genes with CSD, of which seven protein-coding 

genes (PAQR6, LIME1, SAP25, MXD3, CCER2, RFLNA, and 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 population-specific mutations. Overall, we uncovered various molecular 

mechanisms through which GA might impact CSD, revealing potential population-specific 

therapeutic targets for groups disproportionately burdened by cancer. 
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2.2 Background 

Cancer is a complex 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 uniquely important measure that captures the likelihood of an individual 

both developing and surviving cancer [10]. Thus, mortality rates and survival probabilities 

are key indicators of disease progression that also reflect improvements made in cancer 

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 screening tests [18]. 

Survival and mortality are direct measure of disease burden that are also clinically 

important for patients suffering from chronic, heavy-burden disease such 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 deaths nationally in 

2020 [10, 21]. The landscape of cancer mortality is further complicated by 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 undermined by the lack of progress made in 

reducing CHD, which in some cases have worsened over the years [33, 34]. For example, 

the survival gap between African American and white women diagnosed with breast cancer 
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widened over the last 20 years, notwithstanding the overall decline in breast cancer 

mortality rate by 40% [35, 36]. Investigations of the underlying factors that cause and 

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

equity.  

CHD between race and ethnicity groups have been thoroughly described in 

previous studies, with an emphasis on the contributions of non-genetic factors, including 

socioeconomic status, access to healthcare, and environmental exposures [19]. However, 

CHD can remain even when group differences among non-genetic factors are controlled 

for, pointing to a potential role for genetic and biological factors in CHD. Recent studies 

have uncovered contributions of genetic differences, including pharmacogenomic variants 

and differential gene expression to CHD [10, 35, 37-40]. The vast expansion of multi-

omics data for numerous cancer types, through projects such as The Cancer Genome Atlas 

(TCGA), has enabled deep genomic profiling of CHD across population groups, along with 

the use of estimated genetic ancestry (GA) instead of self-identified race and ethnicity 

(SIRE). GA is known to affect cancer survival disparities (CSD) for breast carcinoma, 

where African ancestry is associated with higher mortality, but the impact of GA on CSD 

for other cancers is largely unknown [41-43]. 

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, culture, and 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 correlated allele 

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

variable, it can be used to characterize patterns of admixture commonly seen among 

individuals from modern, cosmopolitan populations.  

For this study, we performed a pan-cancer analysis of survival disparities between 

population groups using the TCGA data, and characterized the differences in GA-

associated molecular signatures and their impacts on CSD (Figure 1). We identified the 

cancer types exhibiting significant disparity in overall survival (OS) outcomes of cancer 

patients based on both SIRE 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 suggest that GA and GA-associated features contribute to differential 

survival outcomes in several cancer types. The results also underscore the potential for 

population-specific 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 Project (1KGP) reference population 

variants with the program PLINK [16, 44]. GA was characterized at the continental level, 
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via comparison with 1KGP surrogate ancestral source populations (Table 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 different continental 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 (NAT), and 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) and k-nearest neighbor classifier (k-

NN) [45].  

Gene-level count files for RNA-sequencing 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 participants were downloaded from the GDC Legacy 

Archive. Differential gene expression and differential mutation analysis between GA 

groups were performed using the program DESeq2 and mafCompare function in the 

Maftools Bioconductor/R-package, respectively [46, 47]. For differentially expressed 

genes (DEGs), enrichment analysis with 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 in Appendix A, section A.1 Supplementary 

Methods. 
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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 TCGA Pan-Cancer Clinical Data 

Resource (TCGA-CDR) for survival analysis using R version 3.6.1 [20]. Univariable 

analysis using Kaplan-Meier (KM) method and multivariable modeling using Cox 

proportional hazard (Cox-PH) models were performed using the OS of TCGA 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 general Cox-PH models were 

constructed for: 1. SIRE groups, 2. Categorical GA groups, and 3. Continuous GA 

proportions. For four cancer types showing significant disparity in relative risk of mortality 

between GA groups in the univariable and survival analysis, cancer-specific multivariable 

Cox-PH models were constructed with additional clinically relevant 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, 

post-menopause status, and alcohol use, were also included based 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 F-statistics >1 and p-value Ò0.05. Selected differentially expressed gene sets 

were additionally tested for classification performance of GA groups using elastic net 

logistic regression. Accuracy in classification rates were validated using 10-fold cross-
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validation and the area under the receiver operating characteristics. Differential mutational 

rates (somatic and germline) between GA groups were evaluated using the Fisherôs exact 

test of independence (p-value <0.05). 

 

2.3.4 Gene-GA association and interaction analysis 

Feature-selected DEGs and identified differentially mutated genes (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 association with GA at Ŭ=0.05 were selected for further analysis for 

gene-by-genetic ancestry (G×GA) interaction on cancer survival outcomes with an 

interaction term in the final Cox-PH model. For genes displaying significant joint effect 

with ancestry, methylation level of associated CpG islands (CGI) were tested for 

differential methylation using the Wilcoxon rank sum test and also added to the G×GA 

interaction survival model. Additional details including model formulas can be found in 

Appendix A, section A.1 Supplementary Methods. 

 

2.4 Results 

2.4.1 GA inference vs. SIRE 

Genome-wide 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 estimate continental 

ancestry proportions: AFR, EAS, NAT, EUR, and other (Figure 2A). 98.95% of TCGA 

participant ancestry was explained by the four defined continental ancestry groups (Figure 

16). TCGA participants show predominantly EUR ancestry (82.5%), followed by AFR 

(8.19%), EAS (6.76%), and NAT (1.50%). 81.23% (n=7,975) of the TCGA participants 

had self-identified race information (American Indian or Alaska native, Asian, Black or 

African American, Native Hawaiian or other Pacific Islander, and White) and 70.08% 

(n=6,880) had self-identified 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 race and non-

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 non-Hispanic or unknown ethnicity), and 4.09% as Hispanic 

(Hispanic/Latino ethnicity). TCGA participants from each of these four SIRE groups show 

distinct and characteristic ancestry patterns, albeit with some overlap between groups 

(Figure 2B).  

For GA at categorical scale, PCA followed by k-NN classification with the IKGP 

was performed on the 9,818 TCGA participants for categorization into four continental GA 

groups: EUR, AFR, AMR, and EAS. While high concordance rates were generally 

observed between SIRE and GA groups (White ï EUR: 94.2%, Black/African-American 

ï AFR: 95.79%, Asian ï EAS: 90.88%), the concordance rate between Hispanic ethnicity 

and AMR ancestry was much lower at 68.6% (Figure 17). Differences between SIRE and 

GA classification can be seen in the PCA plots (Figure 2C and 2D), which show visibly 
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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 or non-EUR 

ancestry. Of those with over 60% EUR ancestry and SIRE information, 47 (0.74%) 

participants self-identified 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 identified as 

White, respectively. In contrast, GA group assignment based on the PCA and k-NN 

classifier did not yield any participants with 60% or more of a single ancestry that were 

classified into a non-majority GA group. 
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Figure 2. Genome-wide 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 populations ï European (EUR), African (AFR), Admixed 

American (AMR), and East Asian (EAS) ï along with 9,818 TCGA participants.  The five 

ancestry proportions are shown as EUR (orange), AFR (blue), Native American (NAT ï 

red), EAS (green), and unknown (gray).  (B) ADMIXTURE ancestry proportions are shown 

for TCGA participants only, organized by self-identified race/ethnicity (SIRE) groups as 

shown above the plot.  (C and D) Principal components analysis plots for TCGA 

participants, color-coded 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 follow-up time using the 

reverse KM method for all participants was 34.5 months with shortest median follow-up 
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in East Asian/Asian and the longest in European/White (Table 5). Univariable analyses 

using the KM method and multivariable analyses using Cox-PH 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) (Figure 3; Table 6). 

Specifically, KM analysis (Figure 3A; Table 7) and pairwise log-rank tests of survival 

curves (Figure 3B) 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 number 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/African-American participants 

with survival outcomes. 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 outcomes in 33 cancers by 

SIRE and for GA at both categorical and continuous scales, while adjusting for relevant 

clinical features as covariates using Cox-PH models (Table 8). Multivariable modeling 

results showed significant disparity in survival probabilities among SIRE 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 concordance rate, power, and 
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proportional hazard assumptions (Table 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 AFR ancestry proportion 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 death (HR=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 for Black/African-American 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 ancestry was 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 [0.4, 0.99], 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 [3.54, 19.77], 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, Cox-PH modeling using GA allowed for interpretation of 

survivorship in both categorical and continuous ancestry scales, and only three out of the 

six significant pairwise disparities detected with GA were also found by modeling SIRE 

(Figure 3C). 
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We also evaluated the effect of African subcontinental ancestry on CSD, in light of 

the high levels of genetic diversity in Africa. To do so, we inferred African subcontinental 

ancestry proportions for all TCGA participants with Ó50% African continental ancestry. 

African subcontinental ancestry proportions were inferred for three geographically and 

genetically 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 Biafra and 

the Loango Coast) (Figure 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 Nigeria (Figure 18C). 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 EUR were 

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 cancer-specific relative risk of mortality, with the exception of West Central African 

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

(A) Kaplan-Meier (KM) plots of the four cancer types that show significant disparities 

between SIRE and/or GA groups. (B) Statistical significance of SIRE and GA CSD shown 

as -log10 of p-values of pairwise log-rank tests comparing KM survival curves. (C) Forest 

plots for exponentiated hazard ratios from the Cox Proportional 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 for SIRE 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 relationship between gene expression and GA for the four 

cancers that showed significant CSD. Differential gene expression analysis was performed 

for all significant GA group-cancer pairs: AFR vs. EUR in BRCA, AFR vs. EUR in HNSC, 

AMR vs. EUR in KIRC, and AMR vs. EUR and EAS vs. EUR in SKCM. Initial analysis 

with DESeq2 identified 672 differentially expressed genes (DEGs) 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% of all significant 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 (Figure 4A). A heatmap of BRCA gene expression values shows a clear 

demarcation between AFR and EUR groups, further illustrating differences in gene 

expression levels between GA groups in BRCA (Figure 4B). 
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Figure 4. Differentially expressed genes (DEGs) for cancers showing CSD between 

GA groups. 

(A) Volcano plots for DEGs in four cancer types and five GA pairs showing significant 

CSD.  The x-axes show log2 gene expression fold-change values for reference/comparison 

ancestry groups, and the y-axes show the -log10 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 participants 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 was performed with a focus on cancer-related 

pathways. For this analysis, the EUR ancestry groups were taken as the reference, and 

significant DEGs were characterized as either up- or down-regulated in the comparison 

ancestry group relative to the reference EUR group 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 (Figure 5A). KIRC and BRCA were 

significantly associated with the greatest number of functional pathways at 12 and 10, 

respectively (Table 10). For BRCA, the AFR up-regulated gene set was enriched for early 

and late estrogen response, apical junction, and KRAS signaling pathways, while the AFR 

down-regulated gene set overlapped with other pathways, such as bile acid metabolism, 

adipogenesis, and fatty acid metabolism (Figure 5A; Table 11 & 12). In KIRC, only the 

AMR down-regulated gene set showed any enrichment, including epithelial-mesenchymal 

transition (EMT), inflammatory response, angiogenesis, and peroxisome pathways (Figure 

5A). Similarly, the AFR down-regulated gene set in HNSC only showed enrichment with 

pathways for genes up-regulated by KRAS activation, genes defining early response to 

estrogen, genes encoding components of apical junction complex, and myogenesis. Lastly, 

for SKCM, AMR and EAS down-regulated genes were enriched for the complement and 

coagulation pathways, while AMR-only down-regulated genes were enriched among the 

late estrogen response and KRAS signaling pathways. 

