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 Cancer is a complex disease driven by genetic variation(1–3). Two main types of genetic 

variation include germline variation, which is inherited, and somatic variation, which is acquired 

through environmental exposures and endogenous processes, such as DNA replication. Both types 

of genetic variation have been critical for precision medicine, tailored to each patient’s individual 

cancer. Traditionally, germline variation has been used for risk stratification while somatic 

variation can be used for treatment selection. For patient risk stratification, several genome-wide 
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association studies (GWASs) have been conducted to identify underlying genetic determinants 

that can predict an individual’s cancer risk. In the GWAS catalog to date, 128,550 associations 

and over 4,000 publications have been reported(4). Despite the wealth of information provided by 

GWAS studies, biological insights from these studies are limited and there is still a poor 

understanding of how inherited variation contributes to cancer behavior.  

One major limitation of GWAS studies is the lack of clinical information to understand 

association. Most large databases only contain basic information, such as demographics and cancer 

status. However, germline variation can underlie important patterns of tumor behaviors, such as 

the immune microenvironment, cancer driver mutation frequency and response to therapy. A better 

understanding of these germline-somatic interactions can help to improve precision medicine 

efforts. Another major limitation of GWAS studies is lack of diverse genetic cohorts. Genetic 

cohorts are dominated by individuals of European ancestry and few genetic cohorts of 

underrepresented populations, such as African-American and Hispanic individuals are exist. In 

this dissertation, I address these limitations through characterization of germline determinants 

underlying the tumor immune microenvironment and diverse ancestral populations. 

First, in Chapter 1, I identified and characterized germline variants underlying the tumor 

immune microenvironment in one of the largest adult cancer cohorts, the Cancer Genome Atlas 

(TCGA). This analysis was motivated by the fact that few biomarkers for immunotherapy exist 

and a better understanding of germline determinants underlying tumor-immune interactions are 

needed, especially considering germline variants are present in immune cells along with cancer 

cells. I identified tumor immune microenvironment SNPs (TIME-SNPs) underlying 157 SNP-

heritable immune phenotype components (IP-components) through our own TCGA analysis. 

Combining these TIME-SNPs with ones collected from literature, we then evaluated cell-type 
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effects of these variants. Finally, we used various bioinformatic pipelines and databases to 

determine which TIME-SNPs were implicated in cancer risk, survival and ICB response. We 

validated one of the genes implicated by our TIME-SNPs as a potential novel immunotherapeutic 

target. 

Next, in Chapter 2, I explored TIME-SNPs in a pediatric cancer cohort collected from 

multiple databases. Pediatric patients have fewer environmental exposures compared to adults and 

have traditionally not been good candidates for immunotherapy. Building on analysis from Chapter 

1, I processed genotypes from multiple pediatric cancer cohorts and specifically explored TIME-

SNPs related to antigen presentation and macrophage infiltration as these were prominent IP 

components explored in Chapter 1. Also, pediatric cancer patients with mismatch repair (MMR) 

deficiencies could be potential good candidates for immunotherapy. Thus, we explored germline 

determinants underlying MMR and their associations with the TIME. 

In Chapter 3, I analyzed one of the largest and most diverse genetic databases, the Million 

Veteran Program, for ancestry-specific associations in testosterone and prostate cancer. 

Specifically, analyses conducted were 1) a multi-ancestral analysis of total testosterone levels, 2) 

discovery and evaluation of an African-ancestry specific polygenic risk score and 3) evaluation of 

a polygenic hazard score for prostate cancer in a multi-ancestry cohort. Through these analyses, I 

found that genetic associations can differ based on ancestral background and identified novel 

ancestry-specific associations that improved prostate cancer prediction. 

With the culmination of these chapters, I demonstrate that inherited variation underlying 

the tumor immune microenvironment and diverse populations can improve our understanding of 

cancer and improve precision medicine efforts.        
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INTRODUCTION 

“Cancer is an expansionist disease; it invades through tissues, sets up colonies in hostile 

landscapes, seeking ‘sanctuary’ in one organ and then immigrating to another. It lives desperately, 

inventively, fiercely, territorially, cannily, and defensively—at times, as if teaching us how to 

survive. To confront cancer is to encounter a parallel species, one perhaps more adapted to survival 

than even we are.” 

–Siddhartha Mukherkee, Emperor of All Maladies 

 

Heritability and Cancer 

Many mechanisms underlie conversion of a normal cell to a tumor cell, making cancer an 

extremely complex disease to treat. At the heart of cancer is genetic variation. Numerous cancer 

genomics studies have demonstrated that DNA sequence changes cause cancer(5, 6). To cure 

cancer, a project to sequence the whole human genome was started in 1990 and completed in 

2022(7–10). Through sequencing the human genome, our understanding of the genetic 

contribution to cancer deepened. Unfortunately, the global burden of cancer is still enormous, with 

more than 12 million new cases and 8 million cancer deaths (11).  

One of the major clinically relevant genetic findings was discovery of heritable cancers. 

These heritable cancers were seen more frequently in families and thus are often referred to as 

familial cancers. In familiar cancers, germline mutations in cancer predisposition genes (CPGs) 

are passed down, significantly increasing risk of cancer in offspring. Prominent cancer 

predispositions genes, include TP53, APC, BRCA2, NF1, RB1, and RUNX1, which are related to 

DNA damage repair. For example, BRCA1 and BRCA2 are tumor suppressor genes the produce 

proteins involved in DNA repair. 55-72% of women with a pathogenic BRCA1 variant develop 

breat cancer compared to normal risk frequency of 13% (12–14). Fortunately, inherited cancers 
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are rare and comprise only ~5-10% of cancers. As a result, inherited variation or germline variation 

was once throught to contribute relatively little to the development of cancer; however, there is 

evidence that inherited variations contributes to the 90-95% of cancers considered “sporadic 

cancers.” Indeed, twin studies estimate overall heritability of cancer at around 33%, with some 

tumors showing evidence for >50% heritability(15). There is a need to better understand the 

contribution of inherited variation to all cancers, not just familial cancers (16). Furthermore, 

familial cancers are often driven by rare variants with minor allele frequency (MAF) < 1%; 

however, understanding the role of common germline variation (MAF > 1%) in cancer is 

important. 

 

Technologies for Probing the Inherited Genome  

SNP arrays are most used for capturing germline variant information due to their cost 

effectiveness and ease of use. SNP arrays usually are comprised of probes that interrogate common 

germline SNPs; however, SNP arrays have improved to have a higher density of rare variants and 

specific disease-relevant SNPs. Custom SNP arrays can be designed; however, most commercial 

SNP arrays select probes that are common germline markers of a haplotype, or block of SNPs that 

are inherited together. For example, the OncoArray SNP array is comprised of over 600,000 

markers of which half are common germline variant markers while the rest were selected from 

known cancer GWAS loci(17). These probes can then be used to estimate missing SNPs through 

imputation. 

 Imputation is process to estimate missing genotypes. The process relies on a reference 

panel and an input of high-quality genotypes of a population of interest. Most common tools for 

imputation include Beagle(18), IMPUTE2(19), MACH+minimac3(20), 
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SHAPEIT2+IMPUTE2(21). Imputation uses a hidden markov model (HMM)) to infer missing 

genotypes based on reference panels, which usually are based on 1000 Genomes project(22) or 

Haplotype Reference Consortium(23) if imputing in a European population. To better impute 

genotypes in non-European individuals, CAAPA panel for African Americans(24), Genome Asia 

for Asian individuals(25) and multi-ethnic HLA panel for HLA imputation(26) have been 

published. Most recently, the TOPMed panel built from 97,256 diverse human genomes and 

308,107,085 variants outperforms all current reference panels(27). Genotyping density, size and 

type of reference panel and tool used for imputation can all affect results(28). After imputation, 

quality control metrics that take into account imputation accuracy, allele frequency and deviation  

from Hardy-Weinberg equilibrium are recommended.  
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Table 0.1 Genetic Cohorts Used for Analysis Genetic cohorts used for thesis chapters 1-3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Cohort Description # individuals 

UK Biobank Longitudinal study of healthy individuals 
in Europe 

500,000 

TCGA Adult cancer patients from 33 different 
cancer types 

10,748 

ELLIPSE Consortium Prostate cancer individuals 91,644 

Million Veteran 
Program 

Genetic study of VA participants  

DRIVE Consortium Breast cancer individuals 60,015 

GTEx Consortium Cell-type specific genetic profiling 15,201 

DICE Immune cell specific eQTL profiling 91 
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 Whole-genome sequencing (WGS) is another more expensive method to acquire germline 

information. WGS is advantageous in that it is not biased by array probes and thus can fuel novel 

germline associations. Also, imputation often performs poorly with very rare variants, while WGS 

can detect these rare variants with enough coverage. In the future, as WGS become more cost-

effective, germline variation will most likely be acquired through WGS(29). Several consortium 

and countries, such as Denmark, United Kingdom, United States, are collecting genetic cohorts to 

serve as resources for germline studies. The cohorts used for this dissertation are detailed below 

and currently offer SNP array-acquired genotypes. However, many are now sequencing these 

samples also. 

 

Genome-Wide Association Studies 

A genome-wide association study (GWAS) tests associations between millions of genetic 

variants and a specified phenotype, such as risk of cancer or height. The first GWAS was 

performed for age-related macular degeneration(30) and since then thousand of GWASs have been 

published. A significance threshold of 5x10-8 is frequently used for statistical cutoffs; however, 

recent literature suggests that meaningful, biological associations sometimes do not reach this 

threshold. Thus, a recommended suggestive threshold of 1x10-5 is used in studies also. 

More than 50 cancer GWAS studies covering 15 different malinancies have been 

published, revealing some valuable biological associations. For example, JAK2 risk variants have 

been implicated in myeloproliferative neoplasms while KITLG risk variants have been linked to 

testicular cancer. In breast cancer, variants implicating FGFR2, TOX3, LSP1, and STXBP4 have 

been identified, although their effects have been modest(31–37). In prostate cancer, GWAS loci 

implicate BRCA2, MSMB, KL3K3 and KLK2(38–50). However, identified loci to date only explain 



 6 

~20% of familial risk and limited studies explore association with aggressiveness of disease(51). 

Some prominent risk loci, for example, the 8q24 risk loci, do not implicate any genes and their 

biological link remains a mystery. Methods linking expression with GWAS statistics, such as 

transcriptome-wide association studies (TWASs), have been helpful in deriving biological 

meaning; however, more methods to interpret GWASs are needed.  

 

Tumor Immune Microenvironment and Immunotherapy 

Part of the complexity of cancer is that it is truly an ecosystem composed of tumor cells, 

immune cells, stromal cells and extracellular matrix. Immune cells are critical to dictating tumor 

development and behavior. In an ideal scenario, an individual’s immune system can detect and 

eliminate tumor cells before detection. However, all cancers become good a “hiding” from the 

immune system, or immune evasion. In a process known as “immunoediting,” tumor cells undergo 

changes in immunogenicity due to host tumor responses. This process consists of: 1) elimination 

by the immune system, 2) equilibrium where some tumor cell escape the elimination phase and 3) 

escape where tumor cells grow and expand, successfully evading the immune system. One of the 

main mechanisms of immune evasion is through downregulation of the antigen presentation 

machinery, such as major histocompatibility complex (MHC) I, proteosome subunits, transporter 

associated with antigen processing (TAP) proteins and tapasin(52–56). Tumor cells and other 

TIME cells can also release immunosuppressive molecules such as TNF-alpha, IL-1, IL-6, CSF-

1, IL-8, IL-10, VEGF, and TGF-beta, which assist in immune evasion(57–59). 

Immunotherapy is a promising avenue for arming the immune system to go after tumor 

cells. Immune checkpoint blockade, which inhibits negative regulators of the immune systems, 

such as PD-1, PD-L1 and CTLA4, has seen impressive outcomes in melanoma with some results 
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also observed in non-small cell lung cancer, small-cell lung cancer, renal cell carcinoma and 

prostate cancer(60–62). Despite some promising results with immune checkpoint blockade, 

generally response rates are low. Biomarkers for immune checkpoint blockade usually are tumor 

mutational burden (TMB) and immune checkpoint expression. Additionally, other markers such 

as CCR5 and CXCL13 have been identified. However, better biomarkers for response are still 

needed. Additionally, other forms of immunotherapy such as adoptive cell transfer (ACT) and 

immune vaccines are under development and may offer alternative options for eliminating cancer. 

Genetic background (the germline genome) is responsible for significant interindividual 

variability of host immune responses(63, 64). Large-scale twin studies found more than 75% of 

immune phenotypes had major heritable components(65). Indeed, GWAS have identified variants 

associated with leukocyte counts(66, 67), severity of tissue rejection in transplantation and 

autoimmune diseases(68). GWAS of the tumor immune micoenvironment have also been 

conducted(69); however, these studies are complicated by the poor understanding of the tumor 

immune microenvironment, limited interpretation of non-coding variants and diversity of cells 

involved. Cell-type specific eQTL discovery and non-coding variant interpretation methods 

methods have been helpful in making progress towards understanding complex mechanisms of 

germline variants (70, 71).  

 

Polygenic Risk Scores 

 While many germline variants are expected to have small effect sizes, genetic risk scores 

that aggregate the contribution of multiple small effect variants have been effective for identifying 

individuals at higher risk of certain cancers. Polygenic risk scores (PRSs) are weighted sums of 

number of risk alleles and an assigned weight, usually an odds ratio for binary traits or beta values 
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for continuous traits from GWAS statistics. PRS is a useful tool for assessing an individuals 

genetic liability and have been used in Alzheimer’s disease, type 2 diabetes, breast and prostate 

cancer and cardiovascular disease. A PRS of 303 risk variants was able to achieve an AUC of 0.63 

and odds ratio of 0.63 for prediction of development for breast cancer(72). Of course, PRS needs 

to be combined with other information to accurately understand a patient’s tumor; however, PRSs 

can be powerful screening tools for identifying patients at higher risk of cancer(73). 

 

Diversity in Germline Studies 

 Most GWASs are conducted in individuals primarily of European ancestry. Indeed, in the 

GWAS Catalog, < 3% of study participants were of African ancestry(74). The lack of diversity in 

genetic studies can cause issues as germline variants, linkage disequilibrium patterns and 

phenotype prevalance can be vastly different in different populations. One major challenge for 

understanding germline variation in non-European populations is that most initial detection of 

SNPs are focused on population of European ancestry and many tag SNPs on genotyping panels 

may not survey the appropriate SNPs needed for a non-European population. This can result in an 

ascertainment bias, where variants have a comparatively higher minor allele frequency and thus 

higher expected heterozygosity that other SNPs. Furthermore, admixed individuals present another 

challenge and might have local ancestral patterns that mediate their disease risk. Some methods 

are in development to address these issues. Diversity in germline studies is critical as they form 

the basis for clinical tools that can modify patient care.  
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CHAPTER 1: Germline modifiers of the tumor immune microenvironment implicate 

drivers of cancer risk and immunotherapy response 

1.1.1 Abstract 

With the continued promise of immunotherapy as an avenue for treating cancer, 

understanding how host genetics contributes to the tumor immune microenvironment (TIME) is 

essential to tailoring cancer screening and treatment strategies. Approaches that intersect SNP 

modifiers of molecular phenotype, such as gene expression, with disease phenotypes have shown 

promise for implicating causal genetic factors. Here we evaluated 194 literature-curated TIME 

associations and 890 associations detected with 157 immune phenotype (IP) components found 

using genotypes from over 8,000 individuals in The Cancer Genome Atlas. Of these 1084, 233 

associations comprising 219 unique TIME-SNPs were also cancer relevant, associating with 

cancer risk, survival, and/or immunotherapy treatment response. Many cancer relevant TIME-

SNPS overlapped regions of active transcription, and were associated with gene expression in 

specific immune cell subsets, such as macrophages and dendritic cells.  TIME-SNPs associated 

with cancer risk and response to immunotherapy implicated genes involved in antigen 

presentation, especially by antigen presenting cells. The strongest associations with survival were 

with PD-L1 and CTLA-4, suggesting that SNPs modifying the potential for immune evasion could 

contribute to disease progression. To assess whether our approach could reveal novel cancer 

immunotherapy targets, we inhibited CTSS, a gene implicated by cancer risk and immunotherapy 

response-associated TIME-SNPs; CTSS inhibition resulted in slowed tumor growth and extended 

survival in vivo. These results validate the potential of cancer relevant TIME-SNPs to implicate 

target genes for countering immune suppressive characteristics of the TIME and set the stage for 

future host genetics analysis integrating germline variation and TIME characteristics.   
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1.1.2 Introduction 

Cancer is a disease characterized by heterogeneous somatic and germline mutations that 

promote abnormal cellular growth, evasion from the immune system, dysregulation of cellular 

energetics, and inflammation(1–4). Both inflammation and immune surveillance contribute to the 

selective forces that shape tumor evolution(3–6). Immunotherapies alleviating immune 

suppressive signals have emerged as a promising treatment strategy; however, response rates are 

low and the determinants of response remain elusive(7, 8). Furthermore, the potential of 

galvanizing the immune system is still unmet due to an incomplete understanding of the complex 

tumor immune microenvironment (TIME). In particular, knowledge of germline factors and other 

intrinsic factors that interact with characteristics of tumors to render them sensitive to host-

immunity or immunotherapy is lacking. 

Efforts to identify germline variation associated with anti-tumor immune responses have 

pointed to effects on immune infiltration levels and immune pathways, such as TGF-β and IFN-

ɣ(9–11). Genes with significant cis-eQTLs in the TCGA are both enriched for immune-related 

genes and associated with immune cell abundance within the TIME(12). These studies provide 

evidence that variants may act through specific effects on immune cells. eQTL profiling of 15 

sorted immune cell subsets from healthy individuals found that the effects of many eQTLs were 

specific to immune cell subsets(13). Understanding mechanisms and cell-type effects of TIME 

host genetic interactions could not only identify aspects of immunity that negatively impact cancer 

and immunotherapy outcomes, but also point to putative targetable cell types and molecules for 

modulating immune responses.  

Here, we sought to identify common germline variants associated with TIME 

characteristics that are also associated with cancer outcomes, reasoning that such dual associations 
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would implicate the aspects of immunity most critical for tumor control and uncover putative new 

targets for immunotherapy(14, 15). We combined a new analysis of The Cancer Genome Atlas 

(TCGA) with previous germline studies to identify 1084 TIME associations and further analyzed 

them to converge on a subset associated with cancer outcomes. Adaptive immune genes relating 

to antigen processing and presentation, including several class I and II MHC genes, were 

implicated in risk for multiple cancers in the UK Biobank and validated in independent cohorts. 

We also found immune checkpoint and Th17 variants underlying immune evasion to be associated 

with overall and progression-free survival, respectively. Lastly, we identified 11 SNPs associating 

with ICB response in publicly available cohorts. Since overlapping eQTL and GWAS signals can 

suggest causal associations, we selected one such gene, CTSS, for validation as a possible 

immunotherapy target and found that inhibition of CTSS prolonged survival and reduced tumor 

growth in an MC38 murine model. These results illuminate the role of common genetic variation 

underlying the TIME in cancer risk and survival while also providing a potential novel avenue for 

immunotherapy target discovery. The study design is summarized in Figure 1.1.  

 

1.1.3 Results 

1.1.3.1. Identifying Heritable Characteristics of the Tumor Immune Microenvironment 

(TIME) 

To focus on common germline genetics with the potential to modify tumor immune 

responses, we assessed which characteristics of the TIME showed evidence of SNP heritability. 

To describe the TIME, we collected a comprehensive set of immune phenotype (“IP”) components 

comprising composite measures derived from bulk gene expression and expression levels of 

individual immune-related genes (Figure 1.1). Composite phenotypes included infiltrating 
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immune cell levels calculated using CIBERSORTx (immune infiltrates) and 6 immune subtype 

scores from a pan-cancer TCGA analysis by Thorsson et al. (landscape components). 

Immunomodulators were collected from Thorsson et al., where weighted gene correlation 

network analysis was used as an unbiased systematic approach to identify gene sets relevant to the 

TIME. We included genes from these sets along with immune checkpoint genes, cell type markers, 

antigen presentation genes, TGF-β pathway genes, and IFN-γ genes as these have been implicated 

as important modifiers of the TIME. After removing IP components with high numbers of zero 

values to reduce spurious associations, we retained 724 immune-related genes and 9 composite 

phenotypes (733 IP components total) measured across 30 cancer types (Table 1.1, Figure S1.1).  

We evaluated the potential of germline variation to explain inter-tumor differences in IP 

components by performing SNP heritability analysis (Figure 1.1). Since highly polymorphic 

regions such as the HLA locus can inflate SNP heritability estimates, we separately estimated SNP 

heritability attributable to the HLA locus and the rest of the genome. We identified 235 (32.0%) 

IP components where levels were SNP-heritable (>5% of variance in expression or composite 

value was attributable to genetic variance; i.e. Vg/Vp > 5%; Figure 1.1). For these 235 IP 

components, we conducted 2-state GCTA analysis and identified 140 (59.6%) that had a 

significant proportion of SNP heritability attributable to regions outside the HLA locus, while 17 

(7.2%) were mostly attributable to the HLA locus at an FDR < 0.05. We focused our TIME-SNP 

discovery analysis on these 157 SNP-heritable IP components. 

 

1.1.3.2 Detecting putative germline modifiers of the tumor immune microenvironment 

To build a comprehensive dataset of germline variants associated with the TIME, we 

integrated associations with SNP-heritable IP components and immune SNPs previously 

implicated by published studies. To identify genetic variants underlying IP component SNP 
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heritability, we performed a genome-wide association study (GWAS). First, we performed GWAS 

for each of the 140 heritable IP components outside of the HLA locus across individuals of 

European ancestry in the TCGA (Figure S1.2). Only common germline variants with minor allele 

frequency > 1% were considered and imputation quality (Rsq) was evaluated to ensure high 

accuracy (Figure S1.2). No evidence of inflation was observed (Figure S1.2). Using linkage and 

distance-based clumping(16), we identified 825 associations with 75 SNP-heritable IP components 

at a threshold of 7.1x10-8 (Bonferroni-corrected suggestive threshold of 1x10-5), with 545 of the 

825 (66.1%) passing a Bonferroni-corrected genome-wide significance threshold of 3.6x10-10 

(Figure 1.2). These 825 TIME associations implicated 795 unique TIME-SNPs. Cis associations, 

defined as an associated locus occurring within 1 MB of an IP component gene transcription start 

site, encompassed the majority (95.0%) of associations(17), while 5.0% of the associations were 

trans. Mechanisms of trans associations are complex and tend to have weaker effects on 

transcriptional regulation(18). In contrast, cis associations are proximal to an IP component and 

have more direct effects on transcription. Overall, ERAP2 (181, 21.9%), CCBL2 (76, 9.2%), DHFR 

(75 9.0%) and ERAP1 (70, 8.5%) had the most germline associations (Figure S1.2) of the 140 IP 

components tested. 

To remove HLA region associations solely attributable to LD structure(19, 20), we 

conducted conditional GWAS analysis for seventeen IP components corresponding to genes in the 

HLA region of chromosome 6, iteratively adding the strongest associated SNP on chromosome 6 

as a covariate until no significant SNPs remained. Alignment to a general HLA gene reference can 

introduce error into expression level estimates due to the highly polymorphic nature of these genes. 

We therefore also revisited SNP associations with gene expression estimates derived from allele-

specific RNA alignments(21) and performed GWAS analysis using allele specific expression.  In 

total, 63 independent TIME-SNPs and 65 TIME associations were associated with HLA region 
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gene expression (Figure 1.2); MHC Class II genes, HLA-DQB1 and HLA-DRB5, had 8 and 7 

significant LD-independent associations, respectively. Generally, LD-independent SNPs clustered 

by genomic regions with HLA-A, HLA-B, HLA-C associated variants falling in the MHC Class I 

genomic region and HLA-DQB1, HLA-DQA1, HLA-DPB1, HLA-DRB5 associated variants falling 

in the MHC Class II genomic region (Figure S1.2). rs17612852 was associated with HLA-DQB1 

expression using both the reference alignment and allele-specific expression. Combining GWAS 

and conditional HLA GWAS associations, we identified 890 TIME associations and 858 unique 

TIME-SNPs. 

We noted some correlation among IP components across tumors, especially for 

components associated with macrophages and lymphocytes which were among the most abundant 

infiltrating immune cells (Figure S1.2). We investigated whether IP component correlation would 

inflate the chance of detecting SNPs associated with a particular group, however analysis of 

summary statistics showed that despite their correlation, IP components typically did not recover 

the same SNP associations unless the IP components were genes encoded at the same genomic 

locus, such as ERAP1 and LNPEP and OAS1 and OAS3 (Figure S1.3). Clustering of pearson 

correlation values amongst SNP-heritable IP components revealed 2 major groups of genes 

(Figure S1.3). The largest group included MHC Class I and II genes along with macrophage genes 

VSIG4, CD163, FCGR2A FCGR3A, HAVCR2, LILRB2, LILRB4 and CD53 (Figure S1.3) and was 

most strongly associated with antigen presentation, dendritic cell processing, and IL-10 production 

(Figure S1.3). The next largest group comprised two anti-correlated subgroups of genes which 

contained EP300 and TREX1 respectively (Figure S1.3). This group of genes were related to 

innate immune activation, the C-type lectin receptor signaling pathway and antigen presentation 

(Figure S1.3). Two major groups of genes correlated with the top 2 principal components from 

Principal Component Analysis (PCA) conducted on the expression of the 157 unique SNP-
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heritable IP components across TCGA tumors. CD53, CD86 and CYBB, which are highly 

correlated (ρ > 0.7) to the Thorsson et al.(22) Macrophage Regulation score, were major 

contributors to PC1 while HACD2, LNPEP and EP300, were major contributors to PC2. 

Previous studies of germline variation and important modulators of immune checkpoint 

response, such as APOE(23), CTSW(24), CTLA-4(25), PD-L1(26, 27), PD-1(28–30), 

CXCR3/CCR5(31), IRF5(32) and FGFR4(33) along with immune signatures and immune cell 

infiltration have been conducted(10, 12, 34). We incorporated these 194 germline associations 

from literature into our analyses (Figure 1.2). Like Shahamatdar et al.(10), we included immune 

infiltrates estimated from bulk RNA sequencing into the set of immune components we 

investigated, however, our filter on the proportion of phenotypic variance explained by genotype 

eliminated one of the two associations reported by Shahamatdar et al. which related to T follicular 

helper cell infiltration (V(g)/V(p) < 0.000001 whereas we required V(g)/V(p) >= 0.05). Zhang et 

al.(24) took a fundamentally different approach, analyzing ER+ breast cancer-associated variants 

from Michailidou et al.(35) for proximity to immunoinflammatory GWAS SNPs. The top SNP, 

rs3903072, was an eQTL for CTSW in breast cancer. Although not specifically focussed on breast 

cancer, our study also identified CTSW as a SNP-heritable IP component (GCTA V(g)/V(p)= 

12.1%) and detected a pan-cancer association with rs3903072 (beta = 0.21, p=2.8e-36). The study 

by Sayaman et al.(34) focused on 139 immune traits described in the Thorsson et al.(22) paper, of 

which 106 were immune signatures and 33 included immune measures such as TCR/BCR 

characteristics, CIBERSORTx infiltration and antigen load. Comparing gene results between 

Sayaman et al. and our study, 10 genes were shared between our analyses, HLA-DRB5, HLA-B, 

HLA-DRB1, MICB, HLA-DQB1, HLA-DQB2, HLA-DQA1, HLA-DQA2, MICA, HLA-C, 

emphasizing the importance of MHC Class I and II machinery in modifying the TIME. Of our 

variants, 31 were in linkage disequilibrium (LD) (R2 > 0.20) with 485 of 598 Sayaman et al. snps. 
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Using R2 > 0.50, 19 of our variants were in LD with 361 Sayaman et al. SNPs. 

