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We currently live in a state of perpetual genomic epistemic uncertainty, unaware globally

of the distinct predispositions and liabilities driven by our underlying encoding, particularly for

complex diseases. The immense dimensionality intrinsic to genetic data, coupled with limited

availability of large, comprehensive datasets, introduces practical barriers hindering a complete

understanding of genotype-to-phenotype relationships. Moreover, complex phenotypes present

compounding challenges, given their polygenic nature and the contributions of environmental

factors.

The advent of increasingly affordable genomic profiling technologies has led to a pro-

liferation of genomic datasets, offering new avenues to explore the genetic basis of complex
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diseases. Genome-wide association studies (GWASs) and polygenic risk scores (PRSs) have

been instrumental in identifying and quantifying variant contributions to disease susceptibility.

PRSs, though, despite their utility, are typically formulated in an additive manner that assumes

conditional independence among variants, neglecting potential epistatic interactions that may

impact phenotypic outcomes. Additionally, since PRSs largely rely on single nucleotide polymor-

phism (SNP) level data, they may fail to capture the influence of complex variants and highly

polymorphic regions not adequately represented at this resolution.

My dissertation encompasses a multifaceted approach to address these limitations. First,

to both enable the formation of large high-quality composite genomic datasets from individual

studies and improve cross-dataset analysis portability, I developed GRIEVOUS, a tool for genomic

data harmonization that resolves artifactual noise caused by differences in variant indexing and

allele assignments across datasets. Second, I introduce VADEr, a Transformer-based architecture

that combines techniques from both natural language processing and computer vision to generate

genomic risk scores and reveal genetic heterogeneity, demonstrated in a proof-of-concept study

in prostate cancer. Finally, I investigate the influence of highly polymorphic regions on complex

disease risk by assessing the role of specific HLA genes in melanoma susceptibility. Overall,

this work contributes new tools, methods, and insights that advance the detection of genetic

contributions to complex diseases.
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Introduction

“Mind the gap.” A mantra of train authorities globally surprisingly seems suited to

describe a perennial problem in precision genomics. Numerous traits exhibit marked heritability,

or the fraction of phenotypic variance attributable to genetic factors, yet the full genetic basis

for this heritability has remained elusive. Significant variants as identified through genome-wide

association studies (GWASs) explain only a small portion of complex disease heritability.1;2

While a number of methods have been developed to allow for an expansion from significant to all

genotyped variants yielding a boost in genetic heritability attribution,3–5 the heritability gap

still remains sizable.

Heritability focuses on how much phenotypic variation in a population can be explained

by genetics, but for complex diseases we are particularly concerned with risk, or the likelihood

of an individual to develop a condition given their genetics. The eponymous nature of these

diseases is not only attributable to their polygenic nature, with multiple risk loci scattered across

the genome, but also to environmental contributions. Polygenic risk scores (PRSs) attempt

to disentangle genetic contributions and provide a metric of disease risk through a confluence

of individual risk loci. In the absence of comprehensive causative environmental exposures,

diagnostic prognostication may be off the table, but as a metric for screening, genetic risk plays

a critical role, especially for cancer.

Survival rates drop precipitously as cancer stage increases,6 making early detection

paramount. PRSs have been shown to capture risk independent from clinical features (e.g., family

history, age, sex) across cancer types,7–9 yet, similar to missing heritability, these scores often

fail to capture global genetic risk. Moreover they have clinically underwhelmed, exhibiting poor

population generalization.10–12 To advance the frontier of genetic risk and improve its clinical

utility we must ask the following question: Where are novel risk factors hiding?
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This dissertation advances the quest of improving genomic-based risk prediction in complex

diseases by addressing critical gaps and limitations across three distinct dimensions. Chapter 1

tackles a foundational issue capable of compromising genomic data integrity: the introduction

of artifactual noise arising from discrepancies in variant indexing and allele assignments across

datasets. These inconsistencies undermine both the quality of composite genomic datasets

assembled from individual studies and the reliability of multi-dataset analyses. To resolve this

issue, I developed a command-line tool, GRIEVOUS, to harmonize genomic data and eliminate

these inconsistencies. GRIEVOUS enables the creation of high-quality datasets and enhances

cross-dataset portability, laying a foundation for robust and reliable genomic analyses.

Chapter 2 reimagines PRS methodologies by addressing both their inherent assumptions

and limitations in capturing the sequential and spatial complexities exhibited by the genome.

To this end I propose a new deep learning architecture designed to capture these properties,

the Vision Adapted Disease Elucidating Transformer (VADEr), which leverages ideas from

natural language processing embeddings and Vision Transformer patch partitioning to improve

genotype-to-phenotype prediction. Additionally, I introduce a paired attention-based attribution

metric Directed Attention Relevance from Transformer Heuristics (DARTH) scores to provide

an interpretable lens into VADEr’s predictions, which not only enhances model transparency,

but also facilitates the identification of specific genomic regions driving predicted risk.

Chapter 3 turns the focus towards highly polymorphic genomic regions, specifically

the Human Leukocyte Antigen (HLA) locus, a region inadequately captured by traditional

PRS approaches. By investigating the role of autoimmune-predisposing HLA class I alleles in

melanoma risk, this chapter reveals novel risk-relevant insights that enhance our understanding

of complex disease susceptibility and immune dynamics.

Together, these contributions illuminate distinct yet interconnected avenues for advanc-

ing complex disease genomic-based risk prediction and emphasize the importance of bridging

knowledge gaps to deepen our understanding of genetic contributions to disease.
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Chapter 1

GRIEVOUS: your command-line general for
resolving cross-dataset genotype inconsisten-
cies

1.1 Abstract

1.1.1 Summary

Harmonizing variant indexing and allele assignments across datasets is crucial for data

integrity in cross-dataset studies such as multi-cohort genome-wide association studies, meta-

analyses, and the development, validation, and application of polygenic risk scores. Ensuring

this indexing and allele consistency is a laborious, time-consuming, and error-prone process

requiring a certain degree of computational proficiency. Here, we introduce GRIEVOUS, a

command-line tool for cross-dataset variant homogenization. By means of an internal database

and a custom indexing methodology, GRIEVOUS identifies, formats, and aligns all biallelic single

nucleotide polymorphisms (SNPs) across all summary statistic and genotype files of interest.

Upon completion of dataset harmonization, GRIEVOUS can also be used to extract the maximal

set of biallelic SNPs common to all datasets.

1.1.2 Availability and Implementation

GRIEVOUS and all supporting documentation and tutorials can be found at https:

//github.com/jvtalwar/GRIEVOUS. It is freely and publicly available under the MIT license

and can be installed via pip.
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1.2 Introduction

The explosion of genetic variant datasets, driven by increasingly affordable genomic

profiling technologies, presents exciting opportunities across a number of fields, ranging from

precision medicine to ecology to agriculture. However, taking full advantage of genetic data

from multiple sources can be challenging when datasets use different conventions for encoding

variants. Analyses requiring the integration of various datasets range from the straightforward,

such as validating genetic findings or polygenic scores in new datasets, to the more complex,

such as cross-dataset joint statistical analyses (e.g., genome wide association meta-analyses13;14,

two-sample Mendelian randomizations15;16). These approaches can frequently be undermined by

discrepancies in the definition of identical variants across datasets.13;15

Common variants, such as single nucleotide polymorphisms (SNPs), are abundantly shared

across different datasets, and can be imputed against reference panels to increase coverage.17;18

Quality control of SNP data is critical, and best practices include setting uncertain genotypes to

missing, orienting genotypes to the forward reference DNA strand, and filtering on missingness,

minor allele frequency, or deviation from Hardy Weinberg equilibrium.18–21 However, even after

performing the steps to generate a high-quality dataset, there can still be discrepancies between

datasets due to differences in conventions used to define genotypes. If left uncorrected, these

discrepancies can create illusory genotypic differences where none exist. Given that common

variant sets can include millions of SNPs, it can be challenging and time consuming to manually

identify and resolve discrepancies.

To reduce this burden to the researcher, we developed a Generalized Realignment of

Innocuous and Essential Variants Otherwise Utilized as Skewed or GRIEVOUS, a command-line

tool designed to ensure cross-cohort consistency and maximal feature recovery of biallelic SNPs,

the most commonly used class of variants for genetic studies21. Whether creating a composite

cohort from smaller studies for joint analyses, or ensuring feature fidelity for validation studies or

polygenic score portability, GRIEVOUS reduces the problem of variant consistency and recovery

to a simple streamlined set of commands.
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1.3 Material and Methods

1.3.1 Datasets

Summary statistics and genotype data were obtained for two diseases: breast cancer

(BC) and prostate cancer (PC). Specifically, data consisted of one summary statistic file and two

different genotype datasets, each of which diverged in genotyping and imputation methodology

from the other. Each file (i.e. both summary statistics and genotypes), for each condition studied

here, indexed variants in a unique manner, capturing the discordance that can exist between

datasets.

For BC, summary statistics were obtained from a large-scale BC GWAS study by Michaili-

dou et al.22 (downloaded from: https://bcac.ccge.medschl.cam.ac.uk/bcacdata/oncoarray/

oncoarray-and-combined-summary-result/gwas-summary-results-breast-cancer-risk-2017), and

the genotype datasets utilized were from the Discovery, Biology, and Risk of Inherited Variants in

Breast Cancer (DRIVE; dbGaP study accession: phs001265.v1.p1) project and the UK Biobank

(UKBB). For PC, summary statistics from a large-scale PC multi-ancestry GWAS meta-analysis

by Conti et al.23 were downloaded from dbGaP (study accession: phs001120.v2.p1). Genomic

data from the ELucidating Loci Involved in Prostate cancer SuscEptibility (ELLIPSE; dbGaP

study accession: phs001120.v1.p1) consortium and UKBB were utilized as the PC genotype

datasets. PC PRSs were calculated as an effect size weighted genotype summation, with effect

sizes and P-values for SNP subselection derived from the Conti et al.23 summary statistics.

Finally, we note that both DRIVE and ELLIPSE were subsets of each disease’s summary statistic

GWAS.

Both DRIVE and ELLIPSE were genotyped using the OncoArray microarray,24 while

the UKBB was genotyped using the UK Biobank Axiom Array.25 To recover untyped markers

in both DRIVE and ELLIPSE, we imputed genotypes with Minimac4 using the 1000 Genomes

Phase 3 Version 5 reference panel, via the Michigan Imputation Server.26 Details of UKBB

imputation can be found in the original UKBB report by Bycroft et al.25
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1.3.2 Identifying Valid Variants

To address the problem of variant index validity (i.e., ensuring variant indices are unique

by genomic position), GRIEVOUS reformulates a given genomic dataset as a graph. Each

unique variant genomic position is defined as a node with its corresponding edges assigned to all

dataset-defined indices for that variant position. As the set of all dataset-defined indices must be

unique by genomic position for a variant to be valid, all valid variants will only contain self-edges.

However, all nodes existing in a connected component with a size of 2 or more, correspond

to invalid variants and are removed by GRIEVOUS, as there exists at least one non-unique

dataset-defined index spanning multiple genomic positions for each variant in the component

(and thus a non-self edge connecting these nodes in the graph). This procedure is implemented

during GRIEVOUS realign-ment and is illustrated in Figure A.1 as Extract Valid SNPs.

1.3.3 GRIEVOUS: design and framework

The current state of variant indexing can be summarized concisely as unsystematic.

Datasets can use any means or mechanisms for indexing variants, ranging from custom concate-

nations of dataset variant information (e.g. CHR POS REF ALT), to rsIDs, to any mixture

in between (Figure 1.1A). Arbitrary assignments of reference (REF) and alternate (ALT)

definitions across datasets poses a similar problem (Figure 1.1A). Differing genotyping tech-

nologies, and in the case of summary statistics, the characterization of effect alleles, often lead to

divergences in REF/ALT definitions across datasets. Harmonization of dataset indices and allele

assignments, thus first requires variant organization, a task specifically addressed by the design

of GRIEVOUS (Figure 1.1B).

GRIEVOUS deploys a flexible internal database, backed by chromosome-level parquet

files, to build a unified variant index and align allele assignments. Initialized in an empty manner,

GRIEVOUS databases are continuously updated with each run, adding all hitherto unobserved

biallelic SNPs identified in a given dataset (Figure 1.1B). The iterative nature of database

variant additions ensures that each subsequent dataset is consistently oriented with the set of

common biallelic SNPs found in all previously GRIEVOUS realigned datasets.