DEG sets for these four cancers showed significant enrichment among both non-

cancer-related pathways (i.e., myogenesis) and several cancer-related pathways, such as 

angiogenesis, EMT, inflammatory response, peroxisome in KIRC and KRAS signaling, 
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estrogen response, fatty and bile acid metabolism in BRCA. In particular, a number of 

AMR down-regulated genes, such as interleukin (IL) 6, IL-8, matrix metallopeptidase 

(MMP) 1, are involved in pathways critical to tumorigenesis, including angiogenesis, EMT, 

and inflammatory response (Table 13). These three pathways are intimately connected in 

a feedback loop: EMT and up-regulation of the inflammatory response leads to secretion 

of inflammatory mediators including cytokines, chemokines, and matrix MMPs that create 

a pro-tumor microenvironment that enhances angiogenesis, induces EMT, and maintains 

inflammation through paracrine and autocrine effects (Figure 5B) [48]. For BRCA, there 

was AFR up-regulation of 12 genes involved in response to estrogen and several genes 

involved in KRAS activation including HSD11B2, which is implicated in hormone 

metabolism and response and over-expressed in both breast cancer cell lines and breast 

tumors (Table 11) [49]. Estrogen has also been linked to breast cancer for its potential role 

as a mitogen stimulating cell division of breast tissue or as a carcinogen [50]. 
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Figure 5. Gene set enrichment analysis of DEGs. 

(A) Survival and gene set enrichment are shown for AFR (blue 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 

down-arrows indicate lower survival or expression. (B) Illustration of three cancer-related 

hallmark pathways (inflammatory response, epithelial-mesenchymal 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 feature selection using ANOVA and F-test. 

Second, to ensure the GA discriminatory power of the resulting feature-selected DEGs, we 

evaluated their ability to accurately classify GA groups using elastic net logistic regression. 
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GA classification performances were validated based on 10-fold cross validation (CV), and 

the average area under the receiver operating characteristic curve (AUC-ROC) was 

calculated for each of the four cancers. DEG sets were filtered and reduced to 37 genes for 

BRCA, 50 genes for HNSC, nine genes 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 feature-selected gene sets were generally high with 87.2% for BRCA, 98.2% for HNSC, 

82.0% for KIRC and 86.7% for SKCM (Figure 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 Gene-GA associations 

Before investigating the G×GA 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 associations between gene expression and 

genetic ancestry, while accounting for relevant clinical covariates using multiple linear 

regression (MLR) (Table 14A & 15). For BRCA, AFR ancestry showed significant 

associations (adjusted p-value <0.05) with 30 out of 37 selected 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, respectively. 
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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 rates of somatic or germline mutations between GA 

groups were identified by Fisherôs exact test with a minimum number of cancer patients 

with gene mutation in any one group set at five. There were total of 15 significantly 

differentially mutated genes (DMGs) with 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 SKCM (Figure 20; Table 16). Germline mutations were far less 

common than somatic mutations with only ATM, BRCA1 and BRCA2 meeting the 

minimum mutation requirement. None of those three genes showed significantly different 

germline mutation frequencies between GA groups. We proceeded to gene-GA modeling 

of DMGs with different rates of somatic mutations using logistic regression. 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 SKCM (Table 14B). 

 

2.4.8 Genes-by-GA interactions and cancer survival 

DEGs with significant association between expression 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 DEG or DMG, and a term for G×GA interaction, 

were added to the final survival model and assessed for statistical significance. While 
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DEGs showed significant G×GA interactions for three out of four cancers (BRCA, HNSC, 

and SKCM), no DMGs showed significant interactions with GA on survival outcomes 

(Figure 6; Table 9B). For BRCA, five protein-coding DEGs (PAQR6, LIME1, MXD3, 

SAP25, and CCER2), showed significant G×GA interactions, all of which were over-

expressed in the AFR ancestry group compared to the reference EUR group (Figure 6). 

The greatest increase in relative risk of death for BRCA cancer patients with AFR 

ancestry was associated with increased in expression of MXD3 (HR=2.19 [1.13, 2.43], 

p=0.012), followed by LIME1 (HR=2.11 [1.01, 4.02], p=0.023), SAP25 (HR= 1.79 [1.19, 

4.03], p= 0.042), CCER2 (HR=1.66 [1.02, 3.15], p=0.009), and PAQR6 (HR=1.56 [1.03, 

2.38], p=0.038). For HNSC, one protein-coding gene (CTSW) and one long non-coding 

RNA transcript (AC005330.1) showed significant G×GA interactions for patients of AFR 

ancestry (Figure 6). Interestingly, CTSW, which is under-expressed in the AFR ancestry 

group compared to the EUR group, was associated with an increased relative risk in 

mortality (HR=1.32 [1.004, 1.73], p=0.047) for HNSC patients of AFR ancestry, while 

AC005330.1, over-expressed in AFR compared to EUR, was associated with decreased 

relative risk (HR= 0.69 [0.50, 0.96], p=0.025). RFLNA, a protein-coding gene over-

expressed in the AMR ancestry group compared 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 protein-coding genes, 

with <1% of each GA group carrying any genetic variants. Here, the G×GA 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 expression levels of 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 directionality of relationship between cancer survival and 

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

 

 

Figure 6. Gene-by-GA interactions associated with CSD. 

Differentially expressed genes (DEGs) with significant G×GA interactions that are 

associated with the relative risk of death in cancer patients are shown.  The x-axis shows 

the log2 gene expression fold-change values for reference/comparison ancestry groups, 

and the y-axis shows the change in hazard ratios from the Cox-PH 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 methylation levels are added into 

model.  
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2.4.9 Differential methylation and gene-by-GA interactions 

Investigation of differential mutation signatures revealed that there are nearly no 

genetic variants for the seven protein-coding genes showing significant G×GA 

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 gene-associated CpG sites were 

downloaded for four cancers, and Spearmanôs rank correlations were calculated between 

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 PAQR6, nine out of 18 for LIME1, six out of 10 for SAP25, seven out 

of 26 for MXD3, one out of one for CCER2, zero out of one for CTSW, and 17 out of 66 

for RFLNA (Figure 21). Gene-methylation 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 for MXD3, four for LIME1, and one for PAQR6, associated with both differential 

expression and differential methylated between GA pairs. The final model used to 

interrogate the impact of differential methylation on G×GA interactions included the CpG 

sites cg07598367 for PAQR6, cg 12413156 and cg01242400 for LIME1, and cg16616449, 

cg13278795, and cg08293303 for MXD3, of which all but one CpG site (cg16616449 for 

MXD3) showed significantly lower methylation level in AFR compared to EUR with 

BRCA (Figure 22). The addition of these 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 G×GA remained significant (Table 9C). 
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Interestingly, the change in hazard ratio between GA groups increased in all three genes, 

from 1.56 to 2.96 (p= 0.012) for PAQR6, 2.11 to 2.53 (p= 0.022) for LIME1, and 2.19 to 

2.45 (p= 0.03) for SAP25, indicating even greater survival disparity between GA groups 

with the addition of differential methylation data (Figure 6). Methylation analysis results 

points to the regulatory role of differential methylation on gene expression and provide 

further evidence for G×GA interactions and their contribution to CSD.  

 

2.5 Discussion 

In this study, we performed a pan-cancer 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 features ï gene expression, methylation, and mutation ï that are 

associated 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 CSD, (2) GA 

is associated with survival disparities in four cancer types: BRCA, HNSC, KIRC, and 

SKCM, (3) Differential gene expression between ancestry groups associates cancer-related 

hallmark pathways and cancer-related genes with CSD, seven of which contribute to 

disparities via interactions with GA, and (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 

participants 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 



 34 

be attributable for the observed differences. Thus, we used GA for all downstream analyses 

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 continuous scale of 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% increase in relative risk of mortality. 

Meanwhile, a 10% increase in NAT ancestry was associated with a 37% reduction in 

relative risk in KIRC. This kind of increased resolution for individualsô GA will be 

important as the number of genetically admixed individuals continues to grow through 

increased globalization, immigration, and intermarriage [51]. Moreover, using GA 

inferences based on genomic data will help reduce bias and misclassification associated 

with either self-identification or health-worker identification of race and ethnicity based on 

subjective perceptions of skin color, cultural background, and other social factors [52]. The 

issue of dissonance between SIRE and GA, especially when persons of non-EUR-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 was associated 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 effects on 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 clinically relevant factors, the ancestry effect on cancer survival 

varied in direction and strength across cancers, suggesting that GA-associated survival 

disparity exists and are cancer-specific. 

Third, our results indicate that differential gene expression between ancestry groups 

associates cancer-related hallmark pathways and cancer-related 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 all well-known hallmark 

features of cancer and crucial for tumor invasion, growth, and metastasis [53]. These genes 

were under-expressed 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 over-expression of genes related to KRAS activation and estrogen response. The role 

of both KRAS, an oncogene and a tumor-inducer, and estrogen, in the development of 

breast cancer has been described in other studies, suggesting that up-regulation of these 

genes may contribute to the higher mortality risk of AFR compared to EUR observed in 

BRCA [54].  

We identified seven protein-coding genes that are associated with CSD via 

interactions between GA and differential gene expression. There were five such genes 

uncovered for BRCA ï PAQR6, LIME1, MXD3, SAP25, and CCER2 ï all of which are 

both up-regulated in the AFR ancestry group relative to EUR and previously implicated in 

tumorigenesis. For example, the PAQR6 (Progestin and AdipoQ Receptor Family Member 

6) gene encodes a plasma membrane progesterone receptor that has been shown to mediate 
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progestin-induced inhibition of apoptosis in breast cancer cells [55]. In prostate cancer, 

elevated expression of PAQR6 was associated with worse patient survival and act as tumor 

promoter via regulation of the MAPK signaling pathway [56]. Both the SAP25 (Sin3A 

Associated Protein 25) and MXD3 (MAX dimerization protein 3) genes encode proteins 

involved in transcription repression, which are potential targets for cancer therapy. 