Combining TIME-associations and literature SNPs resulted in a set of 1084 candidate 

SNPs. A number of TIME-SNPs were associated with multiple IP components, thus we had a 

greater number of associations than TIME-SNPs. For example, within our own discovery pipeline, 

rs2693076 was associated with LILRB2, PLEK, MYO1F, and CD14. From literature curation, 

Sayaman et al. identified associations with rs2111485 and multiple signatures, including 

interferon-signaling and IFIT3 signaling. 

 

1.1.3.3 Identification and Characterization of TIME-SNPs Related to Cancer Outcomes.  

 A screen to detect TIME-SNPs would be expected to detect variants associated with 

immune traits more generally, including variants that may have little relevance to cancer. To focus 

our analysis on TIME-SNPs with evidence for cancer relevance, we evaluated their association 

with disease risk, progression and response to immunotherapy. SNPs associated with any of these 

aspects were considered cancer relevant. 

         SNPs were designated cancer risk associated if they had previously been implicated by a 

cancer GWAS study in the NHGRI-EBI GWAS catalog(36, 37), Vanderbilt PheWAS catalog(38) 

or were found to associate with an ICD10 code related to cancer in a PheWAS of the UK 

Biobank(39). Rather than a GWAS which analyzes many genetic variants with one phenotype, a 

PheWAS analyzes many phenotypes compared to a single genetic variant. In our study, we 

conducted a PheWAS in the UK Biobank with TIME-SNPs and identified 61 cancer risk 

associations, We also identified 64 cancer risk associations through intersection with the NHGRI-

EBI GWAS catalog and 92 associations through intersection with the Vanderbilt PheWAS catalog. 

Although we used different methods to assess cancer risk, we observed high overlap in risk variants 

identified by the three sources (Figure S1.4). When assessing overlap based on the corresponding 
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IP components, a higher degree of overlap was observed, with only 2 SNP-heritable IP 

components, TAP2 and LNPEP, being uniquely implicated by the UK Biobank (Figure S1.4). In 

total, 138 unique TIME-SNPs associated with 41 IP components had cancer risk associations. This 

included risk associations with non-melanoma skin cancer, melanoma, lung cancer, prostate 

cancer, breast cancer and head and neck squamous cell carcinoma. Most cancer risk associations 

were found with the MHC II gene signature described in Sayaman et al.(40) (31), CTSS expression 

(12) and ERAP2 expression (11). 

We next evaluated association of TIME-SNPs with overall and progression-free survival 

in the TCGA. We identified 92 associations and 87 variants that were significantly associated with 

overall or progression-free survival in at least one tumor type (FDR < 0.05). Of the variants 

associated with overall survival, the majority of associations occurred in cervical squamous cell 

carcinoma and endocervical adenocarcinoma (CESC, 8), uterine carcinosarcoma (UCS, 8) and 

thyroid cancer (THCA, 7). Variants associated with progression-free survival were also found in 

cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC, 6), but otherwise 

were most frequent in stomach adenocarcinoma (STAD, 5), rectum adenocarcinoma (READ, 5), 

and liver hepatocellular carcinoma (LIHC, 5). Variants associated with PD-1, the MHC II 

signature, GPLD1, ERAP1, ERAP2, CTSW, dendritic cell signatures, VAMP3 and FAM216A were 

associated with survival in more than 1 tumor type in the TCGA. For example, the intronic PD-L1 

variant, rs822339, was associated with overall survival in multiple cancer types, including lung 

adenocarcinoma (LUAD), kidney chromophobe cancer (KICH) and thyroid cancer (THCA), 

confirming survival associations reported by Yoshida et al(26). Of these 87 variants, 5 remained 

significantly associated with survival in a Cox proportional-hazards analysis with covariates, 

including 3 PD-L1 variants, an ERAP2 variant and a DCTN5 variant. 

To investigate the implication of TIME-SNPs for immune checkpoint blockade (ICB) 
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response, we collected sequencing and ICB response information for 276 patients with melanoma 

treated with immune checkpoint inhibitors from 4 studies(41–45), and imputed SNPs from exome 

sequencing data. Accuracy of exome-based imputation was assessed by comparing original TCGA 

genotype calls to genotypes imputed in from TCGA exome data at positions matching those in the 

ICB data; aside from variants on chromosome 6 within the HLA region most variants were 

accurately imputed. Ultimately, of the 1084 TIME-SNPs, we considered 525 that could be imputed 

with sufficient quality (minor allele frequency > 0.05 in all 4 discovery ICB cohorts with 

imputation accuracy of at least 0.3(46, 47). For ICB variant discovery, we conducted meta-analysis 

with METAL(48) and found that 6 SNPs were significantly associated with ICB response (FDR < 

0.25), implicating IP components such as PSMD11, ERAP1, TREX1, ERAP2 and a T follicular 

helper cell signature. With a less stringent FDR threshold (FDR < 0.5), 11 variants were associated 

with ICB response, implicating the following additional genes: CTSS, FAM216A, DHFR, DCTN5, 

LYZ. 

In total, these analyses implicated 219 TIME-SNPs and 233 associations as cancer relevant. 

Assessing overlap based on SNPs passing significance thresholds, 12 variants associated with 

DBNDD1, CCBL2, ERAP2, GPLD1, DCTN5, HLA-DQA1, HLA-DRB5, HLA-DQA1, CTLA-4 and 

the MHC II signature were implicated in both risk and survival analysis. The CTSS variant, 

rs2305814, was associated with cancer risk and ICB response, the DHFR variant, rs434130, was 

associated with cancer survival and ICB response and the DCTN5 variant, rs546055 was associated 

with cancer risk, survival and ICB response. IP components CTSS, ERAP1, TREX1, ERAP2 and 

DCTN5 were implicated in both cancer risk and immunotherapy response while FAM216A, 

ERAP1, TREX1, ERAP2, DHFR, DCTN5, and LYZ were implicated in both cancer prognosis and 

immunotherapy response. 

Focusing on these 219 cancer relevant TIME-SNPs, we sought to understand what aspects 
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of the tumor-immune interface were affected. Cancer relevant TIME-SNPs were associated with 

65 unique IP components. Several of these were antigen presentation and macrophage regulation 

genes, including both MHC I and II pathway genes (Figure 1.3). Fifty-two of the 233 (22.3%) 

associations were from literature curation and included associations with the MHC II signature, 

the T follicular helper cell signature, IFN, the IFIT3 attractor signature, CTLA-4, PD-1, PD-L1, 

APOE, CTSW, and monocyte, dendritic cell and TH2 cell infiltration. Of the 181 (77.7%) 

associations from our TIME germline discovery pipeline, the majority of variants were detected 

as cis associations (96.1%), aside from 7 (3.9%) trans associations (Figure S1.4). Ten cancer 

relevant TIME-SNPs (4.6%) affected protein-coding regions (Figure S1.4). In the case of CTSS, 

HLA-B, TAP2, HLA-A, CTLA-4 and APOE, missense variants in coding regions were associated 

with expression differences. In addition, missense variants in AP5B1 and ERAP1 were associated 

with expression differences in CTSW and ERAP2, respectively (Figure S1.4) and missense 

variants in EGFL8 and CCHCR1 were associated with differences in the MHC II signature 

described by Sayaman et al. 

As the majority of TIME-SNPs fell within non-coding genomic regions, we evaluated their 

potential to affect regulatory sites. Histone marks provide important information about regulation 

of chromatin architecture and accessibility of DNA sequence for transcription(49). Regions 

harboring TIME-SNPs were strongly enriched in H3K27ac, H3K36me3 and H3K4me3 histone 

marks and depleted in H3K9me3 histone marks (Figure 1.3) (50). H3K27ac is a known marker of 

active enhancers and H3K4me3 is usually enriched at promoters near transcription start sites(51, 

52) suggesting some TIME-SNPs are broadly associated with transcription while others may be 

gene specific. Coincidentally, TIME-SNPs were depleted in repressive H3K9me3 marks(53).  In 

addition to overall enrichment in markers of active transcription, enrichment in particular histone 

marks was more pronounced in certain immune cell types. The strongest enrichment in cis-
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regulatory elements was seen in PBMCs, CD14+ monocytes, B cells and CD8+ T cells. 

         To obtain more information about TIME-SNP cell-type specific effects, we evaluated 

whether TIME-SNP association with gene expression in TCGA was dependent on immune cell 

infiltration level or corresponded to known immune eQTLs in DICE. Of the 219 variants, 37 were 

macrophage cell-type eQTLs, 32 were CD4+ T cell-type eQTLs, 26 were CD8+ T cell-type eQTLs 

and 22 were B cell-type eQTLs (Figure 1.3). Comparing myeloid-specific eQTLs to lymphoid-

specific eQTLs, variants associated with TAP2, CTLA-4, FCGR3B, ERAP2 and DBNDD1 were 

myeloid-specific. Looking specifically at cell types implicated by risk, survival and 

immunotherapy response, macrophages, CD4+ and CD8+ T cells were the cell types with the most 

associations (Figures S1.4). These findings reveal a subset of TIME-SNPs that specifically modify 

the activity of genes in immune rather than tumor cells and indicate cell types that may contribute 

to cancer risk, progression and immunotherapy response. 

 

1.1.3.5 TIME-SNPs underlying antigen presentation stratify melanoma and prostate cancer 

risk  

We further analyzed genes with TIME-SNP cancer risk associations in the UK Biobank. 

At a strict FDR threshold (FDR < 0.05), 57 TIME-SNPs were associated with cancer risk, 28 of 

which were associated with genes critical for antigen presentation, such as CTSS, ERAP1, CTSW, 

ERAP2 and MHC Class I and II genes. Using a less stringent FDR threshold (FDR < 0.20), we 

identified 119 TIME-SNPs associated with cancer risk, including 65 variants associated with genes 

critical for antigen presentation. 

We noted an EP300 variant weakly associated with risk of neoplasms of digestive organs 

(FDR < 17%). EP300 can potentiate MHC Class I antigen presentation(54) and EP300 somatic 

mutations have been reported in multiple types of cancer. Downregulation of EP300 has been 
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associated with higher anti-tumor immunity and suggesting that EP300 inhibition could potentiate 

immune checkpoint blockade(55, 56). However, in work by Kruper et al., higher EP300 expression 

was associated with more rapid tumor cell proliferation and sensitivity to ICB, while lower activity 

conferred resistance, suggesting instead that EP300 loss may potentiate immune evasion(54). In 

our case, the variant allele was associated both with increased expression in the TCGA and with 

higher cancer risk in the UK Biobank, suggesting that more rapid growth could outweigh the 

benefit of immune evasion for early digestive tumors(55). Cell-type interaction analysis did not 

reveal EP300 variant interaction with any specific immune cell types. 

To further validate antigen presentation TIME-SNPs as bona fide cancer risk SNPs, we 

asked whether a polygenic risk score (PRS) using antigen presentation TIME-SNPs would 

generalize to independent cancer cohorts. A TIME-SNP melanoma PRS restricted to associations 

with antigen presentation genes and the MHC Class II signature described in Sayaman et al. 

stratified patients with high vs low risk in the UK Biobank  (Figure 1.4) and validated in an 

independent cohort of 3029 melanoma cases and controls for UT MD Anderson(57). Although the 

difference in PRS score distributions for cases and controls was small (Figure 1.4), the odds of 

melanoma were significantly different in the top and bottom 10th quantile in the validation cohort 

(Figure 1.4). The MHC II Signature described in Sayaman et al. was strongly correlated with 

MHC class II genes, such as HLA-DQB1, but also weakly correlated with MHC Class I gene 

expression (Figure S1.5). 

Eleven variants were associated both with prostate cancer risk in the UK Biobank (FDR < 

0.2) and with the MHC II signature or antigen presentation genes, with 1 SNP in common with the 

melanoma PRS.  A prostate cancer TIME-SNP PRS constructed from these in the UKBB stratified 

patients with high vs low risk (Figure 1.4) and validated in an independent cohort of 91,644 

prostate cancer cases and controls for ELLIPSE Consortium(58). Although the difference in PRS 
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score distributions for cases and controls was small in the validation cohort (Figure 1.4), the odds 

of prostate cancer were significantly different in the top and bottom 10th quantile (Figure 1.4). 

Notably, 14 of the melanoma PRS snps and 4 of the prostate cancer PRS snps were DICE 

eQTLs. Of the melanoma PRS snps, 10 were macrophage cell-type eQTLs and 10 were CD8+ T 

cell-type eQTLs. This suggested that the PRS might be related to cancer risk through modulation 

of the inflammatory landscape. Indeed, in the TCGA, tumors in the upper 10th quantile of the 

melanoma TIME-SNP PRS had higher levels of infiltration by pro-tumor inflammatory M2-like 

(Figure 1.4), but not M0 or M1-like macrophages. Promotion of an inflammatory pro-tumor 

environment was also correlated with decreased CD8+ T cell infiltration (Figure 1.4).  

 

1.1.3.6 Variants underlying immune evasion are associated with cancer survival  

We revisited the 92 significant associations and 87 unique variants implicated via Kaplan-

Meier Analysis (FDR < 0.05) using the burden of SNPs in each of the categories shown in Figure 

3A by performing a within tumor type Cox Proportional-Hazards analysis with covariates 

including age of diagnosis, gender, and stage of cancer, requiring associations to pass an FDR < 

0.05. We found a significant association of immune checkpoint variant burden with overall 

survival in lung adenocarcinoma (FDR < 0.05) (Figure 1.5A, S1.6). In the case of Th17 signature, 

Th2 signature, and dendritic cell signatures, we only had 1 variant per category. Nonetheless, these 

variants were significantly associated with progression-free survival (FDR < 0.05) (Figure 1.5, 

S1.6). The variant associated with Th17 was an IL17RA intronic variant. We observed worse 

survival (Figure 1.5) in liver and hepatocellular carcinoma patients with this variant that increased 

IL17RA expression in TCGA (Figure 1.5). Indeed, this confirms reports that IL-17 is associated 

with worse survival in hepatocellular carcinoma through the potential pro-inflammatory role of 

IL-17(59, 60). 
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We also found the burden of immune checkpoint variants to be significantly associated 

with overall survival in lung adenocarcinoma (Figure 1.5). Three variants in the burden score were 

associated with PD-L1 and 2 with CTLA-4. Two PD-L1 variants were in regions associated with 

the gene promoter while 1 was in a region associated with H3K27ac marks, suggesting variants 

may modify transcription of the genes (Figure S1.6). Interestingly, while we did not see 

correlation of the burden score with PD-L1 expression in bulk tumor RNA, we observed weak 

correlation with expression of PD-1 and CTLA-4 (Figure 1.5). Individuals with mid-level burden 

had increased expression of immune checkpoints and worse survival compared to individuals with 

a lower burden of variants, consistent with the immuno-inhibitory roles of these molecules. 

However, individuals with high immune checkpoint burden had significantly decreased immune 

checkpoint expression. This observation could point to an adaptive response of the tumor immune 

microenvironment or even potential non-genetic compensatory mechanisms that have developed 

to avoid high immune checkpoint expression throughout life. We investigated correlation of the 

burden score with tumor mutation burden (TMB) in lung cancers but found no significant 

correlation (Figure S1.6). Since immune checkpoint molecules have very cell-type specific 

expression, we investigated correlation of the burden score with expression of PD-L1 specifically 

in immune cell types (Figure 1.5) and indeed found positive correlation in immune cell subsets, 

except for stimulated CD8+ and CD4+ T cells. These results confirm that TIME-SNPs have cell-

type effects, as we observed stronger effects of TIME-SNPs on immune cell specific expression 

compared to bulk RNA expression in the TCGA. 

 

1.1.3.7 TIME-SNPs Implicate Targets for Modulating Immune Responses 

 To evaluate whether cancer relevant TIME SNPs implicate aspects of tumor immunity that 

could serve as an entry points for immunotherapy, we further analyzed the 11 variants associated 
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with ICB response, and their associated IP components (Figure 1.6). We confirmed that TIME-

SNP genotypes were similarly distributed and free of artifacts across all cohorts by PCA analysis 

(Figure S1.7). The direction of effect of variants associated with responder status was mostly 

consistent across cohorts, though there were some differences observed with the PSMD11 variant, 

rs28459155 (Figure 1.6). This variant was associated with lower odds of being a responder in 

Miao et al. and Hugo et al. but higher odds of being a responder in Van Allen et al., Snyder et al. 

and Riaz et al. As a comparison to current ICB biomarkers, we also evaluated association of tumor 

mutation burden (TMB) and expression levels of PD-L1, PD-1, and CTLA-4 with responder status 

and found no significant associations (Figure 1.6). We ran associations with the 11 variants and 

TMB, PD-L1, PD-1, and CTLA-4 to determine if any variants were associated with these 

previously researched biomarkers. We observed an association between TMB and ERAP1 variant 

rs27765 in Hugo et al. (Figure S1.7). 

 We constructed a burden score with the response-associated allele for all 11 variants across 

the four melanoma ICB cohorts and confirmed that ICB responders had a significantly higher score 

compared to non-responders (Figure 1.6). The association between higher burden score and ICB 

response remained significant in two additional independent validation cohorts from Miao et al. 

(renal cell carcinoma) and Rizvi et al. (non-small cell lung cancer) (Figure 1.6). We repeated this 

analysis selecting 11 TIME-SNPs at random, matched for minor allele frequency, and found that 

the observed difference in burden score between responders and nonresponders was significantly 

larger than random in both discovery and validation sets (Figure S1.7). Although we had a small 

sample size, we built a polygenic risk score trained on the discovery melanoma cohort using 

PRSice and were able to achieve an AUC of at least 0.6 in Rizvi et al. and Miao et al. validation 

sets (Figure S1.7). We then evaluated how much of the variation in responder status was explained 

by germline burden score, TMB, TMB plus immune checkpoint markers, and all of these markers 
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together. Germline burden score explained some variance in responder status in all 6 cohorts (2.5-

25.4%). In Van Allen et al., Hugo et al., and Riaz et al., germline burden score explained more 

variance than TMB and immune checkpoint markers. In Van Allen et al. and Riaz et al., the 

combination of all markers maximized the variance explained (Figure 1.6). 

 Colocalization of gene expression and GWAS signals can point to putative causal disease-

related genes. To determine if genes implicated by TIME-SNPs could reveal candidate 

immunotherapy targets, we analyzed the genes associated with the 11 variants. These genes once 

again emphasized a central role for antigen processing and presentation pathways (GO:0048002 

antigen processing and presentation of peptide antigen [fold enrichment = 90.33, FDR < 0.0351], 

GO:0030333 antigen processing and presentation [fold enrichment = 82.46, FDR < 0.0011] ).  

Examining gene expression available for 4 of the 6 cohorts, we noted that none of these genes 

were significantly differentially expressed between ICB responders and nonresponders. However, 

some TIME-SNPs were associated with high expression of an IP component gene and worse 

outcome, uncovering potential targets to validate. Two TREX1 variants were associated with 

immunotherapy response; rs11917071 was associated with increased TREX1 expression in Van 

Allen et al. and lower odds of being a responder (Figure S1.7), and rs2267844 was associated with 

decreased TREX1 expression in Hugo et al. and Miao et al. and higher odds of being a responder 

(Figure S1.7). These results are consistent with findings that TREX1 acts as an immunoinhibitor 

that prevents cGAS-STRING initiation, with inhibition of TREX1 stimulating IFN𝜸 signaling and 

autoimmunity, making it a potential immunomodulatory target(61, 62). PSMD11 variant 

rs28459155 was associated with lower odds of being a responder but increased expression of 

PSMD11 (Figure S1.7). PSMD11, a proteosomal protein involved in ubiquitination, is associated 

with worse prognosis in pancreatic cancer(63). Similarly, CTSS variant rs23058814 was associated 

with higher odds of being a responder and decreased CTSS expression in Van Allen et al. (Figure 
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S1.7). Increased CTSS expression has been linked to tumor progression in follicular lymphoma 

due to decreased CD8+ T cell recruitment(64). In two separate mouse models, significant 

differences in Ctss expression was observed between immunotherapy responders and non-

responders (Figure S1.7). Furthermore, we observed increased M1 macrophage infiltration in 

individuals with CTSS variant in Hugo et al. (Figure S1.7). 

 Based on these association data, we hypothesized the inhibition of CTSS would improve 

ICB response. To test this hypothesis, we treated mice implanted with MC38 tumors with a CTSS 

small molecule inhibitor. Mice treated with CTSS inhibitor had slowed tumor growth and better 

survival compared to control mice (Figure 1.6). We also evaluated the interaction of CTSS 

inhibitor treatment with anti-PD-1. Mice treated with CTSS inhibitor or anti-PD-1 monotherapy 

had significantly decreased tumor growth and better survival compared to control mice. 

Additionally, tumor growth was further decreased in mice treated with the combination of anti-

PD-1 and CTSS inhibitor as compared to mice treated with anti-PD-1 or CTSS inhibitor alone. In 

the MC38 model, we observed an increase in infiltrating M1 macrophages and a decrease in M2 

macrophages similar to findings from Hugo et al. (Figure 1.6). These findings demonstrate that a 

focused screen for cancer relevant TIME-associated variants provides a fruitful strategy to reveal 

novel immunotherapy targets. Furthermore, the influence of CTSS inhibition on the myeloid 

landscape, identifies macrophages as potential cell type that may modulate immunotherapy 

response. 

 

1.1.4 Discussion 

The success of immunotherapies has generated enthusiasm for using the human immune 

system as a weapon to eliminate cancers(65–68). However the very existence of cancer indicates 

the failure of the immune system to control malignant cell populations throughout multiple stages 
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of tumor development(4). Here we studied genetic variants associated with interindividual 

differences in immune traits and the tumor immune microenvironment, reasoning that these 

variants could reveal the aspects of immunity most critical for the successful immune control of 

tumors. We focused on a subset of immune characteristics that showed evidence of SNP 

heritability in The Cancer Genome Atlas or were implicated in the literature and that were also 

associated with cancer outcomes including risk, survival and response to immune checkpoint 

inhibitors. Out of the 1084 SNP associations with 129 immune phenotype (IP) components, 

ultimately 219 TIME-SNPs associating with 65 IP components met these criteria. 104 of these 

SNPs were not in LD (R2 < 0.5) with genome-wide significant SNPs reported by cancer GWAS 

studies or Vanderbilt PheWAS catalog despite interacting with important clinical outcomes. In 

addition, we demonstrated that our approach could implicate putative targets to modify anti-tumor 

immunity; TREX1 has previously been highlighted as a promising target(61), and small molecule 

inhibition of CTSS resulted in slower tumor growth and longer survival of mice, with effects 

comparable to anti-PD-1. While several studies suggest that CTSS may have immune suppressive 

roles in follicular lymphoma(64, 69, 70), this is the first time to the best of our knowledge that 

inhibition of this gene was shown to relieve immune suppression in solid tumors. 

 The immune system interacts with tumors throughout their development and treatment, 

both through tumor-promoting inflammation and immune-mediated elimination of cancerous 

cells(71, 72). Cancer relevant SNP associations implicated IP components related to antigen 

presentation (MHC Class I and II, CTSS, ERAP1) and inflammation (Th17, Th2).  Limited sample 

sizes and the inability to impute HLA region SNPs with sufficient quality in exome-only cohorts 

impeded the complete assessment of pleiotropy in the context of cancer relevance. Nonetheless, 

we found several SNPs linked to genes involved in antigen presentation and evasion of the adaptive 
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immune response associated with multiple aspects of the tumor-immune interplay. More generally, 

we saw that IP components implicated in cancer risk were mainly those involved in both MHC 

Class I and Class II antigen presentation, while SNPs associated with prognosis pointed to genes 

that would support evasion of the MHC I CD8+ T cell axis including PD-L1, CTLA-4 and Th17.  

 Adaptive immunity is crucial for the host anti-tumor immune responses. In cancer, 

downregulation of antigen presentation machinery is a frequent mechanism of immune evasion. 

MHC Class I and II genotypes shape mutational landscapes in cancer and inform immunotherapy 

response(73–75). Interestingly, we found multiple germline variants associated with both MHC 

Class I and Class II genes were also associated with cancer risk. This included several antigen 

presentation pathway genes not directly encoding the MHC and located outside of the HLA region: 

CTSS, CTSW, ERAP1, ERAP2, and TAP2. ERAP1 and ERAP2 are endoplasmic reticulum 

peptidases that trim peptides before loading them onto MHC proteins(76, 77). ERAP1/ERAP2 

polymorphisms have been associated with cervical cancer and autoimmunity(78–84). CTSS is a 

cysteine protease critical for MHC Class II loading and is frequently mutated in follicular 

lymphoma. Its loss limits communication with CD4+ T follicular helper cells while inducing 

antigen diversification and activation of CD8+ T cells(64, 69). CTSW is crucial for cytotoxicity 

and is expressed in specific immune cell types(69). Interestingly, the involvement of MHC II and 

immune cell specific genes suggest that inter-individual variation in immune surveillance 

contributes to cancer risk. In further support of this, polygenic risk scores constructed from MHC 

II pathway associated germline variants were able to stratify melanoma and prostate cancer risk in 

multiple cohorts. These two tumor types fall at opposite ends of the spectrum of immune activity, 

with melanoma being one of the most immunotherapy responsive tumors, and prostate cancer 

being one of the least(85, 86).  Furthermore, MHC Class II expression is linked to ICB response 
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in melanoma(87). Although prostate cancer is considered immunologically “cold”, rare dramatic 

responses to immunotherapy have been documented(88). MHC Class II is usually restricted to 

professional antigen presenting cells although prostate cancer cells have been shown to express 

MHC Class II. The Class II pathway is crucial for a prolonged anti-tumor response as it leads to 

sustained CD8+ T cell activation and leads to more complete tumor clearance. Due to low 

imputation quality, we were not able to assess the dependence of ICB responses on HLA region 

SNPs, however CTSS was both detected and validated as a determinant of response, suggesting 

MHC Class II could also underlie response to immunotherapy. Together with reports from multiple 

immune vaccines studies that responses were primarily driven by CD4+ T cells(89–92), these 

findings place further emphasis on the central importance of MHC II for effective anti-tumor 

immune responses.  

Innate immunity is the branch of the immune system that acts as the body’s first line of 

defense against microbial pathogens and cancer cells, and involves cells originating in the bone 

marrow that carry non-polymorphic receptors. Cells of the innate branch of the immune system 

such as macrophages and dendritic cells play a pivotal role in the tumor microenvironment creating 

a hostile pro-inflammatory environment, suppressing T cells, promoting angiogenesis, and 

initiating lymphangiogenesis. TREX1, TLR2, VAMP3 and APOE were among innate immune 

genes implicated by our screen. In a recent study it was shown that mice with one missense 

mutation (D18N) in the TREX1 gene were protected from tumor growth, and that protection was 

associated with a reduced expression of PD-1 in T lymphocytes (aka less exhaustion)(93). This 

study supports the view that a missense mutation of TREX1 leads to enhanced tumor T cell 

immunity. Using RNA-seq analysis, we found individuals with TREX1-reducing variants had 

higher odds of being ICB responders. Arguably, TREX1 inhibition could be regarded as a viable 
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anticancer immunotherapeutic strategy. 