The key command behind GRIEVOUS is realign, which consists of three steps: clean,
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Figure 1.1. A. Example of the same genotypes described by two different genomic datasets
that use different schemas for indexing and assigning variants. This complicates variant recovery
and leads to spurious artifactual allele frequency divergences across datasets. B. Each genomic
dataset is harmonized with GRIEVOUS. Upon ensuring all datasets use the same reference
assembly and strand orientation, each dataset is passed through realign, sequentially, and then
passed to merge to generate composite dataset level reports of all identified biallelic and inverted
variants resulting from the GRIEVOUS realignment process. Finally, intersect is called once
across all datasets, to identify the maximal set of biallelic SNPs common across all datasets.
C. After harmonization with GRIEVOUS, all genomic datasets use the same schema of variant
indexing, and all biallelic SNPs common across all datasets are consistently assigned, eliminating
cross-dataset artifactual allele frequency divergences.
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register, and align (Figure A.1). Clean identifies valid biallelic SNPs, by means of a graph

formulation (Material and Methods: Identifying Valid Variants), and resolves duplications and

multiple indexing issues. Specifically, variant positions are defined as nodes and dataset-specific

IDs as edges. Any node for which there exists an edge to another node in the graph is considered

an invalid variant, with a dataset-specific ID pointing to multiple genomic positions. Register

performs variant indexing reformulation (i.e. a colon-separated unification of chromosome,

position, REF, and ALT defined by the dataset; CHR:POS:REF:ALT) and database comparison.

Dataset variants found in the reverse index assignment from a GRIEVOUS database are marked

for realignment, while all variants not found in the database by genomic position are registered

for addition. Align enacts the adjustment of SNP assignments, updates the database, and writes

output files for the realign run. These files include reports of identified, reassigned, and duplicated

variants, and for PLINK2 binary file inputs,27;28 reassignment files to convert the binary genomic

data to the GRIEVOUS format.

GRIEVOUS can harmonize an arbitrary number of user-defined genomic datasets, whether

they be PLINK2 binary files, summary statistics, or a mixture of the two (Figure 1.1C). Variants

are processed at the chromosome-level, allowing parallelization and integration into different

workflows. Additional commands, merge and intersect, combine chromosome-level reports and

generate the maximal set of biallelic SNPs common to all datasets of interest, respectively

(Figure 1.1B). GRIEVOUS also supports the creation of multiple databases for project-specific

needs, enhancing parallel processing and organization.

1.4 Results

Polygenic risk scores (PRS) provide an example of an application where performance and

portability depend on the fidelity of SNP assignments across datasets. They are traditionally

calculated as an effect size weighted genotype summation, wherein each SNP’s effect size is

multiplied by the number of corresponding alleles carried, and these products are summed

across risk alleles. Thus, if differences exist in how genotypes are defined across datasets, the

contribution of discrepant SNPs to the score could be calculated incorrectly, introducing noise to

the PRS calculation and reducing score performance on the outcome of interest.
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This problem can be avoided through careful harmonization of SNP consistency across

datasets prior to PRS calculation. GRIEVOUS accomplishes this through indexing unification,

assignment synchronization, and variant recovery across datasets. To demonstrate GRIEVOUS’

effectiveness, we applied it to harmonize summary statistics and genotype data for two different

diseases: breast cancer (BC) and prostate cancer (PC; Material and methods: Datasets).

For each condition, GRIEVOUS realign was applied sequentially in a dataset consistent

order: (i) summary statistics, (ii) DRIVE/ELLIPSE genotypes, (iii) UKBB genotypes. This pro-

cess aligned the ALT allele in the genotyped datasets to the effect allele in the summary statistics

for all biallelic variants, facilitating unbiased cross-disease comparison of SNP reassignments.

The results are presented in Table 1.1.

Both ELLIPSE and DRIVE used different nomenclature for common variant indexing

relative to the UKBB, a disparity that GRIEVOUS effectively managed. Post-reindexing,

GRIEVOUS successfully recovered and reassigned all database-consistent biallelic SNPs across

datasets. For BC, there was high concordance in variant assignment, likely because DRIVE was

part of the BC GWAS. However, in PC, despite ELLIPSE being part of the PC GWAS, 43.4%

of cross-dataset common variants differed in allele assignment from the summary statistics and

required reassignment. These discrepancies drastically impacted PRS generalization in both PC

genotype datasets. Specifically, PRSs applied to the unharmonized PC datasets exhibited an

area under the receiver operating characteristic curve (AUC) below random chance. However,

after harmonizing all datasets with GRIEVOUS, expected PRS performance was restored (Table

A.1).

In summary, GRIEVOUS harmonized datasets and identified the shared set of biallelic

SNPs for both diseases, demonstrating its utility in genomic dataset harmonization.
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1.5 Conclusion

The harmonization of variant indexing and assignments is crucial for the accuracy of

multi-dataset studies of genetic variants such as the development, validation, and application of

PRSs. Here we introduce GRIEVOUS, a command-line tool designed to simplify and expedite the

process of harmonizing and recovering variants across different cohorts. GRIEVOUS efficiently

unifies variant indices, and primarily focuses on the recovery of biallelic SNPs. Variants not fitting

this category currently still require manual verification by the user to ensure allele assignment

consistency. However, these could be supported in future releases. Before using GRIEVOUS, it

is important for users to confirm that all datasets use the same reference assembly and strand

orientation to ensure accurate results.

In summary, GRIEVOUS streamlines the time-consuming and meticulous process of SNP

homogenization and reduces opportunities for human error.
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Original concept, J.V.T.; project supervision, H.C.; GRIEVOUS development, J.V.T.;
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Chapter 2

VADEr’s On That SNP: A New Hope For
Transforming Polygenic Risk Scores And
Revealing Genetic Heterogeneity

2.1 Abstract

Polygenic risk scores (PRSs) serve as quantitative metrics of genetic liability for vari-

ous conditions. Traditionally calculated as an effect size weighted genotype summation, this

formulation assumes conditional feature independence and overlooks the potential for complex

interactions among genetic variants. Transformers, a class of deep learning architectures known

for capturing dependencies and interactions between features, have demonstrated remarkable

predictive power across domains. In this work, we introduce VADEr, a Vision Transformer

(ViT)-inspired architecture that combines techniques from both natural language processing and

computer vision to capture properties exhibited by genetic data and effectively learn both local

and global interactions for genotype-to-phenotype prediction. Evaluating VADEr’s performance

in predicting prostate cancer risk, we found that across a range of metrics, including accuracy,

average precision, and Matthews correlation coefficient, VADEr outperformed all benchmark

methods demonstrating its effectiveness in the context of complex disease risk prediction. To

illuminate identified drivers of disease risk by VADEr we leveraged attention-based attribution

techniques to construct DARTH scores. These scores revealed distinct genetic heterogeneity

captured by VADEr, with drivers of predicted risk identified in key prostate cancer risk regions

including HOXB13, TMPRSS2, and MSMB loci. Overall, by effectively capturing dependencies

among genetic variants and providing interpretable insights, VADEr and DARTH scores offer
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a promising direction for advancing genotype-to-phenotype prediction, particularly in complex

disease.

2.2 Introduction

Decrypting genomic contributions to complex phenotypes continues to endure as a

formidable challenge, a solution to which currently exists beyond the scope of our predictive

capabilities. In the absence of a comprehensive key to the genomic cipher, polygenic risk scores

(PRSs), traditionally calculated as a genome-wide association study (GWAS) effect size weighted

genotype summation, serve as approximation approaches, distilling genetic contributions from a

confluence of individual loci to a metric of phenotype liability.10

Intrinsic to the genome are a unique set of complexities and modeling challenges, ones that

closely parallel problems confronted in both natural language processing (NLP) and computer

vision (CV). Much like in language, where sequence dependencies and contextual relationships

between tokens define semantic meaning,30 the genome exhibits sequential structures with long-

range dependencies between variants.31–33 Simultaneously, similar to the properties of spatial

locality and compositionality found in CV problems, where local patterns of pixels affect the

global image structure,34 genetic data presents non-uniform statistical dependencies across

loci,21;35;36 requiring methods that account for both local and global interactions. These hybrid

characteristics, spanning both sequential and spatial dependencies, require innovative approaches

that can integrate the strengths of both NLP and CV techniques to model the intricate patterns

and variations within the genome.

Transformers are a class of deep-learning architectures that have led to significant

advancements in both of these domains.37–41 Modularly these models can be decomposed to

an alternating series of residual connection joined (multi-headed-self) attention layers and

feedforward networks.39;41 Attention provides a mechanism for updating representations from a

capturing of pairwise similarity between any two elements in a sequence independent of distance,

affording a powerful means of effectively capturing both short and long range dependencies.

Awareness of the performance gains Transformer models can yield, coupled with recognition of

the fundamental structural similarities the genome shares with language and images, has led
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to the widespread experimentation and application of Transformers to problems in genomics

modeling.31;42–44

In the pursuit of directly disentangling genetic contributions to phenotypes and transcend-

ing the limitations of conditional independence assumed in both GWAS effect size estimation and

classical additive PRS models, deep learning has been widely explored across a diverse range of

datasets and phenotypic traits.45–49 The outcomes of such studies, many of which employ simple

and shallow architectures,45;46;49 have been mixed; successes are frequently reported in the con-

text of non-complex phenotypes, while results for complex traits remain less definitive.45;46;48;50

Moreover, reported performance improvements can be validated within the same dataset (parti-

tioned through train/validation/test split) rather than through independent external validation,

which may inadvertently overstate model generalizability.45;50–52 Feature selection, a mandatory

prerequisite for reducing dimensionality to enable such modeling approaches, similarly has the

potential to artifactually inflate performance if the properties by which features are selected are

specific to the dataset.45

Recent investigations utilizing Transformer architectures for genotype-to-phenotype

prediction have reported promising results across a range of non-complex phenotypes, such

as body mass index, systolic blood pressure, and lipid profiles.50;51 These successes, while

encouraging, remain at the proof-of-concept stage, with validation performed on partitions

of the same dataset rather than on independent external cohorts, which as mentioned may

limit the generalizability of the findings. Moreover, these studies have not yet extended their

methodologies to complex phenotypes or diseases, leaving a gap in understanding their potential

broader applicability. Additionally, simplifying assumptions employed in formulating feature

embeddings, such as arbitrarily grouping contiguous variants in the feature set to reach a constant

dimension and enable linear projection,50 can fail to capture the complexity of the genomic

landscape. Without accounting for the variable spacing of variants within each group, employing

a single linear projection effectively blurs the distinct representations of individual variants,

failing to capture their specific contributions to phenotypic outcomes.

Independent of any reported performance gains deep learning approaches can afford in

this space, barriers exist preventing their widespread adoption. Clinically, interpretability reigns
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supreme, and classical additive summary-statistics-based PRS approaches (and their Bayesian

shrinkage counterparts)36;53–56 exhibit the convenient property of inherent explainability.21 Deep

learning methods, despite the theoretical performance advantages they might provide, exist

in a space of opacity, as their parameter space (which can order on the order of hundreds of

millions to billions) and recursive non-linearities preclude identification of feature contribution to

prediction. This proves prohibitive to identifying underlying biases that may compromise model

generalizability, risking steep declines in performance when encountering out-of-distribution

data.57 Moreover, extraction of novel biological insights identified by the model also remains a

challenge. Ultimately, the absence of clear interpretability impedes trustworthiness, a critical

factor in clinical contexts where transparency is a necessity.57;58

To address these limitations, inherently explainable deep learning architectures which

hierarchically structure their network topology according to a defined biological prior have been

proposed.48;59 Though this affords an avenue to improved interpretability, it imposes a relational

inductive bias on the network, similar to graph neural networks.60 Inducing such biases can

enhance performance, provided the imposed structure aligns well with the underlying data

distribution. However, in the context of biological data, explicitly defining node connections

inherently depends on existing knowledge, which can constrain a model’s capacity to capture

relationships involving features with uncertain roles in the hierarchy. This reliance on predefined

structure can also impose limitations, both by embedding the biases of those who design the

architecture based on current biological understanding and by potentially overlooking aspects

of the biology that remain undiscovered. Furthermore, establishing these hierarchies demands

specialized domain expertise and necessitates custom architecture designs tailored to each

modeling domain, limiting flexibility and scalability across diverse biological applications.

Altogether, these challenges highlight the nascent stage of deep learning, particularly

Transformer-based architectures, as applied to problems in end-to-end genotype-to-phenotype

prediction, especially for complex diseases. To advance the field forward we introduce the

Vision Adapted Disease Elucidating Transformer (VADEr), an architecture inspired by Vision

Transformers (ViTs) that combines techniques from NLP embeddings and ViT patch patitioning

to generate chromosomally consistent, region-specific representations. As proof-of-concept for
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the viability of this architecture, we assessed its performance in prostate cancer (PC) prediction,

ensuring independent test set evaluation. Across a range of metrics VADEr outperformed all

benchmarks, including statistical genomics approaches with access to a much larger effective

pool of information, demonstrating its effectiveness towards the task of complex disease risk

prediction. Towards the goal of interpretability, we formulate Directed Attention Relevance

from Transformer Heuristics (DARTH) scores, an attention-based attribution metric capable of

capturing personalized regional contributions driving predicted disease risk by VADEr. Analysis of

these scores highlighted VADEr’s ability to capture genetic heterogeneity and identify key patterns

of attributed PC risk, including the well-established HOXB13 and TMPRSS2 risk regions.61–64

The concordance of these interpretability findings, coupled with improved performance relative

to baseline PRS methods despite limited training data relative to the number of parameters,

underscores the potential of our joint DARTH-VADEr framework for both prediction and

interpretability in genotype-to-phenotype modeling. These results suggest that this approach

merits broader exploration across a range of genotype-to-phenotype prediction challenges.