Interference with the interaction between SAP25 and Sin3A/B protein has been shown to 

inhibit tumor growth in breast cancer cell lines [57]. Knockdown of the MXD3 transcription 

factor protein induced apoptosis in neuroblastoma cell lines, also demonstrating its 

potential as a therapeutic target [58]. The LIME1 (Lck-interacting membrane protein) gene 

is another potential target for cancer treatment due to its role in regulation of T-cell 

functions and genes involved in DNA repair such as MLH1 and BRCA1 [59]. Interestingly, 

increased expression of CCER2 was associated with taxane-induced 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 

cancer [60, 61]. Conversely, in HNSC, expression of the gene CTSW was down-regulated 

in the AFR group compared to EUR. CTSW is a candidate tumor-suppressor gene that is 

expressed in immune cells such as natural killer and T-cells [62]. In a recent study, CTSW 

showed a positive correlation with breast cancer patient survival and is believed to improve 

immunity against early cancer cells [62]. Finally, the RFLNA gene was over expressed in 

the AMR ancestry group relative to EUR in SKCM. The RFLNA protein, also called 

Refilin-A, interacts with filamins and plays a regulatory role in the actin-cytoskeleton 

network, important in cell adhesion and migration [63]. Over-expression of this gene has 

been associated with several types of cancer and can increase the risk of cancer metastasis 
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[63, 64]. While the potential role of these protein-coding genes in tumorigenesis has been 

suggested, their disparate impact on cancer patient survival linked to specific GA has not 

been previously shown. These cancer-related genes interacting with specific GA offer 

potential therapeutic targets for population groups disproportionately burdened by CSD. 

Fourth, gene 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 G×GA interaction. The mutational rates for the seven protein-coding 

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 G×GA 

interaction term. GA hazard ratio changes increased and the overall model fits were 

improved, all the while the interaction term remained significant. Epigenetic dysregulation 

and aberrant methylation are often linked to cancer, including hypomethylation of the GD3 

(ganglioside D3 synthase) gene in OS of triple negative breast cancer patients [65]. Yet 

these somatically inherited changes are reversible, unlike mutations, and present new 

opportunities for development of drugs that target epigenetic enzymes to modify these 

changes [66, 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 are mostly of EUR 

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 country. This issue 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 burden, death is also the least 

ambiguous endpoint to define compared to other survival endpoints, such as disease-free 

survival and progression-free survival, reducing risk of misclassification [20]. However, 

some of the patients may not have had sufficient follow-up 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 potential disparity in the time of 

diagnosis across different population groups. Since the time-to-event is defined as time 

between diagnosis and death in our study, differences in frequency, quality, and access to 

cancer screening tests between GA groups can lead to lead-time bias (due to early 

detection) or length-time bias (due to non- or 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 with BRCA [68]. This can lead to earlier 

discovery of both symptomatic and asymptomatic tumors in white women and potentially 

inflate survival time and probabilities 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 discrimination [69, 70]. Some studies have shown that equity 

in or adjustment for these non-genetic factors significantly reduce the levels of CSD [71]. 

Therefore, there may be hidden factors that confound the level of genetic contributions of 

identified DEGs to CSD that are unaccounted for in our analysis.  

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 with SIRE and was 

appropriate given the limited minority or non-EUR 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 of mortality for AFR 

patients, there were mostly no observed effects and HR was not always estimable due to 

low sample size. Future studies that perform fine-scale GA analysis on a dataset with more 

minority samples may be able to detect CSD-ancestry associations potentially missed in 

this study. 

 

2.6 Conclusion 

In summary, our pan-cancer analysis of survival outcomes in different population 

groups and the associated differential molecular features based on GA highlights the 

molecular genetic contributions to CSD. A number 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 development of new 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 regulatory 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 tumor-suppressor-genes. Instead, our findings point 

to importance of epigenetics 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 druggable targets for cancer treatments and prevention methods that are precise and 

population-specific, 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 co-expressed genes and gene co-expression 

network features that are associated with observed CSD between African (AFR) and 

European (EUR) ancestry BRCA and HNSC patients. Four cancer-and-ancestry-specific 

gene co-expression networks were constructed using The Cancer Genome Atlas, and the 

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 survival-associated AFR network 

genes was greater than the EUR network genes, corresponding to lower survival probability 

seen in AFR compared to EUR patients. Survival-associated genes also showed low degree 

and high eigenvector centrality across cancers and ancestries, suggesting that these 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 for BRCA and b-cell activation 

regulation for HNSC. Our results highlight ancestry-specific 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 inequalities across 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 cancer mortality 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 

remains [22].  For example, ethnic minorities and medically underserved groups in the US 

were estimated to have lost $3.2 billion in earnings attributed to cancer mortality disparities 

in 2015 [22]. To address this enormous public health concern, and to accommodate genetic 

heterogeneity among racial and ethnic groups, researchers are increasingly integrating 

ancestry information of diverse populations and applying ancestry-based adjustment to 

results for better portability across populations [72-74]. 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 breast invasive 

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]. Ancestry-informed study designs and analyses that can further disaggregate 

ancestry-specific 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 interactions [77, 78]. This integrative perspective has 
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also prompted interest in clinical applications of network and graph theory to biological 

systems [79-81]. Network-based approaches can help to uncover complex biological and 

molecular pathways underlying cancer and other diseases [82, 83]. Network analysis 

leveraging genomic data offers potential to shape clinical practice as a means for disease 

monitoring, promoting precision medicine and leading to personalized therapies [84]. 

Specifically, gene co-expression networks allow for simultaneous analysis of numerous 

gene-gene interactions and may help fill in the gaps remaining from standard differential 

expression analyses, which consider expression patterns for one-gene-at-a-time [85]. 

Potential prognostic and therapeutic target genes and their interactions, possibly missed in 

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

In this work, we constructed cancer-and-ancestry-specific gene co-expression 

networks of BRCA and HNSC patients of AFR and EUR ancestry to investigate gene-gene 

interactions and modules impacting cancer survival in each network, using TCGA RNA-

seq data. Ancestry-specific multivariable modeling of survival outcomes using Cox 

proportional hazard models was used to evaluate clinical significance of network genes 

and gene modules. Finally, in-depth analysis of network and module characteristics 

including network topological feature assessment and module gene-set enrichment analysis 

were used to delineate important features and interactions contributing to worse 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 awareness and 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 

Gene-level count files for RNA-seq data from primary tumor samples were 

downloaded for TCGA participants with BRCA and HNSC from the GDC Data Portal 

(https://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. Initial 

filtering of genes with expression counts equal to zero in >10% of the samples and 

normalization of raw count data were performed prior to the network analysis. Participantsô 

genotyping array data were harmonized with reference population variants from 1000 

Genomes Project for GA inference using ADMIXTURE and k-nearest neighbor classifier, 

as previously described [75].  GA inference was used to stratify TCGA participants into 

AFR and EUR ancestry groups. Clinical data for TCGA participants were also downloaded 

from the GDC Data Portal and merged with survival outcome endpoints in the TCGA Pan-

Cancer Clinical Data Resource (TCGA-CDR) for survival analysis using R version 3.6.1 

[20]. 

 

3.3.2 Gene co-expression network construction 

TCGA patient RNA-seq data was stratified by patient cancer-type (BRCA or 

HNSC) and ancestry (AFR or EUR).  For each gene, within each of the four cancer-

ancestry strata, vectors of patient-specific expression counts were generated.  Pearsonôs 

correlation (r) between pairs of stratum-specific gene expression count vectors were 

https://portal.gdc.cancer.gov/
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calculated using pandas.DataFrame.corr function. Baseline interactions between pairs of 

genes (nodes) were established by correlating the expression of over 467 million pairs of 

genes (21,618 × 21,618) and selecting pairs satisfying r >0.85, p-value <0.05 correlation 

thresholds (to minimize false positives). Each dataset was randomly down-sampled (100 

for BRCA and 40 for HNSC), stratified by cancer stage, and consensus interactions (edges) 

from one hundred iterations were used to construct the final networks, as previously 

described [86]. Graph centrality functions from NetworkX were used to extract node 

degree, closeness centrality, betweenness centrality, and eigenvector centrality, for each 

node in the four networks [87].  

 

3.3.3 Survival modeling analysis of network genes  

Cox proportional hazard (Cox-PH) models were used to investigate the effect of 

co-expression network genes on cancer survival outcomes using cancer-and-ancestry-

specific models. Overall survival (OS) outcomes of TCGA participants of AFR and EUR 

ancestry with BRCA or HNSC (NBRCA-AFR= 148;  NBRCA-EUR= 706; NHNSC-AFR= 47; NHNSC-

EUR= 345) and variance-stabilizing transformed gene expression data, in addition to several 

clinical features (e.g., cancer diagnosis, American Joint Committee on Cancer stage, tumor 

status at survival event, gender, post-menopausal status and molecular subtypes for BRCA, 

and alcohol use for HNSC) were tested and selected as covariates or stratum in the 

multivariable model. The final cancer-and-ancestry-specific models were selected based 

on backward selection using the Akaike information criterion (AIC) value and checked for 
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model performance with Harrell's concordance index Ó0.75 and proportional hazard 

assumption test using the survival package on R version 3.6.1. Final models are as follows: 

 

The log hazard ratio (logHR), standard error (se), and p-values for each co-expression 

network gene tested in the Cox-PH model were used to determine genes with significant 

impact on cancer survival outcome (Ŭ=0.05) and their mean HR with 95% confidence 

interval (CI) using the following formulas and exponentiating the logarithmic form (where 

n=number OS-genes): 

 

 

3.3.4 Assessment of important network topological features 

Four network centrality measures ï degree, closeness, betweenness, and 

eigenvector, and their association to genes with significant impact on overall survival (OS-

genes) ï were evaluated using logistic regression models in stats R-package. OS-gene 
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status (yes or no) determined from Cox-PH 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 variance inflation factor <2.5 for all covariates. Predicted probabilities 

of co-expression network genes being an OS-gene with each network feature across 

different cancer-and-ancestry combinations were plotted to assess for any changes in 

feature effects.  

 

 

3.3.5 Gene modularity & enrichment analysis 

Weighted gene co-expression network analysis (WGCNA), based on hierarchical 

clustering and Dynamic Tree Cut, was used to define network modules from expression 

profiles corresponding to AFR and EUR ancestry patients for BRCA and HNSC. 

Adjacency matrices (containing gene-gene correlation values) for these networks were 

raised to powers (ɓBRCA-AFR = 13; ɓBRCA-EUR = 14; ɓHNSC-AFR = 9; ɓHNSC-EUR = 13) in order 

for the network node degree-distributions to resemble scale-free topology [88]. The 

minimum number of nodes for a module was set to 5. Subsequently, a module conservation 

score (called Zsummary) was calculated for each network module with the 

modulePreservation function from WGCNA, which quantifies whether node connections 

in a module found in one network is also present in a second network. A Zsummary >10 

indicates high module conservation, >2 and <10 indicates moderate conservation, and <2 
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indicates no conservation [88]. The level of heterogeneity (H) of modules in each of the 

four network was compared using the Shannon Diversity Index, which takes into account 

the module size and types found in the network using the following formula (where 

m=number of modules and p=proportion of genes in the module i): 

 

Finally, gene set enrichment analysis (GSEA) of the co-expression network module gene-

sets was conducted by performing separate queries for statistically significant overlap 

(FDR q-value <0.05) between genes in each module and Gene Ontology (GO) biological 

processes in the Molecular Signatures Database (MSigDB, version 7.1). Mean HR and 

module conservation 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 circlize R-package. Overall network structure 

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

AutoAnnotate app v1.3.2. 