In general, the innate compartment was implicated mostly through cell type eQTL analysis. 

Variants associated with ERAP1, CTSW, DCTN5, MICA, BTN3A2 and MHC Class I and II were 

cell for cells in both innate and adaptive subsets. CTSW was a cell-type eQTL for macrophages 

and dendritic cells, as well as CD8+ T cells and B cells. Although CTSW has strong immune 

expression in cytotoxic cells, such as NK cells and CD8+ T cells, previous literature has found 

CTSW to be prognostic and correlated with infiltration of both innate and adaptive cell types(94). 

rs61802301, associated with FCGR2B, was specifically an cell-type eQTL for B cells; FCGR2B 

is crucial for B cell regulation(95). However, variants associated with TAP2, CTLA-4, FCGR3B, 

ERAP2, and DBNDD1 were cell-type eQTLs primarily for myeloid cells, specifically antigen-

presenting cells such as macrophages and dendritic cells. CTLA-4 is expressed on dendritic cells 

and induces IFN𝛾 production by dendritic cells(96). We also observed that targeting CTSS resulted 

in a higher abundance of inflammatory M1 macrophages versus suppressive M2 macrophages, 

consistent with suppressor myeloid cells impairing effective anti-tumor immunity and ICB 

response(97, 98). The abundance of innate cell cell-type eQTLs affecting adaptive genes may 

suggest that a disconnect between innate and adaptive function forms the basis of dysregulated 

adaptive immunity in the tumor immune microenvironment.  

Noteably a SNP-based burden score reproducibly correlated to ICB response across 

multiple cohorts with melanoma, non-small cell lung cancer (NSCLC) and kidney cancer (RCC). 

Furthermore, this burden score compared favorably with other popular measures such as tumor 

mutation burden (TMB) and checkpoint gene expression for predicting binary response category. 

In renal cell carcinoma the link between tumor mutation burden (TMB) and ICB response is not 

clear, in contrast to high TMB diseases like melanoma and NSCLC where higher TMB is 
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associated with better responses(45, 99–101). Possibly, in a setting with low TMB such as in RCC, 

host genetics have more value as prognostic biomarkers. In the future, germline determinants of 

the TIME could be integrated into predictors alongside other characteristics of the tumor immune 

microenvironment that have been found to inform immune response such as TMB, PD-L1 

positivity, the number and quality of T cells(102), IFN-ɣ response, cytotoxicity scores, T cell 

activation and T cell exhaustion signatures(43–45, 103–110). Some of these factors require 

profiling of tumor RNA which is less commonly performed in clinical settings. If germline variants 

could serve as a proxy for characteristics of the TIME that otherwise require more complex 

molecular profiling, they could provide an avenue for more cost-effective tools for the clinic.  

A potential limitation of the applicability of our approach is that discovery of TIME-SNPs 

is dependent on the availability of paired genomic and transcriptomic data from tumors, which is 

currently available only for a few cohorts. Effect sizes associating genetic variants with cellular 

phenotypes are likely to be larger than those linking genetic variants to diseases(111–113), 

however the number of associations detected may still be limited by available sample sizes and 

the limited population diversity thereof. We were able to impute a subset of our SNPs into existing 

immune checkpoint blockade study cohorts that had only exome sequencing, but others falling 

outside of exonic regions could not be analyzed in this context. Studies focused on tumor exomes 

and transcriptomes could include genome-wide SNP profiling via arrays or low pass whole 

genome sequencing to allow more effective integration into future studies of germline genomic 

variation. 

1.1.5 Materials and Methods 

1.1.5.1 TCGA Subject Details  

The Cancer Genome Atlas (TCGA) consists of tumor and matched normal samples for 
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over 11,000 patients. The Genomic Data Commons (GDC) legacy archive contains germline data 

for 11,542 samples from 10,875 unique individuals. Samples with TCGA project IDs: DLBC, 

LAML, THYM were excluded as they represent cancers derived from immune cells. Pairs of 

individuals with estimated KING kinship coefficient > 0.177, which represents first-degree 

relatedness were excluded. TCGA individuals were consented for general research use and no 

attempts were made to reidentify or contact subjects. Both females and males were included, and 

sex and individual age were included as covariates.  Experimenters were not blinded, and 

randomization of subjects was not relevant to the study.  

 

1.1.5.2 TCGA Genotypes  

Normal (non-tumor) level 2 genotype calls generated from Affymetrix SNP6.0 array 

intensities using BIRDSUITE (RRID: SCR_001794) software(114) were retrieved from TCGA 

GDC Legacy Portal (accession date: 04/26/2019). In these files, each of 906600 SNPs was 

annotated with an allele count (0=AA, 1=AB, 2=BB, -1=missing) and confidence score between 

0 and 1. Genotypes with a score larger than 0.1 (error rate > 10%) were set to missing and data 

were reformatted for PLINK (RRID:SCR_001757)(16). We discarded 322 SNPs with probe names 

that did not match the hg19 UCSC Genome Browser (RRID:SCR_005780) Affymetrix track 

(track: SNP/CNV Arrays, table:snpArrayAffy6). Allele counts were converted to alleles using the 

definitions in metadata distributed with Affymetrix SNP 6.0 Array Documentation and negative 

strand genotypes were flipped to the positive strand using PLINK (PLINK, RRID:SCR_001757). 

Pre-imputation processing of autosomal and X chromosome genotypes consisted of the following 

steps: 

1. SNPs with call rate <90% were removed 
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2. SNPs with minor allele frequency (MAF) <1% were removed 

3. Individuals with genotype coverage <90% were removed 

4. Individuals with conflicting gender assignments were flagged 

5. Heterozygous haploid SNPs were set to missing. 

After applying these filters, the remaining 800644 autosomal and 32809 X chromosome SNPs 

were input to the secure Michigan Imputation Server(115). SNPs were imputed with 

Minimac3/Minimac4 and European HRC Version r1.1 2016 reference with Eaglev2.3 phasing.  

Post-imputation processing of genotypes included: 

1. SNPs with MAF <1% were removed 

2. Autosomal SNPs with Hardy-Weinberg Equilibrium <1e-9 were removed 

3. Individuals with high heterozygosity rates (>3 SDs of mean) were removed 

4. Pairs of individuals with kinship coefficient > 0.177 (first-degree relatedness) were 

removed 

Rsq values from INFO files were extracted to annotate genotyping quality. The final genotyping 

data included 8217 individuals and 7,884,718 variants. 

  

1.1.5.3 TCGA Population Stratification  

 Ancestry filtering was applied using two techniques: (1) k-means clustering and (2) outlier 

identification. For k-means clustering, TCGA and HapMap Phase III populations were combined. 

HapMap Phase III genotypes were obtained from the NCBI HapMap ftp site and lifted to hg19 

using the liftOver utility(116). Genotypes were merged and reduced to a set of 33,675 independent 

SNPs determined previously(113, 116) through linkage-based filtering using PLINK 

(RRID:SCR_001757). Pairwise identity-by-state (IBS) between all individuals was calculated and 
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the resulting IBS matrix was used for PCA analysis. K-means clustering trained on HAPMAP 

Phase III separated individuals into the following groups: (1) TSI, CEU, (2) JPT, CHD, CHB, (3) 

MEX, (4) GIH, (5) MKK, (6) YRI, ASW, LWK. This trained model was used to predict groups in 

TCGA. Cluster (1) were identified as European individuals. 

We ran the aberrant R package v1.0 with lambda 20 for outlier identification(117). 

Intersection of k-means clustered individuals and non-outlier individuals from outlier 

identification analysis was used to include TCGA individuals in the European ancestry discovery 

cohort. 

 

1.1.5.4 TCGA Phenotype Data  

PanCanAtlas RNA data from GDC PanCanAtlas Publications Supplemental Data 

(https://gdc.cancer.gov/about-data/publications/pancanatlas) was downloaded (access date: 

10/14/19). Only primary tumors (barcode: 01A/01B/01C) were considered in our analysis. 

Corresponding clinical metadata were obtained from the GDC Portal (https://tcga-

data.nci.nih.gov/docs/publications/tcga/).  

The following phenotypes were extracted or generated from RNA-seq data: 

1. Immunomodulators: 436 genes used to define immune states from Thorsson et al. 

2. Immune checkpoint molecules: 78 immune checkpoint stimulatory and inhibitory 

molecules from Thorsson et al. 

3. Antigen Presentation: 231 antigen presentation genes from Gene Ontology 

[GO_REF:0000022] 

4. Immune cell markers: 60 immune cell type markers from Danaher et al. 

5. IFN-ɣ: IFN-ɣ genes retrieved from Biocarta [Systematic Name: M18933] 
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6. TGF-β: TGF-β genes retrieved from Biocarta [Systematic Name: M22085) 

7. Immune states: Individual level scores for 6 immune states [wound healing, IFN-ɣ 

dominant, inflammatory, lymphocyte depleted, immunologically quiet, and TGF-β 

dominant] from Thorsson et al. 

8. Immune infiltration levels: 22 relative immune infiltration estimates from 

CIBERSORTx(118) using LM22 signature matrix. 

Phenotypes with greater than 10% zero values were excluded and rank-based inverse normal 

transformation (Figure S1) was applied to each tissue type using below equation (119): 

qnorm((rank(x,na.last="keep")-0.5)/sum(!is.na(x)))     

A total of 733 phenotypes remained for preliminary analyses. 

 

1.1.5.5 Heritability Estimates 

Heritability estimates were calculated with the genomic-relatedness-based restricted 

maximum-likelihood (GREML) approach implemented in GCTA (Genome-wide Complex Trait 

Analysis)(120, 121). Genetic relationship matrices (GRMs) which measure genetic similarity of 

unrelated individuals (GRM <0.05) were constructed for the autosomal and X chromosomes for 

the European cohort. Benjamini-Hochberg false discovery rates (FDR) were calculated using 

statsmodels(122). Immune traits were considered sufficiently heritable if the V(g)/V(p) value was 

> 0.05 using the full GRM. 

As highly polymorphic regions such as HLA and KIR gene regions can inflate heritability 

estimates, we conducted a 2-state GCTA analysis with separate GRMs for HLA/KIR regions 

(HLA chr6:28,477,797-33,448,354, KIR chr19:55,228,188-55,383,188) and with the rest of the 

genome excluding HLA/KIR regions. Age and sex were included as covariates. An FDR < 0.05 
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was used to identify SNP-heritable IP components from 2-state analysis. If an IP component had 

high SNP heritability using the HLA/KIR GRM, a conditional GWAS analysis was conducted; 

otherwise, a standard GWAS analysis with Bonferroni-corrected suggestive p-value threshold was 

conducted. Ultimately, 140 IP components outside of the HLA/KIR regions and 17 IP components 

within the HLA/KIR regions were identified.  

 

1.1.5.6 Principal Component Analysis  

157 SNP-heritable components were analyzed using sklearn. IP component values were 

scaled by Sklearn Standard Scaler and used for principal component analysis (PCA). Ordinary 

least squares (OLS) regression was performed with 157 IP components and principal components, 

wherein the beta coefficient represents the degree of change in principal component for every unit 

change in IP component. P-values indicate whether a coefficient was significantly different from 

0.   

 

1.1.5.7 GWAS Analysis  

The GLM method in PLINK (RRID:SCR_001757) was used to conduct association 

analyses with IP components. All associations were adjusted for covariates of age, sex and the first 

ten principal components. Gene expression values, CIBERSORTx relative infiltration estimates, 

and immune state scores were inverse-rank normalized by tissue type to control for tissue-type 

expression effects. Significant associations were identified with the PLINK (RRID:SCR_001757) 

clumping method using the primary suggestive threshold corrected for the number of phenotypes 

tested(123) (1x10-5/140) using a kb threshold of 500, and an R2 threshold of 0.5.  

 To determine if variants had been implicated in previous cancer GWAS studies, variants 
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were input into the LDlink server (https://ldlink.nci.nih.gov/?tab=ldtrait) using parameters “EUR” 

population, an R2 threshold of 0.5 and base pair window of 500kb(36, 37). We also retrieved the 

Vanderbilt PheWAS catalog(38) and any TIME-SNPs in high linkage disequilibrium (R2 > 0.5) 

with Vanderbilt PheWAS catalog cancer risk SNPs were included as cancer risk variants. Lastly, 

we assessed SNPs by PheWAS analysis in the UK Biobank (detailed below). 

 

1.1.5.8 Conditional HLA analysis  

The PLINK (RRID:SCR_001757) GLM method was used to run stepwise conditional 

analysis for identification of independent HLA associations(20). The most significant initial 

associations detected with HLA region phenotypes by standard GWAS analysis were incorporated 

as covariates in the subsequent round. Specifically,  we re-ran the analysis with chromosome 6 

variants including the most significant SNP (lowest p-value in the previous round) as a covariate. 

Analysis was conducted until no SNPs with Bonferroni-corrected p-value < (1x10-5/17) remained. 

 

1.1.5.9 HLA Allele Specific Expression 

TCGA tumor specific RNA BAM files were downloaded from the GDC on 07/16/2019. 

The HLApers(124) kallisto-based pipeline was used with gencode.v30 annotations(125). Default 

parameters were used and the two alleles with the highest calculated expression were retained for 

each HLA gene if there were more than 2 alleles reported. The top 2 highest expressed HLA alleles 

for each gene were averaged for input into SNP analyses. If expression for at least two alleles was 

not calculated, expression was set as missing for the sample. Only primary samples 

(01A/01B/01B) were considered for analysis. Summed HLA allele specific expression was 

inverse-rank normalized by cancer type and used for downstream analyses. 
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1.1.5.10 Literature TIME-SNPs 

We compiled existing germline variants associated with the tumor immune 

microenvironment (TIME) or ICB response from the literature. We collected 14 studies with their 

descriptions below: 

1. Kogan et al. JCI 2018: Discovery of FGFR4 germline variant which enhances STAT3 

activity impeding CD8 T cell infiltration 

2. Queirolo et al. Front Immunol 2017: Investigation of 6 CTLA-4 SNVs in 173 metastatic 

melanoma patients with overall response and survival information 

3. Uccellini et al. J Transl Med 2012: IRF5 polymorphism was associated with non-response 

to adoptive therapy with TILs 

4. Bedognetti et al. Br J Cancer 2013: CXCR3 and CCR5 genetic polymorphisms were 

evaluated for expression of respective ligands and TIL migration 

5. Lim et al. PNAS 2018. Systematic identification of germline genetic polymorphisms 

associated xCell cell type gene signatures (gsQTLs) in TCGA. 

6. Shahamatdar et al. Cell Reports 2020. Systematic identification of germline genetic 

polymorphisms associated with immune infiltration in TCGA. 

7. Ostendorf et al. Nat Medicine 2020. Identification of APOE2 and APOE4 germline variants 

associated with melanoma progression and ICB response in mice. 

8. Zhang et al. Front Genet 2019. Identification of breast-cancer associated variant 

modulating CTSW expression 

9. Sayaman et al. Immunity 2020. Systematic identification of germline variants associated 

with 33 immune traits including leukocyte subsets, adaptive receptor, immune expression 
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signatures.  

10. Yoshida et al. Eur J Cancer 2021. Identification of 2 PD-L1 variants associated with 

survival outcomes in advanced non-small-cell lung cancer patients. 

11. Kula et al. Exp Mol Pathol 2020. Review of 10 PD-L1 genetics variants.  

12. Salmaninejad et al. Immunogenetics 2018. Review of 5 frequently studied PD-1 genetic 

variants.  

13. Sasaki et al. Mol Clin Oncol 2014. Characterization of PD-1 promoter variant and 

association with survival in non-small cell lung cancer. 

14. Tang et al. Int J Clin Exp Med 2015. Characterization of 3 PD-1 variants and association 

with cancer risk.  

For Sayaman et al., 598 significant associations were identified, 520 of which were within the 

MHC II region. To identify independent Sayaman et al SNPs, we performed linkage 

disequilibrium-based clumping with the same parameters used for our analysis. After clumping, 

55 independent Sayaman et al SNPs remained. 

 

1.1.5.11 GREGOR  

GREGOR was used to analyze SNP enrichment at epigenetic features. We obtained 479 

bed files for 11 histone experiments and 52 cell types from ENCODE (downloaded on May 3, 

2020). Only “stable peaks” and “replicated peaks” files were kept for analysis. If more than 1 bed 

file for a cell type and histone mark were available, the files were combined. 

In addition, 323 bed files for 12 transcription factor binding experiments and 12 cell types 

were downloaded from ENCODE (RRID:SCR_015482) on August 4, 2020. Only “optimal IDR 

thresholded peaks” and “conservative IDR thresholded peaks” files were kept.  If more than 1 bed 
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file for a cell type and transcription factor were available, the files were combined. 

GREGOR (RRID: SCR_009165) was run with EUR Reference files made from the 1000 

Genomes Project data with an LD window size of 1MB and LD R2 > 0.7. Enrichment ratios were 

calculated by taking the difference between observed and expected number of SNPs and dividing 

by the expected number of SNPs. Any files with Audit errors were excluded. 

 

1.1.5.12 Variant Annotation 

Variants were annotated with VEP (Variant Effect Predictor)(126) with default parameters 

and the GRCh37 reference genome. Coding variants were mapped to protein sequences using the 

Uniprot GFF file. 

 

1.1.5.13 Cell-Type eQTL Analysis 

We followed the GTEx approach for cell type interaction eQTL discovery(17). We ran a 

linear regression model with an interaction term accounting for interactions between genotype and 

cell type enrichment from xCell(127): 

p ∼ g + i + g ◦ i + C     

where p is the IP component  vector, g is the genotype vector, i is the inverse normal transformed 

by tissue type xCell enrichment score(127), and the interaction term g ◦ i corresponds to pointwise 

multiplication of genotypes and cell type enrichment scores. The same covariates, denoted by C, 

were used as in the regular immune microenvironment GWAS analysis. Benjamini-Hochberg FDR 

was calculated for the beta coefficient of the interaction term and variants with FDR < 0.1 were 

identified as significant. 

DICE expression quantitative trait loci (eQTLs) were obtained at https://dice-



 59 

database.org/. Methods associated with DICE eQTL discovery are published in Schmiedel et 

al(128). 

 

1.1.5.14 UK Biobank  

UK Biobank subjects were subsetted into separate ethnic-racial groups following 

continental ancestry prior to analysis. The sub-setting was performed to generate homogenous 

groups and reduce potential admixture bias in the genetic analyses. To identify the European-

ancestry samples, we started with directly called genotype data and identified a set of overlapping 

SNPs with 1000 Genomes Project and AWS (RRID:SCR_008801) (1KG) population and then 

merged them together. Next, we pruned the SNP set so remaining SNPs were in linkage 

equilibrium using PLINK (PLINK, RRID: SCR_001757)(16). flashpca was used to calculate 

principal components for 1KG SNPs(129). The UK Biobank samples were projected onto 1KG 

space using flashpca. To identify subjects of European ancestry, we utilized Aberrant to generate 

clusters with a broad set of lambda values (clustering thresholds) and checked that the cluster 

included all 1KG subjects of European ancestry and maximized the total number of UK Biobank 

subjects (lambda=8.2)(117). Finally, we compared the self-reported race/ethnicity of subjects 

within this cluster and removed samples that were discordant. We identified 454,487 subjects of 

European ancestry. To identify the unrelated samples from the finalized European list, we used the 

relatedness file provided by UK Biobank and a custom script was used to select unrelated samples 

while maximizing sample counts. The final European unrelated set included 382,841 subjects. 

Variant dosages extracted from imputed UK Biobank BGEN files were used for PheWAS 

analysis with PLATO v2.0.0(130). ICD10 diagnosis codes associated with neoplasms and immune 

disorders were collapsed according to level-1 groupings used by UK Biobank resulting in a total 
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of 24 groups. For example, C00-C14 is one of the groups containing ICD10 codes associated with 

malignant neoplasm of lip, oral cavity, and pharynx. Individuals with diagnosis code in a group 

were coded as 1, with the remaining individuals coded as 0. Logistic regression was conducted 

with UK Biobank binary files containing HLA-immune variants, logistic phenotype file, and age, 

sex, and principal components 1-10 as covariates. Pvalues were Benjamini-Hochberg FDR 

adjusted.   

 

1.1.5.15 Survival Analysis 

Kaplan-Meier analysis of immune microenvironment associations were conducted with 

overall and progression-free survival retrieved from Liu et al.(131) by cancer type using the 

lifelines package. As recommended by Liu et al, TCGA cancer types, TGCT and PCPG, were 

excluded as survival data did not meet quality standards. TCGA individuals were divided into 3 

groups based on genotype calls: minor allele homozygotes, heterozygotes and major allele 

homozygotes. Significance was determined using the logrank test between minor allele and major 

allele homozygotes. Only SNPs with at least 1% minor allele frequency in each cancer type and 

more than 1 minor allele homozygous individual were considered for analysis. Logrank p values 

were corrected using the Benjamini-Hochberg method from the statsmodel package and only 

variants with FDR < 0.1 were considered. 

 

1.1.5.16 Immune Checkpoint Blockade (ICB) Cohort Genotypes 

Raw fastq files were obtained for the following immune checkpoint trials: Hugo et al. 2016 

(SRA accession: SRP090294, SRP067938; Cancer: melanoma)(41), Van Allen et al. 2015 (SRA 

accession: SRP011540, Cancer: melanoma)(42), Miao et al. 2018 (SRA accession: SRP128156, 
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Cancer: clear cell renal carcinoma)(132), Riaz et al. 2017 (SRA accession: SRP095809, 

SRP094781; Cancer: melanoma)(44), Rizvi et al. 2015 (SRA accession: SRP064805, Cancer: non-

small cell lung cancer)(43), Snyder et al. 2014 (SRA accession: SRP072934, Cancer: 

melanoma)(45). Reads were aligned to UCSC hg19 coordinates using BWA (RRID:SCR_010910) 

v0.7.17-r1188(133). Reads were sorted by SAMTOOLS ( RRID:SCR_002105) v0.1.19(134, 135), 

marked for duplicates with Picard Tools (RRID:SCR_006525) v2.12.3 and recalibrated with 

GATK (RRID:SCR_001876) v3.8-1-0(136–138). Germline variants were called from sorted BAM 

files using DeepVariant v0.10.0-gpu(139, 140). The final immunotherapy cohort consisted of 68 

clear cell renal carcinoma, 276 melanoma and 34 non-small cell lung cancer patients. 

To evaluate the quality of SNP imputation from whole exome data, we took advantage of 

the TCGA having both. Of the 1,322,586 variants available from DeepVariant analysis of 

immunotherapy cohort, 225,000 were available in TCGA imputed data. We extracted these 

225,000 variants from TCGA and input into the Michigan Imputation Server (reference panel: 

HRC, phasing: Eagle). We compared genotypes from whole-exome calls vs. original Affymetrix-

based TIME-SNP calls. Variants with >5% mismatches in genotype calls, minor allele frequency 

< 5% in any cohort or imputation accuracy (R2 < 0.3) were excluded. Only variants with at least 

5% frequency in all 4 melanoma cohorts used for discovery analysis were considered for ICB 

analysis, leaving 525 SNPs. 

Population stratification analysis was conducted by taking overlapping variants between 

TCGA and ICB cohorts. Variants with MAF differences > 0.1% were excluded resulting in 3612 

frequency-concordant variants. PLINK IBD analysis was conducted, and top 10 principal 

components were included in association analysis. 
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1.1.5.17 Immune Checkpoint Blockade (ICB) Response Analysis 

Subject phenotypes were downloaded from supplementary information of ICB trial 

publications. Four melanoma cohorts were used as the discovery cohort for ICB-associated 

variants, while Miao et al renal cell carcinoma and Rizvi et al non-small cell lung cancer cohorts 

were used for validation. Response phenotypes were determined from iRECIST criteria(141). 

Patients were categorized as responders if they had iRECIST criteria: CR (complete response), PR 

(partial response) and SD (stable disease). Genome-wide association studies (GWASs) were 

conducted for ICB responders within each ICB-cohort using PLINK (PLINK, 

RRID:SCR_001757). Age, sex and the top 10 principal components were included in the logistic 

analysis as covariates. We then used METAL(48) with a sample size weighting scheme to perform 

a pan-study melanoma meta-analysis for ICB response. 

Eleven variants (FDR < 0.5) were selected for construction of a germline burden score. 

Variant genotypes were aligned such that the allele associated with higher odds of responder status 

were used for construction of the burden score, which was a simple count of the number of ICB-

associated variants for each individual.  

 

1.1.5.18 Immune Checkpoint Blockade (ICB) Response RNA-seq 

FASTQ/BAM files were downloaded for 33 RCC and 120 melanoma patients. BAM files 

were converted to FASTQ using bam2fq(135). Unpaired reads were removed using fastq 

pair(142). Paired reads were aligned with STAR ( RRID:SCR_004463) v2.4.1d(143) to GRCh37 

reference alignment. RSEM(144) was used for transcript quantification. TPM values were log2 

transformed for analyses. Differential gene expression analysis between responders and non-

responders from cohorts Riaz et al. 2017, Hugo et al. 2016, Miao et al. 2018, and Van Allen et al. 
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2015 was performed using the DESeq2143 package in R. Cohort was included as a covariate when 

calculating top differentially expressed genes. 

 

1.1.5.19 Mouse experiments 

Wild-type C57BL/6 (RRID:IMSR_JAX:000664) were purchased from The Jackson 

Laboratory. All the animal studies were approved by the Institutional Animal Care and Use 

Committee (IACUC) of university of California, San Diego, with protocol ASP #S15195. Mice at 

Moores Cancer Center, UCSD are housed in micro-isolator and individually ventilated cages 

supplied with acidified water and fed 5053 Irradiated Picolab Rodent Diet 20 lab diet. Temperature 

for laboratory mice in our facility is mandated to be between 65–75 ° F (~18–23 °C) with 40–60% 

humidity. All animal manipulation activities are conducted in laminar flow hoods. All personnel 

are required to wear scrubs and/or lab coat, mask, hair net, dedicated shoes, and disposable gloves 

upon entering the animal rooms. 2x105 MC38 ( RRID:CVCL_B288) cells were transplanted into 

the flank of 8-10 female C57Bl/6 (RRID:IMSR_JAX:000664) mice, aged 7-8 weeks. Where 

indicated, when tumors reached 100 mm3, mice were randomized and treated with anti-PD-1 

(10mg/kg i.p., Bio X Cell Cat# BE0146, RRID:AB_10949053, clone RMP1-14), CTSS inhibitor 

(5mg/kg, i.p., APEx Bio) or isotype control antibody. Treatments were given 3 times a week. 

Where indicated (or when control-treated mice succumbed to tumor burdens, as determined by the 

ASP guidelines), mice were euthanized and tumors were taken for flow cytometric analysis. MC38 

cells were not screened using STR profiled on site.  

 

1.1.5.20 Reagents 

PD-1 antibody (clone RMP1-14, Bio X Cell Cat# BE0146, RRID:AB_10949053) and 
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isotype antibody (catalog #BE0091) were purchased from Bio X Cell. 

 

1.1.5.21 RT-PCR  

RNA from MC38 ( RRID:CVCL_B288) tumors was extracted using the RNeasy Mini Kit 

(Qiagen catalog #74104). 500ng of RNA per reaction was used to prepare cDNA with the 

SuperScript™ VILO™ cDNA Synthesis Kit (ThermoFisher Scientific) following manufacturer’s 

instructions. The cDNA was used to set up the RT-PCR reaction with 4 technical replicates per 

tumor with the Fast SYBR™ Green Master Mix (ThermoFisher Scientific) according to 

manufacturer’s instructions. PCR quantification was conducted using the 2-ΔΔCT method and 

normalized to the housekeeping gene β-actin.  