2.3 Material and Methods

2.3.1 Datasets

The ELucidating Loci Involved in Prostate cancer SuscEptibility (ELLIPSE) Consortium

is a globally collaborative effort directed towards its namesake (i.e., the discovery of PC risk loci),

that has made genotypes available for a large number of cases and controls available to researchers.

From dbGaP (study accession: phs001120.v1.p1), we downloaded all available genotypes and

corresponding phenotypes for ELLIPSE (n = 91, 644; ncases = 54, 283; ncontrols = 37, 361),

which were employed for formulating training and validation sets. Specifically, these training

and validation sets corresponded to a random 80/20 split of ELLIPSE, ensuring consistency in

the frequencies of case-control status, ancestry, and family history (for those for which it was

available).

To infer ancestry, we computed the top 10 principal components with FlashPCA265 on

1000 Genomes and ELLIPSE individuals. These top principal components were subsequently

employed as features for an ancestral k-means clustering, where fitting was performed on 1000
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Genomes individuals (with each cluster corresponding to a specific ancestry). ELLIPSE ancestry

was then assigned according to its nearest cluster. This procedure yielded a 99.2% agreement

with self-reported ancestries in the ELLIPSE cohort. We observe that ELLIPSE exhibits a large

overrepresentation of European ancestry individuals in (nEuropean = 82, 594) corresponding to

90.1% of the dataset, despite ancestry being a documented risk factor for PC.7;66

To evaluate model generalizability, we constructed a balanced independent test set

(n = 15, 235; ncases = 7, 591; ncontrols = 7, 644) from a subsampling of the UK Biobank (UKBB).

Specifically, test set cases were defined as all male individuals of European ancestry in the UKBB

with an ICD code specific to PC. Test set controls were randomly selected from all remaining

male UKBB individuals of European ancestry without a cancer ICD code in an age-matched

manner. Details of UKBB ancestry assignment can be found in the works of Richard et al.67

and Pagadala et al.68

We note that ELLIPSE and the UKBB differ in their genotyping and imputation method-

ologies. ELLIPSE was genotyped using the OncoArray microarray,24 while the UKBB was

genotyped using the UK Biobank Axiom Array.25 For ELLIPSE, we imputed genotypes with

Minimac 4 using the 1000 Genomes Phase 3 Version 5 reference panel, by means of the Michigan

Imputation Server.26 Quality control prior to ELLIPSE imputation is documented by Pagadala

et al.66 Full details of UKBB imputation can be found in the original UKBB report by Bycroft

et al.25 Following imputation, ELLIPSE and the UKBB contained genotypes for 48,899,508 and

97,013,422 variants respectively. All datasets and variants used in this study employed GRCh37

as the reference genome, and all coordinates reported in this paper follow this reference.

2.3.2 Formulating Feature Sets

Given the high-dimensionality of the feature space, strong correlation structure that

exists between features (i.e., variants), and noise introduced due to genotyping and imputation

error, using all shared variants across datasets poses several problems for any PRS methodology.

Classical additive PRSs, commonly known as clumping + thresholding (C+T), narrow down the

feature space by identifying and selecting the most significant genome-wide association study

(GWAS) variants at a locus and omitting all less significant correlates.21 From this clumped
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feature set, thresholding is applied across a range of GWAS p-values, further reducing the

feature set and creating a candidate set of scores, with the final PRS selected based on its best

performance in an independent dataset.

Rather than directly omitting features, a number of PRS methods instead leverage

linkage disequilibrium (LD) to their advantage by reweighting SNP effects according to Bayesian

shrinkage techniques36;53–56 yielding improved performances relative to C+T approaches. Though

theoretically plausible that all variants could be used with these approaches, it is often recom-

mended to constrain the feature space to HapMap3 variants. It is also worth noting that both

classical and Bayesian PRSs are fundamentally dependent on base data or GWAS summary

statistics.

While classical additive PRSs often underperform compared to more refined statistical

genomics methods, for machine learning (ML) based approaches, feature selection through an

analogous C+T technique offers a reasonable tradeoff between reducing dimensionality and

maintaining predictive power, making it a practical strategy for handling complex genomic data.

To identify significant variants and their effect sizes, not only for p-value-based feature selection

in our VADEr and baseline ML models, but also to ensure the generation of both statistical

genomics and classical PRSs, we downloaded summary statistics from dbGaP (study accession:

phs001120.v2.p1) for a large-scale PC multi-ancestry GWAS meta-analysis by Conti et al.23 It

should be emphasized that ELLIPSE was a subset of this GWAS, but, perhaps more importantly,

the UKBB was not, preventing any test set leakage during the feature selection phase.

Upon summary statistic acquisition, clumping was conducted in an independent dataset,

the 1000 Genomes, with a radius of 125kb and an r2 of 0.8. P-value thresholding across 5e-8,

5e-7, 5e-6, 5e-5, 5e-4 was subsequently applied to formulate candidate feature sets of 4,062, 5,231,

7,024, 10,389, and 12,017 variants, respectively. All variants employed for training, validating,

and testing VADEr and baseline models passed classical quality control metrics including a minor

allele frequency (MAF) exceeding 1% and an imputation quality score exceeding 0.8.21

Features for all models were encoded as alternate allele counts. Moreover, for VADEr

and ML baseline models, these counts were standardized according to the mean and standard

deviation of the training set distibution to improve training convergence. Finally, to ensure
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maximal feature recovery and orientation consistency across all genomic datasets and summary

statistics, all datasets were harmonized with GRIEVOUS.69

2.3.3 VADEr Architecture

Similar to Vision Transformers (ViTs),39 we partition the genome into non-overlapping

patches of length W, ensuring each patch is chromosomally consistent (i.e., all positions within

a patch are located on the same chromosome, and do not overflow into another). All p-value

significant variants in the feature set are then mapped onto these patches, with all strongly

correlated feautres, as identified through the aforementioned clumping procedure (Material and

Methods: Formulating Feature Sets), removed. Across p-value thresholds 5e-8, 5e-7, 5e-6, 5e-5,

5e-4, this procedure yielded 331, 436, 603, 1,008, and 1,204 genomic patches, respectively.

Given the imbalance in patch density, or more simply, the inconsistency in the number of

variants across patches, mapping each genomic patch to a constant latent vector size D with a

single trainable linear projection, as is classically done, is infeasible. To ameliorate this problem,

VADEr employs patch specific projections, with a trainable projection for each patch. While

this increases the parameters relative to a single projection, it affords the theoretical advantage

of a richer patch embedding at a region (essentially a patch tokenization), especially given the

datatype (SNPs) and feature encoding (counts). Moreover, to account for non-linear interactions

that may occur between variants within a patch, we found it advantageous to GELU activate

each patch representation of dimension D after projection.

With all genomic patches having been mapped to a D dimensional representation, we

prepend a learnable classification token (CLS) and add learnable positional embeddings. We

also append r learnable registers to the sequence of embedded patches. Registers were included

to both improve performance and interpretability, as their inclusion has been shown to prevent

artifacts attributable to token recycling from appearing in attention maps in ViT networks.70

This sequence of embedded vectors are then passed as inputs to a Transformer encoder.

The Transformer encoder39;41 consists of L layers, alternating between multi-headed

self-attention (MSA) and a multi-layer perceptron (MLP). Within each layer, layer normalization

(LN) is applied prior to MSA and after the residual connection (prior to the MLP) within each

21



block.39;71;72 Classically, GELU is the nonlinearity applied in the MLP of ViTs. However it has

been shown that substituting GELU with Gated Linear Units (GLU) variants can yield improved

performance.73 Given this, VADEr replaces GELU with SwiGLU as the MLP activation function.

VADEr also employs a learnable temperature within each MSA head, to allow for a sharpening

of the attention score distribution, which has been shown to be helpful when training ViTs from

scratch on small-size datasets.74

Following the transformation of all patches through the entirety of the Transformer

encoder, VADEr distills the underlying output to a single, informative individual representation

using CLS pooling. This representation is then fed into a linear classification head for disease

prediction. A detailed overview of the VADEr network architecture can be found in Figure 2.1.

Several key hyperparameters were selected through empirical evaluation of validation set

performance. A detailed summary of model hyperparameters can be found in Table 2.1.

Table 2.1. Summary of VADEr model hyperparameters.

Hyperparameter Value

Patch Window Length (W) 250kb

Embedding Dimension (D) 768

Number of Transformer Layers (L) 12

Number of Attention Heads 12

Number of Registers (r) 8

Patch Projection Dropout 0.2

Transformer Dropout 0.2

Patch Projection Activation GELU

MLP Activation SwiGLU

MLP Dimension 2,048

Query, Key, Value Dimension (dh) 64

Learnable Temperature Initialization (τ) 8

2.3.4 Training VADEr

VADEr models across all feature sets were trained using the same procedure, employing

binary cross-entropy (BCE) as the loss function and AdamW75 as the optimizer, with β1 = 0.9,

β2 = 0.99, ϵ = 10−8, and a weight decay of 0.1. The learning rate was linearly warmed up to

8 × 10−5 over the first 95 steps (approximately 5 epochs), before being decayed according to a
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cosine schedule for the remainder of the 115 total epochs. We also found it beneficial to employ

gradient clipping at a global maximum norm of 10 to improve training stability.

Model checkpointing occurred after every epoch, with metrics computed and stored for

evaluation. For each feature set, the model that achieved the highest area under the receiver

operating characteristic curve (AUC) on the validation set was selected as the best model.

All VADEr models were implemented in PyTorch and trained with an effective batch

size of 4,096. To achieve this, we utilized a combination of distributed training and gradient

accumulation. Distributed training was conducted across 4 A30 GPUs using PyTorch’s Distributed

Data Parallel (DDP), with a local batch size set to the maximum even number of samples that

could fit into GPU memory.

2.3.5 Baselines

To contextualize the prognostic potential of VADEr for complex disease risk prediction,

here in PC, we optimized a number of baseline models spanning classical (i.e., C+T), Bayesian,

and multiple ML approaches. We also recreated the 269 variant PC PRS reported by Conti et

al.,23 the large-scale PC GWAS meta-analysis from which we obtained our summary statistics.

Classical PRS were constructed with PRSice-2.76 As with VADEr, p-value thresholding

was conducted across 5e-8, 5e-7, 5e-6, 5e-5, 5e-4, and the 1000 Genomes was used as the LD

reference. The optimal classical PRS was identified as the threshold which maximized the

validation set performance (AUC).

LDpred256 was used as our Bayesian benchmark. As recommended by the authors,

we constrained the variants under consideration by the method to HapMap3+ variants.77

Employing the 1000 Genomes as the reference panel, we observed a marked divergence between

validation (AUC = 0.83916) and test set performance (AUC = 0.66622), and a notable test set

underperformance relative to C+T (Table 2.2). While the former is likely attributable to the

fact that the validation set was used in the generation of the summary statistics by Conti et

al.,23 the latter suggests poor effect size reestimation, which is dependent upon the LD reference.

Given the dependence of reestimation from LD information, we decided to use the entirety of

ELLIPSE as the reference panel for LDpred2. Given that ELLIPSE made up 39.1% of the
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original study, we hypothesized that it would serve as a more suitable and representative LD

reference, though this came at the cost of independently assessing hyperparameter performance

on the validation set. Fortunately, LDpred2-auto is able to directly infer hyperparameter values,

and thus this was the approach used and reported here. We note that though LDpred2 does

provide LD matrices for use in cases such as this, these matrices are computed from European

individuals of the UKBB, which if used here, would result in test set leakage.

It is important to emphasize that PRSs generated with either C+T or LDpred2 make

use of the effect sizes provided by the original summary statistics, while VADEr and the ML

baselines (described subsequently), must naturally learn a mapping between features and labels

from the training set alone. Given that a marked discrepancy exists between the training set size

(n = 73, 315) and the number of individuals used in the Conti et al. study (n = 234, 253),23 it

could be conceived as unfair to compare approaches, as C+T and LDpred2 have access to a larger

pool of effective information. To alleviate these concerns, we ran both PRSice-2 and LDpred2

again on a second set of summary statistics generated from our training set alone. These followed

the same procedures as above, with the exception that for LDpred2 we used only the training set

genotypes (as opposed to all of ELLIPSE) as our LD reference panel. This approach ensures a

fair cross-method comparison of different approaches. However, for comprehensiveness, we report

results for C+T and LDpred2 for both the Conti et al. summary statistics and the training set

summary statistics, with the former being denoted by an asterisk (*).

ML baselines consisted of logistic regressions, support vector machines, random forests,

XGBoosts, and fully-connected feedforward neural networks (FC-FFNs). Hyperparameters for

each approach (e.g., regularization, model depth) were optimized to maximize the validation set

performance (AUC) using a Tree-structured Parzen Estimator (TPE) sampler with Optuna.78

Specifically, 100 trials were conducted across each p-value threshold feature set, resulting in 500

total trained models per baseline. The final model for each baseline ML approach was the one

that resulted in the maximum validation AUC. Logistic regression, support vector machine, and

random forest models were implemented with scikit-learn. XGBoost models were implemented

with CUDA acceleration (on an A30 GPU) via the xgboost Python package. FC-FFN models

were implemented in PyTorch, with each model utilizing a RTX 5000 GPU for training and
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inference.