 

3.4 Results 

3.4.1 Cancer-and-ancestry-specific co-expression networks 

Co-expression networks for AFR and EUR ancestry tumor samples with BRCA 

and HNSC were constructed using pair-wise Pearsonôs correlations comparing the 

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 expression levels across samples (Table 

17). There were 1406 and 235 consensus edges in AFR and EUR gene co-expression 

networks for BRCA, and 1400 and 79 consensus edges in AFR and EUR networks for 

HNSC, respectively. There were 126 common network nodes (23.03 % of 547 total AFR 

and 74.11% of total 170 EUR nodes) shared between the two ancestry groups in BRCA 

and 86 shared network nodes (11.2 % of 768 total AFR and 94.51% of 91 total EUR nodes) 

in HNSC. 

 

3.4.2 Network genes and cancer survival 

To assess the effect of co-expression 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 follow-up times using the 

reverse Kaplan-Meier method were shortest in AFR with HNSC at 20.52 months and 

longest for EUR with HNSC at 35.01 months (Table 18). Model selection for cancer-and-

ancestry-specific models revealed that triple-negative breast cancer status was an important 

predictor of AFR ancestry patient survival probability 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 level. Hence, models were adjusted for HR to 

reflect a one-unit increase in expression for BRCA genes and a one-unit decrease for HNSC 

genes. For BRCA, there were 16 AFR network and 6 EUR genes significantly associated 

with ancestry-specific cancer survival. The mean hazard ratio (meanHR) of these OS-genes 
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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 death for EUR, were associated with increases in the 

expression levels of these genes (Figure 7A; Table 19). For HNSC, 41 OS-genes were each 

found from AFR and EUR ancestry-networks with mean HR of 1.22 [1.15,1.29] and 1.05 

[1.04, 1.06], respectively, also indicating greater risk of death associated with change in 

gene expression of AFR network OS-genes compared to EUR network OS-genes, 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) of OS-genes and (B) odds ratio measuring 

association between centrality measurements of OS-genes. Predicted probability plot of 

OS-genes 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 co-expression networks, we modeled the probability of OS-genes 

based on binary data generated from Cox-PH models, with four network centrality 

measures ï degree, closeness, betweenness, and eigenvector ï in a joint model of BRCA 

and HNSC. Two features, degree and eigenvector, were significantly associated with OS-

genes with odds ratio (OR) of 1.57 [1.23,2.07] (p-value=0.003) and 0.27 [0.10,0.57] (p-

value=0.0006) (Figure 7B). Degree measures the number of direct or first-degree 

connections, while eigenvector evaluates the node importance based on both first and 

second-degree connections. The pattern of high eigenvector and low degree centrality in 

OS-genes in the co-expression networks were observable across both cancers and GA, 

evidenced by similarities across predicted probability of OS-gene plots in Figure 7C and 

Figure 23. 

 

3.4.4 Module characteristics & heterogeneity 

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, respectively (Table 1). Low module conservation scores, which 

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

ancestry-networks, with three modules showing conservation <2 for both cancers, whereas 

no EUR ancestry-network modules had low conservation scores. Moreover, greater 

heterogeneity of modules was found for AFR network modules, with higher H-index 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 OS-genes in its gene set. 

Localized patterns AFR modules in the upper-left quadrant and breakdown of mean 

absolute logHR, size, and conservation by GA (Figure 8B) demonstrated larger mean 

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

modules for AFR ancestry-networks compared to EUR. 

 

Table 1. Network modular analysis summary. 

 

Descriptive statistics of network modules identified by WGCNA. Module conservation 

score of <2 indicates low conservation of genes in the module compared to the other GA-

network. Medium conservation is 10 >score Ó2 and high conservation is scoreÓ10. 

Heterogeneity index is based on Shannon Diversity Index formula, which takes into 

account the number and size of modules in each network. 

 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 

conservation 

(# of modules) 

Low  

(<2) 

3 0 3 0 

Moderate  

(10 >score Ó2) 

3 4 9 4 

High  

(Ó10) 

1 1 0 0 

 1 
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Figure 8. Modular analysis summary. 

MeanHR, module size, and conservation score by (A) module and (B) ancestry group. 
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3.4.5 Gene set enrichment analysis of selected modules 

AFR ancestry-network modules with highest meanHR for cancer survival, and low 

conservation with EUR modules (e.g., BA-1, HA-3, HA-28), were selected for further 

analyses using gene set enrichment analysis (Table 20). BRCA-EUR module BE-6, 

showing protective effect on survival (module meanHR=0.97), was additionally chosen for 

comparison with the module BA-1 (module meanHR=1.18). Module BA-1 was 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 processes including 

peptide, organonitrogen compound, and amide biosynthetic process, mitochondrion and 

protein-containing complex organization, and ribonucleoprotein complex biogenesis 

(Figure 9A). Module genes linked with mitochondrion organization process (e.g., 

SHARPIN and TIMM22) showed largest hazard effect with meanHR of 1.61 (Table 21). In 

contrast, EUR module BE-6 was nonunique in module composition (conservation 

score=12.09) and its genes were enriched in immune-related 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 process and T-cell activation (e.g., 

MS4A1) showed the greatest protective effect on average (Table 21). Two modules for 

HNSC-AFR, HA-3 and HA-28, were similar with relatively high module meanHR of 1.31 

and 1.23, respectively, and low conservation score (Ò2.5). However, these two modules 

showed enrichment in vastly different processes: HA-3 genes significantly overlapped with 

circulatory-related functions and structures, such as vasculature development, collagen 

fibril organization, tube morphogenesis and development, and ossification, while HA-28 

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 morphogenesis (e.g., SULF1), and B-cell receptor signaling pathway and regulation 

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

genes in modules HA-3 and HA-28, respectively (Table 21). AFR ancestry-network and 

module structures and the OS-genes are visualized in Figure 10. 
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Figure 9. Top 10 Gene Ontology biological processes enriched for genes in selected 

modules. 

Circos plots for (A) BRCA modules BA-1 (AFR) and BE-6 (EUR) and (B) HNSC modules 

HA-3 and HA-28 (AFR). 

 

 

Figure 10. AFR networks for BRCA and HNSC and OS-gene interactions. 

Two AFR co-expression network structures are visualized with module information for (A) 

BRCA and (B) HNSC. OS-genes are highlighted in yellow and the relationship between 

gene interactions (red) are detailed in the Discussion. 
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3.5 Discussion 

This study investigated the survival disparity seen in BRCA and HNSC patients of 

AFR ancestry compared to EUR ancestry through the construction of cancer-and-ancestry-

specific gene co-expression networks, characterization of network features, modules, gene 

interactions, and functions linked to cancer survival. There are four main implications that 

highlight ancestry-specific differences in BRCA and HNSC gene co-expression networks 

and module characteristics and reveal gene interactions that are likely to contribute to 

observed CSD. 

First, AFR ancestry-networks 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 ancestry patients. 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 greater heterogeneity and uniqueness were 

found for AFR than EUR, demonstrated by the high H-index and low module conservation 

scores (Table 1). These network connectivity and modular characteristics were markedly 

different between AFR and EUR ancestry groups but did not distinguish between BRCA 

and HNSC, suggesting that patterns of gene regulation reflected in tumor co-expression 

networks may be more ancestry-specific than cancer-specific for these two tumor types. 

Second, AFR ancestry-network genes and gene modules displayed greater effects 

on cancer survival, with higher relative risk of death in cancer patients, than EUR network 

genes. AFR ancestry-network genes for both BRCA and HNSC showed higher meanHR, 
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at the network level with OS-genes (Figure 7A) and as part of modules (Figure 8), 

compared to EUR ancestry-network genes and gene modules. This result aligned with 

previous study findings of significantly greater risk of mortality for AFR compared to EUR 

ancestry groups for BRCA and HNSC and gene-by-GA interactions on gene expression 

contributing to CSD [75, 89]. The ancestry-specific 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 cancer survival 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 (influence of connections) were two significant centrality feature 

characteristics of OS-genes, universally across GA and tumor types (Figure 7B-C). This 

result corresponds with other studies on network properties and cancer, where it was 

reported that cancer prognostic genes are depleted in hub nodes and do not occupy key 

positions in the co-expression and protein interaction networks [90-92]. Moreover, Zhang 

and Horvath similarly concluded that prognostic genes of cancer survival are instead highly 

correlated with intra-modular connectivity [93].  

Fourth, several potential prognostic marker gene interactions and their associated 

biological processes linked to CSD in AFR ancestry group were revealed in this study. 

Functional enrichment analysis of modules of largest hazard effect on survival of BRCA 

and HNSC AFR ancestry patients shed light on specific gene-sets being co-regulated in 

distinctive biological processes and likely contributing to disparity in their cancer outcomes 

compared to EUR. For example, BRCA-AFR module BA-1 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 cell division, and altered in translational 

efficiency of transcripts involved regulation of tumorigenesis [94-96].  

In-depth analysis of top GO biological processes revealed that BA-1 genes enriched 

in mitochondrion organization process has the largest hazard effect on BRCA-AFR cancer 

survival. Mitochondrial alternation and dysfunction have been reported in breast cancer 

and related to cancer aggressiveness [77]. Specifically, SHARPIN, identified as an OS-gene 

in module BA-1, is a ubiquitin binding protein that is highly expressed in numerous 

cancers, especially in breast cancer [97]. SHARPIN has been indicated as facilitator of p53 

degradation in breast cancer cells and also as estrogen receptor Ŭ modulator that promotes 

breast cancer progression [97-99]. Interestingly, SHARPIN is also involved in gene-gene 

interactions with three other OS-genes in BRCA-AFR network: CYHR1, COMMD5, and 

MAF1 (Figure 10.A). Similarly, MAF1 and COMMD5 have been implicated in cancer 

through lipid metabolism and EGFR activation, respectively [99-102]. Despite clustering 

into two different modules in the network, these four genes with significant impact on 

BRCA-AFR survival show strong interaction and are all located on the same chromosomal 

locus (8q24.3). This result aligns with previous findings of genomically co-localized gene 

signatures that are associated with amplification of 8q24.3 due to copy number alterations 

found in various tumors [103, 104]. Thus, the OS-gene 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 HNSC-AFR network, two modules of distinctive biological functions (HA-

3 and HA-28) were identified in relation to CSD in AFR ancestry patients. Module HA-28 

overlapped with various immune functions and identified genes with reported roles in 

cancer including IGHV4-28, which has been associated with cell proliferation, invasion, 

and migration in esophageal squamous cell carcinoma [105]. Another OS-gene in the 

module, DERL3, was found to possess tumor-suppressor properties and epigenetically 

silenced to mediate Warburg effect in tumors [106]. In addition, module HA-3 genes and 

their enrichment in circulatory-related functions and structures, such as circulatory systems 

development and tube morphogenesis, directly related to head and neck 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 cancers [107, 108]. 