 RNA-seq and CIBERSORTx infiltration estimates for M4 melanoma mouse model were 

obtained from GEO accession (GSE144946). Responders were mice whose size at harvest was 

smaller than the last dose of anti-CTLA-4. RNA-seq counts were converted to TPM and log2 

normalized.  
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1.1.6 Figures 

 
 
Figure 1.1 Characterization of Tumor Immune Microenvironment (TIME) (A) Overview of 
the TIME germline analysis. (B) Clustermap depicting 733 IP components and their pairwise 
correlation across 30 tumors in the TCGA. (C) Horizontal barplot of variance in phenotype 
explained by variance in genotype (Vg/Vp) for 235 IP components estimated separately genome-
wide excluding the HLA locus (left panel) and using only the HLA locus (right panel).   
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Figure 1.2 Detecting Putative Germline Modifiers of the Tumor Immune Microenvironment 
(A) Locuszoom plot summarizing 890 associations between germline SNPs and 93 IP components. 
Outer ring represents locations of all 157 tested IP components. Links are colored if implicated in 
cancer risk (orange), survival (green) or immunotherapy response (blue) (B) Significant 
associations between SNPs and 17 IP components in the HLA region detected through conditional 
GWAS analysis for effects on gene expression using either a basic alignment to the reference 
genome (conditional), or allele specific expression obtained by aligning to a patient-specific HLA 
reference allele set. (C) Ideogram plot of TIME-SNPs implicated by our discovery analysis (red) 
and literature curation (blue). 
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Figure 1.3 Identification and Characterization of TIME-SNPs Related to Cancer Outcomes 
(A) Clustermap of cancer relevant associations with barplot of TIME-snps implicated in cancer 
risk, survival and immunotherapy response. (B) Mean enrichment ratio of immune 
microenvironment variants in histone marks with corresponding enrichment ratios in specific cell 
types. (C) Barplot of cell-type specific TIME-SNPs implicated by DICE and ieQTL analysis.   
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Figure 1.4 TIME-SNPs Underlying Antigen Presentation Stratify Melanoma and Prostate 
Cancer Risk (A) UK Biobank quantile plot of polygenic risk score (PRS) constructed from 
antigen presentation gene TIME-SNPs and Sayaman et al. MHC II signature TIME-SNPs 
associated with melanoma risk. (B) Violinplot of PRS constructed from antigen presentation genes 
and MHC II signature TIME-SNPs in melanoma cases and controls in High Density melanoma 
cohort. (C) Odds of melanoma risk among individuals in the top and bottom 10th quantile of PRS 
in ELLIPSE consortium. (D) UK Biobank quantile plot of PRS constructed from antigen 
presentation gene TIME-SNPs and Sayaman et al. MHC II signature TIME-SNPs associated with 
prostate cancer risk. (E) Violinplot of PRS constructed from antigen presentation genes and MHC 
II signature TIME-SNPs in prostate cancer cases and controls in ELLIPSE Consortium. (F) Odds 
of prostate cancer risk among individuals in the top and bottom 10th quantile of PRS in ELLIPSE 
consortium (G) Boxplot of macrophage infiltration in primary TCGA SKCM (melanoma) in top 
and bottom 10th quantile of melanoma antigen presentation TIME-SNP PRS. (H)  Boxplot of 
CD8+ T cell infiltration in TCGA SKCM (melanoma) in top and bottom 10th quantile 
of  melanoma antigen presentation TIME-SNP PRS. 
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Figure 1.5 Variants Underlying Immune Evasion are Associated with Cancer Survival (A) 
Cox Proportional-Hazards odds ratios for immune checkpoint burden score (constructed from 5 
immune checkpoint variants) with overall survival separated by TCGA cancer type. (B) Cox 
Proportional-Hazards odds ratios for rs17807076 and progression-free survival separated by 
TCGA cancer type. (C) Progression-free survival Kaplan-Meier curve based on rs17807076 
genotype in TCGA LIHC. (D) Violin plot of rs17807076 genotype and bulk RNA-seq expression 
of IL17RA in TCGA LIHC. (E) Overall survival Kaplan-Meier curve based on burden of 5 immune 
checkpoint variants (immune checkpoint variant burden) in TCGA LUAD. (F) Average expression 
of immune checkpoint molecules, PD-L1, PD-1 and CTLA-4, stratified by immune checkpoint 
variant burden (G) Association of PD-L1 expression with immune checkpoint variant burden in 
15 immune cell types from DICE.   
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Figure 1.6 TIME-SNPs Implicate Targets for Modulating Immune Responses (A) Q-Q plot 
of METAL meta-analysis sample-size weighted association with immunotherapy response in Riaz 
et al., Snyder et al., Hugo et al. and Van Allen et al. melanoma discovery cohort. (B) Grid plot of 
log odds ratio of variants with responder status in 6 ICB cohorts with beta coefficients of classic 
ICB biomarkers (TMB, PD-L1, PD-1, CTLA-4) association with responder status. (C) Boxplot of 
burden score constructed from 11 significant ICB variants (FDR < 0.5) in discovery melanoma 
cohort. (D) Boxplot of burden score constructed from 11 significant ICB variants (FDR < 0.5) in 
Miao et al validation cohort. (E). Boxplot of burden score constructed from 11 significant ICB 
variants (FDR < 0.5) in Rizvi et al validation cohort. (F) Pseudo-R2 (variance explained) with 
germline burden score only, TMB only, expression of PD-L1, PD-1 and CTLA-4, and germline 
burden score with TMB and expression of  PD-L1, PD-1 and CTLA-4. (G) Tumor growth curve 
for C57BL/6 mice implanted with MC38 treated with anti-PD-1, anti-CTSS, and combination of 
anti-PD-1 and anti-CTSS. (H) Survival curve for C57BL/6 mice implanted with MC38 treated 
with anti-PD-1, anti-CTSS, and combination of anti-PD-1 and anti-CTSS. (I) Barplot of the 
proportion of F4/80 Macrophages that are Arginase+ M2 macrophages and MHCII+ M1 
macrophages respectively for MC38 tumors treated with anti-CTSS compared to controls 
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1.1.7 Tables 

Table 1.1 TCGA Cancer Types 
TCGA Cancer type 
abbreviation Cancer 

LUSC Lung squamous cell carcinoma 

LUAD Lung adenocarcinoma 

KIRC Kidney renal cell carcinoma 

KIRP Kidney renal papillary cell carcinoma 

COAD Colon adenocarcinoma 

BRCA Breast invasive carcinoma 

READ Rectum adenocarcinoma 

UCEC Uterine corpus endometrial carcinoma 

LIHC Liver hepatocellular carcinoma 

THCA Thyroid carcinoma 

BLCA Bladder urothelial carcinoma 

STAD Stomach adenocarcinoma 

PRAD Prostate adenocarcinoma 

HNSC Head and Neck squamous cell carcinoma 

CESC 
Cervical squamous cell carcinoma and 
endocervical adenocarcinoma 

SARC Sarcoma 

SKCM Skin cutaneous melanoma 

PAAD Pancreatic adenocarcinoma 

ESCA Esophageal carcinoma 

KICH Kidney chromophobe 

PCPG Pheochromocytoma and Paraganglioma 

CHOL Cholangiocarcinoma 
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1.1.8 Supplementary Figures 

 

 

Figure S1.1 Characterization of Tumor Immune Microenvironment (A) Boxplot of FGR 
expression values after inverse-rank normalization by cancer type. (B) Adjacency matrices created 
from Pearson Correlation matrices amongst immune phenotypes were used to construct highly 
related immune phenotypes hubs. Phenotypes from different literature sources are colored 
differently. (C) Boxplot of CIBERSORTx infiltration across TCGA individuals. (D) Barplot of 
V(g)/V(p) values for 137 heritable IP components immune phenotypes using a two-state GCTA 
model: HLA/KIR polymorphic regions (blue), rest of the genome (orange). 
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Figure S1.2 Detecting Putative Germline Modifiers of the Tumor Immune 
Microenvironment (A) PCA analysis of TCGA genotypes; green indicates European discovery 
cohort. (B) Boxplot of Rsq distribution of imputed genotypes across chromosomes. (C) Plot of 
inflation factors (lambda) for associations using PancanAtlas data. (D) Barplot of number of 
associations for each immune phenotype (IP) components. (E) Scatterplot of HLA associations 
based on chromosome 6 genomic location. (F) Boxplot of CIBERSORTx infiltration across TCGA 
individuals. 
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Figure S1.3 Detecting Putative Germline Modifiers of the Tumor Immune 
Microenvironment (A) Clustermap depicting 157 SNP-heritable IP components from two-state 
GCTA analysis and their pairwise correlation across 30 tumors in the TCGA. (B) Network plot of 
group 1 (antigen presentation) genes from pearson correlation Clustermap analysis. (C) Network 
plot of group 2 (innate immune stimulation) genes from pearson correlation Clustermap analysis 
(D) Top 10 GO enrichment terms and enrichment values from group 1 (antigen presentation) 
genes. (E) Top 10 GO enrichment categories and enrichment values from group 2 (innate immune 
stimulation) genes.  (F) Scatterplot of pearson correlation of IP components and number of 
overlapping significant variants. 
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Figure S1.4 Identification and Characterization TIME-SNPs Related to Cancer Outcomes 
(A) Venn Diagram of overlap between TIME-SNPs implicated by UK Biobank PheWAS, 
Vanderbilt PheWAS catalog and NHGRI-EBI GWAS Catalog (LDtrait). (B) Venn Diagram of 
overlap between IP Components implicated by TIME-SNPs by UK Biobank PheWAS, Vanderbilt 
PheWAS catalog and NHGRI-EBI GWAS Catalog. (C) Barplot quantifying the number of cancer 
relevant TIME-SNPs which are trans (>1 MB from the TSS of the associated IP component) and 
cis. (D). Barplot describing the effects of cancer relevant TIME-SNPs. (E) Location of missense 
TIME-SNPs (red) and known genetic variation (blue) in the coding sequence of affected IP 
components. The IP component with which the SNP was associated is shown on the right side. (F) 
Boxplot of number of cancer risk, survival and immunotherapy response TIME-SNPs which are 
cell-type eQTLs. 
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Figure S1.5 TIME-SNPs Underlying Antigen Presentation Stratify Melanoma and Prostate 
Cancer Risk Correlation between Sayaman et al. MHC Class II signature and HLA-A, HLA-B, 
HLA-C and HLA-DQB1 expression. 
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Figure S1.6 Variants Underlying Immune Evasion are Associated with Cancer Survival (A) 
Cox Proportional-Hazards results from association with burden score, if more than 1 variant 
association for IP category was detected, and overall survival for each TCGA cancer type. (B). 
Cox Proportional-Hazards results from association with burden score, if more than 1 variant 
association for IP category was detected, and progression-free survival for each TCGA cancer 
type. (C) Location of PD-L1 variants implicated through literature review in relation to cell-type 
specific H3K27ac and H3K9ac marks. (D) Violin plot of immune checkpoint burden score and 
tumor mutational burden. 
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Figure S1.7 TIME-SNPs Implicate Targets for Modulating Immune Responses (A) PCA plot 
of 11 TIME-SNPs associated with immunotherapy response (FDR<0.5) (B) Grid plot of beta 
values of variant association with TMB, CTLA-4, PD-1, and PD-L1 by each cohort. (C) Grid plot 
of beta values of variant association with TMB, CTLA-4, PD-1, and PD-L1 controlling for cohort 
(D) Histogram of difference between average burden score for 100 random bootstrapping trials 
compared to actual difference based on 11 TIME-SNPs (red) in discovery cohort. (E) Histogram 
of difference between average burden score for 100 random bootstrapping trials compared to actual 
difference based on 11 TIME-SNPs (red) in Miao and Rizvi et al validation cohort. (F) ROC-AUC 
Curve Analysis for PRSice PRS scores trained on the discovery cohort and tested on Miao et al 
and Rizvi et al. (G) Boxplot of rs11917071 association with TREX1 expression across ICB cohorts. 
(H) Boxplot of rs2267844 association with TREX1 expression across ICB cohorts. (I) Boxplot of 
rs28459155 association with PSMD11 expression across ICB cohorts. (J) Boxplot of rs2305814 
association with CTSS expression across ICB cohorts. (K) Ctss expression in non-responder and 
responder of M4 melanoma mouse model. (L) Ctss expression in non-responder and responder of 
MC38 mouse model. (M) Boxplot of rs2305814 association with M1/M2+M0 macrophage 
infiltration across ICB cohorts.  
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CHAPTER 2: TIME-SNPs in Pediatric Cancer 

2.1.1 Abstract 

Pediatric tumors are the second leading cause of death in children. Furthermore, pediatric 

cancer survivors experience a sequela of long-term effects related to their cancer and treatment 

that are debilitating. Immunotherapy is a promising alternative for pediatric patients; however, 

immune checkpoint blockade clinical trials in children show limited benefit and a better 

understanding of the pediatric tumor immune microenvironment (TIME) is needed. Since pediatric 

immunotherapy trial data is limited, we evaluated known determinants of the tumor immune 

microenvironment and compared the relevance in adult and pediatric tumors. To address this, we 

started by doing a comprehensive analysis of over 2000 pediatric patients and compared genetic 

determinants of antigen presentation in pediatric and adult patients. One of the main antigen 

presentation machineries is HLA and we found generally HLA genotype allele frequencies were 

consistent between pediatric and adult tumors. We conducted analyses to identify enriched or 

depleted HLA alleles in pediatric and adult cancers compared to non-cancer controls in the UK 

Biobank. Identified HLA alleles enriched or depleted in pediatric and adult cancer were shared. 

Several pediatric cancer-associated HLA alleles were associated with age of diagnosis and a 

minority of HLA alleles significantly influenced immune infiltration in an age-dependent manner. 

Adult antigen presentation TIME-SNPs were significantly associated with antigen presentation in 

pediatric tumors as well. These results suggest germline determinants of antigen presentation are 

shared between adults and pediatric patients, suggesting that host anti-tumor immunity is playing 

a role in pediatric cancer risk as well. 

 

2.1.2 Introduction 
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 Pediatric tumors are the second leading cause of death in children after accidents(1). The 

most common types of cancer include leukemias, central nervous system (CNS) tumors, 

lymphomas, neuroblastomas, kidney tumors and malignant bone tumors. An improvement in 

pediatric cancer survival has been observed between 1994 and 2014; however, survival rates for 

some pediatric cancer types remain low. For example, pediatric brain tumors have replaced 

leukemias as the leading cause of pediatric cancer death(2–4). Furthermore, pediatric cancer 

survivors still face challenges related to cancer treatment such as cognitive and developmental 

deficits, endocrine disorders and an increased susceptibility to secondary cancers(5). A better 

understanding of pediatric cancers is needed to provide better care to pediatric cancer patients and 

address long-term complications in pediatric cancer survivors. 

 Pediatric tumors are different from adult tumors. Adult tumors are relatively more frequent 

compared to pediatric tumors. Approximately 10,600 cases of cancer are diagnosed in children 

under age 15 compared to more than 1.7 million in adults in the US every year(6). Types of tumors 

are also distinct, with 50% and 26% of pediatric tumors being leukemias or lymphomas and central 

nervous tumors, respectively, whereas in adults, the corresponding rates are 10% and 1.5%. 

Pediatric tumors are considered more aggressive and progress faster, with 80% of pediatric tumors 

detected after they have already metastasized. 

 Genetically, pediatric tumors tend to have fewer mutations and different types of 

mutations. The lower number of somatic mutations in pediatric cancer has been attributed to the 

embryonic origin of these cancers, developmental gene dysregulation and fewer environmental 

exposures, although pediatric tumors with alterations in DNA damage repair pathway can have 

higher rates of mutations(7, 8). In a pan-cancer pediatric genetic analysis, 142 pediatric cancer 
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driver genes were identified but only half overlapped with adult cancer driver genes(9). Despite 

comprehensive genetic analysis(10, 11), the causes of pediatric tumors usually are unknown.  

 Pediatric tumors do tend to respond better to therapeutic options such as chemotherapy and 

radiation compared to adults; however, these therapeutics can have long-term consequences. 

Pediatric cancer survivors, for example, have higher risk of congestive heart failure, coronary 

artery disease, secondary cancers, anxiety, and depression. Immunotherapy can serve as a 

promising avenue to avoid these long-term side effects of cancer treatment; however, most 

pediatric clinical trials using immunotherapy have not indicated a significant benefit(12–15). 

Better understanding the extent and nature of immune involvement in pediatric tumors may reveal 

why therapies that work for adults fail or children and may reveal better strategies to target 

pediatric tumors with the immune system. Furthermore, most immunotherapy biomarkers have 

been identified in adult cohorts and better biomarkers for immunotherapy are needed in pediatric 

patients, especially considering the large differences between pediatric and adult cancer. 

Unfortunately, the number of pediatric immunotherapy trials are limited, making biomarker 

discovery difficult. To address this, we used methods for characterizing the adult TIME and 

applied them to pediatric tumors to determine their relevance.  We specifically focused on applying 

methods for assessing antigen presentation. We characterized HLA genotype and antigen 

presentation variants in pediatric tumors, demonstrating that many of these characteristics of the 

adult TIME are shared with pediatric tumors.  

 

2.1.3 Results 

2.1.3.1 Collection of Pediatric Multi-Omics Data 
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Pediatric samples were acquired from St. Jude Pediatric Cancer Genome Project, Kids’ 

First Children’s Brain Tumor Atlas, TARGET, and International Cancer Genome Consortium and 

harmonized, resulting in whole genome germline SNPs, exonic somatic SNPs and RNA gene 

counts for analysis. After processing, we had germline information for 2288 pediatric blood tumors 

and 2664 pediatric solid tumors, of which 972 were pediatric brain tumors. For immune 

microenvironment analysis, we focused on pediatric solid and brain tumors (Figure 2.1, S2.1). 

PCA analysis on intersecting variants was conducted with 1000 Genomes individuals to infer 

genetic ancestry (Figure 2.2). 2483, 412, 104 and 50 individuals were of European, African, East 

Asian and South Asian ancestry based on k-means analysis, respectively (Figure 2.2).   

 To ensure the quality of germline variants calls, we compared calls with previous analysis 

done by Zhang et al. for pathogenic variants in cancer predisposition genes. Of the 52 pathogenic 

TP53 variants identified by Zhang et al., we found 42 of the TP53 variants. The missing 10 variants 

were due to data being unavailable for certain samples.  

 

2.1.3.2 HLA Profiling of Pediatric Tumors Identified Alleles Specifically Associated with 

Pediatric Cancer and Age of Diagnosis  

Antigen presentation is an important immune process mediating anti-tumor activities 

targeted against mutant proteins harbored by tumor cells. The major histocompatibility complex 

(MHC) is a critical component of the antigen presentation machinery that displays peptides on the 

cell surface for immune surveillance by T cells. The human leukocyte antigone (HLA) genes 

encoding the peptide binding groove of both MHC Class I and II molecules are located on 

chromosome 6. Previous studies have demonstrated MHC Class I and II genotypes can determine 

whether immune surveillance can act against somatic driver mutations(16, 17). This process is 
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thought to be a critical determinant of response to immunotherapy in the adult setting. Among 

adult tumors with high tumor mutation burden, those with at least one driver mutation effectively 

presented by MHC-I were more likely to benefit from immunotherapy(18). However in the 

pediatric setting where tumor mutation burden is low, availability of neoantigens is more limited.  

Furthermore, the pediatric adaptive immune system is still developing and thus more variation is 

observed in immune responses compared to adults(19, 20). To assess the role of antigen 

presentation in pediatric patients, we first conducted comprehensive HLA profiling of pediatric 

patients. 

We called HLA types for pediatric cancer patients and evaluated the frequency of HLA-A, 

HLA-B, HLA-C genotypes in our pediatric cohort and compared them with frequencies in the 

adult cancer population. Generally, allele frequencies were highly concordant in both populations 

(Figure 2.3). Based on Fisher’s exact analysis, HLA-A23:01, HLA-B48:01, HLA-B56:01 and 

HLA-C18:01 were overrepresented in pediatric patients compared to the adult TCGA cohort, while 

HLA-A01:03, HLA-B27:02, HLA-C12:03 were depleted in pediatric patients compared to adult 

patients. Among these, HLA-B56:01 is a known autoimmune allele associated with ankylosing 

spondylitis and psoriasis (21). Enrichment of HLA-B56:01 may suggest that dysregulation of the 

immune system can influence pediatric cancer risk. 

We next wanted to determine if there was a difference in HLA alleles enriched in adult 

cancer compared to pediatric cancer. We looked at enriched or depleted HLA alleles in the 

pediatric St. Jude PCPG cohort and TCGA compared to noncancer controls in the UK Biobank 

and observed high overlap (Figure 2.3). Several of these HLA alleles have been implicated in 

cancer risk based on the Vanderbilt HLA PheWAS catalog. Only 5 HLA alleles (HLA-A30:02, 

HLA-B14:02, HLA-B57:02, HLA-B39:02, HLA-C07:04) were uniquely enriched in pediatric 
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cancer patients. Odds ratios of identified HLA alleles were consistent between adult and pediatric 

cancer patients (Figure 2.3). We identified enriched and depleted HLA alleles by cancer type and 

found a large number of HLA alleles enriched or depleted in neuroblastoma(Figure 2.3). 

Neuroblastoma did have the highest number of samples and 2 of the alleles overlapped with cancer 

type-specific alleles identified for high grade glioma and medulloblastoma (Figure 2.3). Three of 

the neuroblastoma-associated alleles were associated with cancer in the PheWAS catalog (Figure 

2.3).  

Since the immune system is only fully developed at age 12, we hypothesized that HLA 

genotypes may be significantly associated with age. Indeed, ~68% of HLA alleles were associated 

with age of diagnosis, controlling for top 10 principal components from genotype PCA analysis 

(Figure 2.3). We next identified HLA alleles which were associated with immune infiltration, 

suggesting they may play a role in shaping the tumor immune microenvironment. After controlling 

for multiple hypothesis testing, 7.7% of alleles were associated with immune infiltration (Figure 

2.3). Since many of the HLA alleles were associated with age of diagnosis, we wanted to determine 

if the effect of HLA alleles on immune infiltration was influenced by age. Indeed, ~4.5% of alleles 

had significant interactions with age of diagnosis (Figure 2.3). One example is HLA-A33:03 

which was significantly associated with monocyte infiltration in pediatric cancer patients > 12 

years, but not those < 12 years of age (Figure 2.3). These results suggest that HLA genotype plays 

a significant role in pediatric cancer and the immune microenvironment and this effect may be 

influenced by the TIME. Since early development requires immune suppression potentially driven 

by Treg cells, antigen presentation may have more of an effect in older pediatric cancer patients. 

We next identified germline and somatic variants in the St. Jude PCPG cohort that affected 

antigen presentation. No documented ClinVar pathogenic germline variants were associated with 
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HLA genes; however, 43 patients had somatic HLA mutations resulting in protein sequence 

changes. HLA mutation was not significantly associated with age of diagnosis overall; however, 

in high grade glioma, HLA mutation was associated with later age of diagnosis (Figure 2.4). HGG 

patients had the following mutations: HLA-A mutation - p.G231S, HLA-B mutation - p.H27R, 

p.A348V, p.W298R, HLA-C mutation -  p.T282M. HLA mutation can serve as a mechanism of 

immune evasion through reduced antigen presentation and remodeling of the antigen landscape. 

The presence of HLA mutations in pediatric tumors indicate that immune evasion may play a role 

in pediatric tumors as well. 

 

2.1.3.3 Adult Tumor Immune Microenvironment (TIME) Variants also Modify Pediatric 

TIME 

To determine the effects of other immune microenvironment modifiers in pediatric cancer 

patients, we ran association studies with adult TIME-SNPs identified from Aim 1 and SNP-

heritable IP components. We found several of these variants were also significantly associated 

with IP components in pediatric cancer (Figure 2.5). We could only assess 791 of the 1084 variants 

due to the smaller cohort size we had for pediatric cancers. Of the 791 variants, 76 were 

significantly associated with IP components (FDR < .05), ENTPD1, ERAP1, ERAP2, DHFR, 

DCTN5, CTSW, BTN3A2, MICA, DCK and MHC Class II genes. Indeed, these genes are enriched 

for antigen processing and presentation functions (GO Fold enrichment =98.93, FDR<2.38E-11).  

Given the number of adult TIME-SNPs associated with antigen presentation which were 

significant in pediatric cancer patients, we sought to determine their role in pediatric patients. From 

our adult germline analysis, we discovered an antigen presentation PRS associated with melanoma 

risk. To determine the relevance of this PRS in a pediatric population, we constructed the antigen 
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presentation PRS in the pediatric population. We found that the distribution of scores were similar 

to noncancer adults in the UK Biobank and noncancer pediatric patients in SPARK cohort(22). 

We did find the PRS was significantly lower in medulloblastoma patients compared to the UK 

Biobank and SPARK autism cohort (Figure 2.5). PRS was not associated with age of diagnosis or 

immune infiltration. With a more relaxed FDR (FDR < 0.2), PRS was associated with activated 

mast cells and regulatory T cells; however, larger sample sizes are likely needed to validate these 

findings. 

 

2.1.3.4 DNA-damage repair (DDR) Variants Underlying Pediatric TIME 

         Pediatric patients with mismatch repair and polymerase proofreading deficiencies have 

higher mutational loads(23). In adult cancers, TMB is frequently used as a genomic predictor of 

immune checkpoint blockade response. Analysis of International Replication Repair Deficiency 

Consortium pediatric patients treated with anti-PD-1 revealed that hypermutant pediatric cancer 

patients were more likely to be responders(24). To assess the role of germline MMR pathogenic 

variants in the pediatric TIME, we first calculated burden of 16 homologous repair (HR) and 

nucleotide excision repair (NER) genes(25). We identified 70 patients with a HR/NER pathogenic 

germline variants (Figure 2.6). Genes with largest number of pathogenic variants include RAD45L 

(19), BRCA2 (15), and ERCC2 (11). Germline HR/NER pathogenic variants were not associated 

with mutational burden in all pediatric patients but was associated with increased mutation burden 

in medulloblastoma patients (Figure 2.6). 

         We next evaluated association of mutational burden in an age-dependent manner. We 

observed higher mutational load in older pediatric patients (>12 years) compared to younger 

pediatric patients (<12 years). We then ran associations with CIBERSORTx immune infiltrate 
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estimate and DDR variant status in older and younger pediatric patients and only observed 

significant association in older pediatric patients. For example, effects of DDR variant on M2 

macrophage infiltration were significantly different in older and younger pediatric patients (Figure 

2.6). 

 

2.1.3.5 Single-Cell Profiling Cell Infiltrate Estimates are Distinct from Default Methods 

LM22 default matrix is composed of 547 genes to distinguish 22 mature human 

heamtopoeitic populations from peripheral blood (26). Although LM22 signature matrix has been 

validated, it may miss distinct cells only present in solid tumors, such as microglia, and may not 

accurately reflect the tumor immune microenvironment. To address this, we constructed a custom 

signature matrix from scRNA-seq available from Gojo et al (27) and estimated cell infiltrates. We 

compared immune cell infiltrate estimates with LM22 immune cell infiltrate estimates in pediatric 

ependymoma samples and found low correlation (ρ < 0.5) (Figure 2.7). We next sought to 

understand how these immune cell infiltrate estimates could affect downstream analyses. M2 

Macrophages and microglia had some correlation in estimate values, so we ran germline 

associations with M2 Macrophages and microglia and compared suggestive association (p < 1e-

05). No overlap was observed suggesting that signature matrix selection can critically influence 

results 

 

2.1.4 Discussion 

Pediatric tumors are rare and distinct from adult tumors. Although survival rates have 

improved for pediatric tumors, patients suffer from long-term effects of treatment and better 

options for care are needed. Immunotherapy is a promising alternative; however, pediatric 



 109 

immunotherapy clinical trials have not been successful. In this study, we wanted to evaluate 

whether germline factors associated with anti-tumor immunity and the tumor immune 

microenvironment in adults were also present in pediatric disease.  