Finally, all PRSs without an explicit boundary for classification (i.e., C+T, LDpred2,

and the recreated Conti et al. PRS), were transformed to a [0, 1] prediction probability via a

logistic regression fit on top of the original method test set scores.

2.3.6 DARTH Patchribution

Self-attention, or the assignment of pairwise attention between all token pairs, is the

defining building block of Transformer networks. Directly utilizing attention values as a metric

of relevance (often from the last layer in the model) for Transformer explainability is a common

practice as it allows for an easy and intuitive identification of attention patterns. Though conve-

nient, this approach fails to globally capture token contributions, omitting not only intermediate

attention scores, but also the contributions of other model components.79

Methods such as attention rollout and attention flow80 attempt to improve attention-

based Transformer explainability by accounting for the intrinsic mixing of information across

layers. However, each of these approaches suffers from limitations. Rollout, which linearly

combines attentions along paths in the pairwise attention graph, fails to distinguish between

positive and negative contributions to the decision, which leads to artifacts in the attention

attribution.79 Attention flow, which conceptualizes the attention graph as a flow network and

assigns attributions according to a max-flow problem formulation, has been shown to yield

improved attributions relative to rollout in specific cases, but is too slow to support large-scale

evaluations.

In addition to the aforementioned limitations of the previously identified attention

attributions (i.e., attention maps, rollout, and flow), it is also worth emphasizing that each

of these methods (along with many other non-attention based attribution approaches) are

class-agnostic. To prevent artifact introduction that might otherwise occur through using these

approaches for model interpretability, we instead implemented an extension of Beyond Attention,

a Transformer interpretability method proposed by Chefer et al.79;81 This approach provides a

class-specific comprehensive capturing of information propagation through the network, and has

been shown to outperform other interpretability approaches across multiple modalities.81
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Patch relevance can be conceptualized as a self-contained entity prior to passing through

VADEr’s Transformer encoder, as at this point each patch remains a local representation,

independent of the information contained in any other patch. Given this we can initialize a

relevance map R0 according to this self-containment principle as an identity matrix:

R0 = I(p+r+1)×(p+r+1) (2.1)

where p is the number of genomic patches in a given feature set. As patches pass through the

Transformer, attention heads in each layer contextualize patch representations. Thus in any given

layer, the attention maps can be used to update the relevance map, but must necessarily account

for the varying importance and relevance of each attention head.82 To generate a layer-specific

attention map A ∈ R(p+r+1)×(p+r+1), one can perform gradient-weighted averaging across heads:

A = Eh

(
(∇A⊙A)+

)
(2.2)

where

A = softmax

(
Q ·KT

τ

)
(2.3)

is the attention map of a given attention head, ⊙ is the Hadamard product, ∇A = δy
δA with y

representing the model output, and Eh is the mean across attention heads. Negative contributions

are removed prior to averaging to capture positive relevance in accordance with the original

method.79;81

The circuitry of relevance within a Transformer layer is also branching, with residual

connections subsequent to each MSA operation. Thus appropriately updating Ri at each layer

requires accounting for this facet of the architecture and leads to the formulation of the following

relevancy update rule:

Ri+1 = Ri + A ·Ri (2.4)

With this rule in place, we can compute personalized per patch Directed Attention Relevance
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from Transformer Heuristics (DARTH) scores through the extraction of the CLS token row in

RL.

2.3.7 Statistical Analyses

Two-sided Mann-Whitney U tests were employed to assess whether prediction difference

distributions differed between groups. Fisher’s exact tests were used to assess the significance of

increases in predicted cases by VADEr between clusters. These statistical tests were implemented

with the scipy.stats Python package. Wherever multiple hypotheses were tested, p-values were

corrected by the Benjamini-Hochberg procedure.

2.4 Results

2.4.1 Evaluating VADEr’s Prognostic Potential

Transformers and their derivatives have emerged as the state-of-the-art across NLP bench-

marks41 and have seen widespread adoption in both NLP and CV tasks. Their success is largely

attributable to their self-attention mechanism, which allows for capturing complex, contextual re-

lationships within data to effectively model both local and global patterns. Given that the genome

shares many intrinsic properties with data of these aforementioned domains (e.g., sequential

structures, long-range dependencies, non-uniform statistical relationships), Transformer-based

approaches have shown significant potential across a number of genomic applications31;42–44 and

afford an exciting avenue of investigation for tasks such as complex disease risk prediction.

Recognizing these challenges and the need for specialized solutions, we developed a new

ViT-inspired39 model architecture named VADEr for complex disease risk prediction (Figure

2.1). VADEr conceptualizes the genome as an image which can be partitioned into regions, or

patches, of static length, but of differing SNP density. Unlike classic ViTs which project all image

patches (of equal pixel density) through a single trainable linear projection, VADEr projects

each genomic patch through its own single layer non-linear projection to generate a regional

representation of consistent dimensionality (Material and Methods: VADEr Architecture). These

patch representations are then passed through a Transformer encoder, CLS pooled, and passed

to a final classification head to generate a disease prediction.
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Figure 2.1. VADEr model overview. The genome is partitioned into non-overlapping
patches of 250kb, ensuring chromosomal consistency. From these patches, all variants in the
candidate feature set (after p-value thresholding and clumping) are extracted and passed to
a patch specific projection. Positional embeddings are subsequently added to the output of
these projections. A learnable classification token (CLS) and registers are then prepended and
appended to the representation, respectively. The resulting genomic sequence representation is
then passed through a Transformer encoder, CLS pooled, and passed to a classification head for
disease prediction.
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To evaluate VADEr’s capacity for complex disease prediction, we sought a highly heritable

target condition for which a large non-private case-control genotype dataset existed. Prostate

cancer (PC) emerged as an ideal candidate as it satisfied both of these criteria. From ELLIPSE,

we constructed training and validation sets according to a random 80/20 split (Material and

Methods: Datasets). To reduce the feature space to enable model training, we employed a

clumping and thresholding based approach (Material and Methods: Formulating Feature Sets).

Specifically, clumping employed the 1000 Genomes, and thus was independent of the training

and validation sets, while p-value thresholding relied on a separate, though not completely

independent, large-scale PC multi-ancestry GWAS meta-analysis by Conti et al.23 To fairly

assess model generalization, we constructed an independent test set from a subset of the UKBB

(Material and Methods: Datasets).

To contextualize VADEr’s performance we optimized a number of baseline models

including classical C+T, LDpred2,56 and five different ML approaches (Material and Methods:

Baselines). We also reconstructed the 269 variant PC PRS reported by Conti et al.,23 the

study from which we acquired our summary statistics. As detailed in Material and Methods:

Baselines, it is important to highlight that VADEr and the ML baselines must learn to map

genomic features to labels exclusively from the training set (n = 73, 315), while the remaining

PRS methods (i.e., C+T, LDpred2, and the 269 Conti et al. PRS) can leverage a much larger

effective sample size (n = 234, 253) by directly utilizing effect sizes from the original Conti et

al. summary statistics. To ensure a fair comparison across models, we also generated training

set specific C+T and LDpred2 baseline PRSs, using effect sizes derived exclusively from the

training set. By evaluating these models in both contexts, we provide a contextualized and fair

assessment of VADEr’s performance relative to the baselines. Those baselines that use effect

sizes from the original Conti et al. summary statistics23 are marked with an asterisk (*).

Regardless of the effect sizes used for PRS formulation, VADEr consistently outperformed

all statistical genomics baselines (including the Conti et al. PRS). Specifically, compared to

LDpred2*, the top-performing statistical genomics baseline across metrics, VADEr achieved

absolute increases of 0.007 in AUC, 0.243% in accuracy, 0.008 in average precision (AP), 0.016

in F1 score, and 0.006 in Matthew’s correlation coefficient (MCC). These differences effectively
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double across each metric when limiting statistical genomics models to training set specific effect

sizes (Table 2.2). Against the ML baselines, VADEr emerged as the top-performing model

across 3 of the 5 metrics, including accuracy, AP, and MCC, with particularly strong gains

in accuracy (1.03%) and MCC (0.008). AP gains were more modest (0.0003), with XGB and

logistic regression showing comparable performance. VADEr also ranked second in AUC, with

performance closely matching that of logistic regression, the leading model by this metric. We

note the difference in AUC between VADEr and logistic regression was statistically insignificant

with a DeLong test83 p-value of 0.17. Overall, VADEr demonstrated the best performance in

accuracy, AP, and MCC, and ranked a close second in AUC. A detailed breakdown of model

performances across metrics can be found in Table 2.2.

2.4.2 Linking VADEr Attributable Risk to Loci with DARTH Scores

VADEr’s improved performance across metrics, especially compared to classical baselines,

gives rise to an important question: from where are these performance gains originating? Given

the nature of the architecture, a natural assumption might be that VADEr is capturing complex

genomic interactions or novel risk regions not fully accounted for by classical PRS methods. It is

also plausible to consider that the gains are attributable to personalized contextualized risk, with

VADEr identifying and emphasizing contributions of particular genomic regions which would

otherwise be underweighted.

A reasonable starting place to begin to answer these questions is to assess the concordance

and deviation between VADEr’s identified influential genomic region attributions and those

identified by GWAS and classical PRSs. However to do so requires the establishment of a

metric of model interpretability. Interpretability and explainability for deep-learning models,

particularly for Transformer-based approaches, is currently an open and active area of research.

Broadly speaking, attribution approaches fall into one of four buckets79;84: gradient-based (e.g.,

Grad-CAM,85 Integrated Gradients86), attribution propagation (e.g., LRP,87 DeepLIFT88),

Shapley-value based (e.g., ViT Shapley89), and attention-based (e.g., attention maps,38 attention

rollout and flow80). For Transformers, attention-based approaches are, understandably so given

the architecture, the most common, but like any attribution method require wariness of the
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intrinsic limitations of the methodology.

Direct utilization of attention maps, particularly from the final layer of the model,

though frequently used, omits the contributions of the rest of the model architecture and can

overemphasize redundant regions through token recycling.70 The inclusion of registers, as we

have with VADEr, has been shown to resolve the latter issue, but the former is still a concern.

Approaches such as attention rollout and attention flow80 were proposed to account for the

intrinsic mixing of information across layers, but each suffers from their own limitations due to the

underlying method assumptions and formulation (Material and Methods: DARTH Patchribution).

To prevent the introduction of spurious artifacts that might otherwise occur through

usage of these or other attribution methods, we formulated Directed Attention Relevance from

Transformer Heuristics (DARTH) scores based on an extension of Beyond Attention introduced

by Chefer et al.79;81 (Material and Methods: DARTH Patchribution). DARTH scores equate to

VADEr’s personalized patch-specific attentional attribution fingerprint, and serve as a metric of

a given region’s influence towards driving disease risk for an individual.

With the establishment of an interpretability metric for VADEr, we returned to our

original objective: investigating the alignment of GWAS-identified regions of disease risk with

those identified by VADEr. As DARTH scores are personalized encapsulations of regional

attributed risk, a global view of regional risk was still required for such a comparison. To

enable this, we averaged DARTH patch contributions across the entire test set, thus obtaining

a metric of global model attributed risk. Overlaying these averaged attributions with variant

significances reported in the GWAS summary statistics generated by Conti et al., we found that

VADEr’s highest attributable risk regions often aligned with those containing the most significant

GWAS variants, though specific differences were observed (Figure 2.2A). For example, VADEr’s

top three global attributable regions of risk fell across consecutive patches in the chromosome

8q24 region, a well-documented locus for prostate cancer risk90;91 (Figure 2.2B). Outside of

chromosome 8, high risk patches were also identified on chromosome 10 and 17. Notably, the

high risk patch on chromosome 10, located at 10q11.2, encompasses both the MSMB gene and

the documented prostate cancer risk variant rs10993994.92;93 This variant, positioned within the

promoter of MSMB, modulates the gene’s expression, which is one of the most abundant proteins
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secreted by the prostate.94 Chromosome 17 exhibited multiple high-attribution patches that

align in trend but deviate in distribution from the Manhattan tower significances, highlighting a

different pattern of risk localization.

Assessing the concordance between VADEr’s global average attributions and GWAS-

identified risk regions, though conceptually insightful, captures a perspective independent of

classical risk attribution. A direct comparison against risk attributed by classical PRSs is needed

to gain such a perspective. Given DARTH scores represent VADEr’s attribution at the patch

level, we extracted the contributions of attributed risk at a patch resolution for a classical

weighted genotype summation PRS employing the same subset of features and effect sizes from

the Conti et al. study23 (Figure 2.2C). As with DARTH scores, to distill personalized patch

risk attributions to a global representation, we averaged these classical PRS contributions across

the entire test set.

Comparing the risk attributed by each approach, we observe notable areas of concordance

and divergence. Specifically, patches on chromosome 8, 17, 19, and 20 received high attributed

risk across approaches, while the patch starting at chromosome 2:173.25 Mb exhibits a marked

discrepancy between approaches (Figure 2.2C). This chromosome 2 patch, containing 73 SNPs,

is the classical PRS highest risk attribution region globally, yet from VADEr’s perspective is of

minimal significance. A natural assumption might be that the contributions of risk at this region

effectively serve as a bias for the classical PRS, simply additively shifting the score distribution.