There was also an interesting gene-gene interaction found in HA-3 between OS-

gene SULF1 and VCAN (Figure 10B). SULF1, a gene encoding an extracellular heparan 

sulfate endosulfatases, with downregulated expression seen in several cancers, was highly 

correlated to VCAN, an extracellular matrix proteoglycan associated with tumorigenesis 

through its role in cell adhesion, proliferation, migration, and angiogenesis [109-112]. 

SULF1 has shown to have tumor suppression effect cellular growth, survival signaling, 

tumor cell proliferation, migration, and angiogenesis in cancer [111]. Therefore, our 

findings suggest potential joint effects of SULF1 and VCAN as prognostic maker and/or 

therapeutic target for improving 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 eigenvector centrality properties found among OS-genes in the network 

(Figure 10B). 

There are several limitations to our study that may be addressed in future studies. 

First, our network construction method was based on Pearsonôs correlations and consensus 

gene co-expression pairs with absolute value of r>0.85 across all down-sampled iterations 

of networks. Although the threshold was based on previous finding that networks of 

random signal appear connected at r<0.85 [113], a rank-based network with empirical 

testing of optimal parameters may help prevent omission of any weakly-but-essential gene 

interactions potentially missed in our study. Additionally, preserving the sign of 

correlations (i.e., create signed network) may enhance results and interpretations of module 

gene-set 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 down-sampling and benefits of multiple network iterations. Although 

WGCNA, a widely used gene co-expression analysis method closely related our 

methodology, sets minimum number of samples at 15, and our method improves over 

WGCNA in handling imbalanced data and identifying highly conserved gene interactions, 

additional sources of BRCA-AFR or HNSC-AFR tumor data will help further validate 

study findings. Third, other network measures of topological features beyond the four 

centralities metrics investigated in our work, especially indices measuring intra-and-inter-

module distances, may provide more granular information on CSD-related gene properties 

in the network. Finally, it should be noted that while gene-gene interactions are inferred 

through edges in the co-expression network, it does not necessarily equate to a direct 

interaction on the molecular level. Moreover, the differences and/or changes in 
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transcription reflected in co-expression networks may not always be reflected at the protein 

level, and vice versa. Despite these limitations, gene co-expression network analysis has 

shown to be valuable in characterizing gene functions and elucidating regulatory 

relationships between genes [114]. 

 

3.6 Conclusion 

In summary, these four major implications in our study identify ancestry-specific 

differences in BRCA and HNSC co-expression networks and reveal targeted sets of genes 

and associated biological processes underlying CSD in AFR ancestry patients. By using 

separate ancestry-specific survival models and networks, we added precision to our 

analysis (i.e., triple-negative breast cancer status was an important predictor for BRCA-

AFR survival only) and our results capture both ancestry-specific differences as well as 

potential targets for cancer therapies. Numerous recent studies have echoed the need for 

ancestry-based adjustments and recalibration to combat ancestral bias and confounding 

results in genomic and cancer research [72, 74, 115, 116]. Hence, our findings underscore 

the importance and demonstrate the potential utility of ancestry-informed study designs in 

gene co-expression network analysis, coupled with ancestry-specific modeling of survival 

outcomes to generate clinically-significant interpretations for improving CSD towards 

greater health equity. 

  



 63 

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 mortality disparities 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. Genetics, biological samples, and 

health information and outcomes data of UKB participants were downloaded and data-

fields were prioritized based on participants with death registry records. Kaplan-Meier 

method was used to evaluate survival differences among ethnic groups; survival random 

forest feature selection followed by Cox proportional-hazard modeling was used to identify 

and estimate the effects of shared and ethnic group-specific mortality risk factors. The 

White ethnic group showed significantly worse survival probability 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 significant effect of sex was seen for the 

White group. The strongest ethnic group-specific mortality associations were ischemic 

heart disease for Asians, COVID-19 for Blacks, and cancers of respiratory/intrathoracic 

organs for Whites. Mental health-related diagnoses, 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 answer 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 COVID-19 and digestive cancers in the Black group, where 

elevated CRP has previously been linked to psychosocial stress due to discrimination. Our 

results point to mortality risk factors that are group-specific and modifiable, supporting 

targeted interventions towards greater health equity. 

 

4.2 Background 

Despite the progress made in improving 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 

populationôs overall health status and have been long tracked 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, demonstrated by the 

disproportionate burden and number of deaths among high-risk and medically underserved 

racial and ethnic minority groups [7, 8]. 
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Both environmental and genetic factors, with increasing evidence for interaction 

between environment and genetics through epigenetic mechanisms, have been cited as 

contributors of health disparities [75, 89, 118-120]. Specifically, the role of differential 

socioeconomic status (SES), access to healthcare, and allostatic load in mortality disparities 

had been previously cited as significant risk factors for disparity in mortality [118, 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 of health 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 to each group. In order to effectively reduce disparity, it is crucial to first 

understand the key contributors to overall and prevalent-cause mortalities specific to each 

ethnicity, which can be taken to suggest targeted interventions with the greatest likelihood 

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) prospective cohort study, a National Health 

Service initiative for building health registry of 500,000 people aged between 40 and 69 

from 2006 to 2010 [31]. By leveraging UKBôs comprehensive data spanning physical 

measures, lifestyle, blood and urine biomarkers, imaging, genetic, and linked medical and 

death registry records, coupled with group-specific feature selection methods and survival 

models, we aimed to identify top mortality risk factors that are measurable and potentially 
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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 & data availability 

Ethics approval for the UKB was obtained from the North West Multi-centre 

Research Ethics Committee (MREC) for the United Kingdom, the Patient Information 

Advisory Group (PIAG) for England and Wales, and the Community Health Index 

Advisory Group (CHIAG) for Scotland (see https://www.ukbiobank.ac.uk/learn-more-

about-uk-biobank/about-us/ethics). This study was conducted using the 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 website (https://www.ukbiobank.ac.uk/register-apply/). 

 

4.3.2 UK Biobank data & preparation 

Data-fields 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 data-fields applicable to the individuals who had death registry records: we 

applied a series of automated and manual filters to the data-fields, starting with keeping 

fields that had values for individuals with death records (2,512 non-unique data-fields). 

https://www.ukbiobank.ac.uk/learn-more-about-uk-biobank/about-us/ethics
https://www.ukbiobank.ac.uk/learn-more-about-uk-biobank/about-us/ethics
https://www.ukbiobank.ac.uk/register-apply/
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The second filter was to keep data-fields with Ó80% record completeness (n= 326), 

followed by manual filtering to merge related records and transform field responses as 

needed. Diagnosis fields (field 41202) were grouped based on ICD-10 blocks, 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 ICD-10 block or operation 

chapter to not be too granular when defining features for our models. The final set of 240 

data-fields was used as features for our model selection. Further, all data-fields were 

categorized in accordance with UKBôs ñPrimary Category of Originò (Figure 24). 

 

4.3.3 GA inference 

GA inference was performed to estimate six ancestry proportions (African, 

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 Array [122]. Participant WGG were 

merged and harmonized with whole genome sequence (WGS) data from global reference 

populations, the 1000 Genomes Project (1KGP) and the Human Genome Diversity Project 

(HGDP), as indicated in Table 22 [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 genome variant data set was pruned for linkage disequilibrium 

using PLINK v2 with ó--indep pairwise 100 10 0.05ô [44]. Principal component analysis 
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(PCA) on genome variant dataset followed using the FastPCA program implemented in 

PLINK v2 (Figure 25) [125]. Finally, genome-wide GA inference that analyzes the PCA 

data from global reference populations and non-reference individuals with non-negative 

least squares (NNLS) was implemented 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 Cox proportional-hazard (Cox-PH) 

modeling and random survival forest model using survival and randomForestSRC package, 

respectively, in R version 3.6.1 [127, 128]. Univariable Cox-PH model evaluated the 

importance of each variable for the ethnic groups and their overall or cause-specific 

mortality predictions based on concordance or Harrellôs C-index. Follow-up times were 

calculated as the time between UKB study enrollment and either death (OS=1) or last data 

download in years. Most common level of categories or median numerical values in each 

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 for missing 

numerical values based on random forest or impute.rfsrc. Thereafter, variables were ranked 

on importance based on minimal depth using the var.select function. Feature selection was 

using random forest minimal depth method and optimal number of features in the model 

was validated using cross validation (CV), where average C-index for random survival 
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forest model for each top feature set (size increasing by 5) across 5 repeats of 5-fold CV 

were calculated. Optimal number of features for multivariable model was based on the 

minimal numbers of features yielding C-index within 0.5% of the max C-index across the 

5 repeats (Figure 27). The rankings from Cox-PH and random forest were averaged to 

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

 

4.3.5 Survival modeling analysis 

Multivariable Cox-PH survival models were constructed for each ethnic group 

using all of Asian and Black participant data (Table 2), while 10,000 subsampled 

participants from the White ethnic group (random sampling without 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 enrollment age categories (Ò 50, 51-65, and Ó 66) and sex 

categories of the entire White cohort (Table 2). In addition to overall mortality models, 

cause-specific mortality models were subsequently constructed for selected causes of death 

based on relative frequency and standardized residuals of chi-squared test: COVID-19 

(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 selection step and 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 checked using the cox.zph function in the survival R-package 
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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 biochemistries 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, Cox-PH models of pooled samples Black, Asian, and randomly 

subsampled White participants in UKB for all-cause 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 GA-and-mortality specific 

selected features. For significant predictors in the final model (Ŭ=0.05), interaction terms 

with ethnicity (Asian*RiskFactor and Black*RiskFactor, with White as reference) were 

added to evaluate for significant interaction between ethnicity and mortality risk factors 

[129]. Forest plot of interaction results were plotted using the plot_model function in the 

sjPlot R-package. 
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Table 2. Characteristics of the three ethnic group study cohorts in the UK Biobank 

(UKB). 