We started by profiling the HLA region in more than 4000 pediatric tumors. We found a 

number of HLA alleles had different frequencies in cancer populations relative to expectation for 

matched populations in both pediatric and adult disease. We also found several HLA alleles were 

associated with pediatric age at cancer diagnosis even after controlling for tumor type and 

influenced immune cell infiltration in an age-dependent manner. These findings may correlate with 

early stages of immunosuppression in pediatric patients that changes after immune system 

development.  

We also evaluated adult TIME-SNP associations in the pediatric cohort and found adult 

TIME-SNPs associated with antigen presentation influenced antigen presentation in pediatric 

tumors also. These results suggest that germline variants underlying the adult and pediatric TIME 

related to antigen presentation were consistent. Although unique cancer risk alleles for pediatric 

cancer were identified, the majority of HLA alleles and TIME-SNPs had similar behavior in a 

pediatric cancer setting. 

Germline studies in pediatric cancer are limited, because pediatric cancer is relatively rare 

and finding large sample sizes powered for association studies is difficult. Here, we combined 

results from more than 4 genetically profiled pediatric cancer cohorts and conducted 

comprehensive TIME profiling. We present a comprehensive HLA allele profiling studies in 

pediatric cancer and find that HLA genotypes can significantly influence age of diagnosis in 

pediatric patients. We also find an enrichment of autoimmune allele HLA-B56:01 in pediatric 

cancer compared to adult cancer, indicating the dysregulation of the immune system can influence 
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pediatric cancer risk. We only used one tool for HLA profiling; however, consensus calls from 

multiple HLA genotype callers is a future direction to confirm results.  

Immunoprofiling studies of the pediatric TIME have found high macrophage infiltration, 

low dendritic cell infiltration and low levels of immune checkpoint expression(26–28). Through 

our adult germline TIME analysis, we found a large number of antigen presentation-related TIME-

SNPs to be associated with cancer risk and immunotherapy response in adults. In our study, we 

found a subset of TIME-SNPs which also influenced antigen presentation machinery expression 

in the pediatric setting. Antigen presentation is a crucial immune process in humans and can shape 

tumor behavior. The similarity in significant association with antigen presentation in pediatric and 

adult cancer patients suggest that more investigation into antigen presentation may be fruitful in 

pediatric cancer patients. 

Future directions include exploring other immune microenvironment characteristics, such 

as TMB, neoantigen burden and immune checkpoint expression, in our pediatric cancer cohort. 

Given the number of HLA alleles correlated with age of diagnosis, incorporating age as a variable 

into analyses will be important. Although we find several adult TIME-SNPs were associated with 

pediatric TIME, we note that our pediatric cohort is still small, limiting the number of analyses 

that can be conducted. Hopefully, with processing of more pediatric cancer cohort, more 

associations can be captured and linked to the TIME. 

 

2.1.5 Materials and Methods 

2.1.5.1 Pediatric Subject Details 

St. Jude Pediatric Cancer Genome Project (PCPG)(26, 27), Kids First Children’s Brain 

Tumor Network (CBTN), Target and International Cancer Genome Consortium (ICGC) had tumor 



 111 

and matched normal samples for over 6000 individuals (age < 20 years). St. Jude PCPG 

information was accessed from DNAnexus (project-Fk1P9x09ZgZJbb0q38XffZJB), ICGC 

information for PBCA-DE and PEME-DE were accessed through ICGC data portal 

(https://dcc.icgc.org/) using score client, CBTN information was accessed through data portal 

(https://portal.kidsfirstdrc.org/dashboard) using Seven bridges and Target information was 

accessed through Genomic Data Commons (GDC) archive using gdc client. Individuals were 

consented for general research use and no attempts were made to reidentify or contact subjects. 

Both females and males were included, and sex and individual age were included as covariates. 

More detailed subject information can be found in Supplementary Figure 1. 

 

2.1.5.2 Pediatric Genotypes 

For PCPG individuals with WGS, normal gVCFs were downloaded, merged with 

GLnexus63 and converted to PLINK format for analysis of genotypes. For PCPG individuals with 

only WXS, normal gVCFs were downloaded, merged with GLnexus63 and converted to PLINK 

format for analysis of genotypes. Only biallelic variants chromosomes 1-22, X and Y were kept. 

SNPs with call rate <90% and minor allele frequency (MAF) <1% were removed. Individuals with 

genotype coverage <90% were removed. After applying these filters, the remaining 565,487 SNPs 

were input to the secure TOPMED server. SNPs were imputed with Minimac3/Minimac4 and 

TOPMED reference with Eaglev2.3 phasing. For CBTN and ICGC individuals, normal WGS 

gVCFs were downloaded, merged with GLNexus and converted to PLINK format for analysis like 

PCPG processing. For Target individuals, normal (non-tumor) level 2 genotype calls generated 

from Affymetrix SNP6.0 array intensities using BIRDSUITE software were retrieved from GDC 

Legacy Portal (accession date: 02/28/2022). We discarded copy number intensity calls or 
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Affymetrix SNP probs with no associated SNP rsid. In these files, each of the remaining 932,824 

SNPs was annotated with an allele count (0=AA, 1=AB, 2=BB, -1=missing) and confidence score 

between 0 and 1. Genotypes with a score larger than 0.1 (error rate > 10%) were set to missing and 

data were reformatted for PLINK (28). Allele counts were converted to alleles using the definitions 

in metadata distributed with Affymetrix SNP 6.0 Array Documentation and negative strand 

genotypes were flipped to the positive strand using PLINK (PLINK, RRID:SCR_001757).(28) 

SNPs with call rate <90% and minor allele frequency (MAF) <1% were removed. Individuals with 

genotype coverage <90% were removed. After applying these filters, the remaining 844,265 SNPs 

were input to the secure TOPMED server.  

After imputation or gVCF compilation, the remaining SNP counts were: 52,622,417 for 

PCPG WGS (reference: hg38), 63,847,762 for PCPG WGS (reference: GRCh38), 53,198,657 for 

PCPG WXS (reference: GRCh38), 60,592,831 for CBTN, 21,882,353 for ICGC PBCA-DE, 

22,258,387 for ICGC PEME-DE, 292,136,462 for Target. 

 

2.1.5.3 Pediatric Population Stratification 

1000 Genomes genotypes for 2,504 individuals were accessed from https://www.cog-

genomics.org/plink/2.0/resources#1kg_phase (accession date: 02/27/21) and lifted to hg38 using 

the liftOver utility. Intersecting genotypes between 1000 Genomes and pediatric genotypes were 

extracted and used for pairwise identity-by-state (IBS) analysis in PLINK. K-means clustering 

trained on 1000 Genomes individuals separated into the following groups: EUR, AFR, AMR, EAS 

and SAS. This trained model was used to predict groups in TCGA. Principal components from 

IBS analysis were used as covariates for germline analysis. 
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2.1.5.4 Pediatric TMB 

For TMB, somatic VCFs were acquired for all pediatric patients. The number of somatic 

mutations resulting in protein sequence changes in exonic regions was quantified and used for 

analysis. 

 

2.1.5.5 Pediatric HLA typing 

HLA genotyping and mutation identification was performed for genes HLA-A, HLA-B and 

HLA-C using PolySolver (with default parameters)(29).  

HLA enrichment and depletion was calculated with Fisher’s exact test. For adult and 

pediatric cancer comparison, TCGA and pediatric HLA alleles were compared. For pediatric and 

adult cancer allele identification, Fisher’s exact test between TCGA and pediatric cancer HLA 

calls with UK Biobank non-cancer calls was conducted. For association with age, linearregression 

with age of diagnosis and HLA type and top 10 principal components was conducted. For 

associations with immune infiltration, pediatric RNA was processed using RSEM 1.3.1. Expected 

counts were transformed to TPM and used as input for CIBERSORTx(30). LM22 signature matrix 

was used for deconvolution and association with immune infiltration. Benjamini-Hochberg FDR 

calculation was used for multiple hypothesis testing.  
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2.1.6 Figures 

 
 
Figure 2.1 Pediatric Patient Characteristics Grid plot of pediatric population used for analyses. 
Cancer type, cohort (PCPG, CBTTC, Target, ICGC), ecDNA status, source of genotype 
information (WGS, WXS, Array), RNA availability, sex and age are indicated. 
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Figure 2.2 PCA of Pediatric Genotypes (A) PCA analysis of 547,600 intersecting germline 
variants; 1000 Genomes project and pediatric cohorts are highlighted in different colors. (B) 
Number of individuals in each ancestral group based on Sklearn clustering analysis. 
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Figure 2.3 HLA Profiling of Pediatric Tumors Identified Alleles Specifically Associated with 
Pediatric Cancer and Age of Diagnosis Scatterplot of HLA-A (A), HLA-B (B), and HLA-C (C) 
allele frequencies in pediatric cohort and adult TCGA population (n=10428). (D) Overlap in 
signficant (FDR < .05) HLA alleles associated with pediatric and adult cancer compared to known 
cancer-risk HLA alleles from Vanderbilt PheWAS catalog (gray). (E) Comparison of Fisher’s 
exact odds ratios between adult and pediatric cancer compared to noncancer control in UK 
Biobank. (F) Significant HLA alleles associated with each pediatric cancer type compared to UK 
Biobank noncancer controls. (G) Overlap between pediatric cancer-type specific HLA alleles (H) 
Proportion of pediatric cancer HLA alleles associated with age of diagnosis. (I) Proportion of 
pediatric cancer HLA alleles associated with immune cell infiltration. (J) Proportion of pediatric 
cancer HLA alleles associated with immune cell infiltration that interact with age. (K) HLA-
A33:03 is associated with age of diagnosis of pediatric cancer and effects are age-dependent, with 
stronger effects observed in >12 years age group compared to <12 years age group. 
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Figure 2.4 Age Distribution in PCPG Cohort Patients with Somatic HLA Mutations Density 
plot of age of diagnosis for pediatric cancer patients with or without a somatic HLA mutation. 
Cancer types for which > 1 individual has an HLA mutation are shown. 
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Figure 2.5 Adult Tumor Immune Microenvironment Variants Also Modify Pediatric Tumor 
Immune Microenvironments (A) QQ plot of adult TIME-SNPs in pediatric cancer cohort. (B) 
Distribution of melanoma risk antigen presentation PRS in pediatric cancers with controls of the 
non-cancer UK Biobank population and the SPARK autism cohort. 
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Figure 2.6 DNA Damage Repair (DDR) Pathogenic Variants and Effect on Pediatric Tumor 
Immune Microenvironment (A) Burden of DDR Pathogenic Variants in pediatric patients. (B) 
Boxplot of mutational load in pediatric patients with and without DDR pathogenic variant. (C) 
Boxplot of mutational load in medulloblastoma patients with and without DDR pathogenic variant. 
(D) Boxplot of mutational load in pediatric patients age < 12 and > 12 years. (E) Linear regression 
beta coefficient of DDR pathogenic variant with CIBERSORTx infiltration estimates in pediatric 
patients > 12 and < 12 years. (F) Violinplot of M2 Macrophage infiltration in pediatric patients 
with MMR pathogenic variant categorized by age.   
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Figure 2.7 Comparison of Cell Infiltrates from scRNA-seq Ependymoma Signature Matrix 
and Default LM22 Matrix (A) Pearson correlation of immune cell infiltrate estimates using 
scRNA-seq ependymoma signature matrix and LM22 default matrix. (B) Venn diagram of overlap 
between germline variants associated with M2 macrophages from default LM22 matrix signature 
matrix and microglia from scRNA-seq ependymoma matrix. 
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2.1.7 Tables 

Table 2.1 Pediatric Tumor Characteristics Distribution of pediatric tumors amongst 4 cohorts 
analyzed. ALL - acute lymphoid leukemia, AML - acute myeloid leukemia, NBL - neuroblastoma, 
WT - Wilm’s Tumor, OS - osteosarcoma, HGG - high grade glioma, LGG - low grade glioma, 
EWS - Ewing’s Sarcoma, MB - medulloblastoma, EPD - ependymoma, Other - solid includes 
sarcoma, rhabdoid tumors, GISTs, teratoma, Other - brain includes ganglioglioma, 
craniopharyngioma, Dysembryoplastic neuroepithelial tumor (DNET), Meningioma, Choroid 
plexus papilloma, Supratentorial or Spinal Cord PNET, Brainstem glioma- Diffuse intrinsic 
pontine glioma, Glial-neuronal tumor NOS, Schwannoma, Choroid plexus carcinoma, 
Subependymal Giant Cell Astrocytoma (SEGA), Malignant peripheral nerve sheath tumor 
(MPNST), Oligodendroglioma, Neurofibroma/plexiform, germinoma, chordoma. Patients with 
dysplasia/gliosis, other, not available, tuberous sclerosis, langerhans cell histiocytosis, NF-1, NF-
2, Holt Oram syndrome, adenoma, cavernoma, schwannomatosis, gliomatosis cerebri, embryonal 
tumor with multilayerd rosettes were excluded as they represented benign growths or did not 
specify a clear tumor type category.  
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2.1.8 Supplemental Figures 

 

 
Figure S2.1 Pediatric Patient Characteristics Barplot of pediatric cancer types used for analysis. 
Piecharts of cohort, age and sex of pediatric cancers are also given. 
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Figure S2.2 CIBERSORTx Infiltration by Pediatric Cancer Type Infiltration estimates of 22 
immune cell subsets based on CIBERSORTx LM22 signature matrix in pediatric tumors divided 
by cancer type. 
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Figure S2.3 CIBERSORTx Infiltration in Pediatric Cancers Divided by Older and Younger 
Pediatric Patients Infiltration estimates of 22 immune cell subsets based on CIBERSORTx LM22 
signature matrix in pediatric tumors divided by age subset in (A) solid tumors and (B) all tumors. 
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CHAPTER 3: Germline Analysis of Androgens and Prostate Cancer in Diverse Ancestral 

Cohort 

3.1.1 Abstract 

Utilizing data from the Million Veteran Program (MVP), we investigated the genetic 

determinants underlying total testosterone levels via a multi-ancestral analysis of 124,593 

individuals of European (n=88,385), African (n=25,235) and Hispanic (n=10,973) ancestry. We 

identified 46 trans-ancestry variants and 17 ancestry-specific variants, of which 14 trans-ancestry 

variants and 15 ancestry-specific variants are novel associations with testosterone. Results 

implicate genes regulating testosterone shared across ancestral groups, which include SHBG, 

JMJD1C, FXR2, SENP3, TNFSF12-TNFSF13 while also implicating genes such as MSN, DMD, 

VSIG4, CHEK2, TKTL1 that may underlie ancestry-group differences in testosterone regulation. 

We also linked testosterone variants on the X chromosome with differential risk of chronic kidney 

disease and hereditary hemolytic anemias in African and Hispanic ancestry groups, respectively. 

Lastly, we constructed a polygenic score from our 46 trans-ancestry variants and associated it with 

testicular dysfunction, hyperlipidemia, gout and prostate cancer with stronger prostate cancer 

associations in Hispanic and African ancestry groups compared to the European ancestry group. 

These findings provide insight into ancestry-specific androgen regulation and identify novel 

variants for disease risk stratification in patients. 

  

3.1.2 Introduction 

Testosterone is an anabolic steroid synthesized by the testis which acts as the primary sex 

hormone in men regulating sexual development during puberty and spermatogenesis and sexual 

function in adulthood(1–3). Classical, well-established roles of testosterone include stimulation of 
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erythropoiesis, maintenance of muscular strength, and maintenance of bone density mass;(4, 5) 

however, research has discovered that testicular androgens, testosterone and dihydrotestosterone 

have more extensive physiological actions with important roles in regulating cardiovascular, 

metabolic, hepatic, immune, and brain function(6–8). These ubiquitous actions of testosterone are 

mediated by the androgen receptor (AR), encoded by the AR gene on the X chromosome, which 

is widely expressed in the testes, prostate, bone, skeletal muscle, heart, vascular smooth muscle, 

kidney, pulmonary epithelial cells, bone marrow hematopoietic and immune cells, adipose tissue, 

and the central nervous system(2, 9). 

Beginning in midlife men experience a progressive reduction in testicular androgen 

steroidogenesis, which results in a roughly 1-3% decline in circulating levels of total testosterone 

per year(1, 2, 10, 11). Many men develop an age-related testosterone deficiency or hypogonadism, 

which contributes to sexual dysfunction, frailty, sarcopenia, coronary artery disease, metabolic 

syndrome and type 2 diabetes(1, 2, 10–12). Testosterone levels in the hypogonadal range have 

been reported to increase the risk of prostate cancer and predict recurrence after prostatectomy and 

poor outcome in metastatic prostate cancer(13). Testosterone deficiency has additionally been 

linked to depression, neurodegeneration, cognitive impairment, and Alzheimer’s disease risk 

during male aging(14–18).  To date, the genetic factors that contribute to individual differences in 

circulating testosterone levels in men during aging remain poorly understood. Furthermore, 

analysis of ancestry-specific genetic determinants governing testosterone regulation has not been 

studied. 

Total testosterone levels are heritable (~20%) and a number of genome-wide association 

studies (GWAS) of testosterone levels have been conducted, identifying strong associations with 

SHBG, JMJD1C, FKBP4, REEP3, and FAM9B(19–25). However, most GWAS studies have been 
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conducted primarily in European or Asian ancestry groups whereas differences in testosterone 

levels have been observed in men of other ancestries(26–28). In this study, we conducted a GWAS 

of endogenous total testosterone levels in men enrolled in the Million Veteran Program (MVP), a 

large, multi-ethnic genetic biorepository from a hospital-based population. As a hospital-based 

population, MVP has higher disease prevalence of type 2 diabetes, obesity, hyperlipidemia, sleep 

apnea, gout, prostate cancer, and testicular dysfunction/hypofunction compared to other 

population studies and offers unique insights into testosterone regulation in a clinical setting. We 

identified 17 ancestry-specific testosterone gene variants and 46 trans-ancestry testosterone gene 

variants, of which 15 ancestry-specific variants and 14 trans-ancestry variants were novel. 

Colocalization and transcriptome-wide association study (TWAS) analysis revealed novel cell-

type specific associations between BRI3 and BAIAP2L1. Finally, we conducted phenome 

(PheWAS) and laboratory value association studies (LabWAS), which revealed shared 

associations of testosterone with type 2 diabetes, hyperlipidemia, gout and liver disease and 

ancestry-specific association with diabetes in the African ancestry group and hemolytic conditions 

in the Hispanic ancestry group. With this study, we gain insight into ancestry-specific regulation 

of testosterone, highlighting the importance of conducting future studies in diverse ancestry 

groups. 

  

3.1.3 Results 

3.1.3.1 Genome-Wide Analysis of Testosterone Levels 

After phenotyping quality control, morning total testosterone levels were available for 

145,576 male MVP participants (Figure S3.1). MVP participants were categorized using 

Harmonized Ancestry and Race/Ethnicity (HARE), an algorithm which uses both self-reported 
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and genetic ancestry to assign individuals to ancestry groups(29) (Table 3.1). Genome-wide 

association studies (GWAS) with testosterone levels were conducted separately in European 

(n=88,385), African (n=25,235) and Hispanic (n=10,973) ancestry groups. Incorporating all 

genetic information, we first assessed the heritability of testosterone levels from autosomal 

chromosomes across ancestry groups using LD score regression(30). Total testosterone levels 

showed the highest heritability in the African ancestry group (h2=0.095) with significant GWAS 

hits (p<5e-08) accounting for 3.3% of heritability. Heritability of total testosterone levels in the 

European and Hispanic ancestry groups were 0.071 and 0.084 with significant hits (p<5e-08) 

accounting for 14.6% and 11.1% of heritability respectively (Table 3.2). Variants passing the 

suggestive threshold (p<1e-05) explained 24.6%, 9.1%, 30.4% of heritability in European, 

African, and Hispanic ancestry groups, respectively. 

GWAS analyses identified 63 significant (p<5e-08) variants associated with testosterone 

across ancestry groups: 30 significant autosomal loci for the European ancestry group, 5 for the 

African ancestry group and 3 for the Hispanic ancestry group (Figure 3.1). Several X chromosome 

variants remained significant after linkage-based clumping. To identify independent loci, we 

conducted a conditional analysis, where we used the most significant variants as covariates in the 

GWAS. Conditional analysis identified 9, 10 and 6 associations in European, African and Hispanic 

cohorts, respectively (Figure 3.2).  Variants near FAM9B, AR, RGAG1 were shared amongst all 

ancestry groups. X chromosome variant near DMD was identified specifically in the African 

ancestry group (Figure 3.2). DMD is responsible for dystrophin protein production and is mainly 

expressed in skeletal and cardiac muscle, although some expression in the brain has been 

observed(31–34). A Hispanic ancestry group-specific variant near the ribosomal pseudogene 

RPS29P28 was also identified (Figure 3.2).  
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Loci on chromosomes 10 and 17 were shared across different ancestry groups. Most unique 

peaks were observed for the European ancestry group which had the largest sample size; however, 

unique peaks on chromosomes 3, 7, 8 and X were observed in the African ancestry group. We 

compared beta coefficients of SNP associations to determine if effects on testosterone were 

different amongst ancestry groups. Of the 63 variants, 10 variants had different effects on 

testosterone levels in the African ancestry group compared to the European ancestry group. Four 

of these variants were located on the X chromosome, with other variants located on chromosome 

7, 8, 17, 19, and 22. Of the 63 variants, 8 variants had different effects on testosterone in the 

Hispanic ancestry group compared to the European ancestry group. Three of these variants were 

located on chromosome X, while the others were located on chromosomes 3, 7, 8, and 16. The 

chromosome 17 variant, rs980068134, was identified as a trans-ancestry variant and was 

associated with lower testosterone levels in African and Hispanic ancestry groups, but higher 

testosterone levels in the European ancestry group. 

To validate the GWAS significant variants, we performed replication analyses for the 

European ancestry group variants in the UK Biobank. Of the 39 European ancestry group variants, 

31 passed a significance threshold of 5e-08 in the UK Biobank (n=166,502) (Figure S3.2). Of the 

remaining 8 which did not pass GWAS significance threshold, 5 passed a significance threshold 

of 0.05. Comparable cohorts for the African and Hispanic ancestry group powered for replication 

were unavailable. However, we obtained total testosterone levels for individuals of African 

ancestry (n=1474) in the Multi-Ethnic Study of Atherosclerosis (MESA) study and found beta 

values of variants were concordant. (Figure S3.2). 

  

3.1.3.2 Genetic Correlation Across Ancestry Groups 
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To evaluate the extent to which variants modifying total testosterone levels are shared 

between ancestry groups, we estimated genetic correlation between groups by LD score (LDSC) 

regression(35). While there was significant correlation between all groups, higher genetic 

correlation was observed between European and Hispanic ancestry groups (rg=0.60 [0.42-0.78]) 

compared to European and African ancestry groups (rg=0.19 [0.12-0.26]). Genetic correlation 

between African and Hispanic ancestry groups was 0.37 [0.16-0.58] (Figure 3.3). 

We next conducted genetic correlation analysis between our total testosterone GWAS 

results and diseases/traits profiled in previous published GWASs using LDhub(36), assessing 

differences in ancestry groups. Significant positive correlation with HDL and lung function, 

including forced vital capacity (FVC) and forced expiratory volume (FEV), were observed in 

European ancestry group (FDR < 0.1). Total testosterone levels were significantly negatively 

correlated with obesity, BMI, Type 2 Diabetes, triglycerides and VLDL (FDR < 0.1) in the 

European ancestry group. (Figure 3.3). No genetic correlations were significant in African and 

Hispanic ancestry groups; however, genetic correlations were highly concordant amongst ancestry 

groups (Figure S3.3). Positive correlations between testosterone and glucose were observed in the 

Hispanic ancestry group, but not European and African ancestry groups (Figure S3.3). These 

findings suggest potential differences in testosterone regulation of glucose between ancestry 

groups. 

  

3.1.3.3 Testosterone Variants Affect Gene Expression in Specific Cell Types 

In order to identify candidate genes influencing testosterone levels we conducted a 

colocalization and a transcriptome-wide association study (TWAS) using GTEx gene expression 

information. The colocalization analysis estimates the probability of shared signal between cis-
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eQTL and GWAS analysis of testosterone(37). Using a probability of colocalization > 0.8, we 

identified 28 genes modulating testosterone levels (Figure 3.4). Tissue types with most identified 

genes included the thyroid (8) and aorta (6). Additionally, genes were identified in organs relevant 

to testosterone synthesis, such as the testis (3), prostate (2), liver (2) and adrenal gland (2). The 

colocalization analysis revealed high colocalization between testosterone variants and cis variants 

for SHBG, TNFSF12, BRI3, LAT, NRBF2, and BAIAP2L1. SHBG variants have been strongly 

associated with variation in testosterone action(38, 39). BAIAP2L1 colocalization was specific to 

testes while BRI3 colocalization was specific to the liver. Colocalization of LAT and TNFSF12 

was specific for the brain putamen/basal ganglia and brain spinal cord-cervical C1. 

The TWAS implicated 214 genes and 22 tissue types in total testosterone regulation. Tissue 

types for which most TWAS associations were identified included skin (sun-exposed), thyroid and 

tibial artery, consistent with tissue types identified through colocalization analysis. Forty-six 

associations with Testis and 27 associations with the Liver were observed. Of 28 genes identified 

by colocalization analysis, 23 were also identified by TWAS analysis. BRI3 and BAIAP2L1, which 

are both located at chromosome 7, were identified specifically through liver and testis TWAS 

analysis, specifically. BAIAP2L1 (Brain-Specific Angiogenesis Inhibitor 1-Associated Protein 2-

Like Protein 1) is expressed in urothelial and glandular cells and has been implicated in previous 

GWAS studies of testosterone(40). Gene expression studies identified BAIAP2L1 to be 

upregulated with age and downregulated with riluzole treatment, a glutamate modulator shown to 

improve memory function in aged rats(41). BRI3, or Brain protein I3, is a negative regulator of 

amyloid precursor protein (APP)(42), providing a further link between the genetic determinants of 

testosterone regulation and Alzheimer’s disease pathophysiology. Although these genes have been 
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implicated through tissues such as liver and testes, they might have broad effects on the human 

body and oncogenic mechanisms(43–45). 

To determine ancestry-associated differences in genetic regulation of testosterone, we 

conducted a Network Assisted Genomic Association (NAGA) on the GWAS results from each 

ancestry group and compared the top 50 implicated genes. Twenty-five genes were shared across 

all groups, including SHBG, TNFSF12, SENP3, JMJD1C, RRAG1, and TP53. Unique genes for 

the African ancestry group included MSN, DMD, GAGE2B and GAGE2C, while unique genes for 

the Hispanic ancestry group included SERPINA7, TKTL1, TTC28, and PNPLA3. Of the genes 

uniquely implicated, 9 and 2 were on chromosome X for African and Hispanic ancestry groups, 

respectively. 