However, we find this not to be the case, as this patch exhibits the ninth highest classical PRS

patch variability (σ2 = 3.66) across the entire test set, just below the top three chromosome 8

patches. It might next be assumed that the magnitude of classical PRS risk for this patch is

attributable to the patch density (i.e., the number of SNPs in the patch). However, we find that

this region falls outside of the top 20 patches in terms of patch density. Given discrepancies

between top attributed patches between approaches, we questioned whether DARTH scores

could be used to regularize classical PRS (i.e., narrow the feature space) and thus improve

performance. Despite differences in methodology, with VADEr’s architecture geared towards

capturing complex non-linear interactions, we found that reducing the number of patches used

by a classical additive PRS to the top 25% and 50% of patches with the highest average DARTH
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score yielded improvements in stratification potential by AUC, with gains of 0.27% and 0.84%

respectively.

Given the divergences in density across patches, it is fair to question the correlation

between the number of variants in a patch and VADEr’s averaged DARTH scores. Though we

did observe a correlation between the number of variants in a patch and its average DARTH

score (pearson r = 0.51), we observed pronounced exceptions to this phenomenon, most notably,

with two single SNP patches falling among the top 15 average DARTH scores. To our knowledge,

neither of these SNPs, rs13013607 (Conti et al. GWAS p = 7.59 × 10−6) and rs1624540 (Conti

et al. GWAS p = 3.13 × 10−5), an intron variant in INTS4, located on chromosomes 2 and

11 respectively, are currently documented risk variants for prostate cancer. However, their

high average attribution by VADEr suggests that they warrant further investigation either

independently or interactively, particularly among individuals of European ancestry. We note

that rs13013607, for which the nearest genes are CALM2, STPG4, and TTC7A, is over 125

Mb away from the top chromosome 2 classical PRS patch investigated above (Figure 2.2C),

suggesting that this high average VADEr attribution is independent of variant correlation between

these patches.

Collapsing attributions to the average, while providing a means for evaluating global

concordance and conceptual alignment between methodologies, fundamentally blurs personalized

patch contributions and thus fails to elucidate unique contextualized contributions to disease risk.

To initiate an investigation into VADEr’s ability to capture genetic heterogeneity contributions to

disease risk, we employed UMAP reduction95 to project the 1204-dimensional DARTH manifold

to two dimensions, transforming each test set individual into a distinct two-dimensional point.

This projection revealed a clear gradient of VADEr prediction values across the dimensions,

with a predominant, dense central cluster displaying less defined substructure, alongside three

distinct, separate regions, indicative of unique genetic heterogeneity driving predicted disease

risk (Figure 2.3A).

An investigation into the patch attributions driving these three regions of observed

substructure led to an interesting finding: each cluster was driven by a specific patch DARTH

score outlier. Individuals in cluster 1 (n = 317) exhibited a pronounced elevation in DARTH score
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for the patch starting at chromosome 17:46.75 Mb, the region which encodes for HOXB13 (Figure

2.3B). This patch, which ranked 17th among all patches by global average DARTH score and 3rd

among all patches on chromosome 17, exhibited the highest DARTH score bimodality coefficient

(BC) of any patch in the test set (BC = 0.90), and was distinctly uniquely elevated amongst

individuals in this cluster (Figure B.1A). Notably, the variant rs138213197, corresponding

to a HOXB13 G84E mutation, is known to significantly increase PC risk in individuals of

European descent,61;64 particularly in Nordic countries.96 Though this variant was not in the

feature set, VADEr was able to distinctly capture from the variants in this patch an increased

risk in individuals in this cluster (OR = 3.19; p = 2.19 × 10−19) relative to individuals in the

predominant, dense central cluster (n = 12, 026). Perhaps unsurprisingly, cluster 1 individuals

showed a significant increase in identity by state (IBS) at this patch relative to a matched size

random sampling of non-cluster 1 individuals from the test set (cluster 1 mean patch IBS = 0.83;

random sample patch IBS = 0.76). Thus though IBS across the entire feature set was equivalent

across both subsets (mean IBS = 0.74), it is possible that VADEr was capable of identifying

increased risk from HOXB13 from an ancestry association in this region.

Among individuals in cluster 2 (n = 303), the DARTH score outlier was the patch starting

at chromosome 21:42.75 Mb, the region which encodes for TMPRSS2 (Figure 2.3C). Similar

to the dominant patch in cluster 1, this patch, which was ranked 23rd among all patches by

global average DARTH score, exhibited the second highest bimodality of any patch in the test

set (BC = 0.88), and was predominantly elevated amongst individuals in this cluster (Figure

C.1B). A defining molecular subtype in PC is the presence of a TMPRSS2-ETS gene fusion,

predominantly involving ERG (though ETV1 and ETV4 are found to a lesser extent).62;63 This

fusion, which is found in approximately 50% of PC cases, is a significant driver in the etiology of

PC, as it results in the constitutive expression of an oncogenic transcription factor.63;97 Given

the location of this patch, it is likely that the dominance of attributed risk here relative to other

patches relates to VADEr’s identification of an increased likelihood for such a fusion.

Unlike cluster 1 where the HOXB13 patch had a five-fold increase in mean cluster DARTH

score (Figure 2.3B), cluster 2 displayed a more distinct pattern of DARTH scores among patches.

The dominant TMPRSS2 patch in cluster 2 showed only a two-fold increase in mean cluster
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Figure 2.2. Comparing average attributions alignments between classical PRS and
VADEr with DARTH scores. A) DARTH Manhattan plot - Averaging DARTH scores across
the entire test set for each patch in the feature set (represented by red lines) exhibits a similar
structure to the one formed by Conti et al. summary statistic p-values (represented by circles).
The dotted line corresponds to the genome wide significance p-value of 5 × 10−8. B) Visualizing
the dominant region of the test set average DARTH attribution. Three contiguous patches on
chromosome 8 spanning from 128-128.75 Mb overlay with the largest p-value peak containing
regions encoding the oncogene MYC and PC associated lncRNAs PCAT1, PRNCR1, CASC8,
CASC11, and CASC19. Triangle orientation for variants indicates direction of risk effect size.
C) Assessing average VADEr attributions through DARTH scores against the average patch
contributions to a classical additive PRS. Labeled regions correspond to the chromosome and
position of a patch start point.
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DARTH score relative to the next highest attributed patch (Figure 2.3C). Other significant

patches in cluster 2 included those identified on chromosomes 8, 10, and 17. In relation to

the TMPRSS2-ERG fusion-positive PC subtype, SNPs in each of these patches, in particular

rs16901979 (8q24), rs1859962 (17q24), and the aforementioned rs10993994 (10q11) have all been

shown to be associated with differences in the presence of this subtype.98 The SNP rs1859962 is

located in the coding region of CASC17 and is part of the feature set, within the top identified

global average chromosome 17 patch (Figure 2.2A). Although rs16901979 was not in the feature

set, it is possible that the risk attributed to this SNP was captured by the patch representations

of the previously mentioned contiguous chromosome 8 patches with the highest global average

VADEr attribution (Figure 2.2B). However, the converse is also possible. Modulation of PC,

particularly for this subtype, may instead be modified broadly by this entire chromosome 8

region. Taken together these results suggest specific genetic heterogeneity identified by VADEr

in PC, potentially towards TMPRSS2-ERG fusion-positive PC predisposition, though in the

absence of clinical information we are unable to conclusively make this claim. We cannot also

definitively eliminate that the DARTH score signature identified by VADEr for cluster 2 is

completely unrelated to shared ancestry among individuals in this cluster. IBS among all pairs

of individuals in cluster 2 at the TMPRSS2 patch relative to a matched size random sampling

of non-cluster individuals did exhibit a significant difference (cluster 2 mean patch IBS = 0.84;

random sample patch IBS = 0.79), though IBS across the entire feature set was consistent across

both groups (mean IBS = 0.74). Finally, we note that like individuals in cluster 1, we observed an

increased predicted risk in individuals in cluster 2 (OR = 1.34; p = 0.016) relative to individuals

in the predominant, dense central cluster.

Unlike clusters 1 and 2, for which the dominating DARTH score patches were regions

underemphasized or otherwise overlooked by a global assessment, the key identified driver of

risk for individuals in cluster 3 (n = 2, 589) was the patch beginning at chromosome 10:51.5 Mb

(Figure 2.3D). This patch, which was the top chromosome 10 risk region and 4th highest risk

region overall in our global analysis (Figure 2.2A), includes, as previously mentioned, both the

MSMB gene and the well-documented PC risk variant rs10993994. This is particularly notable

given that the protein for which MSMB encodes exhibits broad tumor suppressive properties,99
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Figure 2.3. Identifying genetic substructure driving predicted risk from DARTH
scores. A) UMAP of patch DARTH scores across the entire test set. Prediction scores show a
clear gradient across the dimensions (left) with three distinct regions of substructure (right). B)
Across individuals in cluster 1, the DARTH score distribution exhibits a notable deviation from
the global average test set distribution, with the patch spanning 46.75-47 Mb on chromosome
17 containing 11 variants identified as the dominant region of relevance. C) Cluster 2 exhibits
a similar phenomenon to cluster 1, with the patch spanning 42.75-43 Mb on chromosome 21
containing 30 variants identified as the dominant region of relevance. D) Unlike individuals in
clusters 1 and 2, for which VADEr uniquely emphasizes muted regions, the dominant driver of
predicted risk in cluster 3 individuals aligns with the chromosome 10 tower spanning 51.5-51.75
Mb containing 31 variants and encompassing the gene MSMB.

and rs10993994 is a documented modulator of this gene’s expression.100 Though rs10993994

is in this patch, it is unlikely that the emphasis of effect attributed to this region is driven

solely by contributions of this SNP. There are 31 variants encoded in this patch, 8 of which

fall witihin the coding region of MSMB, and 3 (including rs10993994) positioned less than 1500

bp upstream of this gene, providing a number of possible cis-modulators of MSMB. Notably,

several of these SNPs have been investigated for their association with MSMB expression,101

suggesting that multiple variants in this region may contribute to modulating gene expression

and, consequently, risk. Moreover, as with clusters 1 and 2, a significantly higher mean IBS for

this patch was observed relative to a matched size random sampling of non-cluster individuals

(cluster 3 mean patch IBS = 0.87; random sample patch IBS = 0.78). This, in conjunction with

consistent genome-wide similarity between groups (mean IBS = 0.74), underscores a distinctive

contribution of a multitude of variants to attributed predicted risk by VADEr.
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As expected, given the MSMB patch’s high global average DARTH score and relatively

low bimodality (BC = 0.47) compared to the top patches identified in clusters 1 and 2, its

DARTH score cluster signature is less distinct, with elevated MSMB patch DARTH scores capable

of being found across the test set (Figure B.1C). Nonetheless, within cluster 3, the MSMB

patch showed a three-fold increase in mean cluster DARTH score relative to the next highest

attributed patch (Figure 2.3D). This pronounced difference emphasizes the unique contribution

of the MSMB region to risk in cluster 3 individuals, particularly in contrast to the dense central

cluster, where attributed risk is primarily concentrated by the contiguous chromosome 8 patches

spanning 128-128.75 Mb (Figure B.1D-F).

2.4.3 Empirical Validation of DARTH Scores and Regional Risk Attribu-
tion

While DARTH scores represent a metric of personalized patch-level attribution by VADEr

from which we can identify distinctly heterogeneous genetic contributions to disease, it remains

to be empirically shown their alignment with contribution to predicted disease risk. Moreover,

given the cluster signatures identified above, particularly the identified outlier patches driving the

observed substructure, it remains unclear as to the mechanisms driving the observed distributions.

Are the contributions of outlier patches in each cluster conditionally dependent on the rest of

the feature set (i.e., the representation of one’s genome), or are the effects regional, captured by

patch-level embeddings? The inflation in patch-level IBS scores for the outlier patches in clusters

1-3 is suggestive though not necessarily indicative of the latter.

To address these outstanding uncertainties, we conducted a patch perturbation analysis.

For each cluster we constructed a matched size complement from a random sampling of non-cluster

individuals. With both a cluster and its assigned complement established, patch-level genotypes

were then shuffled independently both within a set and between sets. Using the dominating

cluster 1 HOXB13 patch and cluster 1 and its complement as an example, we would first shuffle

only the genotypes captured by this patch among individuals in each set (intra-cluster). Next

we would randomly shuffle this HOXB13 patch genotype between individuals in each cluster

(inter-cluster), ensuring all individuals in cluster 1 and its complement received a unique HOXB13

patch genotype from outside their defined set. With both intra- and inter-cluster shuffling
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completed, we could evaluate and contextualize a patch’s contribution to model prediction by

computing the difference in VADEr prediction probability for each patch-shuffled genotype

relative to their original genotype.