 

 

4.4 Results 

4.4.1 Genetic ancestry and mortality patterns 

Three main ethnic groups were assigned based on self-identified 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 datasets (Figure 

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 group-specific models with more objective and granular ancestry 

information, GA inference was performed. Six GA proportions were estimated for 477,205 

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 (54.35) 4,582 (46.39) 4,639 (57.71) 257,429 (54.46) 

Male 223,960 (45.65) 5,295 (53.61) 3,399 (42.29) 215,266 (45.54) 

Age of enrollment (%):     

Ò 50 127,103 (25.91) 4,121 (41.72) 4,019 (50.00) 118,963 (25.17) 

51 - 65 290,698 (59.25) 4,762 (48.21) 3,337 (41.52) 282,599 (59.78) 

Ó 66 72,809 (14.84) 994 (10.06) 682 (8.48) 71,133 (15.05) 

Overall survival (OS=1 or dead %) 32790 (6.68) 458 (4.64) 335 (4.17) 31,997 (6.77) 

Cause-specific (% in dead):     

Digestive neoplasmÀ 5107 (15.17) 42 (9.17) 45 (13.43) 5020 (15.69) 

Ischemic heart diseaseÀ 3513 (10.71) 102 (22.27) 27 (8.06) 3384 (10.58) 

COVID-19À 623 (1.90) 17 (3.71) 26 (7.76) 580 (1.81) 

Respiratory/intrathoracic 

organ (bronchus & lung) 

neoplasmsÀ 
 

2943 (8.98) 

 

19 (4.15) 17 (5.07) 2907 (9.09) 

À Primary reason of death coded in ICD10 were used to define cause-specific mortality cohorts for primary malignant neoplasms of digestive 1 
organs (C15-26), ischemic heart disease (I20-25), COVID-19 (U7.1 &U 7.2), and primary malignant neoplasm of bronchus and lung (C34) 2 
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participants or 97.28% of the three-ethnic 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 single ancestry, 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%) (Figure 11C-D).  

There were observable differences in age of enrollment 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 follow-up times were consistent with median of 12 years for all three 

groups (Figure 12A). Kaplan Meier (KM) survival probability curves for each ethnic group 

and pairwise log-rank test of difference in curves showed significant difference for Asian 

vs. Whites and Blacks vs. Whites (Figure 12B). Differences also existed between 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 level in each 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 digestive organs (9.17%), while deaths from 

digestive cancers were most frequent for Blacks (13.43%) and Whites (15.69%) (Figure 

26). Pearsonôs Chi-squared test showed significant association between top causes of 

mortality and ethnicity with particularly strong positive associations between ischemic 

heart disease and Asians (std.residual=8.44), COVID-19 and Blacks (std.residual=7.97), 

and respiratory/intrathoracic organ cancers and Whites (std.residual=4.26) (Figure 12C). 
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Based on the differences observed for mortality and causes of death, all downstream 

analyses were performed separately for each ethnic group. 

 

Figure 11. Ethnicity and genetic ancestry in the UKB. 

Participant ethnic group percentages for (A) the entire UKB cohort and (B) participants 

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 as: African (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 follow-up time distributions for Asian (red), Black (blue), 

and White (yellow) ethnic groups. (B) Kaplan-Meier curves showing survival probabilities 

over time for Asian, Black and White ethnic groups. P-values for ethnic group pairwise 

log-rank test of survival curves are shown. (C) Associations between ethnicity and specific 

mortality causes as measured by Pearsonôs standardized residuals from Chi-square test of 

independence. 
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4.4.2 Overall mortality 

Feature selected mortality risk factors (Table 24) were analyzed in multivariable 

Cox-PH models and their effect sizes or hazard ratio (HR) were estimated. For overall 

mortality, previous in-patient diagnoses, such as neoplasms, and operations and/or 

procedures, such as on heart, arteries, and veins or on respiratory track, had greatest impact 

on overall mortality in all three groups (Figure 13A). 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=1.598, CI95%=[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 [1.829, 3.342], 

p<0.0001) (Table 25A). In contrast, operation on digestive organs including upper 

endoscopy and colonoscopy was the only type of in-patient procedures associated with 

reduced mortality risk in all three groups (HRAsian=0.743 [0.571, 0.967], p=0.027; 

HRBlack=0.479 [0.345, 0.665], p<0.0001; HRWhite=0.694 [0.559, 0.863], p<0.0001) (Figure 

13A). Being female 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 cystatin-C 

(HR=1.115 [1.051, 1.183], 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 [1.013, 1.043], p=0.00034), while apolipoprotein 

(ApoA) levels (10 mg/dL) reduced mortality risk by 14% (HR=0.862 [0.759, 0.978], 

p=0.021). Moreover, having paid employment status or being self-employed decreased 

mortality risk by 36% in Blacks (HR=0.642 [0.476, 0.866], p=0.0038). Significant 
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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 [1.081, 1.833], p=0.011) and 

receipt of disability support or allowance (none; HR=0.545 [0.405, 0.733], p<0.0001). In 

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

overall or cause-specific mortalities. 

 

4.4.3 Cause-specific mortality: Digestive cancers 

Previous diagnoses of infectious and parasitic diseases were important risk factor 

in all three groups, increasing the relative risk of death by at least 2 folds (HRAsian=5.141 

[2.266, 11.660], p<0.0001; HRBlack=2.253 [1.101, 4.608], p=0.026; HRWhite=2.069 [1.328, 

3.223], p=0.0013) (Figure 13B). In addition, operation on digestive organs was the largest 

risk factor in all three groups, since endoscopy and colonoscopy are the main methods used 

in digestive cancer diagnosis (Table 25B). Unique or group-specific patterns were observed 

including increase in glucose levels (mmol/L) and standing height (cm) both significantly 

associated with increase in relative mortality risk by 18% and 3%, respectively, per unit 

change in Whites (HRglucose=1.175 [1.029, 1.343], p=0.017; HRs.height=1.034 [1.001, 1.068], 

p=0.044). Increase in CRP levels was again highly associated with increase in mortality 

risk for Blacks (HR=1.053 [1.022, 1.086], 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 margarine (HR=2.187 [1.040, 4.597], p=0.039). Hesitancy to 

answering questions (i.e., choosing ñprefer not to answerò or ñdonôt knowò instead of ñyesò 

or ñnoò) related to mental state or illness, such as ñhave seen a psychiatrist for 
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nerves/anxiety/depressionò or ñhave sensitive or hurt feelingsò, was associated with higher 

risk of digestive neoplasm mortality in Asians (HRsensitive=2.677 [1.001, 7.16], p=0.049; 

HRpsychiatrist =3.408 [1.109, 10.474], p=0.032). Moreover, Asians who self-reporting their 

overall health as ñexcellentò showed greater risk of mortality than those indicated as having 

ñgoodò health (HR=4.759 [1.365, 16.590], p=0.014).  
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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% CIs), are shown for Asian (red), Black (blue), and White (yellow) ethnic groups. 

Significance of association measured in p-values are indicated in stars. Associations are 

shown for (A) overall (all-cause) mortality and (B) digestive cancer mortality. Mortality 

risk factor categories include: age, blood biochemistry, previous in-patient disease 

diagnoses (diagnoses), lifestyle and environmental measures, medications (meds.), 

previous in-patient operations and/or procedures (operations), sex, sociodemographic 

factors (soc-dem), general health, mental health, and physical measures (phys.). 
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(A)  

 
(B) 

 



 80 

(C) 

 

Figure 14. Ethnicity and morality risk factors: cause-specific. 

Risk factor-mortality 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 measured in p-values are indicated in stars. Individual plots 

for (A) Asian ï ischemic heart disease, (B) Black ï COVID19, and (C) White ï 

Lung/Bronchus cancer are shown. Mortality risk factor categories include: age of 

enrollment, blood biochemistry, previous in-patient disease diagnoses (diagnoses), 

lifestyle and environmental measures, family history, previous in-patient operations and/or 

procedures (oper.), sex, and physical measures (phys. measure). 

 

4.4.4 Cause-specific mortality: COVID-19, ischemic heart disease, and lung & bronchus 

cancers 

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

72% compared to females (HRfemale=0.285 [0.108, 0.750], p=0.011), and history of 
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hospitalization due to influenza and pneumonia (HR=13.905 [1.779, 108.709], p=0.012) 

and receiving ventilation support (HR=4.841 [1.949, 12.026], p=0.039) were most 

significant predictors of mortality for diagnosis and operations, respectively (Figure 14B; 

Table 25C). Similar to overall and digestive cancer mortalities, increase in CRP was 

associated with increased mortality risk to COVID-19 in Blacks (HR=1.043 [1.004, 1.082], 

p=0.030). Increase in waist circumference (cm) was another highly significant risk factor 

unique to COVID-19 risk of death (HR=1.059 [1.028, 1.091], p=0.00014). For ischemic 

heart disease deaths in Asians, increase in cystatin-C, being male, and past smoking 

(smoked most or all days) all significantly increased the mortality risk (HRcystatinC=1.194 

[1.035, 1.378], p=0.015; HRfemale=0.071 [0.015, 0.339], p=0.00090; HRsmoking=2.847 

[1.461, 5.550], p=0.039) (Figure 14A). 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 on respiratory tract (HR=9.069 [5.894, 13.954], p<0.0001), 

and increase in alkaline phosphatase (HR=1.073 [1.025, 1.122], p=0.0023) increased 

mortality risk, while increase in ApoA (HR=0.896 [0.834, 0.963], p=0.0030) and fresh fruit 

and breakfast cereal intake (HRfruit=0.924 [0.877, 0.973], p=0.0027; HRcereal=0.956 [0.922, 

0.991], p=0.015) lowered the mortality risk for Whites (Figure 14C). 

 

4.4.5 Mortality risk factor interactions with ethnicity 

Two pooled-sample multivariable survival models were tested for interactions 

between Asian and Black ethnic groups and 31 all-cause mortality risk factors (Figure 15A) 

and 15 digestive cancer mortality risk factors (Figure 15B). For all-cause mortality, there 



 82 

was one significant interaction between Asian ethnicity and operations and/or procedures 

on genitourinary systems (HR=1.477 [1.084, 2.014], p=0.014) and three significant 

interactions between Black ethnicity and blood biomarkers: creatinine (HR=1.011 [1.003, 

1.019], p=0.0099), glycated hemoglobin (HbA1c) (HR=0.985 [0.972, 0.999], p=0.0042), 

and Cystatin-C (HR=0.886 [0.813, 0.967], p=0.0066) (Table 25D). Thus, genitourinary 

systems-related operations in Asians and higher creatine level in Blacks had significantly 

greater adverse effect on overall survival compared to their effects in the White group, 

while higher levels of cystatin-C and HbA1c had less adverse effect in Blacks compared 

to their effects in Whites. For digestive cancer mortality, one significant interaction 

between Black ethnicity and CRP emerged (HR=1.101 [1.029, 1.178], p=0.0051), showing 

a greater adverse effect of increased CRP levels in Blacks compared to Whites (Table 25E). 
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Figure 15. Risk factor interactions with ethnicity on overall and digestive cancer 

mortality.  