 

3.1.3.4 PheWAS and LabWAS characterization of Testosterone Variants 

Given the availability of extensive electronic health record data in the MVP, we conducted 

a phenome-wide association study (PheWAS) among individual level genotypes and ICD-10 code 

data to determine whether the 46 trans-ancestry testosterone variants were associated with disease 

risk . We identified 920, 45 and 56 significant associations (FDR < .01) in the European, African 

and Hispanic ancestry groups, respectively. Nine variants had PheWAS associations across all 

ancestry groups; 2 had associations uniquely in the African ancestry group. Across all ancestry 

groups, PheWAS associations for testicular dysfunction/hypofunction, hyperglyceridemia, gout, 

type 2 diabetes, chronic liver disease, hepatomegaly and hyperlipidemia were observed (Figure 

3.6). In general, testosterone-increasing variants across ancestry groups were associated with lower 

odds of testicular hypofunction, dysfunction, morbid obesity, hyperglyceridemia, sleep apnea, 

diabetes mellitus, gout, hyperlipidemia and increased odds of hepatomegaly, liver disease and 
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esophageal bleeding. Opposite to general trends, two variants on chromosome 2 and 17 

(rs1260326, rs188272638) in GCKR and POLR2A, respectively, in the European ancestry group 

were associated with increased testosterone and increased obesity. Trans-ancestry variant 

rs190119169, an AR variant on chromosome X, was associated with increased testosterone across 

all ancestry groups (beta_eur=4.85, beta_afr=7.87, beta_his=6.11), but only significantly 

associated with lower odds of diabetes in the African ancestry group (Figure 3.6). Two 

testosterone-increasing variants, rs112635299 on chromosome 14 and rs764029425 on 

chromosome 7 near the BAIAP2L1 gene, were significantly associated with lower odds of prostate 

cancer in the European ancestry group (rs112635299 OR=0.89 [0.86-0.91], rs764029425 OR=0.95 

[0.94-0.96]). 

Since testosterone can influence lab measurements(46), we also ran LabWAS associations 

with 46 trans-ancestry variants and mean levels of lipid, metabolic and blood lab values. We 

identified 668 significant associations in the European, 150 in the African and 44 in the Hispanic 

ancestry groups (FDR<.01). Across all ancestry groups, significant associations with calcium, 

aspartate aminotransferase (AST), bicarbonate, A1c, hematocrit, estimated glomerular filtration 

rate (eGFR), alanine aminotransferase (ALT), HDL-C, iron, glucose, albumin, hemoglobin, LDL-

C, international normalized ratio (INR), creatinine and chloride were observed. Of these shared 

associations, most associations with HDL-C, albumin and LDL-C were observed in the European 

ancestry group compared to glucose, hemoglobin and LDL-C in the African ancestry group. 

rs190119169, which was significantly associated with lower odds of diabetes in the African 

ancestry group, was also associated with significantly lower levels of mean glucose levels (beta=-

5.14) in contrast to the European (beta=-0.60) and Hispanic (beta=-3.32) ancestry groups (Figure 

3.7). 
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We next evaluated PheWAS and LabWAS associations of 17 ancestry-specific variants. 

One of the 8 African-ancestry specific variants and 3 of the 5 Hispanic ancestry-specific variants 

had PheWAS association in respective ancestry groups. African-specific ancestry variant 

rs4827451 on chromosome X was uniquely associated with diabetes, diabetic retinopathy and renal 

failure in the African ancestry group. This variant was also uniquely associated with A1c, glucose 

and eGFR in the African ancestry group (Figure 3.7). One of the genes in close proximity to 

rs4827451 is MSN, which could have potential mechanisms in renal fibrosis. rs73629199, a TKTL1 

variant on chromosome X, was uniquely associated with hereditary hemolytic anemias in the 

Hispanic ancestry group. Furthermore, significant associations were observed with hematocrit, 

ferritin, hemoglobin in the Hispanic ancestry group along with the African ancestry group. 

 

3.1.3.5 Testosterone Polygenic Score (PGS) is Predictive of Testicular Dysfunction and 

Hyperlipidemia Across All Ancestry Groups 

Given the numerous PheWAS and LabWAS associations with testosterone variants, we 

wanted to assess the predictive value of testosterone variants for different clinical phenotypes. We 

constructed a testosterone polygenic score from 46 trans-ancestry variants, which we validated in 

the MVP cohort (Figure 3.7) and the UK Biobank (Figure S3.4). Distribution of testosterone 

polygenic scores amongst ancestry groups were significantly different (t-test p < 2e-16). The 

African ancestry group had the highest average testosterone PGS scores (mean=7.76, std=0.26) 

followed by the European (mean=5.88,std=0.34) and Hispanic ancestry groups (mean=4.69, 

std=0.40) (Figure S3.5). 

To assess the predictive value of the testosterone PGS for clinical phenotypes, we 

conducted association analyses between the testosterone PGS and the clinical phenotypes with 
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PheWAS associations across ancestry group, namely testicular dysfunction, testicular 

hypofunction, hyperlipidemia, gout, Type 1 and 2 diabetes, and prostate cancer. The testosterone 

PGS was associated with all clinical phenotypes with the strongest effects observed for testicular 

dysfunction (OReur = 0.86 [0.85-0.87], ORafr = 0.90 [0.87-0.92], ORhis = 0.84 [0.81-0.88]) and 

testicular hypofunction (OReur=0.85 [0.84-0.86], ORafr=0.88 [0.85-0.90], ORhis = 0.84 [0.79-

0.87]). Higher testosterone PGS was associated with lower odds of gout, hyperlipidemia, Type 1 

and 2 diabetes, and prostate cancer (Figure 3.7). Higher testosterone PGS was associated with 

significantly lower odds of gout among Hispanics as compared to the European and African 

ancestry groups. Furthermore, testosterone PGS was uniquely associated with lower odds of 

prostate cancer in the Hispanic and African ancestry groups, but not European ancestry group. 

These results suggest a differential role for testosterone regulation in disease risk stratification 

across ancestry groups. 

  

3.1.4 Discussion 

Utilizing data from the MVP cohort, we present the largest multi-ancestral genome-wide 

analysis of total testosterone levels to our knowledge. We identified 46 trans-ancestry variants of 

which 14 were novel. We identified 17 ancestry-specific variants in European (8), African (5), and 

Hispanic (4) ancestries of which 15 were novel. Of the 63 testosterone variants, 32 trans-ancestry 

and 2 ancestry-specific variants were in high LD (R2 > 0.2) with variants identified in UK Biobank 

analysis of testosterone levels(19). The genes implicated by shared variants include SAT2, SHBG, 

FXR2, MPDU1, SOX15, TNFSF12-TNFSF13, SENP3, FGF11, CHRNB1, ZBTB4, POLR2A, 

TP53, JMJD1C, NRBF2, TDGF1P3, RGAG1, and AMMECR1. MSN, DMD, VSIG4, and HEPH 
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were genes implicated by African ancestry group analysis specifically. CHEK2, TTC28, and 

TKTL1 were genes implicated by Hispanic ancestry group analysis. 

It is well-established that testosterone is immunosuppressive dampening many aspects of 

humoral- and cell-mediated immunity. Interestingly, both VSIG4 and MSN, implicated uniquely 

by African ancestry group analysis, are immunomodulators. VSIG4 is a macrophage-expressed 

complement receptor of the immunoglobulin superfamily with T-cell suppressive and 

differentiation effects(47–49) while MSN is an adaptor molecule essential for cell shape, motility 

and signaling regulation(50–52). MSN improves prognosis in lung adenocarcinoma patients by 

enhancing immune lymphocyte infiltration(53). Studies have linked testosterone with MSN 

expression, demonstrating the interaction promotes actin cytoskeletal remodeling and enhanced 

migration in endothelial cells(54). The immunomodulatory effects of testosterone have 

downstream effects for atherosclerosis, COVID-19 infection, and other diseases(55, 56). 

Identification of immunomodulatory genes specifically in the African ancestry group suggests an 

ancestry-specific genetic link between testosterone and the immune system that is important to 

explore. 

Our analysis found novel European ancestry-specific variants for the Ephrin B1 (EFNB1) 

gene at Xq13 and the WW Domain Containing Oxidoreductase (WWOX) gene at 16q23.1-2 that 

were associated with testosterone levels. The EFNB1 gene encodes a ligand for Ephrin receptor 

tyrosine kinases, which has critical roles in migration and adhesion of brain neurons and cells in 

the lung, adipose tissue, kidney, and cardiovascular system during development. Recently, EFNB1 

in hippocampal astrocytes has been found to regulate excitatory and inhibitory neurocircuits and 

exert a neuroprotective role in the adult brain(57, 58). The WWOX protein contains a short–chain 

dehydrogenase reductase (SDR) domain at its C-terminus that is involved in androgen 
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steroidogenesis in Leydig cells of the testis; knockout of the WWOX results in a severe 

testosterone deficiency, impaired hematopoiesis and cholesterol metabolism, and renal failure(59). 

Furthermore, a recent genetic meta-analysis discovered that the WWOX locus has a genome-wide 

association with Alzheimer’s disease(60). Low testosterone levels in men is a risk factor for 

dementia(61). Furthermore, testosterone replacement therapy (TRT) can modestly improve 

cognition(62), suggesting testosterone has a potential protective effect for dementia. Novel 

testosterone loci in genetic regions relevant to dementia may be due to the higher representation 

of disease in the MVP that are not available in other biobanks and highlight genetic links between 

testosterone and memory function. 

The SHBG locus on chromosome 17 was significantly associated with testosterone levels 

across ancestry groups, however, differences in PheWAS associations at this locus were observed 

in the three ancestries.  rs918121801 was only associated with testicular dysfunction and 

hypofunction in the African ancestry group while rs62059839, in close proximity to rs918121801, 

was associated with testicular dysfunction and hypofunction in the European ancestry group. High 

heterogeneity at the SHBG locus was calculated amongst ancestry groups and SHBG levels are 

known to be highly heritable(63–65). Thus, differences in PheWAS associations within the SHBG 

locus may reflect complex linkage disequilibrium patterns between ancestry groups(66) or a shared 

causal variant with different ancestry group specific markers. Causality analysis and fine mapping 

of the SHBG locus may help to better understand ancestry-specific differences in testosterone 

regulation. 

We also linked ancestry-specific variants with differential disease risk in African and 

Hispanic ancestry groups. Specifically, chromosome X variant rs4827451 was associated with 

lower testosterone levels and eGFR and higher odds of chronic kidney disease and renal failure. 
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Hypogonadism is frequently observed in renal failure(67), increasing risk of anemia and 

cardiovascular disease. Furthermore, sex-specific and ancestry-specific disparities in CKD are 

important, with kidney function deteriorating faster in men compared to women and higher rates 

of renal failure occurring in African Americans compared to Caucasians. Pathophysiological 

mechanisms underlying renal failure are complex(68), but maintaining androgen regulation of 

renal function may have a therapeutic effect on chronic kidney disease improving medical 

management(69). Our identified variant suggests a potential genetic mechanism linking 

hypogonadism and chronic kidney disease in individuals of African ancestry group specifically. 

Furthermore, the variant is located in close proximity to MSN, which is involved in renal fibrosis 

through E-cadherin interaction(70). These findings demonstrate a potential ancestry-specific 

genetic mechanism in the kidney that requires further investigation. 

A unique PheWAS association between a TKTL1 variant and hereditary hemolytic anemias 

was identified in the Hispanic ancestry group. Lower testosterone levels are associated with higher 

rates of anemia in men, while testosterone replacement therapy stimulates iron-dependent 

erythropoiesis and has beneficial effects on anemia. Given the high heritability of red blood cell 

(RBC) traits(71), the identified TKTL1 variant may give insight into androgen-related genetic 

regulation of anemia in non-European individuals. Furthermore, rs73629199 was associated with 

RBC-related lab values such as ferritin, hematocrit, and hemoglobin that links testosterone with 

RBC regulation. 

Of the 17 ancestry-specific variants, 8 were identified in the African, 5 were identified in 

Hispanic, and 4 were identified in European ancestry group analyses. Most African ancestry-

specific variants were found on chromosome X, however, we discovered LIN01414 was a unique 

variant on chromosome 8. Based on LD score regression analysis, heritability of testosterone levels 
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were highest in the African ancestry group; however, significant variants only explain a minority 

of heritability (3.3%). Even using a suggestive threshold, heritability explained was 9.1% 

compared to 24.6% and 30.4% in European and Hispanic ancestry groups, respectively. 

Differences in total testosterone levels have been observed in African individuals and several of 

the diseases implicated by PheWAS analysis of testosterone levels, such as diabetes, 

cardiovascular disease, and chronic renal disease, occur at higher rates in individuals of African 

ancestry(72–81). Understanding androgen-related regulation of diseases in individuals of African 

ancestry is critical and will require larger sample sizes. 

We constructed a polygenic score (PGS) for testosterone using 46 trans-ancestry variants 

and observed differential associations with gout and diabetes in the Hispanic ancestry group 

compared to European and African ancestry groups. Furthermore, PGS was associated with lower 

odds of prostate cancer in the Hispanic and African ancestry groups compared to the European 

ancestry group. In hyperlipidemia and testicular dysfunction, PRS associations were more 

concordant across ancestry groups. These findings highlight shared effects of testosterone on 

disease risk, but also reveal differences that give insight into ancestry group-specific genetic 

architecture of testosterone. 

The Million Veteran Program provides a breadth of clinical and genomic data that has 

allowed us to conduct the most ancestrally diverse genetic analysis of total testosterone levels to 

date. We note limitations with exploring ancestry group-specific mechanisms as the tissue-specific 

gene expression data that are available come predominantly from individuals with European 

ancestry. Thus, our TWAS and colocalization analysis rely on European gene expression data; 

however, gene expression patterns may be influenced by ancestry group differences. Furthermore, 

our PheWAS analysis focused on ICD10 codes for clinical phenotyping. These clinical outcomes 
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are important for assessing disease risk; however, testosterone can also impact disease severity, 

treatment response and disease progression. Future directions should include continuing clinical 

phenotyping efforts in the MVP and assessing interactions with genomic determinants of 

testosterone and its impact of health and disease. 

In summary, we conducted a large-scale multi-ancestry GWAS of morning total 

testosterone levels in men from the Million Veteran Program and discovered multiple novel trans-

ancestry and ancestry-specific variants influencing testosterone levels. Using additional clinical 

and gene expression data, we linked ancestry-group germline variant differences with differential 

disease risk and constructed a polygenic risk score predictive of a variety of clinical phenotypes. 

These results provide unique insights into not only testosterone regulation but also ancestry group 

differences in genetic regulation of testosterone. 

  

3.1.5 Materials and Methods 

3.1.5.1 Genome-Wide Association Analysis 

For Million Veteran Program (MVP) genome-wide association studies (GWAS), total 

testosterone levels (ng/dl) between 7AM and 12PM for 88,385 individuals of European ancestry, 

25,235 individuals of African ancestry and 10,973 individuals of Hispanic ancestry as determined 

by HARE groups were inverse rank normalized. PLINK glm method was applied to conduct 

association analyses with testosterone levels excluding variants of minor allele frequency threshold 

less than 0.1% and correcting for covariates: principal components (1-10), age. Patients with X 

chromosome aneuploidy (XXY, XYY) were excluded from analysis. Patients on androgen 

deprivation therapy (ADT), and testosterone replacement therapy (TRT) were excluded from 
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analysis to focus on analysis of endogenous testosterone levels. In patients with multiple 

testosterone levels readings, first testosterone reading was used. 

For European ancestral group testosterone loci validation, field ID 30850 (Testosterone 

nmol/L) was extracted and inverse-rank normalized from UK Biobank. PLINK(82) glm method 

was used to calculate beta and p-values for variants identified in MVP discovery analysis. UK 

Biobank validation cohort consisted of 166,502 European, unrelated men. Top 10 principal 

components (PC1-PC10) and age were used as covariates. 

For African ancestral group testosterone loci validation, total testosterone values were extracted 

and inverse-rank normalized for self-identifying African individuals in the Multi-Ethnic Study of 

Atherosclerosis (MESA). Individuals with KING relatedness > 0.177 were removed. PLINK glm 

method was used to conduct validation analysis of testosterone loci in 1317 men. Age was used as 

a covariate. 

  

3.1.5.2 Conditional X chromosome analysis 

PLINKv2.0 glm method was used to run stepwise conditional analysis for identification of 

independent X chromosome associations(83). First, association with testosterone was conducted 

and SNP with lowest p-value was identified. Next association with testosterone was run 

conditioning on most significant variants. Analysis was conducted until no SNPs with p-value < 

1x10-6 remained. To reduce the chance of multicollinearity, variants which were within 50kb of 

the most recent significant variant were excluded from the selection process. 

  

3.1.5.3 LDSC 
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LD scores for European, African and Hispanic ancestral groups were calculated using 

LDSC(30) from 1000 Genomes EUR, AFR, and AMR groups, respectively. For partitioned 

heritability analysis, categories for analysis included base and significant category for variants 

which based p-value threshold (p < 5e-08) for each ancestral group(84). Genetic correlation 

analysis was conducted with summary statistics for each ancestral group using LD scores from 

both groups in analysis(35). Lastly, for LD hub analysis, summary statistics were uploaded to LD 

Hub server (http://ldsc.broadinstitute.org/). Genetic correlations in UK Biobanks and 

“reproductive” category were excluded. FDR was calculated from LD hub provided p-values. 

  

3.1.5.4 Colocalization Analysis 

Significant variants (p < 5e-08) for each ancestral group were compared with significant 

GTEx eQTL results (accession date: 10/02/2019). All genes for which significant eQTL 

association was shared were included in colocalization analysis. Full summary statistics for GTEx 

cis-eQTL analysis were used to make input files including samples sizes and p-values for both 

GTEx and MVP testosterone summary statistics from European ancestral group. Minor allele 

frequency from GTEx consortium was included for final coloc analysis. coloc.abf function in coloc 

R package(37) was used to conduct analysis. Genes with PP.H4 (posterior probability of one 

common causal variant between studies) of 0.8 were analyzed. 

  

3.1.5.5 TWAS 

TWAS R package was downloaded from TWAS hub using 1000 genomes PLINK files to 

infer linkage disequilibrium patterns and 22 GTEx expression models(85). TWAS analysis was 
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conducted with all expression models using European linkage-disequilibrium reference from 1000 

Genomes. 

 

3.1.5.6 PheWAS & LabWAS 

1817 International Classification of Diagnoses-10-Clinical Modification (ICD-10 CM) 

diagnosis codes from electronic health care records were available for MVP participants from as 

early as 1998. PheWAS R package was used to conduct PheWAS associations in male MVP 

European (n=421,212), African (n=104,380), Hispanic (n=45,553) ancestral groups. Cases were 

individuals with investigated phecode, whereas controls did not have incidence of phecode. 

Covariates included age at testosterone lab and first 10 genetic principal components. 

Mean lab values for 68 measurements were available. As was done for the PheWAS, 

associations with mean lab values were conducted with PLINK using top 10 principal components 

and age as covariates. 

False discovery rates (FDR) for PheWAS and LabWAS associations were calculated using 

Benjamini-Hochberg correction(86) with python statsmodel package(87). Associations with FDR 

less than 1% were considered significant. 

 

3.1.5.7 Testosterone Polygenic Score 

Meta-analysis of European, African and Hispanic testosterone GWAS were conducted 

with METAL. Variants passing significance threshold (p<5e-08) in meta-analysis were used to 

construct polygenic scores. 46 trans-ancestry variants were extracted from imputed genotype 

BGEN files. Alleles were oriented to increasing testosterone levels. Genotype dosages were 

weighted by beta values for each respective ancestry group and summed. Logistic regression 
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analyses with phecodes extracted from PheWAS dataframe were conducted with age of enrollment 

and top 10 principal components as covariates. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 152 

3.1.6 Figures 

 

 

  

Figure 3.1 GWAS of Total Testosterone Levels in European, African and Hispanic HARE 
Groups Circos plot of -log10 p values of Total Testosterone GWAS in European (orange), African 
(blue) and Hispanic (green) ancestry groups in the Million Veteran Project (MVP). The green line 
indicates the suggestive threshold (1e-06) and the red line indicates the genome-wide significance 
threshold (5e-08). The innermost purple band corresponds to measures of heterogeneity between 
ancestry group GWAS using Cochran’s Q test. Second innermost ring represents significant 
variants: red represents trans-ancestry variants, green represents Hispanic-specific variants, blue 
represents African-specific variants and orange represents European-specific variants. Selected 
genes near testosterone loci are indicated on the outside edge. A complete list of associations and 
nearby genes can be found in Supplemental Table 1. 
 



 153 

 

Figure 3.2 Sex Chromosome Analyses of Total Testosterone in European, African and 
Hispanic HARE Groups (A) Karyotype plot of conditional X chromosome variants identified in 
European, African and Hispanic HARE groups. (B) Locuszoom plot of a conditional X 
chromosome variant in DMD uniquely identified in the African ancestry group. (C) Locuszoom 
plot of a conditional X chromosome variant near the RPS29P28 pseudogene uniquely identified in 
the Hispanic ancestry group. A complete list of conditional associations can be found in 
Supplemental Table 2. 
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Figure 3.3 Genetic Correlation Across Ancestry Groups (A) Genetic correlation between 
ancestry groups estimated by LSDC (B) Genetic correlation between testosterone and other traits 
from LDhub36 for European HARE groups. Genetic correlations different between ancestry groups 
are outlined in blue, if in African ancestry group only, green, if in Hispanic ancestry group only, 
and magenta is both in African and Hispanic ancestry groups. Selected categories are labels and 
full LDHub results are in Supplementary Tables 3-5. 
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Figure 3.4 Testosterone Variants Affect Gene Expression in Specific Cell Types Grid plot of 
genes with high colocalization (PP.H4 [posterior probability both traits are associated and share a 
single causal variant]>0.8) between Testosterone and GTEx cis-eQTL association by tissue type. 
Points in orange were also implicated by TWAS. Top barplot describes the number of TWAS 
associations for each cell type. Full colocalization and TWAS results are available in Supplemental 
Table 6 and 7, respectively. 
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Figure 3.5 Shared Testosterone Genes Implicated by Network-Assisted Genomic Association 
(NAGA) (A) Venn diagram of top 50 genes implicated by NAGA analysis. (B) Fully connected 
subnetwork of genes implicated by NAGA. Nodes colored purple if shared across all 3 ancestry 
groups. European, African and Hispanic ancestry group-specific associations are colored orange, 
blue and green, respectively. 
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Figure 3.6 PheWAS Associations Highlight Major Diseases where Testosterone Genetic 
Variants are Implicated (A) Gephi network plot of PheWAS associations in European ancestry 
group. (B) Karyotype plot of testosterone variants (red highlight) and any PheWAS association 
(triangles/circles). Full PheWAS and LabWAS results are found in Supplemental Tables 9-14. 
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Figure 3.7 Ancestry-Specific Effects of Testosterone Variants and Polygenic Score (PGS) (A) 
Plot of chromosome X variant rs190119169 ancestry-specific effects on testosterone levels, 
average glucose lab levels and diabetes risk. (B) Plot of chromosome X variant rs4827451 
ancestry-specific effects on testosterone levels, average glucose levels, average eGFR, A1c levels 
and chronic kidney disease and renal failure risk. (C) Quantile plot of testosterone PGS and 
testosterone levels (ng/dl) in the MVP discovery cohort. (D) Odds ratio plot of the testosterone 
PGS association with testicular dysfunction, testicular hypofunction, hyperlipidemia, gout, type 1 
and 2 diabetes, and prostate cancer. 
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3.1.7 Tables 

Table 3.1 MVP Participant Characteristics for Testosterone GWAS Table of MVP 
participants in European, African and Hispanic HARE groups used for testosterone GWAS. 
 

  European African Hispanic 

# male participants 426,223 104,882 45,890 

# male participants with AM total testosterone 

levels 

88,385 25,235 10,973 

Mean total testosterone levels  (Standard 

Deviation) ng/dl 

383 (189) 408 (208) 394 (189) 

Mean age of testosterone lab (Standard 

Deviation) years 

60.45 (11.55) 55.82 (9.93) 54.72 

(12.68) 
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Table 3.2 Partitioned Heritability Results from LDSC for European, African and Hispanic 
HARE Cohorts  
 
     h2 explained   

Ancestral group H2 (heritability) significant snps (5e-08) suggestive snps (1e-05) 
European (n=88,385) 7.08  (0.71)% 14.6 (7.6)% 24.6 (6.4)% 
African (n=25,235) 9.48 (3.58)% 3.3 (16.3)% 9.1 (18.0)% 
Hispanic (n=10,973) 8.40 (2.89)% 11.1 (7.3)% 30.4 (10.6)% 
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3.1.8 Supplementary Figures 

 

 
Figure S3.1 Workflow of Testosterone Phenotype Processing in Million Veteran Program 
Steps to process testosterone information from Million Veteran Program. Individuals on androgen 
deprivation therapy (ADT), testosterone replacement therapy (TRT) and TRT during testosterone 
lab measurement were excluded. Analysis was focused on morning (7 AM – 12 PM) testosterone 
levels. Related individuals and individuals with sex aneuploidies were excluded. 
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Figure S3.2 Validation of Testosterone GWAS Hits in UKBB and MESA cohort (A) 
Scatterplot of MVP Testosterone beta values and UKBB Testosterone beta values from GWAS 
conducted in only males. Points in blue pass significance threshold (5e-08) in UK Biobank. (B). 
Scatterplot of MVP Testosterone beta values and MESA cohort Testosterone beta values from 
GWAS conducted in only African males. No points pass significance threshold (5e-08). 
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Figure S3.3 LDhub Correlations Amongst European, African and Hispanic Ancestral 
Groups (A) Heatmap of genetic correlations of GWAS catalog categories. (B) Heatmap of genetic 
correlations of GWAS catalogs. 
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Figure S3.4  Testosterone Polygenic Score (PGS) Validation in UK Biobank Quantile plot of 
testosterone PGS constructed from 37 of the 46 trans-ancestry SNPs and testosterone levels in UK 
Biobank. 
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Figure S3.5 Testosterone Polygenic Score (PGS) Distribution in European, African and 
Hispanic Ancestry Groups of Million Veteran Program (MVP) Histogram of testosterone PGS 
constructed from 46 variants in European, African and Hispanic ancestry groups in Million 
Veteran Program (MVP). 
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3.2.1 Abstract 

Prostate cancer (PrCa) is one of the most genetically driven solid cancers with heritability 

estimates as high as 57%. African American men are at an increased risk of PrCa; however, current 

risk prediction models are based on European ancestry groups and may not be broadly applicable. 

In this study, we define an African ancestry group of 4,533 individuals to develop an African 

ancestry-specific PrCa polygenic risk score (PRState). We identified risk loci on chromosomes 3, 

8, and 11 in the African ancestry group GWAS and constructed a polygenic risk score (PRS) from 

10 African ancestry-specific PrCa risk SNPs, achieving an AUC of 0.61 [0.60-0.63] and 0.65 

[0.64-0.67], when combined with age and family history. Performance dropped significantly when 

using ancestry-mismatched PRS models but remained comparable when using trans-ancestry 

models. Importantly, we validated the PRState score in the Million Veteran Program, 

demonstrating improved prediction of PrCa and metastatic PrCa in African American individuals. 

This study underscores the need for inclusion of individuals of African ancestry in gene variant 

discovery to optimize PRS. 