Comparison of the prediction difference distributions between inter- and intra-cluster

patch shuffling further supports the regional risk hypothesis, suggesting that VADEr’s emphasis

on outlier patches is attributable to its patch-level embeddings. Among cluster 1 and its matched

size random complement, we observed minimal variation in PC prediction probability when

performing intra-cluster shuffling for the dominant DARTH score cluster 1 HOXB13 patch.

However, inter-cluster shuffling of this patch led to significant shifts in predicted risk for both

groups, with cluster 1 individuals having a reduced median predicted risk of PC by 13.79%

(p = 4.73 × 10−102) and individuals in the random complement having an increased median

predicted risk of PC by 13.52% (p = 2.29 × 10−101; Figure 2.4A). Moreover, no other patches

exhibited a significant distribution deviation in VADEr prediction probability difference between

the two shuffling methodologies in either group.

A similar phenomenon was observed for both clusters 2 and 3 and their matched size

random complements. Inter-cluster shuffling relative to intra-cluster shuffling of the dominant

cluster 2 risk patch (TMPRSS2) significantly reduced predicted median risk of PC in cluster

2 individuals by 8.97% (p = 4.77 × 10−89) and significantly increased predicted median risk of

PC in random complement individuals by 7.51% (p = 2.52 × 10−78; Figure 2.4B). Likewise,

inter-cluster shuffling of the dominant cluster 3 risk patch (MSMB) led to a significant 8.35%

(p < 5 × 10−4) decrease in predicted median risk for cluster 3 individuals and a significant

8.10% (p < 5 × 10−4) increase for individuals in the corresponding random complement (Figure

2.4C). Modest though significant distribution deviations were also observed for the chromosome

8:128 Mb patch in each of these clusters (Figure 2.4B,C). Encouragingly, across all analyses,

we observed that variability in VADEr prediction probability difference, regardless of shuffling

methodology, tracked with global average DARTH attribution scores (Figure 2.4), further

supporting the ability of DARTH scores to capture personalized contributions to disease risk.
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Figure 2.4. Quantifying patch contributions to VADEr predicted disease risk through patch
genotype shuffling among individuals within a subset (Intra) and between subsets (Inter). Patches
depicted here include the top DARTH score patch identified for each cluster (colored accordingly),
the top 5 global average DARTH score patches (bolded), and the bottom 5 global average
DARTH score patches. A) Only genotype shuffling of the identified top cluster 1 patch between
populations (compared to within a population) resulted in significant deviations in risk prediction,
with a 13.79% decrease (top) and 13.52% increase (bottom) observed across groups. B) Genotype
shuffling of the identified top cluster 2 patch between populations resulted in significant decreases
of 8.97% (top) and increases of 7.51% (bottom) in VADEr prediction probability. The patch
beginning at chromosome 8:128 Mb also showed modest but significant differences between
shuffling methodologies in each group (pcluster2 = 0.014; pcomplement = 0.018). C) Genotype
shuffling of the identified top cluster 3 patch between populations resulted in significant decreases
of 8.35% (top) and increases of 8.10% (bottom) in VADEr prediction probability. Similar to
cluster 2, the chromosome 8:128 Mb patch also showed modest but significant differences between
shuffling methodologies in each population (pcluster3 = 1.7 × 10−4; pcomplement = 1.5 × 10−4).
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2.5 Discussion

In 1941, Beadle and Tatum proposed the concept of one-gene, one-enzyme, one-function

which posited that simple and linear connections are expected between genotype and pheno-

type.102 Summary-statistic-based PRSs, which afford advantages in broad applicability and

intrinsic explainability, quantify attributed genetic liability in a similar manner. However, all

too frequently the assumptions of this model breakdown, failing to account for the complexity

of biological systems, such as the existence and contributions of epistatic interactions among

genetic variants.

In this work, we introduce VADEr, a novel ViT-inspired architecture that integrates

techniques from both NLP and CV to align with the unique characteristics of genetic data,

capture interactive effects, and enhance predictive power in genotype-to-phenotype prediction.

As proof-of-concept, we assessed its performance in PC prediction, and observed that across

a range of metrics, including accuracy, AP, and MCC, VADEr outperformed all benchmark

methods. Moreover, VADEr consistently outperformed each summary-statistic-based PRS

baseline, including those which leveraged a much larger effective sample size through usage of

external summary statistics (Table 2.2).

An investigation of baselines by PRS methodology (i.e., summary-statistic-based vs.

ML-based) reveals an interesting, if perhaps not unexpected, finding. Specifically, ML PRS

approaches, random forest excepting, have the potential to yield notable predictive improvements

over their summary-statistic-based counterparts, particularly for rank-based metrics such as

AUC and AP. However, unlike VADEr, this improvement was not consistent across metrics,

as LDpred2* outperformed ML baselines globally in accuracy and MCC. Despite this, it is

important to highlight the improved performance potential that appropriately regularized and

hyperparameter optimized ML methods, even if simplistic, might afford the problem of genotype-

to-phenotype prediction, especially if trained on datasets of size comparable to those from which

large-scale summary statistics are computed.

While VADEr demonstrated superior performance across a range of metrics relative to

baseline methods, one may question the practical significance of these gains given their modest
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scale. It is important to contextualize these improvements within the inherent limitations of

complex disease heritability. In this work we investigated PC, a condition for which heritability

is estimated to be approximately 57%.103;104 Though this estimate indicates a substantial genetic

contribution, it also highlights an upper bound on the predictive power of what is achievable

through genetic data alone. Thus, given the limitations imposed by disease heritability, even

incremental performance gains represent meaningful advancements, and further emphasize that

we are working at the margins of what is genetically predictable.

AUC is a commonly used, rank-based metric for assessing the performance of PRS

models.21;105 Interestingly, we observed that logistic regression outperformed VADEr by this

metric, though not significantly (p = 0.17). Regardless of the significance, it is important to

contextualize the paradoxical relationship that can exist between desirable model attributes,

such as identifying distinct genetic heterogeneity, and their potential to deflate performance on

a metric such as AUC. For example, VADEr identified the high-risk DARTH score dominant

HOXB13 and TMPRSS2 clusters, both of which exhibited an enrichment in predicted cases,

which by definition corresponds to elevated prediction probabilities. Though this stratification

enhances the identification of high-risk individuals, it also introduces a cluster-shifting effect,

which effectively concentrates high prediction scores in a way that can reduce overall rank

differentiation. This nuance highlights the limitations of relying solely on rank-based metrics

when evaluating models that capture distinct high-risk genetic substructure and interactions,

and emphasizes the need for a multifaceted assessment of model performance.

Independent of rank-based metric intricacies, it is noteworthy that VADEr achieved

strong performance despite the limited training set size relative to the model’s complexity.

With a 12-layer, 12-headed Transformer architecture and a 768-dimensional embedding space,

the number of trainable model parameters (96M) far exceeds the number of training samples

(n = 73, 315) and features (n = 12, 017). Drawing parallels to the original ViT study, which

found that Transformers can underperform convolutional neural networks (CNNs) on mid-sized

datasets without strong regularization or large-scale pre-training,39 our findings suggest that

VADEr is surprisingly well-suited to genotype-to-phenotype modeling even without extensive

data, augmentations, or pre-training. Moreover, it is reasonable to anticipate that as more
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genomic data becomes available, allowing for increased training set sizes, the magnitude of

VADEr’s performance gains could increase, though underlying disease heritability naturally

imposes an upper bound.

While VADEr and other ML-based methods afford avenues for improving PRS perfor-

mance, these approaches are of limited practical and clinical utility without a means to identify,

interpret, and validate factors driving prediction. To that end, we complement the VADEr

architecture with a local (i.e., individual-specific), region-level interpretability metric, DARTH

scores. These scores, which leverage attention-based attribution techiniques introduced by Chefer

et al.,79;81 when collapsed to the global average resolution exhibit a pattern of attributed risk

that closely, though importantly, not identically aligns with GWAS-identified high-risk regions

(Figure 2.2A). Specifically, well-documented PC risk regions at 8q24, 10q11, and 17q24 were

all identified as significant drivers of predicted risk by VADEr across the test set. Additionally,

VADEr identified two globally prominent single-SNP patches on chromosomes 2 (rs13013607)

and 11 (rs1624540), which to our knowledge have not yet been documented as PC risk variants.

This suggests these SNPs, or the regions in which they fall, may represent novel drivers of PC

risk, either independently or interactively, in individuals of European descent.

Leveraging the inherent personalized properties DARTH scores provide affords an oppor-

tunity to investigate and identify unique patterns of model attributed risk. Across the test set, we

observed three distinct clusters driven by risk patterns that notably deviated from both the global

average and GWAS-level perspectives (Figure 2.3). Specifically, each of these clusters exhibited

an outlier dominated signature, with a specific patch dominating the attribution distribution.

For clusters 1 (n = 317) and 2 (n = 303) the key drivers of identified risk were those regions

containing the well-known PC risk genes HOXB13 and TMPRSS2, respectively.61–64 Notably,

neither of these regions were among those with the highest global average DARTH score or

p-value significance, marking these regions as rare but important drivers of predicted disease risk.

In contrast, cluster 3 (n = 2, 589) was primarily driven by the most significant GWAS

and global average DARTH score region on chromosome 10, a patch containing both MSMB

and the PC risk variant rs10993994.92;93 Although this region is well-established for its PC

risk association, individuals in cluster 3, like those in clusters 1 and 2, exhibited a markedly

46



elevated IBS score at the DARTH score dominant region, suggesting that distinctive genotype

configurations amplify attributed risk. This idea is further supported by patch perturbation

analyses, which indicate that risk associated with cluster-defining outlier patches is effectively

captured by patch-level embeddings.

In conclusion, our study demonstrates the efficacy of the VADEr architecture as a powerful

approach for genotype-to-phenotype modeling, particularly in the context of complex diseases like

PC. Coupled with our introduction of DARTH scores, a robust, personalized, and region-specific

metric, we afford a means to divine VADEr identified genetic substructure. Together, VADEr

and DARTH scores enabled the identification of meaningful genetic heterogeneity and distinct

regions of risk that align with documented PC risk regions (e.g., HOXB13, TMPRSS2, MSMB),

indicating our model is capable of effectively capturing significant genetic patterns driving

disease, even when rare, which holds potential clinical and therapeutic implications. Though

this study primarily focused on PC prediction in European-ancestry individuals, it serves as a

proof-of-concept for the viability of our joint architecture-interpretability approach. Expanding

this framework to diverse populations and other genotype-to-phenotype prediction challenges

offers an important avenue for future exploration. By advancing our understanding of genetic

architectures underlying complex diseases, DARTH-VADEr offers a promising path towards

improving both genomic risk scores and personalized medicine strategies.
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Chapter 3

Autoimmune alleles at the major histocom-
patibility locus modify melanoma suscepti-
bility

3.1 Abstract

Autoimmunity and cancer represent two different aspects of immune dysfunction. Au-

toimmunity is characterized by breakdowns in immune self-tolerance, while impaired immune

surveillance can allow for tumorigenesis. The class I major histocompatibility complex (MHC-I),

which displays derivatives of the cellular peptidome for immune surveillance by CD8+ T cells,

serves as a common genetic link between these conditions. As melanoma-specific CD8+ T cells

have been shown to target melanocyte-specific peptide antigens more often than melanoma-specific

antigens, we investigated whether vitiligo- and psoriasis-predisposing MHC-I alleles conferred

a melanoma-protective effect. In individuals with cutaneous melanoma from both The Cancer

Genome Atlas (n = 451) and an independent validation set (n = 586), MHC-I autoimmune-allele

carrier status was significantly associated with a later age of melanoma diagnosis. Furthermore,

MHC-I autoimmune-allele carriers were significantly associated with decreased risk of develop-

ing melanoma in the Million Veteran Program (OR = 0.962, p = 0.024). Existing melanoma

polygenic risk scores (PRSs) did not predict autoimmune-allele carrier status, suggesting these

alleles provide orthogonal risk-relevant information. Mechanisms of autoimmune protection were

neither associated with improved melanoma-driver mutation association nor improved gene-level

conserved antigen presentation relative to common alleles. However, autoimmune alleles showed

higher affinity relative to common alleles for particular windows of melanocyte-conserved antigens
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and loss of heterozygosity of autoimmune alleles caused the greatest reduction in presentation

for several conserved antigens across individuals with loss of HLA alleles. Overall, this study

presents evidence that MHC-I autoimmune-risk alleles modulate melanoma risk unaccounted for

by current PRSs.

3.2 Introduction

The incidence of cutaneous melanoma, the most common form, has seen an increase

globally, particularly in Western countries.106;107 Early detection is a major determinant of

overall disease prognosis with the 5-year survival rate dropping precipitously from 99% to 27.3%

for local versus distant disease, respectively.6 Models developed for early disease detection

are often built around well-known environmental and host risk factors including ultraviolet

radiation exposure,108–110 pigmentary phenotypes,111–113 melanocytic nevi count,114;115 sex,116;117

age,116;117 telomere length,118;119 immunosuppression,120;121 and family history.122;123 However,

though cutaneous melanoma ranks among the most heritable forms of cancer with an estimated

heritability of 58%,104 the majority of genetic susceptibility remains unaccounted for.

Cutaneous melanoma is also considered among the most immunogenic forms of cancer.