Forest plots showing HR and 95% CI bars of ethnicity-by-risk-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 with Blacks 

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

** for <0.01). 

 

4.5 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 group-specific 

feature selection and survival modeling of the UKB data. Our study demonstrated that 

mortality disparity exists and assessed the impact of shared and group-specific mortality 

risk factors for overall and other leading cause-specific mortalities per ethnicity.  
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Differential survival was seen between ethnic groups with Whites showing worse 

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 higher all-cause mortality 

rates than other ethnic groups between 2012 to 2019 [24]. 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 and survival 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 and Procedures, 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 at least 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, who are 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 participants also evaded directly answering mental health-related 
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questions, 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 to discuss 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 

psychological diagnosis and care [131-134]. Moreover, several studies have indicated that 

South Asian immigrants experience high rates of mental health disorders, which has been 

linked to reduction in general life expectancy and worse disease outcomes including cancer 

[135-138]. 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 associations with 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 cause-specific deaths due to COVID-19 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 

groups at higher concentrations [139-141]. Chronic inflammation, as measured by CRP 

and other blood biomarkers, has been linked to physiological responses to psychosocial 

stressors, including exposure to discrimination [142]. Here, CRP showed a significant 

interaction with Black ethnicity in the pooled survival 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 levels of cystatin-C, 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 and metastasis of colon cancer cells, which fit with our finding as a significant 

risk factor for White mortality from digestive cancers [143]. HbA1c, an indicator of 

average blood glucose level in the last 90 days, was also associated with greater risk of 

overall mortality in both Whites and Asians. Meanwhile, HbA1c negatively interacted with 

Black ethnicity, suggesting that Blacks experience a reduced adverse effect of elevated 

HbA1c on their overall survival compared to Whites. Additionally, high concentrations of 

cystatin-C have been linked to greater risk of heart failure and death in persons with 

coronary heart disease (CHD)[144]. 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 ApoA for Black 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, colorectal, breast, 

and ovarian cancers [145]. 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 

behavioral, and environmental pollutants [146, 147]. Identification of measurable 

biomarkers with ethnic group-specific effects can inform precise strategies and potential 

biological targets for reducing associated mortality. 

Several modifiable risk factors for mortality related to physical 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 bronchus cancer), and lowering waist circumference 

for Blacks (COVID-19). Waist circumference, but not body mass index or weight, was 

feature selected as a significant risk factor for COVID-19 deaths in Blacks, suggesting that 

adiposity around the waist may be more effective predictor of COVID-19 deaths than other 

related body measurements [148]. 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 self-employment status for Blacks, impacted the overall mortality. 

However, other socioeconomic measure of deprivation, such as Townsend index scores, 

was not found to be a significant risk to ethnic-specific mortality. This is likely attributable 

to within-group similarities in SES of participants of same ethnicity, which may also 

explain the lack of significant associations with genetic ancestry proportions and ethnic-

specific mortalities. Moreover, this demonstrates that the effects of individual-level risk 

factors highlighted in this study, intermediate and proximal, outweigh that of SES, a distal 

risk factor, when we independently investigated the 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 of the unequal effects of the same risk factors 

on mortality across different race and ethnicity groups [150-152]. Therefore, population-

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 sampling of 

people living across the UK with median age of enrollment 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 enrollment age. In addition, race and ethnicity classification varies between 

countries for it is a socially defined membership and self-identified based on shared 

heritage, culture, and social experiences. While the UK ethnic groups studied here 

approximately correspond to US racial groups, evidenced by similarity to genetic ancestry 

proportions of White and African Americans, the social experiences and potential health 

implications could be different [153]. Thus, the extent to which the study findings may be 

transferable to other countries 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 observed disparities. 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 differential effects on mortality across ethnic groups. These 

results underscore the importance of population-specific 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 made in disease survival outcomes and mortality rates in the 

last century, the improvements have not been uniform across all population groups. While 

research in health disparities has grown in recent years, many studies are 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 

cause-specific mortality and disease survival are nationally collected and published yearly, 

these results are limited to assessing and quantifying the magnitude of the difference 

between groups: the underlying genetic and environmental factors and mechanisms that 

potentially drive these differences are still largely unknown. Therefore, population 

biobanks encompassing clinical, genomic, and socioenvironmental data at large-scale, such 

as TCGA and UKB, represent a tremendous opportunity for health disparities research 

conducting inclusive studies with diverse cohorts. The three chapters 2, 3, and 4 presented 

in this thesis collectively underscore the importance of population-specific study designs 

that leverage ancestry information and biobanks to discover potential biomarkers with 

prognostic value for reducing health disparities that may be druggable or modifiable. 

To effectively mitigate health disparities, one must first understand disparities in 

two steps: (1) Discovery, and (2) Characterization. Hence, Chapter 2 first focused on 

discovery of CSD by evaluating overall survival outcomes of patients of various GA and 

SIRE across 33 different cancer types. Four cancer types with cancer survival disparities 

and seven cancer-related genes that interact with GA and contribute to CSD were revealed. 

Subsequently, Chapter 3 expanded the characterization of CSD by constructing GA-
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specific gene co-expression networks of two cancers identified earlier in Chapter 2. Lastly, 

Chapter 4 focused on mortality disparities in the UKB participants, broadening research 

scope to include overall and other leading cause-specific mortalities beyond cancer. In 

contrast to first two chapters, Chapter 4 also shifted to studying socioenvironmental risk 

factors contributing to mortality disparities across ethnicity groups instead of GA groups, 

since SIRE emphasizes cultural and socioeconomic qualities of individuals, which directly 

relates to the UKB data analyzed in Chapter 4. The three chapters highlight the different 

uses of SIRE and GA, suggesting their appropriate use in research that reflects both the 

study objectives and data. Furthermore, this thesis demonstrates the utility of population-

specific study designs that leverage ancestral information in an integrative analysis 

framework, combining clinical outcomes data with genomic and socioenvironmental data 

to maximize clinical relevance and translatability of research findings for improving health 

equity.  

Continued research that is squarely focused on disambiguating various areas of 

health disparities and their multiple dimensions of genetic, molecular, and environmental 

factors exacerbating the observed disparities will be essential for alleviating the 

disproportionate burden of morbidity and mortality borne by minority and medically-

underserved groups in our society. Future studies that can examine different dimensions of 

disease risk factors simultaneously and disaggregate their effects will help to prioritize 

strategies and treatments. Finally, intentional and continued efforts towards equitable 

population representation in biomedical research and genomic data, such as All of Us and 

Genomics England, will help 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.org/) as our reference populations including African (n 

= 661), Admixed American (n = 347), East Asian (n = 504), and European (n = 503) [16].  

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 ancestry [154]. Overall, we used 21 populations 

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

 

A.1.2 TCGA cohort 

 TCGA Affymetrix Human SNP Array 6.0 raw data for all 33 cancer types 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/legacy-archive/) using GDC Data Transfer Tool 

(gdc-client_v1.4.0_Ubuntu_x64). Genotype calling using Analysis Power Toolôs (APT) 
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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 and low-quality samples with QC-

call-rate-all <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 variants [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 corrected as needed. 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. Principle component analysis (PCA) followed also using PLINK to visually 

evaluate the quality of merged data in PC-3 space. These harmonized data were further 

pruned for linkage disequilibrium (LD) using the --indep command in PLINK with a 

window size of 50kb, a step size 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 TCGA participants 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 TCGA Pan-Cancer Clinical Data 

Resource in R version 3.6.1 [20, 128]. Clinical variables ñraceò (American Indian or 

Alaskan Native, Asian, Black or African American, Native Hawaiian or other Pacific 
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Islander, and White) and ñethnicityò (Hispanic or Latino, and not Hispanic or Latino) were 

collapsed into four categories of self-identified 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 from previous studiesô supplemental data 

[155, 156]. 

 

A.1.4 RNA sequencing data 

Gene-level count files for RNA-sequencing data were downloaded for all TCGA 

participants from the GDC Data Portal (https://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. HTSeq-Counts were utilized over normalized FPKM 

(Fragments per Kilobase of transcript per Million mapped reads) or FPKM-UQ (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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Open-access somatic mutation annotation files (MAF) generated from the MuTect2 

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 processing 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 

Controlled-access germline 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/legacy-archive/) using GDC Data Transfer Tool 

[157]. 

 

A.1.6 Genome-wide ancestry proportions and ancestry group inferences 

The genome-wide continental ancestry proportions for TCGA participants were 

estimated using ADMIXTURE. Harmonized and processed genotyping array 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 tissues samples, blood 

sample ancestry estimates were prioritized over normal tissue sample ancestry estimates, 

which resulted in total of 10,126 participants with global ancestry estimated. A k-nearest 
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neighbor (k-NN) classifier was employed to categorize each TCGA participant into one of 

four continental ancestry groups using the PCA results, with the Caret R-package. 

Continental reference population groups were used as references for k-NN classification 

and the optimal neighbor (K) value of three was used for both blood and normal tissue 

samples. 

African subcontinental ancestry proportions were inferred for all TCGA participants with 

Ó50% African continental ancestry.  African subcontinental ancestry proportions were 

inferred for three geographically and genetically coherent 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 Bantu (LWK).  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 trade1.  Subcontinental ancestry proportions for African ancestry 

TCGA participants were inferred from these reference populations using non-negative least 

squares transformation of PC-values for reference and TCGA individuals, implemented in 

the Rye algorithm (https://github.com/healthdisparities/rye), as previously described [126, 

158]. 

 

A.1.7 Survival analysis 

Overall survival (OS) primary endpoint 
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The TCGA Pan-Cancer Clinical Data Resource (TCGA-CDR) 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 Liu et al. as 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 ancestry to reduce 

disproportional cancer disease burden across population groups. Since death is an outcome 

with the highest disease burden or impact to a personôs life, OS was the endpoint that best 

aligned with our study goal. Other endpoints including disease-free interval (DFI) and 

progression-free interval (PFI) are also important clinical indicators, but they may be more 

suited for other study purposes (e.g., for comparing treatment effectiveness on cancer 

progression and prognosis).  

Second, death is the least ambiguous 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 risk of misclassification 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 either non- or 

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 TCGA-CDR. Since 

our study stratifies analyses into different 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 participants with missing disease-specific 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, we included 

ñtumor_statusò (at death), primary field used in TCGA-CDR to determine DSS status, and 

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

Kaplan-Meier estimation 

For pan-cancer survival analysis of the TCGA cohort, overall survival, available 

for most of patients (11,151 out of 11,160) was selected as the outcome endpoint. First, 

univariate analysis using Kaplan-Meier (KM) method was performed to generate survival 

curves. For each cancer type, data were stratified by the four genetic ancestry groups (GA) 

determined using k-NN classification and up to six pairwise log-rank test of ancestry group 

combinations for significant difference in survival curves at Ŭ=0.05 using the survminer R-

package for each cancer type. Pairwise comparisons of survival curves were also performed 

was performed for the four SIRE groups. Resulting p-values were adjusted for multiple 

testing using Benjamin and Hochberg (BH) correction and assessed for significant 

difference in pairs with minimum per 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 survminer R-package. 

Cox proportional hazard modeling 

Multivariate analysis using Cox proportional 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 morphology 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 proportions. Each cancer type and their models were evaluated for significant 

difference in relative risk of mortality between SIRE or GA groups/proportions at Ŭ=0.05 

and model fitness using the concordance level (Ó0.75). In addition, power calculations for 

pairwise comparisons of cancer survival under the Cox PH models were performed using 

the powerCT.default function in powerSurvEpi R-package (threshold Ó0.80 at Ŭ=0.05). 