 

3.2.2 Introduction 

Prostate cancer (PrCa) remains the most common non-skin malignancy in men, with 

significant mortality resulting in 1 in 42 men diagnosed with PrCa dying from the disease(1, 2). 

Men with an African ancestry have a 1.6 and 2.4 fold increased risk of PrCa diagnosis and age-

matched mortality compared to men with a European ancestry(3, 4). Multiple studies suggest 

genetic heritability is high for PrCa(5, 6), with twin studies attributing 57% of PrCa risk to genetic 

factors(7). 
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  While rare high penetrance genes and missense mutations (e.g., G84E in HOXB13) have 

been described, they represent an exceedingly small minority of PrCa cases. Single nucleotide 

polymorphisms (SNPs) in non-coding regions also contribute to PrCa risk, with many falling in 

the chromosome 8q24 risk region(8, 9). Genome-wide association studies (GWAS) have identified 

more than 260 of these SNP susceptibility loci(10, 11). However, the majority of discovery 

populations in these GWAS have been of European or Asian ancestry and studies on the role of 

ancestral genetic background in PrCa risk for other ethnic groups are needed(8, 10, 12, 13). 

Incorporating PrCa risk SNPs into a meaningful clinical tool is possible with polygenic 

risk scores (PRSs) that predict PrCa risk based on the presence of individual inherited SNPs(14–

16). Sun et al demonstrated that addition of a PRS to family history improved the performance of 

predicting PrCa in populations of predominantly European ancestry(11, 16–20). The full utility of 

such tools for diverse populations or in combination with nomograms is yet to be realized. 

Here we use genetic ancestry to separate the ELLIPSE consortium into ancestry groups. 

We ran association studies within our African ancestry group to identify population-specific SNPs. 

We then constructed an African ancestry-specific PrCa PRS (PRState) that achieved an AUC of 

0.65 [0.64-0.67] when combined with family history and age of diagnosis. Efficacy of PRS was 

contingent on inclusion of African ancestry group individuals in PRS construction. When only 

European ancestry group individuals were used to construct PRS, a considerable drop in 

performance was observed within the African ancestry group. PRS construction from trans-

ancestry groups performed comparably to PRState. 

Variants in PRState score have been described in previous trans-ancestry analysis; 

however, we demonstrate these variants contribute to a boost in PrCa prediction performance in 

both the ELLIPSE and Million Veteran Program African ancestry groups. These findings highlight 
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the importance of ancestry-specific risk SNP identification and will hopefully guide future PRS 

studies of PrCa in African ancestry groups.   

 

3.2.3 Results 

3.2.3.1 European and African Ancestry Group Identification in ELLIPSE 

PCA analysis of 55 ancestry informative markers (AIMs) proposed by Kidd et al(25) 

revealed that individuals in the ELLIPSE could be stratified according to ancestral background. 

European, African and Asian descent individuals formed distinct clusters (Figure 3.8). European 

and African ancestry likelihood thresholds were selected such that population size was maximized 

while minimizing admixture. The European ancestry group included individuals with European 

ancestry likelihood ratio > -10, resulting in 5,567 individuals. The African ancestry group included 

individuals with African ancestry likelihood ratio > -15 and European ancestry Likelihood ratio < 

-15, resulting in 4,533 individuals (Figure 3.8). PCA analysis confirmed thresholds results in 

tightly clustered European and African ancestry groups. Self-identified ancestry aligned with 

genetic ancestry defined through AIMs; although some individuals self-identifying as Hispanic 

were included in European and African ancestry groups (Table 3.3). 

  

3.2.3.2 Inclusion of African Ancestry Group Individuals in Polygenic Risk Score 

Construction Improves African Ancestry Group Prostate Cancer Prediction 

GWAS was performed in the African ancestry group to identify African ancestry-specific 

risk loci. Loci on chromosomes 3, 8, and 11 were significantly associated with PrCa risk in African 

American men (Figure 3.9). Age, family history, genetic risk score and the combination of these 

3 factors for PrCa were evaluated using ROC-AUC analysis. Risk prediction models using genetics 
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resulted in an AUC of 0.61 [0.60-0.63] (Figure S3.6) while a combined model (genetics, age and 

family history) resulted in an AUC of 0.65 (Figure 3.9). To determine the efficacy of using a 

matched ancestry group model for prediction, we evaluated performance of a European ancestry 

group model on prediction of PrCa in our African ancestry group. Interestingly, model 

performance was poor with near random performance using genetics [AUC: 0.52 (0.50-0.53)] 

(Figure S3.6). When genetics were combined with age and family history, the AUC was 0.59 

[0.57-0.60], significantly lower than results from using the matched ancestry group model (Figure 

3.9).  

 Lastly, recent studies of trans-ancestral analysis of PrCa risk have been conducted(11), so 

we wanted to evaluate the performance of using a trans-ancestry group model on our African 

ancestry group. We trained models on a training set composed of both European and African 

ancestry groups combined and tested on the African ancestry group. We achieved comparable 

performance to matched ancestry group models. We achieved an AUC of 0.62 [0.61-0.64] using 

only genetics (Figure S3.6) and 0.66 [0.65-0.68] when combined with age and family history 

(Figure 3.9).  Individuals in the top 10th quantile of PRS constructed from matched ancestry model 

had 2-fold greater risk of PrCa compared to the 50th quantile (Figure 3.9).  Quantile analysis with 

odds of PrCa using a European ancestry group model demonstrates no trend between PRS and 

PrCa risk in the African American ELLIPSE Consortium (Figure 3.9). 

Since the trans-ancestry group model used 5 variants which overlapped with the African 

ancestry group model, we compared odds ratios of African ancestry-specific risk variants in 

European, African and trans-ancestry groups to determine if variants exhibited different 

associations with PrCa. Odds ratios between trans-ancestry group and African ancestry group 

association analyses were similar, compared to European ancestry group association analysis 
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(Figure S3.7). Odds ratios for African ancestry group individuals for 3 of the 8 chromosome 8 

variants included in PRS construction were significantly different compared to European ancestry 

group individuals. These results demonstrate that PrCa variants have different effects based on 

ancestral background. 

 

3.2.3.3 African Ancestry PrCa Risk Variants Improve Prostate Cancer Prediction when 

Combined with Previous PrCa Risk Variants  

After demonstrating the importance of inclusion of ancestry-matched individuals in 

polygenic risk score prediction, we sought to evaluate how our PRS constructed with 10 African 

ancestry-specific variants, which we will now refer to as PRState, performed in comparison to 

previous models. We compared performance to a PRS from a previously published large trans-

ancestry analysis of PrCa by Conti et al.(11). Five of the 10 African ancestry-specific variants we 

identified were in high linkage disequilibrium with variants previously implicated by Conti et al. 

and 2 of these 5 variants passed genome-wide significance threshold in Conti et al. African 

ancestry group GWAS. We compared our PRState score with the Conti et al. PRS constructed 

excluding these 5 variants. Addition of PRState score to Conti et al. PRS significantly improves 

prediction of PrCa by itself  (DeLong P < .0003) (Figure 3.10) and with family history and age 

(DeLong P < .0003) (Figure 3.10). 

To validate our results, we compared PRState score and Conti et al. PRS performance in 

the Million Veteran Program. Average AUC for PrCa (Figure 5A) (DeLong P < 1e-16) and 

metastatic PrCa (Figure 3.11) (DeLong P < 8e-06) prediction was significantly higher in 

individuals of African ancestry when PRState and Conti et al PRS were combined compared to 

Conti et al. PRS alone. Combined PRState and Conti score was not associated with significantly 
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higher AUC in predicting death from PrCa (Figure 3.11) (DeLong P < .67) . Interestingly, we find 

that PRState score performance was associated with significantly better predictive value compared 

to European individuals for all three defined clinical PrCa endpoints (Figure 3.12) (PrCa DeLong 

P < 1e-16, metastatic PrCa DeLong P < 1e-16, fatal PrCa DeLong P < 1e-16). Furthermore, we 

characterized odds ratios of PRState variants between African and European HARE groups in the 

Million Veteran Program and noted a significant difference in the odds ratios for certain variants 

in all three endpoints (PrCa diagnosis, metastasis and death) (Figure S3.8). These results not only 

demonstrate the need to include individuals of African ancestry in construction of polygenic risk 

scores that predict PrCa risk, but also that African ancestry-specific variants are critical for 

prediction of other PrCa characteristics, such as metastasis.  

 

3.2.3 Discussion 

A critical limitation in most genetic studies in PrCa has been the overrepresentation of men 

with non-Hispanic European ancestry. Considering both the higher incidence and mortality of 

PrCa in African American men, this problem prevents the discovery of gene variants conferring 

PrCa risk in African and other ancestries. Using PrCa risk SNPs identified to be specific for 

African American men in ELLIPSE consortium, we used variants on chromosomes 3, 8, and 11 to 

construct an African ancestry-specific polygenic score (PRState) that achieved AUC of 0.61 [0.60-

0.63] and 0.65 [0.64-0.67], when family history and age were added. We then compared PRState 

performance to models constructed from a primarily European ancestry group and a mixed 

European and African ancestry (trans-ancestry) group. We achieved comparable performance 

using a trans-ancestry group model, but a drop in performance using a European ancestry group 

model in ELLIPSE.  The PRState score improved PrCa prediction performance when combined 
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with a PRS constructed from a previous larger PrCa meta-analysis conducted by Conti et al.(11) 

Although half of the PRState variants were in high linkage disequilibrium with Conti et al. variants, 

we demonstrate these African ancestry-specific variants significantly improve PrCa prediction in 

our discovery cohort (ELLIPSE) and external validation cohort (Million Veteran Program) of 

African ancestry group individuals. The results of our PRState study underscore the importance of 

including men with African ancestry when building genetic risk models and highlight African 

ancestry-specific PrCa variants that warrant further investigation. 

PrCa is one of the most heritable cancer types and ancestry is an important determinant of 

PrCa risk. Using only a 55 SNP Panel and likelihood estimates from forensic genetic tool FROG-

Kb, we were able to estimate genetic ancestry that aligned with self-identified ancestry in the 

ELLIPSE consortium. Although we had self-identified ancestry information available, our 

approach could be tested in cohorts where self-identified ancestry was not acquired. FROG-kb 

returns ancestry likelihood estimates for any panel of populations and individuals could have high 

ancestry likelihood estimates for several groups. For our study, we used FROB-kb to define 

categorical ancestry groups for PrCa risk variant discovery in the African ancestry group. 

Specifically, for defining the African ancestry group, we used a low European likelihood threshold 

combined with a high African likelihood threshold to define groups with little overlap in principal 

component analysis (Figure 3.8). However, FROB-kb estimates do not have to be used 

categorically and can also be incorporated in the model. Specifically, for admixed individuals, this 

quantitative estimate of ancestry likelihood estimates may be useful in genetic risk models. 

Despite a relatively small discovery cohort of 4,533 individuals, we were able to identify 

10 African ancestry-specific variants (of which 5 were novel), that predicted PrCa in ELLIPSE 

similar to the PRS constructed from Conti et al. from over 250 variants (ELLIPSE PRState AUC 
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= 0.66 [0.64-0.67] versus Conti PRS AUC = 0.69 [0.67-0.70]). Half of the PRState variants 

overlapped with variants identified by Conti et al., which included over 5x more individuals of 

African ancestry than our discovery cohort. Half of the PRState variants had been reported by 

Conti et al, whereas the novel variants included in PRState were identified using our methods. We 

applied a rigorous selection process for an African ancestry group that allowed identification of 

PrCa variants with African ancestry-specific effects. In order to test if our small sample was 

overfitting a prediction model, we applied our findings to an external cohort (the Million Veteran 

Program). PRState improved prediction of PrCa detection and demonstrated these variants were 

critical for prediction of high-risk PrCa that leads to metastasis in an African ancestry group within 

the Million Veteran Program. PRState was also associated with significantly higher AUC in the 

African ancestry group compared to European ancestry group for PrCa, metastatic PrCa and fatal 

PrCa. These results suggest PRState improves prediction of metastatic prostate cancer, which may 

help to prevent overtreatment of clinically non-aggressive prostate cancer with good survival 

In the above analysis, we found PrCa risk SNPs in men ofAfrican descent are located at 

distinct loci that differ from PrCa risk loci identified in men of  European ancestry. Variants on 

chromosome 8 were identified in both European and African ancestry group PrCa GWAS, 

however, the African ancestry-specific chromosome 8 variants (rs113343238, rs16902008, 

rs943270004, rs116845582, rs59825493) were not significantly associated with PrCa risk in the 

European ancestry group in the ELLIPSE Consortium(26, 27). Interestingly, in the Million Veteran 

Program, certain variants were protective in the European ancestry group but associated with 

higher PrCa diagnosis in the African ancestry group (rs113343238, rs943270004). These results 

suggest that even within well-known PrCa risk loci, defining ancestry group differences will likely 

improve genetic risk models.  
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Our PRState analyses identified 10 African ancestry-specific variants in our discovery 

cohort of 4,533 individuals and demonstrated its improved predictive power. With a larger cohort, 

we could apply our approach to identify potential novel African ancestry-specific PrCa risk 

variants. While this work has demonstrated the feasibility of using a small number of SNPs to 

define ancestry backgrounds and then predict genetic risk of PrCa, there are several limitations. 

The ELLIPSE data set is the largest complete PrCa cohort and we focused on 4,533 patients in an 

African ancestry group representing <5% of the total ELLIPSE cohort. Thus the study was not 

powered to identify potentially meaningful SNPs, as indicated by the suggestive peaks in the 

African ancestry group GWAS on chromosomes 9, and 12, which did not reach statistical 

significance. Additionally, we recognize African ancestry encompasses a wide breadth of genetic 

diversity that can not be wholly defined by a small sample. Nevertheless, we believe our PRState 

study indicates the inclusion of ancestral inherited risk is an important variable for analyzing PrCa 

risk similar to family history. Further investigation of a larger African ancestry sample will likely 

improve the signal and determine the magnitude of PrCa risk conferred by the African ancestry-

specific SNPs identified in our study. Additionally, while one unintentional risk of PrCa treatment 

is overtreatment of low grade PrCa disease, the ELLIPSE data does not include high grade versus 

low grade cancer characterization. Therefore, we are unable to identify whether these SNPs confer 

higher risk for PrCa metastasis and death, although our analysis within the MVP demonstrates an 

association. Future studies will expand these methods to other under-represented ancestry groups 

with a goal of developing PrCa risk stratifying tools based on an individual’s ancestral background. 

Increasing the number of non-white patients in databases such as the ELLIPSE consortium is a 

key element to furthering research in these groups. 
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3.2.4 Materials and Methods 

3.2.4.1 ELLIPSE Study Subjects and Genotype 

The Elucidating Loci Involved in Prostate Cancer Susceptibility (ELLIPSE) consortium 

prostate cancer meta-analysis and genotypes (dbGaP Study Accession: phs001120.v1.p1) was 

accessed to analyze Affymetrix genotype calls for 91,644 male PrCa case/controls. 

 

3.2.4.2 Quality Assurance 

PLINK (RRID:SCR_001757) genotype files consisting of 505,219 calls from the following 

consent groups were compiled: c1-c3,c6,c8,c10-18,c20,c23,c25,c27-28. Pre-imputation 

processing of autosomal and X chromosome genotypes followed below steps: 

1.   Duplicated variants were removed. 

2.   Heterozygous haploid SNPs were set to missing. 

3.   SNPs with call rate <90% were removed 

4.   SNPs with minor allele frequency (MAF) <1% were removed 

5.   Individuals with genotype coverage <90% were removed 

6.   Non-ACGT variants were removed. 

Strand flips were reversed using snpflip. After preprocessing genotypes, the remaining 410,116 

SNPs and 91,644 individuals were input to the secure Michigan Imputation Server 

(RRID:SCR_017579)(21). Whole-genome SNPs were imputed with Minimac4 

(RRID:SCR_009292) and ancestry-matched reference panel 1000 Genomes Project Phase 3 

version 5 (RRID:SCR_008801). Finally, post-imputation duplicated SNPs and SNPs with MAF 

<1% were removed. 
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3.2.4.3 Ancestry Likelihood Calculation (FROG-kb) 

For ancestry group calculations, we opted for an ancestry group prediction tool that does 

not require relationships with other individuals, like PCA. FROG-kb(22) uses Kidd AISNP panel 

(55 SNPs) to predict likelihood ratios for world geographic regions. Likelihood ratios for 160 

populations were calculated and averaged. European American likelihood ratios were determined 

from populations in “Europe” region and African American likelihood ratios were determined 

from populations in “African” region. For the final European ancestry group, we used a European 

log likelihood > -10, resulting in 5567 individuals. For the final African ancestry group, we used 

a European log likelihood < -15 and African log likelihood > -15, resulting in  4533 individuals. 

  

3.2.4.4 Genome-wide association analyses (GWAS) 

PLINK (RRID:SCR_001757) GLM method(23) was used to conduct association analyses 

with PrCa case/control in European and African ancestry groups. All associations were adjusted 

for the first 10 principal components (PCA with 55-SNP Kidd panel) and age. 

  

3.2.4.5 Polygenic Risk Score Calculation 

Association analyses within European, African or mixed ancestry training sets were 

conducted. Significant variants were identified through PLINK (RRID:SCR_001757) linkage-

based clumping using a p1 threshold of 5e-08, a p2 threshold of 1e-05, an r2 threshold of 0.1 and 

a kb threshold of 1000 kb. Ten, seven and fourteen significant variants were identified through 

African, European and trans-ancestry analysis, respectively. For PRS construction, variants were 

weighted by log (base 10) odds ratio from the training set association statistics, oriented to PrCa 
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risk allele, and combined. ROC-AUC evaluation across folds was conducted using polygenic 

scores as predictions. 

For mismatched ancestry group analysis, European ancestry training sets were used for 

prediction on African ancestry test sets. For trans-ancestry group analysis, European and African 

ancestry training sets were combined and tested on African ancestry test sets. All three ancestry 

group PRSs were evaluated using 10-fold cross validation. AUC for each fold and overall are 

reported. Confidence intervals were calculated using pROC R package. 

  For contextualization of our results in relation to other genetic risk models, we compared 

our PRState score (composed of 10 African ancestry-specific variants) to variants published 

recently in a large meta-analysis of prostate cancer by Conti et al(11). Half (5) of the variants used 

in the PRState score were in high linkage disequilibrium (r2 > 0.3) with Conti et al variants(11). 

We excluded these variants and constructed a Conti PRS with reported odds ratio for the African 

group. To evaluate PRState and Conti polygenic risk scores, we used both scores as features for a 

logistic regression model with default parameters. Predicted probabilities were used in ROC 

evaluation. For the Million Veteran Program (MVP), genotype dosages were extracted for 10 

PRState variants across participants and weighted by log (base 10) odds ratio from the best-

performing fold in ELLIPSE. Performance was evaluated using ROC-AUC analysis in European 

and African ancestry groups.  

Individual ancestry groups in the Million Veteran Program were characterized through 

Harmonized Ancestry and Race/Ethnicity (HARE) grouping(24). HARE grouping was 

specifically developed to categorize MVP individuals based on self-reported ancestry and genetic 

ancestry. HARE utilizes a support vector machine to output probabilities of an individual’s 

ancestry group using self-identified and genetic ancestry. PrCa, metastatic PrCa and fatal PrCa 
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status was determined through ICD 9/10 diagnosis, procedure code, CPT and HCPCS procedure 

code, laboratory values, medications and clinical notes from inpatient, outpatient and fee-based 

care in the VA healthcare system. Family history information was available for only 55,610 of 

121,964 African individuals and 322,706 of 461,627 European individuals in MVP. When 

evaluating genetic information only, the full population was used and the subset of the population 

with family history information available was used for additional multivariable association. ROC-

AUC analysis was conducted in European and African ancestry individuals separately. 
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3.2.5 Figures 

  

Figure 3.8 FROG-kb Ancestral Group selection PCA analysis was conducted with Kidd et al. 
ancestry informative markers (AIMs). Identified groups were determined from European and 
African ancestry likelihood ratios (FROG-kb, Kidd et al. panel). 
 

  



 193 

  

Figure 3.9 Manhattan Plot of Prostate Cancer (PrCa) Risk Manhattan plot of logistic 
association of genetic variants with PrCa risk in ELLIPSE African ancestry group (n=4,533). 
green=known PrCa risk SNPs, blue=SNPs associated with PSA levels 
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Figure 3.10 Performance of Polygenic Risk Scores (PRSs) Constructed from Different 
Ancestral Backgrounds in African Ancestry Group in ELLIPSE Consortium ROC curve for 
genetic prediction of PrCa risk in ELLIPSE Consortium African ancestry group (n=4,533) using: 
(A) PRSs constructed from 10 African ancestry-specific variants with age and family history. (B) 
PRSs constructed from 7 European ancestry-specific variants with age and family history. (C)  
PRSs constructed from 14 trans-ancestry specific variants with age and family history. Quantile 
plot of PRS constructed from: 10 African ancestry-specific variants (D) and 7 European ancestry-
specific variants (E) and respective odds of prostate cancer.  
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Figure 3.11 Evaluation of PRState and Conti Score in ELLIPSE Consortium (A) ROC curve 
for genetic prediction of PrCa risk in ELLIPSE Consortium African ancestry group (n=4,533) 
using Conti PRS, PRState PRS and combined Conti and PRState PRS (DeLong p < 0.0003). (B)  
ROC curve for genetic prediction of PrCa risk in ELLIPSE Consortium African ancestry group 
(n=4,533) using Conti PRS, PRState PRS and combined Conti and PRState PRS along with family 
history and age (DeLong p < 0.0003).  
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Figure 3.12 Evaluation of PRState and Conti Score in Million Veteran Program ROC curve 
for genetic prediction of prostate cancer risk in Million Veteran Program African HARE group 
(n=121,964) using Conti PRS, PRState PRS and combined Conti and PRState PRS  for any 
prostate cancer (A), metastatic prostate cancer (B), and fatal prostate cancer (C).  ROC curve for 
genetic prediction of prostate cancer risk in Million Veteran Program African HARE group 
(n=121,964) and European HARE group (n=461,627) using Conti PRS, PRState PRS and 
combined Conti and PRState PRS for any prostate cancer (D), metastatic prostate cancer (E), and 
fatal prostate cancer (F).   
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3.2.6 Tables 

Table 3.3 Self-Identified Ancestry of Genetically-Defined Ancestry Groups Rows represent 
ancestry groups based on genetic ancestry. Columns represent self-identified ancestry. Values 
represent the number of individuals in each ancestry group and how they self-identify. 
 

 European African Latino 

European 5564 0 3 

African 0 4532 1 
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3.2.7 Supplementary Figure 

 

Figure S3.6 Performance of Polygenic Risk Scores Constructed from Different Ancestral 
Backgrounds in African Ancestry Group in ELLIPSE Consortium ROC curve for genetic 
prediction of prostate cancer risk in ELLIPSE Consortium African ancestry group (n=4,533) using: 
(A) Polygenic risk scores constructed from 10 African ancestry-specific variants only. (B) 
Polygenic risk scores constructed from 7 European ancestry-specific variants only. (C)  Polygenic 
risk scores constructed from 14 trans-ancestry specific variants only. 
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Figure S3.7 Comparison of  African Prostate Cancer Variant Odds Ratios in European, 
African, and Trans-Ancestry Groups in ELLIPSE Consortium Odds ratios for 10 African 
ancestry-specific PrCa variants for prostate cancer in the ELLIPSE Consortium for European 
(n=5,667), African (n=4,553) and Trans-Ancestry (n=10,100) ancestry groups. 
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Figure S3.8 Comparison of African Prostate Cancer Variant Odds Ratios in European and 
African HARE Groups in Million Veteran Program Odds ratios for 10 African ancestry-
specific PrCa variants for any prostate cancer (A), fatal prostate cancer (B), and metastatic prostate 
cancer (C) in the African (n=121,964) and European (n=461,627) HARE Million Veteran Program 
groups. 
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3.3.1 Abstract 

 Genetic scores may provide an objective measure of a man’s risk of prostate cancer and 

thus inform screening decisions. We evaluated whether a polygenic hazard score based on 290 

genetic variants (PHS290) is associated with risk of prostate cancer in a diverse population, 

including Black men, who have higher average risk of prostate cancer death but are often treated 

as a homogeneous, high-risk group. This was a retrospective analysis of Million Veteran Program 

(MVP), a national, population-based cohort study of United States military veterans conducted 

2011-2021. Cox proportional hazards analyses tested for association of genetic and other risk 

factors (including self-reported race/ethnicity and family history) with age at death from prostate 

cancer, age at diagnosis of metastatic (nodal or distant) prostate cancer, and age at diagnosis of 

any prostate cancer. 590,750 male participants were included. Median age at last follow-up was 

69 years. PHS290 was associated with fatal prostate cancer in the full cohort and for each 

racial/ethnic group (p<10-10). Comparing men in the highest 20% of PHS290 to those in the lowest 

20%, the hazard ratio for fatal prostate cancer was 4.42 [95% CI: 3.91-5.02]. When accounting for 

guideline-recommended risk factors (family history, race/ethnicity), PHS290 remained the 

strongest independent predictor of any, metastatic, and fatal prostate cancer. PHS290 stratified US 

veterans of diverse ancestry for lifetime risk of prostate cancer, including metastatic and fatal 

cancer. Predicting genetic risk of lethal prostate cancer with PHS290 might inform individualized 

decisions about prostate cancer screening. 

 

 3.3.2 Introduction 

 Prostate cancer is the most diagnosed and second deadliest cancer in men(1). Despite the 

enormous mortality from this disease, early detection of prostate cancer remains controversial. 
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Screening all men via prostate-specific antigen (PSA) testing, regardless of underlying risk, has 

been shown to reduce prostate cancer deaths by 27% but also results in numerous false positive 

results and frequent overdiagnosis of indolent prostate cancer that may never have become 

symptomatic(2–4). These overdiagnoses often lead to unnecessary treatment, with attendant side 

effects and societal costs. A better strategy is to target PSA screening to those men at higher risk 

of developing metastatic or fatal prostate cancer.  

 As one of the most heritable cancers(5), genetic risk stratification is a promising approach 

for identifying individuals at higher risk of developing metastatic or fatal prostate cancer(1, 3, 6). 

Measures of genetic risk have proven highly effective for predicting lifetime risk of being 

diagnosed with prostate cancer, outperforming family history or other clinical risk factors(7–10). 

Rather than only predicting lifetime risk, however, an ideal genetic test would focus on clinically 

significant prostate cancer and estimate age-specific risk. Prostate cancer is highly age dependent, 

with very low incidence before 50 years of age and increasing exponentially as men get older(11, 

12). Absolute incidence of aggressive prostate cancer also increases with age(11, 12). Meanwhile, 

some men with high genetic risk develop aggressive prostate cancer at a younger age and are at 

particular risk of dying from this disease. Age-specific genetic risk could inform individualized 

decisions about PSA testing, in the context of a given man’s overall health and competing causes 

of mortality. 

 A major limitation of early studies of polygenic risk was an exclusive focus on men of 

European ancestry(13, 14). Such systematic bias may exacerbate existing health disparities in 

prostate cancer incidence and health outcomes(15, 16). This is particularly worrisome for men of 

African ancestry, who have a higher overall incidence of metastatic and fatal prostate cancer than 
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men of European or Asian ancestry(17, 18). Recent efforts have incorporated data from more 

diverse populations, yielding improved performance in these groups(19–23). 

 Our group has developed a risk prediction tool called a polygenic hazard score (PHS) that 

identifies men who are likely to develop clinically significant prostate cancers at younger ages. 