Melanoma exhibits one of the highest mutation burdens across cancers, which is driven primarily

by the mutagenic influence of ultraviolet radiation exposure.124;125 This increases the number

of neoepitopes presented to the immune system and plays an essential role in immune surveil-

lance. Immunosuppression, though, impairs the immune system’s cytotoxic potential and is a

documented risk factor for increased melanoma incidence.120;121 Lymphocyte infiltration and

melanoma-specific antibodies have been shown to be powerful prognostic factors as well.126;127

Immune traits themselves show considerable heritability,128–130 and early investigations suggest

that heritable immune alleles also contribute to melanoma risk.131–133 In contrast to cancer,

where poor immune function is a risk factor,134;135 increased sensitivity of the immune system

can lead to autoimmune disorders.136 This dichotomy has led to speculation that induction

of autoimmunity in cancer patients could lead to tumor regression and better immunotherapy

efficacy,137–142 though studies investigating the relationship between autoimmunity and cancer

risk have returned mixed findings.143–145 If autoimmune alleles can enhance host anti-tumor
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immune responses when immunotherapy is administered, it is possible that they could also

enhance anti-tumor immunity more generally. Thus, we speculated that autoimmune alleles,

particularly those related to T-cell responses directed against melanocyte or melanoma-specific

antigens, might modify polygenic risk for melanoma in ways that might not be captured by

current polygenic risk scores (PRS).

The class I major histocompatibility complex (MHC-I) represents a fundamental compo-

nent of the antigen-directed immune response common to cancer and autoimmunity. MHC-I binds

and displays peptide antigens derived primarily from intracellular proteins on the cell surface for

immune surveillance by CD8+ T cells.146 In cancer, neopeptides containing somatic mutations

unique to the tumor genome, when displayed by MHC-I, can be recognized as foreign by CD8+ T

cells, triggering the release of cytotoxic granules.147;148 The peptide-binding specificity of MHC-I

is determined by three highly polymorphic genes, HLA-A, HLA-B, and HLA-C, encoded at

the Human Leukocyte Antigen (HLA) locus on chromosome 6. The specific set of HLA alleles

carried by an individual has been found to impose selective constraints on the developing tumor

genome149–151 and modify response to immunotherapy.152–154 MHC-I loss, often due to deletion

or mutation of HLA genes, is one mechanism of immune evasion during tumor development.155;156

MHC-I also plays a role in several skin-specific autoimmune disorders. In vitiligo,

destruction of melanocytes and consequent loss of skin pigmentation is mediated by CD8+ T-cell

responses to self-antigens displayed by MHC-I.157;158 Another skin autoimmune disorder involving

CD8+ T-cell responses is psoriasis,159;160 which is characterized by dermal leukocyte infiltration

and hyperproliferation of keratinocytes.160 CD8+ T cells in psoriasis have been shown to target

melanocytes in patients carrying particular MHC-I alleles.161;162 Both of these conditions also

share a risk variant rs9468925 in HLA-B/HLA-C,163 supporting a shared MHC-I driven etiology,

which is consistent with disease co-occurrence findings in clinical investigations.164;165

Intriguingly, multiple vitiligo risk alleles implicated by genome-wide association studies

have been shown to exhibit protection from cutaneous melanoma,131;132 and emergence of

vitiligo during immunotherapy treatment of melanoma patients has been associated with better

responses.166–169 Though psoriasis has also been documented as an immune-related adverse effect

of immunotherapy, the association with melanoma prognosis is far less characterized.170;171
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Altogether these findings support the potential for class I autoimmune HLA alleles to

modify melanoma risk and inform risk prediction. To further investigate this possibility, we

evaluated autoimmune HLA carrier status in cutaneous melanoma samples from The Cancer

Genome Atlas (TCGA). Skin autoimmune alleles were associated with a significantly later age at

diagnosis among melanoma cases, which was recapitulated in an independent validation set of 586

individuals assembled from the UK Biobank and 4 other published melanoma genome sequencing

studies. Moreover, these findings generalized to melanoma incidence with autoimmune HLA

carriers significantly associating with a decreased risk of developing melanoma in the Million

Veteran Program cohort. Finally, we investigated the peptide-specificity of autoimmune alleles

for a set of 215 melanoma-specific driver mutations spanning 172 genes, and for conserved and

cancer antigens previously implicated in melanoma-directed immunity. These analyses highlight

a protective role for MHC-I in the context of melanoma development.

3.3 Material and Methods

3.3.1 Datasets

TCGA skin cutaneous melanoma tumors (SKCM) were used as the discovery set (N =

470). Cases were retained if they had appropriate clinical information for downstream analysis

(i.e., age of diagnosis; 11 did not have this information), were microsatellite-stable (3 MSI

tumors were removed), and were at least 20 years of age at time of diagnosis (5 were <20).

Individuals below 20 years of age were excluded due to their increased likelihood of harboring

rare predisposing risk variants. After filtering there were 451 tumor samples, the majority of

which were from individuals of European ancestry (N = 433/451). Other ancestries represented

were Asian (N = 12) and African American (N = 1) with the remaining few unknown. MHC-I

genotypes were called using the exome based methods POLYSOLVER and HLA-HD.172;173

An independent validation set of melanoma cases with germline WXS/WGS data was built

from 5 separate melanoma studies. Two of these studies (Hugo et al.174: SRP067938, SRP090294,

Van Allen et al.175: phs000452.v2.p1.c2) focused on melanoma response to immune-checkpoint

inhibitors (ICPI). Two of these studies (Melanoma Exome Sequencing: phs000933.v2.p1.c1176;177,

The genetic and transcriptomic evolution of melanoma: phs001550.v2.p1.c1178), were broader
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melanoma studies focusing on the genetic basis of sun-exposed melanoma and melanoma evolution.

The final study consisted of individuals from the UKBB with WXS/WGS with ICD10 codes:

C433, C434, C436, and C437. We did not have ancestry information for the first 4 studies, and

for the UKBB individuals, the majority were of European ancestry (N = 236/239). Validation set

individuals were also filtered by age to exclude individuals under 20 years old. MHC-I genotypes

for the validation set were called using HLA-HD.173 In total there were 586 individuals in our

validation set for which we were able to infer MHC-I autoimmune (AI) allele carrier status. Out

of these 586, we were able to obtain fully-resolved HLA types (i.e., HLA-A, HLA-B, and HLA-C

genotypes) for 559 individuals. Discovery and validation sets are described in Table S1.

Cases from the Melanostrum Consortium (N = 3,001) were used to evaluate PRS

generalizability from absolute risk (i.e., cases vs. controls) to relative risk (i.e., age-specific

effects). These cases were collected from countries of European ancestry including Italy (N =

1,239), Spain (N = 1,024), Greece (N = 716), and Cyprus (N = 22). Genotypes were available at

204 risk SNPs used in the development of the PRS by Gu et al.9 Cases from this dataset were

filtered to only include individuals >20 years in age.

The Million Veteran Program (MVP; N = 187,292) was used to assess the generalizability

of our findings to melanoma incidence. Both controls (N = 171,878) and cases (N = 15,414)

were constructed from individuals both >20 years of age at the time of last follow-up and of

European descent as determined by HARE (Harmonized Ancestry and Race/Ethnicity).179 This

was done to match the predominantly European composition of the discovery and validation

datasets and to maximize the comparability of effect sizes relative to PRS SNPs measured

in the Melanostrum study (Material and Methods: PRS Implementation). Controls excluded

individuals with non-melanoma cancer diagnoses as determined by PheCode.180 MHC-I alleles for

the MVP were called using HIBAG181 with the multi-ethnic IKMB and Axiom UK Biobank array

models.182 MVP 1.0 Axiom array design and genotype QC details are described elsewhere.183

To identify putative conserved antigens we leveraged RNA-seq from a set of healthy

melanocytes (dbGaP: phs001500.v1.p1) derived from newborn foreskins (N = 106) and version 7

of the Genotype-Tissue Expression (GTEx) project (dbGaP: phs000424.v7.p2).
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3.3.2 Quantifying immune infiltration

To quantify immune infiltrates we ran CIBERSORTx184 with the LM22 signature ma-

trix185 on the bulk RNA sequencing available for TCGA melanomas, which we downloaded from

the TCGA GDC portal. RNA-seq reads were realigned and quantified by means of Sailfish186

(with default parameters). Infiltration analyses were confined to primary tumors (N = 103)

where the tumor immune microenvironment would be most relevant to the risk of developing

melanoma. The effect of AI alleles on CD8+ T-cell infiltrates was modeled by multivariable

regression, first including raw tumor mutation burden (TMB) as a covariate, and later including

neoantigen burden at weak and strong cutoffs and BRAF p.Val600Glu mutation status.

3.3.3 Identifying driver mutations

We downloaded WES-based mutation calls from the TCGA GDC portal from four different

mutation callers: VarScan,187 MuSE,188 MuTect,189 and SomaticSniper.190 RNA Variant Allelic

Fraction (VAF) was obtained with bam-readcount. From these mutation calls we focused on

single nucleotide variants, which dominate the landscape of melanoma and account for the

majority of driver events.191–193 A mutation was considered to be a potential driver if it: 1)

altered protein sequence, 2) was found in both the DNA and RNA in at least one individual,

and 3) had a median DNA and RNA variant allele fraction (VAF) percentile less than or equal

to 40%. DNA mutations were only considered at a patient-specific level if they were called by

at least two of the mutation callers mentioned above. In total 51,062 mutations satisfied these

criteria.

We further filtered the list of putative drivers based on recurrence. Specifically, if a specific

mutation was detected in 4 or more different tumors we categorized it as a likely driver. In total 109

mutations satisfied this criterion (0.215% of the 51,062 candidate mutations). For those mutations

that failed to reach this recurrence, we calculated mutation-specific contributions to melanoma

pathogenicity using scores from a melanoma-specific CHASM classifier.194;195 Mutations with

a CHASM score greater than or equal to 0.9 were deemed to be likely melanoma drivers; 106

mutations satisfied this criterion (0.206% of the 51,062 candidate mutations). Combining these

recurrent and predicted driver singleton mutations yielded a final set of 215 melanoma drivers.
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3.3.4 Identification and differential expression of conserved antigens

GTEx V7 contains 11,688 RNA-seq samples from 714 donors across 53 tissue types

and was aligned with STAR v2.4.2a to GENCODE v19 and quantified with RNA-SeQC v1.1.8.

RNA-seq reads from healthy melanocytes were aligned with STAR v2.5.0b to GENCODE v19 and

quantified with RSEM v1.2.31. After quantification, both melanocyte and GTEx datasets were

filtered such that genes with ≤ 0.5 RSEM or with counts <6 in >93% of samples were removed.

Additionally, ribosomal RNA, Y chromosomal, and histone genes were removed. Ribosomal and

histone mRNA are not polyadenylated. Notably, the melanocyte dataset is exclusively male,

while GTEx is not, which would potentially lead to Y chromosomal genes being falsely identified

as stably expressed downstream.

Across healthy melanocytes and each tissue type in GTEx, genes were scored as stably

expressed genes (SEGs) using the output from the scoring method described in scMerge.196 Briefly,

the method first fits the expression of each gene from each tissue sample to a Gamma-Gaussian

mixture. For the expression of a gene xi, the Gamma component corresponds to samples with

low expression and the Gaussian component corresponds to samples with high expression. This

mixture has the joint density function

f(xi;αi, βi, µi, σi, λi) = λi ×Gamma(αi, βi) + (1 − λi) ×N(µi, σi) (3.1)

where αi and βi are the shape and rate parameters of the gamma component, µi and σi are

the mean and standard deviation of the Gaussian component, and the mixing proportion λi

is bounded by [0, 1]. The SEG scoring method also takes into account the proportion of zeros

in each gene ωi for each tissue. Each gene is then scored by the percentile ranks of its mixing

proportion λi, coefficient of variation (CV) σi/µi, and proportion of zeros ωi such that the

average percentile rank across all three metrics is minimal. The highest scoring genes have lower

mixing proportions, CVs, and proportion of zeros.

Using the aforementioned method, each gene from every tissue was fit to a Gamma-

Gaussian distribution using scMerge v1.6.0 and given a score from 0 to 1 for stable expression.

Then, the set of genes across all GTEx tissues that had scores >0.69 was removed from the
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set of genes in melanocytes that had scores >0.69. The threshold of 0.69 was chosen based

on the observation that the scores of canonical melanocyte genes were, with the exception of

DCT/TYRP2, all ∼ 0.7 and by visual inspection of the distributions of scores across tissues

(Figure C.1). This process yielded 4 canonical melanocyte genes (PMEL, MLANA, TYRP1,

TYR) and 48 additional protein coding genes for downstream analysis. The 48 non-canonical

melanocyte genes were also passed to PANTHER197 for Reactome pathway198 overrepresentation

analysis using Fisher’s Exact test, which identified several genes as members of the folate

metabolism pathway (FDR 0.0288).

To determine differential expression of conserved antigens in melanoma relative to

melanocytes, we applied the same expression quantification pipeline and gene filtering steps to

both healthy melanocytes and TCGA SKCM samples. Specifically, we quantified HLA-allele

specific expression using HLApers v1.0199 and the Kallisto v0.44.0200 pipeline for HLApers.