This power calculation takes into account both total number of participants (event & 

censored) and number of events from each group in comparison and the estimated hazard 

ratio from the Cox-PH model. Cancer-specific 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 survival R-package. For African 

subcontinental ancestry analysis, AFR-only models for each cancer included three African 

subcontinental GA continuous proportions (West Central, West, and Bantu) and the clinical 

covariates in the general model. 
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A.1.8 Gene expression analysis 

Differential gene expressions 

Gene expression data were downloaded for the four cancers 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 Bioconductor/R-package 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 adjusted p-value Ò0.05 

and absolute value of log2 fold change between GA groups Ó1. Retrieval of Ensemble table 

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

EnhancedVolcano Bioconductor/R-package. 

Gene set enrichment analysis 

Gene set enrichment analysis (GSEA) of the DEGs were investigated by 

performing separate queries for statistically significant overlap (FDR q-value or false 

discovery rate for hypergeometric p-value corrected for multiple testing with BH method 

at <0.05) between up- and down-regulated DEGs and hallmark pathways in the Molecular 

Signatures Database (MSigDB, version 7.1). Hallmark gene sets are specially curated 

genes that represent well-known biological states, which allowed for functional analysis of 

DEGs divided into up- or down-regulated 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 selection using 

analysis of variance (ANOVA), a filter-based method. DEGs were first checked for 

ANOVA assumptions by omnibus test of normality and Flignerôs test of homoscedasticity. 

Check for multicollinearity based on variance inflation factor (VIF) was also performed 

and filtered out DEGs with VIF <5. Remaining DEGs were each evaluated for difference 

in group mean gene expressions and filtered for F-statistics >1 and p-value Ò0.05. Selected 

differentially expressed gene sets were additionally tested for classification performance 

of GA groups using elastic net logistic regression. Accuracy in classification rates were 

validated using 10-fold cross-validation (CV) data sets and area under the receiver 
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operating characteristics (AUROC) were calculated, averaged for all CVs, and plotted 

using ggplot2 R-package. 

 

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 Bioconductor/R-package. GA groups 

were compared for significant differences in the frequencies (p-value <0.05) of non-

synonymous mutations with high or moderate Ensembl Variant Effect Predictor (VEP) 

impact using the Fisherôs exact test of independence via the mafCompare function. 

Minimum number of samples with mutations 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. Minimum number of samples with mutations was also set at five in at least one 

cohort to avoid single mutated genes. 

 

A.1.10 Ancestry-gene association analysis 

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

Differentially expressed genes passing ANOVA and F-test feature selection and the 

normality and homoscedasticity assumption tests were evaluated for significant association 

between gene expression and GA. Using the stats R-package, multiple linear regression 



 104 

models were built with VST 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 level showing significant association with GA at Ŭ=0.05 (p-value adjusted 

for multiple testing using BH correction) were selected for further analysis for interaction 

with GA in impacting differential survival outcomes. 

 

Differentially mutated genes (DMGs) using logistic regression 

Differentially mutated genes were evaluated for significant association between 

gene mutation and GA with logistic regression models using the stats R-package. Gene 

mutation status (yes or no) as dependent variable with GA and other relevant clinical 

endpoints as covariates for each of four cancer types. Genes with mutation status showing 

significant association with GA at Ŭ=0.05 (p-value adjusted for multiple testing using BH 

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

 

BRCA: 

ώ= ὦ0 ×  ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὃὫὩ +  ὦ3ϽὌὉὙ2 +  ὦ4ϽὰόάὭὲὥὰ ὃ+ ὦ5ϽὰόάὭὲὥὰ ὄ+ ὦ6Ͻὦὥίὥὰ+ ‭  

HNSC: 

ώ= ὦ0 ×  ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὥὫὩ +  ὦ3ϽὫὩὲὨὩὶ+  ὦ4ϽὥὰὧέὬέὰ όίὩ+ ‭  

KIRC: 

ώ= ὦ0 ×  ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὥὫὩ +  ὦ3ϽὫὩὲὨὩὶ+  ὦ4Ͻὸόάέὶ ίὸὥὸόί+ ‭  

SKCM (AMR): 

ώ= ὦ0 ×  ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὥὫὩ +  ὦ3ϽὫὩὲὨὩὶ+  ὦ4Ͻὸόάέὶ ίὸὥὸόί+ ‭  
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A.1.11 Ancestry-gene 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, or 

SKCM. The final Cox-PH models used for GA groups in the multivariate survival analysis 

were mostly retained with addition of terms for the gene of interest and gene-ancestry 

interaction term. Multivariate Cox-PH models with added gene interaction terms were 

checked again for model fitness for the final model construction.  For selected differentially 

expressed genes (DEGs), gene expression counts, variance-stabilizing transformed, and 

centered at the mean were used, while for selected differentially mutated genes (DMGs), 

gene mutation status (yes or no) was modeled instead with the survival outcomes.   

BRCA: 

ὰέὫὭὸ ὴ = ὦ0 ×  ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὃὫὩ +  ὦ3ϽὌὉὙ2 +  ὦ4ϽὰόάὭὲὥὰ ὃ+ ὦ5ϽὰόάὭὲὥὰ ὄ
+ὦ6Ͻὦὥίὥὰ 

 

HNSC: 

ὰέὫὭὸ (ὴ) = ὦ0 ×  ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὥὫὩ +  ὦ3ϽὫὩὲὨὩὶ+  ὦ4ϽὥὰὧέὬέὰ όίὩ+ ‭  

KIRC: 

ὰέὫὭὸ (ὴ) = ὦ0 ×  ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὥὫὩ +  ὦ3ϽὫὩὲὨὩὶ+  ὦ4Ͻὸόάέὶ ίὸὥὸόί+ ‭  

SKCM (AMR): 

ὰέὫὭὸ (ὴ) = ὦ0 ×  ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὥὫὩ +  ὦ3Ͻὸόάέὶ ίὸὥὫὩ+  ὦ4Ͻὸόάέὶ ίὸὥὸόί+ ‭  

SKCM (EAS): 

ὰέὫὭὸ (ὴ) = ὦ0 ×  ὦ1ϽὉὥίὸ ὃίὭὥ +  ὦ2ϽὥὫὩ +  ὦ3Ͻὸόάέὶ ίὸὥὫὩ+  ὦ4Ͻὸόάέὶ ίὸὥὸόί+ ‭  
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Differential methylation of CpG islands and gene-by-GA 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.bioinfo-zs.com/smartapp/). Methylation levels expressed as log2-

transfrmed beta methylation values (M-values), for CGI for each of the seven previously 

identified DEGs were first assessed for correlation to corresponding gene expression levels 

and to other CGI M-levels by Spearmanôs rank correlation test using stats R-package. To 

further examine the relationship with selected DEGs, correlated CGI were added as 

covariates in multiple linear regression (MLR) models for gene expression with ancestry 

and other clinically relevant covariates as independent variables. Finally, CGI showing 

significant associations with gene expression levels found using MLR were each tested for 

BRCA: 

Ҋί,ά ὸ= Ҋ
0
ὸ× Ὡὼὴ (ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὋὩὲὩ +  ὦ3ϽὃὪὶὭὧὥϽὋὩὲὩ+  ὦ4ϽὥὫὩ+  ὦ5Ͻὴέίὸ άὩὲέὴὥόίὩ

+  ὦ6Ͻὸόάέὶ ίὸὥὸόί 

s = tumor stage 

m= molecular subtype 

HNSC: 

Ҋὥὸ= Ҋ
0
ὸ× Ὡὼὴ (ὦ1ϽὃὪὶὭὧὥ +  ὦ2ϽὋὩὲὩ +  ὦ3ϽὃὪὶὭὧὥϽὋὩὲὩ+  ὦ4ϽὫὩὲὨὩὶ+  ὦ5ϽὥὫὩ+  ὦ6

Ͻὸόάέὶ ίὸὥὫὩ+  ὦ7Ͻὸόάέὶ ίὸὥὸόί 

a = alcohol use 

KIRC: 

Ҋὸ= Ҋ0 ὸ× Ὡὼὴ (ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὋὩὲὩ +  ὦ3ϽὃάὩὶὭὧὥίϽὋὩὲὩ+  ὦ4ϽὫὩὲὨὩὶ+  ὦ5ϽὥὫὩ+  ὦ6

Ͻὸόάέὶ ίὸὥὫὩ+  ὦ7Ͻὸόάέὶ ίὸὥὸόί 

SKCM (AMR): 

Ҋά,Ὣὸ= Ҋ
0
ὸ× Ὡὼὴ (ὦ1ϽὃάὩὶὭὧὥί +  ὦ2ϽὋὩὲὩ +  ὦ3ϽὃάὩὶὭὧὥίϽὋὩὲὩ+  ὦ4ϽὥὫὩ+  ὦ5Ͻὸόάέὶ ίὸὥὫὩ

+  ὦ6Ͻὸόάέὶ ίὸὥὸόί 

m = tumor morphology 

g = gender 
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differential methylation levels between GA ancestry groups using the Wilcoxon rank sum 

test. All the p-values were adjusted using BH correction method and correlation test, MLR, 

and Wilcoxon rank sum test were performed using the stats R-package. Differentially 

methylated CPI associated with gene expression of selected DEGs were fitted into 

ancestry-gene interaction model using backward and forward stepwise selection. Each 

model was evaluated for optimal structure based on AIC and concordance rate. 
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A.2 Supplementary Figures 

 

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 solid 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. 

(A) 

 

 

 

 

 

 

 

 

(B) 
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Figure 17. Concordance between categorical genetic ancestry (GA) and self-

identified race & ethnicity (SIRE) classification. 

Number TCGA participants with SIRE classification (row) that match categorical GA 

classification (column) are shown in each square. Total 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 map, reference 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 Project (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 populations 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 differentially expressed gene (DEGs) sets were tested for classification 

performance of GA groups using elastic net logistic regression. Accuracy in classification 

rates were validated using 10-fold cross-validation (CV) data sets. The area under the 

receiver operating characteristics (AUROC) calculated and averaged across CVs are 

indicated in the parentheses for each cancer type. 
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Figure 20. Forest plots for differentially mutated genes with somatic mutations in 4 

cancers. 

Genes with significantly different rates of somatic mutations between GA groups were 

identified by Fisherôs exact test (minimum number of patients with gene mutation in any 

one group set at five). There were 15 significantly differentially mutated genes (DMGs) 

with somatic variants 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. 



 113 

 

 



 114 

 

 



 115 

 

 



 116 

 

Figure 21. Correlation plots for methylation of CpG probes in 7 DEGs with G×GA 

interaction. 

Spearmanôs rank correlation between selected DEGs (purple) expression level and DNA 

methylation level of CpG islands (CPI). Hierarchical clustering was applied to CPI and 

blue-to-red scale indicate positive and negative correlations between gene expression and 

CPI methylation level. The size of circles corresponds to significance level of p-values with 

significantly correlated CPI in bold. 

 




























































































































































































































































































































































































































































