This score, which can be calculated from a single saliva sample at any point in a man’s life, was 

strongly associated with age at diagnosis of clinically significant prostate cancer in large 

datasets(10, 19, 22). The score also improved the accuracy of conventional screening with PSA(7, 

10, 12). We subsequently expanded the model to optimize performance in men of all ancestries, 

particularly men with African ancestry(19, 22, 24). Here, we seek to validate the ability of the PHS 

to identify men at risk of metastatic or fatal prostate cancer within the Million Veteran Program 

(MVP) longitudinal cohort, one of the largest and most racially and ethnically diverse populations 

studied to date(25). 

 

3.3.3 Results 

3.3.3.1 PHS290 Score 

The distribution of PHS290 in Non-Hispanic Whites was similar to that reported previously 

for men of European ancestry (mean=9.37, SD=0.37)(24). Mean PHS290 did vary by self-reported 

race/ethnicity with statistically significant differences between all groups (ANOVA p < 10-16; all 

pair-wise t-tests p < 10-14). The distribution for the Hispanic ancestry group overlapped closely 

with that of the European group (mean=9.35, SD=0.37), while PHS290 tended to be lower among 

Asian men (mean=9.18, SD=0.35) and higher among Black men (mean=9.56, SD=0.34, t-test) 

(Figure 3.13, Figure S3.9).  
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3.3.3.2 Association of PHS290 with Prostate Cancer  

PHS290 was associated with age at diagnosis of prostate cancer, with age at development 

of prostate cancer nodal/distant metastases, and with age at death from prostate cancer (Table 3.4). 

These associations also held in all racial/ethnic subgroup analyses with >100 events. Comparing 

80th and 20th percentiles of genetic risk in the full dataset, men with higher PHS290 had an HR80/20 

of 5.20 [95% CI: 5.09-5.31] for any prostate cancer, HR80/20 of 4.89 [95% CI: 4.57-5.21] for 

metastatic prostate cancer, and HR80/20 of 4.42 [95% CI: 3.91-5.02] for fatal prostate cancer. Cause-

specific cumulative incidence curves for various PHS290 percentile groups demonstrated risk 

stratification (Figure 3.14). Consistent with prior reports, Black men had a higher average 

incidence of prostate cancer than Non-Hispanic White men. However, the incidence among Black 

men with low PHS290 was comparable to that of the average among Non-Hispanic White men 

(Figure 3.14). 

 

3.3.3.3 Race/Ethnicity, Family History, and PHS290 

Race/ethnicity and family history were each associated with every clinical endpoint in 

univariable models. Men with a family history of prostate cancer had a HR of 1.83 [1.53-2.17] for 

dying of prostate cancer. The race/ethnicity associations were largely driven by an increased risk 

for Black men. Compared to Non-Hispanic White men, Black men had a HR of 2.53 [2.14-2.92] 

for dying of prostate cancer.  

 PHS290 remained an independent predictor of prostate cancer risk—including prostate 

cancer death—when accounting for race/ethnicity and family history (Table 3.5). The 

multivariable model improved prediction for each clinical endpoint over the common risk factors 

alone (ANOVA p < 2.2x10-16). Independent of ancestry and family history, a high PHS290 (top 
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20%) approximately quadrupled a man’s risk of death from prostate cancer, compared to a low 

PHS290 (bottom 20%) (Table 3.6).  

 

3.3.3.4 Genetic Ancestry and Genetic Principal Components 

Results of the above analyses using genetic ancestry and the top 10 genetic principal 

components are reported in the Supplementary Material. PHS290 was significantly and 

independently associated with all three prostate cancer endpoints in each case. 

 

3.3.4 Discussion 

 PHS290 was associated with lifetime prostate-cancer-specific mortality in this large and 

diverse dataset. Even when accounting for current guideline-recommended risk factors (family 

history and race/ethnicity), PHS290 remained a strong independent predictor of dying from 

prostate cancer. The genomic score was also associated with age at diagnosis of metastasis from 

prostate cancer (nodal or distant) and with age at diagnosis of any prostate cancer. Metastatic 

prostate cancer has poor prognostic outcomes and is a major driver of pain, disability and 

aggressive medical therapy(32). To our knowledge, this study is the first to show the association 

of a genomic score with lifetime risk of metastatic prostate cancer. This study also represents the 

largest and most racially/ethnically diverse independent validation of the association of a 

polygenic score with lifetime risk of fatal prostate cancer.  

 Black men in the US are substantially more likely to develop metastatic disease and to die 

from prostate cancer(18). The causes of this disparity are likely a combination of genetic, 

environmental, and social factors, including systemic racism(33–37). National guidelines 

recommend consideration of prostate screening in men of African ancestry at a younger age and 
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that screening occur at more frequent intervals(38). The results of the present study confirm a 

generally great risk of prostate cancer among Black men but also demonstrate that Black men have 

variable levels of lifetime risk and should not be treated as a homogeneous group. Black men with 

low PHS290 had a prostate cancer risk comparable to average-risk Non-Hispanic White men, 

while Black men with high PHS290 had the highest risk of all subgroups. PHS290 can identify 

those more likely to develop lethal prostate cancer and may facilitate personalized screening 

recommendations. 

 Intriguingly, typical PHS290 scores differed between racial/ethnic groups, with the mean 

PHS290 slightly higher among Black men and slightly lower among East Asian men, compared to 

Hispanic and Non-Hispanic White men. These shifts in PHS290 distribution are consistent with 

reported differences in prostate cancer incidence across racial groups(39–43) and with a previous 

polygenic risk meta-analysis(21). Higher overall PHS290 scores in African ancestry group may 

point to true differences in prostate cancer risk but could also be inflated by minor allele frequency 

(MAF) differences between ancestry groups.  Incorporating approaches for local ancestry and 

admixture can also boost genetic model performance and should be explored further to improve 

the predictive accuracy of polygenic scores(44).  

 Family history is another important clinical consideration in prostate cancer screening 

decisions(38, 45–48). Prior studies have found polygenic scores to be the most important risk 

factor for prostate cancer (in men without known rare pathogenic mutations), with family history 

typically also independently predictive in multivariable models, possibly by capturing yet 

unknown genetic factors and/or shared familial environmental factors(7, 9, 22, 49, 50). Among 

MVP participants, family history of prostate cancer was independently associated with prostate 

cancer risk in a multivariable model that included race/ethnicity and PHS290. The relationship of 
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environmental exposures, family history, and prostate cancer risk merit further investigation(9), 

particularly in groups like veterans who may have been exposed to rare carcinogens(51). 

 The present study builds on prior work that reported the performance of polygenic scores 

in non-Europeans(20–22, 24, 52) and is consistent with those prior studies in showing a strong 

association of polygenic scores with prostate cancer risk, including death from prostate cancer(9, 

22, 49). Polygenic hazard scores designed to incorporate the strong age-dependence of prostate 

cancer have also been shown to increase the accuracy of conventional prostate cancer screening(7, 

10, 12). Population-level analyses of benefit, harm, and cost-effectiveness support incorporation 

of genomic risk into screening(3, 6). The present study adds to the literature an independent 

validation in a dataset of over half a million men with diverse race/ethnicity and ancestry. Current 

clinical guidelines try to achieve targeted, or risk-stratified, screening by recommending each man 

discuss his individual risk factors, emphasizing race/ethnicity(38, 46–48). It is particularly 

important, therefore, that this study was able to combine race/ethnicity and genetic risk to estimate 

the relative impact of each and to demonstrate that a polygenic score adds considerable information 

beyond race/ethnicity alone for a man’s individual risk of metastasis or death from prostate cancer. 

 While PHS290 performed well in the present study to stratify men by genetic prostate 

cancer risk, the effect sizes estimated here are lower than those reported in previous studies. 

Smaller effect sizes were also seen when comparing the strength of association with age at 

diagnosis of prostate cancer within ancestry groups(24). Most likely, the discrepancy arises in 

differences in the populations studied; for example, the MVP dataset comes exclusively from a 

population of US veterans, with many receiving healthcare in a single US-based system, whereas 

the prior study used data from multiple countries and widely varying recruitment strategies. 

Patterns of screening, detection, and treatment of prostate cancer in the present dataset could be 
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different from clinical trial and case-control datasets used in previous work. Some of the difference 

in performance could also be explained by the fact that the testing datasets in the prior report for 

PHS290 had been included in the discovery of a majority of the 290 variants in the model; on the 

other hand, the testing datasets represented a very small proportion of the discovery datasets, and 

the model weights were estimated in an independent training dataset. 

 The present work shows that adding PHS290 to guideline-recommended risk factors 

improves risk stratification for meaningful clinical endpoints of death or metastases from prostate 

cancer. Men at highest risk of metastatic or fatal prostate cancer are potentially those most likely 

to benefit from screening. Prior studies have further suggested genetic scores could also add value 

even after results from screening or diagnostic tests are already available, but this needs further 

investigation(53, 54). For example, one early detection strategy with strong evidence is early 

baseline PSA (e.g., at age 45-49)(55, 56). This strategy has not yet been widely adopted in the 

U.S.(57), but future studies should evaluate whether PHS290 adds value in men where early 

baseline PSA is known and whether PHS290, if known prior to PSA testing, should inform the 

decision of whether to obtain an early baseline PSA test. Another compelling avenue for future 

studies is whether high genetic risk can be mitigated by lifestyle or other preventive 

intervention(58, 59).  

Notwithstanding the possible advantages to risk-based screening, men should still be 

cautioned on the risks of screening: false positive PSA testing results and overdiagnosis of non-

threatening cancer. While men with high PHS290 have a higher absolute incidence of prostate 

cancer metastasis or death, they also remain at risk of developing low-grade cancers likely to be 

detected with screening. Strategies to mitigate screening harms should be appropriately applied, 
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including multiparametric MRI prior to biopsy and active surveillance for cancer diagnoses with 

favorable prognosis(38). 

 Limitations of this study include heterogeneity of prostate cancer screening and diagnostic 

pathways by clinicians across VA and other hospitals in the US that could potentially introduce 

noise, although this heterogeneity likely leads to underestimation of associations with prostate 

cancer. The natural language processing tool used to identify men with metastatic disease does not 

reliably distinguish regional nodal from distant metastases, so these were all considered as one 

endpoint. Finally, we acknowledge that while we have used race/ethnicity, genetic ancestry, and 

principal genetic components, none of these groups can account for—much less, disentangle—the 

complex web of biological and social factors associated with these categories. Further work will 

attempt to incorporate agnostic genetic ancestry groups and address impacts of admixture and 

local/regional genetic ancestry on risk stratification with PHS(22).  

 We show that PHS290 stratified US men for lifetime risk of any, metastatic, and fatal 

prostate cancer. Critically, this genetic risk stratification was successful within racial/ethnic 

subgroups in this diverse dataset. PHS290 was higher, on average, among Black men, who were 

also at higher risk from prostate cancer. The combination of race/ethnicity, family history, and 

PHS290 performed better than any single risk factor in identifying men at highest risk of prostate 

cancer metastasis and death. Predicting genetic risk of lethal prostate cancer with PHS290 might 

inform individualized decisions about screening and early cancer detection. 

 

3.3.5 Methods 

3.3.5.1 Participants 
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We retrospectively obtained data from the MVP, composed of individuals between ages 

19 to over 100 years who were recruited from 63 Veterans Affairs Medical Centers across the 

United States (US). Recruitment for the MVP started in 2011, and all veterans were eligible for 

participation. Consent to participate and permission to re-contact was provided after counseling 

by research staff and mailing of informational materials. Study participation included consenting 

to access the participant’s electronic health records for research purposes. The MVP received 

ethical and study protocol approval from the VA Central Institutional Review Board in accordance 

with the principles outlined in the Declaration of Helsinki.  

 Only men were included in this prostate cancer study, comprising 590,750 individuals of 

diverse self-reported race/ethnicity, over 100,000 of whom were Black or African American 

(Table 3.1). There were no inclusion or exclusion criteria for age. Median age at last follow-up 

was 69 years (interquartile range 59-74 years). Men not meeting the endpoint for each analysis 

were censored at age at last follow-up. Clinical information used for analyses was retrieved as 

described below in the Clinical Data Extraction section.  

 

3.3.5.2 Genotype Data 

All study participants provided blood samples for DNA extraction and genotyping. 

Researchers are provided data that is de-identified except for dates. Blood samples were collected 

by phlebotomists and banked at the VA Central Biorepository in Boston, MA, where DNA was 

extracted and shipped to two external centers for genotyping. DNA extracted from buffy coat was 

genotyped using a custom Affymetrix Axiom biobank array. The MVP 1.0 genotyping array 

contains a total of 723,305 variants, enriched for low frequency variants in African and Hispanic 
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populations and variants associated with diseases common to the VA population(25). The details 

on the quality control and imputation have been described previously(26).  

 

3.3.5.3 Clinical Data Extraction 

Each participant’s electronic health record is integrated into the MVP biorepository. These 

records include International Classification of Diseases (ICD) diagnosis codes (ICD-9-CM and 

ICD-10-CM), procedure codes (ICD, Current Procedural Terminology, and Healthcare Common 

Procedure Coding (HCPCS)), laboratory values, medications, and clinical notes documenting VA 

care (inpatient and outpatient) and non-VA care paid for by the VA.  

 Prostate cancer diagnosis, age at diagnosis, and date of last follow-up were retrieved from 

the VA Corporate Data Warehouse based on ICD codes and VA Central Cancer Registry data. 

Age at diagnosis of metastasis (nodal and/or distant) was determined via a validated natural 

language processing tool and a search of individual participant’s medical records in the Veterans 

Affairs system, as described previously(27). This tool was developed using data from over 1 

million VA patients with prostate cancer; compared to manual chart review, the natural language 

processing tool had 92% sensitivity and 98% specificity for diagnosis of metastatic prostate cancer. 

Cause and date of death was collected from National Death Index. Participants with ICD10 code 

“C61” as underlying cause of death were considered to have died from prostate cancer. Age of 

death was determined from difference between year of death and year of birth. 

 

3.3.5.4 Polygenic Hazard Score (PHS290) 
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The most recent version of the PHS, called PHS290, was calculated as the vector product 

of participants’ genotype dosage (Xi) for 290 variants and the corresponding parameter estimates 

(bi) from Cox proportional hazards regression: 

𝑃𝐻𝑆 =(𝑋!b!

"

!

 

The development of this score has been described elsewhere(24). Briefly, previously identified 

common variants associated with prostate cancer risk were simultaneously evaluated using a 

machine-learning least absolute shrinkage and selection operator (LASSO) approach to generate 

an optimal combined model for association with age at prostate cancer diagnosis.  

 We calculated PHS290 for each MVP participant. Distributions were visualized using 

histograms for each ancestry group. Differences in mean PHS290 between ancestry groups were 

assessed via ANOVA. In all statistical analyses, significance for association with clinical 

endpoints was set at a two-tailed alpha of 0.01. As in prior studies, p-values less than 10-16 were 

truncated at this value, as comparison of miniscule values is not likely to be meaningful(7, 10, 12, 

19). Subgroup analyses with less than 100 events are reported in the Supplemental Material(28). 

 

3.3.5.5 Cox Proportional Hazards Analysis 

We evaluated association of PHS290 with age at diagnosis of prostate cancer and with 

two important clinical endpoints extracted from clinical data: age at diagnosis of nodal and/or 

distant metastases from prostate cancer and age at death from prostate cancer (i.e., lifetime 

prostate-cancer-specific mortality). To visualize the association in the full dataset, we generated 

cause-specific cumulative incidence curves for each endpoint and each of several PHS290 risk 
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groups. Cox proportional hazards models were used to assess these associations in the full 

dataset and in each racial/ethnic group. Individuals not meeting the endpoint of interest were 

censored at age at last follow-up. 

Effect sizes were estimated using hazard ratios (HRs) between risk strata, as described 

previously(7, 9, 10, 12, 19, 20, 22, 23) and with previously defined thresholds for PHS290: 

9.004659 (20th quantile), 9.123500 (30th quantile), 9.519703 (70th quantile), 9.639068 (80th 

quantile), 9.946332 (95th quantile)(24). HRs for each ancestry group were calculated to make the 

following comparisons: HR80/20, men in the highest 20% vs. lowest 20%; HR95/50, men in the 

highest 5% of genetic risk vs. those with average risk (30–70th percentile); and HR20/50, men in 

the lowest 20% vs. those with average risk.  

 

3.3.5.6 Race/Ethnicity, Family History, and PHS290 

To assess the independent predictive value of PHS290 beyond commonly used clinical risk 

factors, we tested a multivariable Cox proportional hazards model with self-reported 

race/ethnicity, family history, and PHS290(7, 9, 22). Family history was recorded as either the 

presence or absence of (one or more) first-degree relatives with prostate cancer. Cox proportional 

hazards models tested associations with any, metastatic, or fatal prostate cancer. For PHS290, the 

effect size was illustrated via the hazard ratio for the highest 20% vs. lowest 20% of genetic risk. 

Hazard ratios for racial/ethnic groups were estimated using Non-Hispanic White as the reference. 

A univariable Cox proportional hazards model was applied to test for association of 

race/ethnicity with prostate cancer endpoints. Similarly, a univariable model tested for association 

of family history alone. The @anova function from the R ‘survival’ package (version 3.2-13; 

Therneau 2021) was used to compare the nested Cox models (multivariable vs. univariable), based 
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on the log partial likelihood of the model fits. Significance was set at a two-tailed alpha of 0.01 for 

the test of whether the multivariable model performed better than either univariable model alone. 

 

3.3.5.7 Genetic Ancestry and Genetic Principal Components 

MVP participants have been assigned genetic ancestry groups based on previous 

analyses(29). Briefly, a reference panel of 1000 Genomes Project(30) and Human Genome 

Diversity Project(31) individuals was constructed for preliminary PCA analysis. PC loadings of 

reference panel were projected onto PC loadings of MVP participant PC loadings, and assignments 

were made based on a random forest classifier.  We repeated the prostate cancer analyses described 

above using genetic ancestry groups instead of self-reported race/ethnicity. We also repeated the 

above analyses when including the top 10 genetic principal components. 
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3.3.6 Figures  

 

Figure 3.13 PHS290 Score Density Plots in Million Veteran Program PHS290 score density 

plot in select self-reported race/ethnicity groups.  
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Figure 3.14 Million Veteran Program (MVP) Cause-specific Cumulative Incidence Cause-
specific cumulative incidence within MVP, stratified by PHS290, for (A) fatal prostate cancer, (B) 
metastatic prostate cancer, and (C) prostate cancer. PHS290 percentile groups shown for each 
endpoint: 0-20th, 30-70th, 80-100th, and 95-100th.  Cumulative incidence for Black or African 
American (Black/AA) men in several PHS290 strata compared with average-risk Non-Hispanic 
White (PHS290 30-70th percentiles) for (D) fatal prostate cancer, (E) metastatic prostate cancer, 
and (F) prostate cancer. The y-axis scale was adjusted for (C) and (E) to show the higher incidence 
values for any prostate cancer. 
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 3.3.7 Tables 

Table 3.4 Participant Characteristics for Self-Reported Race/Ethnicity Groups, n=590,750 
Numbers in parentheses indicate participants with family history information also. 

 All 
Non-

Hispanic 
White 

Black or 
African 

American 

Hispanic 
White Asian Native 

American 
Pacific 

Islander Other Unknown 

Participants          

All participants 
590,750 
(378,366

) 

420,473 
(299,266) 

102,203 
(47,838) 

27,651 
(13,407) 

6,644 
(3,876

) 

5,835 
(3,927) 

3,246 
(740) 

8,226 
(8,224

) 

16,472 
(1,088) 

Prostate cancer 69,137 
(49,400) 

48,339 
(37,922) 

15,748 
(8,613) 

2,120 
(1,325) 

376 
(287) 504 (378) 236 (60) 720 

(720) 1,094 (95) 

Metastases 
from prostate 

cancer 

6,413 
(4,274) 

4,299 
(3,199) 

1,604 
(804) 

213 
(126) 

33 
(24) 48 (35) 18 (5) 68 

(68) 130 (13) 

Death from 
prostate cancer 

1,858 
(1,314) 

1,354 
(1,059) 363 (192) 59 (30) 5 (4) 10 (6) 4 (2) 19 

(19) 44 (2) 

Age 
demographics 

         

Age at 
diagnosis, 

median and 
IQR 

67 [62-
72] 

68 [63-
73] 63 [58-68] 66 [60-

71] 

67 
[61-
74] 

65 [61-69] 65 [60-
70] 

64 
[60-
69] 

67 [61-
73] 

Age at last 
follow-up, 
median and 

IQR 

66 [59-
74] 

68 [62-
75] 62 [55-70] 59 [47-

71] 

56 
[41-
70] 

63 [56-72] 59 [49-
70] 

63 
[57-
71] 

56 [42-
70] 
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Table 3.5 Association of PHS290 with Any, Metastatic and Fatal Prostate Cancer Cox 
Proportional Hazards model results from association with age at prostate cancer, metastatic 
prostate cancer (nodal or distant) and death from prostate cancer. P-values reported are from 
univariable models using PHS290 as the sole predictor variable. Hazard ratios (HRs) compare men 
in various percentiles of genetic risk. HR80/20: highest 20% (≥80th percentile of PHS290, using 
previously published thresholds for men <70 years old and no diagnosis of cancer) vs. average risk 
(30-70th percentile). HR20/50: lowest 20% (≤20th percentile) vs. average risk. HR80/50: highest 20% 
vs. average risk. HR95/50: highest 5% (≥95th percentile) vs. average risk. Numbers in brackets are 
95% confidence intervals. For subgroup analyses with less than 100 events of the endpoint, the 
box is marked ‘-’; these statistically less reliable results are reported in Table S2. 

 

 

 

 

   Hazard ratios    

Group Clinical Endpoint p HR80/20 HR20/50 HR80/50 HR95/50 

All (n=590,750) Fatal Prostate 
Cancer <10-16 4.42 [3.91-

5.02] 
0.48 [0.45-

0.51] 2.12 [2.0-2.27] 3.0 [2.75-3.3] 

Non-Hispanic White 
(n=420,473) 

 <10-16 4.37 [3.77-
5.05] 

0.48 [0.45-
0.52] 

2.11 [1.96-
2.27] 3.0 [2.69-3.34] 

Black or African American 
(n=102,203) 

 <10-16 2.37 [1.73-
3.29] 

0.66 [0.56-
0.77] 

1.57 [1.33-
1.85] 1.9 [1.5-2.42] 

All (n=590,750) Metastatic Prostate 
Cancer <10-16 4.89 [4.57-

5.21] 
0.46 [0.44-

0.47] 
2.23 [2.16-

2.31] 3.23 [3.07-3.39] 

Non-Hispanic White 
(n=420,473) 

 <10-16 4.62 [4.27-
5.01] 

0.47 [0.45-
0.49] 

2.17 [2.08-
2.26] 3.13 [2.95-3.32] 

Black or African American 
(n=102,203) 

 <10-16 3.03 [2.62-
3.51] 

0.59 [0.55-
0.63] 

1.78 [1.65-
1.92] 2.28 [2.05-2.54] 

Hispanic White (n=27,651)  <10-7 2.92 [1.96-
4.43] 

0.58 [0.47-
0.71] 1.71 [1.4-2.11] 2.22 [1.65-3.01] 

All (n=590,750) Prostate Cancer <10-16 5.2 [5.09-5.31] 0.44 [0.44-
0.45] 

2.31 [2.28-
2.33] 3.39 [3.33-3.44] 

Non-Hispanic White 
(n=420,473) 

 <10-16 5.12 [4.99-
5.26] 

0.45 [0.44-
0.45] 

2.29 [2.26-
2.32] 3.38 [3.31-3.44] 

Black or African American 
(n=102,203) 

 <10-16 3.22 [3.06-
3.39] 

0.57 [0.56-
0.58] 

1.83 [1.79-
1.88] 2.39 [2.3-2.48] 

Hispanic White (n=27,651)  <10-16 4.24 [3.74-
4.85] 

0.49 [0.45-
0.52] 2.06 [1.93-2.2] 2.92 [2.66-3.22] 

Asian (n=6,644)  <10-16 5.32 [4.04-
7.09] 

0.43 [0.37-
0.49] 

2.27 [1.98-
2.61] 3.49 [2.83-4.34] 

Native American (n=5,835)  <10-16 5.1 [4.04-6.55] 0.45 [0.4-
0.51] 

2.31 [2.05-
2.62] 3.4 [2.85-4.12] 

Pacific Islander (n=3,246)  <10-10 3.58 [2.5-5.37] 0.53 [0.43-
0.63] 1.9 [1.57-2.33] 2.6 [1.98-3.57] 

Unknown (n=16,472)  <10-16 5.27 [4.39-6.3] 0.44 [0.4-
0.48] 

2.32 [2.12-
2.55] 3.45 [3.0-3.94] 

Other (n=8,226)  <10-16 5.52 [4.45-
6.89] 

0.43 [0.39-
0.48] 

2.36 [2.12-
2.64] 3.59 [3.06-4.25] 
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Table 3.6 Multivariable Models Combining Self-Reported Race/Ethnicity, Family History 
(FH), and PHS290 for Three Prostate Cancer Clinical Endpoints Cox proportional hazards 
results for association with age at death from prostate cancer, at diagnosis of metastatic prostate 
cancer, and age at diagnosis with prostate cancer. P-values reported are from multivariable models 
using self-reported race/ethnicity, family history, and PHS290. For PHS290, effect size was 
illustrated via the hazard ratio (HR80/20) for the highest 20% vs. lowest 20% of genetic risk. Hazard 
ratios for race/ethnicity were estimated using Non-Hispanic White as the reference. Hazard ratios 
for family history were for one or more first-degree relatives diagnosed with prostate cancer. This 
multivariable analysis was limited to the 375,763 participants who provided family history 
information in baseline survey data. Numbers in brackets are 95% confidence intervals. Significant 
predictors in the multivariable model are indicated by *(p<0.01) and *** (p<10-16). 

 PHS290 Family 
History 

   Race/ 
Ethnicity 

   

Clinical 
Endpoints HR80/20 Family 

History 

Black or 
African 

American 

Hispanic 
White Asian Native 

American Other Pacific 
Islander Unknown 

Fatal 
Prostate 
Cancer 

4.17 
[3.59-

4.88]*** 

1.67 [1.4-
1.96]* 

1.97 [1.69-
2.31]*** 

1.04 [0.69-
1.42] 

0.68 
[0.15-
1.43] 

0.98 [0.32-
1.85] 

1.9 
[1.12-
2.81]* 

1.74 [0.0-
4.43] 

0.73 [0.0-
1.95] 

Metastatic 
Prostate 
Cancer 

4.15 
[3.81-

4.53]*** 

1.53 
[1.38-

1.68]*** 

2.24 [2.07-
2.42]*** 

1.32 [1.1-
1.57]* 

1.31 
[0.81-
1.85] 

1.4 [0.97-
1.86] 

1.67 
[1.25-
2.08]* 

1.14 
[0.23-
2.29] 

1.52 [0.79-
2.45] 

Prostate 
Cancer 

4.69 
[4.57-

4.81]*** 

1.78 
[1.73-

1.83]*** 

1.83 [1.78-
1.87]*** 

1.1 [1.04-
1.16]* 

1.28 
[1.13-
1.43]* 

1.04 [0.95-
1.15] 

1.2 
[1.1-

1.29]* 

0.98 
[0.73-
1.25] 

0.9 [0.72-
1.08] 
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