Reads were aligned to GENCODE v30201 and IMGT HLA v3.41.0.202 After quantification,

both datasets were filtered in the same way as the conserved antigen identification pipeline

described above. Additionally, 11 samples with missing age of diagnosis were removed from the

TCGA SKCM set. We then performed a differential expression analysis with DESeq2 v1.30.1203

conditioned on ancestry. However, several potentially relevant covariates were also incompatible

across these two datasets. Namely, age, sex, tumor type (primary or metastatic), tumor purity,204

melanocytic plasticity score,205 and TIDE score.206 Due to these discrepant covariates, we also

checked that no covariates were associated with significant differential expression for any conserved

antigens. The only gene subject to differential expression was MAGEA10 with a -1.3 +/- 0.4 log

fold change (LFC) in primary vs. metastatic melanoma. This is substantially less than the +8

LFC of MAGEA10 observed in melanocytes vs. melanoma (Results: Investigating Mechanisms

of MHC-I Autoimmune Allele Protection).

3.3.5 Predicting binding affinities

MHC-I allele binding affinities were computed across the available 2,915 unique MHC-I

alleles for both driver mutations and conserved antigens. Since driver mutations altered protein

sequence, we evaluated MHC-I alleles’ ability to present neoepitopes by generating all unique
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8-11mers found in a mutation relative to the wild-type (corresponding to the set of novel peptides

a MHC-I allele can present to the immune system). To circumvent cross-allele and cross-peptide

variabilities that are inherent in predicted IC50 comparisons, we used percentile ranks relative to

a random set of peptides provided by NetMHCpan-4.1207 to approximate binding affinity for

every MHC-I allele peptide pair. These percentile rank scores correspond to how strongly an

allele binds a particular peptide relative to a set of random natural peptides. From peptide level

rank scores, MHC-I mutation specific binding affinities were assigned according to the best rank

score, the minimum allele-specific rank score across all unique 8-11mers for a mutation.

For conserved antigens, we partitioned proteins into their entire set of 8-11mers across

the full length of the protein. MHC-I allele peptide pair percentile rank scores were again

generated using NetMHCpan-4.1. Several metrics were derived from the percentile rank scores

for downstream analyses. For broad and gene-level comparisons, we defined an allele-specific

conserved antigen repertoire as the set of 8-11mers presented at or below a given percentile rank.

For position-wise presentability (Figure C.2) we used the best percentile rank of all overlapping

peptides at each position along a protein. We also defined the fraction of a gene presentable

(FGP) by a given HLA allele as the fraction of 8-11mers from the encoded protein predicted to

bind at a percentile rank less than 0.5.

3.3.6 HLA population allele representations

To compare HLA-B and HLA-C autoimmune (AI) alleles to common non-AI alleles,

defined as those alleles with a population frequency ≥ 1% as given by the National Marrow

Donor Program (NMDP; 19 common HLA-B alleles, 13 common HLA-C alleles), we established

maximum and minimum population allele representations. For driver neoantigens, a maximum

population allele representation was assigned to have coverage at each rank equating to the

coverage of the best presenting common allele at that rank. Similarly a minimum population

allele representation was assigned to have coverage at each rank equating to the coverage of

the worst presenting common allele at the rank. For maximum and minimum population allele

representations in conserved antigens (CA), the metric of assignment was the fraction of CA

peptides bound as opposed to coverage, as was consistent with CA analyses.
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3.3.7 PRS implementation

We implemented the melanoma PRS developed by Gu et al.9 comprising 204 SNPs

detected in subjects from Northern Europe, Australia, and the United States, and validated in

subjects from Southern Europe. For the discovery set we were able to extract 190 of the 204 risk

SNP genotypes using PLINK.27 For the validation set, datasets lacking sufficient SNP data for

PRS construction were excluded leaving 239 individuals for which 201 of the 204 risk variants

were extracted using PLINK2.28 For the Melanostrum Consortium (N = 3,001), all 204 risk

SNPs were extracted. Risk SNP minor allele frequencies (MAFs) were compared across datasets

to ensure no significant differences (Figure C.3). For the MVP we were able to extract 202 of

the 204 risk variants (rs2025016 and rs6833655 were missing) using PLINK2.28 The final PRS

for each dataset was generated as a weighted sum across extracted risk SNPs, ensuring SNPs

were oriented to the correct allele, in each dataset in accordance with the optimal melanoma risk

model by Gu et al.9

3.3.8 Multistage carcinogenesis model for melanoma

Dating back to the 1950’s Armitage-Doll model208 of cancer incidence and those created

soon after by Knudsen and Moolgavkar209 and others, multistage models of cancer are among the

most developed mathematical methods for defining carcinogenesis and determining timescales

of tumor formation in human populations.210–214 These models assume evolutionary stages

from normal cells to development of clinically detected symptomatic cancers. These stages

typically include intermediate premalignant and preclinical malignant stages that represent field

cancerization dynamics of stochastically growing and shrinking clonal populations in a tissue.

These models can be described mathematically as stochastic multi-type branching processes

with probabilities of events occurring with certain rates (Figure C.4A). By calculating an age-

dependent hazard function for cancer incidence using solutions to equations from the probability

generating functions starting from birth, we can calibrate these models to fit hazard rates derived

from cancer incidence registry data such as Surveillance, Epidemiology, and End Results (SEER)

in the US.215 Importantly, this modeling framework provides a link between cell-level dynamics

and population-level incidence data so that we can estimate parameters governing clonal growth,
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dwell times, and mutational “hits” in at-risk individuals.

In previous work we found that the “two-stage” model (2 “hits” for development of a first

malignant cell) shown in Figure C.4 is closely approximated by a model that includes an effective

malignant transformation rate and a characteristic lag-time or “sojourn” time between malignant

transformation and clinical detection (see Luebeck et al. 2013 for mathematical details216).

Here we created a two-stage model for melanoma incidence that adjusts for birth trends, similar

to methods used previously in esophageal squamous cell carcinoma (ESCC).217 In this way,

our models capture trends for both age and birth (and thus calendar period) to enable robust

estimation via Markov Chain Monte Carlo (MCMC) simulation of cell-level parameters for tumor

evolution by sex and race/ethnicity (in the absence of genetic ancestry; see Figure C.4B for

examples of model fits). We obtained estimates and 95% confidence intervals for tumor sojourn

times in males and females via MCMC posterior estimates for the lag-time parameter. Chains

were run for 100,000 cycles with a 4,000 cycle burn-in and checked for convergence. All code

for hazard function calculation and parameter estimation was written in Fortran. The ICD-O-3

codes used for extraction of SEER data melanoma, all races combined, from SEER*Stat include:

8720/3, 8721/3, 8722/3, 8723/3, 8726/3, 8727/3, 8728/3, 8730/3, 8740/3, 8741/3, 8742/3, 8743/3,

8744/3, 8745/3, 8746/3, 8761/3, 8770/3, 8771/3, 8772/3, 8773/3, 8774/3, 8780/3, 8790/3.

3.3.9 Personalizing sojourn time estimates from clock-like mutational
signatures

To personalize sojourn time estimates, we combined the sex-specific estimates returned by

our two-stage model for melanoma incidence (Material and Methods: Multistage Carcinogenesis

Model for Melanoma) with tumor specific genetic marks in TCGA. Specifically, we quantified

the per patient UV-corrected SBS1 signature by counting CpG>TpG mutations after excluding

CpCpG and TpCpG mutations. This adjusted SBS1 has previously been used as a molecular

clock for melanoma.218;219 After extracting UV-corrected SBS1 CpG>TpG mutations in TCGA

(N = 397/451), we fit a linear model predicting age of diagnosis from these clock-like mutational

signatures. Personalized predicted age of onset was then estimated by:
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Age of Onset = Age of Diagnosis − (Sex Specific Tumor Sojourn Time Estimate

+ (C > T Burden − median(C > T Burden)) · βC>T mutation)
(3.2)

where sex-specific tumor sojourn time estimate equates to the outputs of our two-stage melanoma

incidence model, C>T burden equates to the number of UV-corrected SBS1 CpG>TpG mutations

one carries, and βC>T mutation equates to the coefficient of the linear model predicting age of

diagnosis from UV-corrected SBS1 CpG>TpG mutations. For those individuals for which

UV-corrected SBS1 CpG>TpG mutations could not be inferred, we substituted the median

UV-mutation spectrum corrected CpG>TpG mutation burden as their C>T burden, leading

to a shift equivalent to the aforementioned sex-specific sojourn time estimates. Note here that

personalized sojourn time estimates equate to the shift (i.e., subtraction) from age of diagnosis.

To assess the validity of these personalized sojourn time estimates, we ensured these

estimates fell within expected ranges. Specifically, we compared our personalized sojourn time

estimates to the expected time of whole genome duplication (WGD) to melanoma diagnosis as

reported by Gerstung et al.218 We calculated WGD status for TCGA individuals from ploidy,

which was computed as the length weighted sum of genomic segments with constant total copy

number. For more details, we direct the reader to the work by Steele et al.220 from which these

values were obtained.

3.3.10 Calculating HLA loss of heterozygosity

Inference of HLA loss of heterozygosity (LOH) was determined by means of the computa-

tional tool LOHHLA.155 As input we provided normal and tumor DNA BAM files, consensus

HLA calls (obtained from POLYSOLVER and HLA-HD),172;173 and purity and ploidy estimates

as returned by Sequenza.221 Upon completion of LOHHLA, HLA alleles were classified as lost

if they exhibited a copy number <0.5, in accordance with LOHHLA documentation. We also

employed an additional quality control step ensuring all alleles classified as lost had a reported

p-value <0.05. Across skin cutaneous melanoma tumors (SKCM) in the TCGA, we observed 90

incidences of HLA LOH across 56 individuals. For the 7 autoimmune alleles investigated in this
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study, we observed 16 incidences of autoimmune HLA LOH across 12 autoimmune allele carriers.

3.3.11 Statistical analyses

All box plot statistical tests comparing age of diagnosis effects between groups were

assessed using the default Mann-Whitney U statistical test. Leave-one-out analysis was conducted

by narrowing the AI allele set into all 7 unique sets of 6 AI alleles and stratifying individuals

accordingly. Performing leave-one-out analysis by dropping all carriers of each allele yielded

similar results, with AI status significantly associated with a later age of diagnosis in each holdout

set. T-tests were used to compare PRS distributions across AI-allele status in both discovery and

validation sets. Fisher’s exact tests were used to evaluate associations between HLA-proximal

PRS SNPs and MHC-I AI allele carrier status. These statistical tests were all implemented via

the default scipy.stats Python package. Regression analyses were modeled using ordinary least

squares linear models through the statsmodels.formula.api Python package.222 Effect sizes for AI

alleles and PRS SNPs in the TCGA were calculated using Cliff’s D. Effect sizes for AI alleles

and PRS SNPs in the case-control MVP were reported as odds ratios calculated from logistic

regression through the statsmodels.api Python package. Wherever multiple hypotheses were

tested, p-values were corrected by the Benjamini-Hochberg procedure, implemented through the

statsmodels.stats.multitest package in Python.

3.4 Results

3.4.1 MHC-I autoimmune alleles associate with a later age of diagnosis in
melanoma

To investigate the relationship between autoimmunity and melanoma development, we

sought evidence that MHC-I autoimmune alleles could provide protection from melanoma. We

defined a set of 8 MHC-I alleles based on documented links to skin autoimmune conditions. This

set included 3 alleles linked to psoriasis (HLA-B*27:05, HLA-B*57:01, HLA-C*12:03),223–227

2 alleles linked to vitiligo (HLA-A*02:01, HLA-B*13:02),228–233 and 1 allele linked to both

conditions (HLA-C*06:02).232–235 We also included 2 alleles (HLA-B*39:06, HLA-B*51:01) with

postulated psoriasis associations,223;236 but strong associations with other autoimmune conditions,

specifically type 1 diabetes237–239 and Behcet’s disease,240 respectively (Table S2). Among
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these, all but HLA-A*02:01 are associated with a narrow specificity for antigen241;242 and have a

population allele frequency <10% (Table S3).

Using individuals with skin cutaneous melanoma tumors (SKCM) from the TCGA as

our discovery set (Table S1), we called MHC-I genotypes using two exome based methods:

POLYSOLVER and HLA-HD (Material and Methods: Datasets).172;173 Autoimmune allele

frequencies in the discovery set were present at the population distributions as reported by the

NMDP243 (Table S3). Individuals under 20 years of age were also excluded from further analysis

given their increased likelihood of harboring rare germline predisposing risk variants.

To evaluate the effect of carrying an autoimmune (AI) allele, we partitioned the discovery

set into two groups: those with at least one AI allele and those lacking any of these alleles. We

first assessed the potential for AI allele carrier status to be confounded by sex or UV exposure,

two factors that influence melanoma incidence. Males have a well-documented higher risk of

developing melanoma,244;245 however, we did not observe any sex specific age differences (Figure

C.5A, p = 0.247). UV-associated mutational signatures correlated strongly with overall tumor

mutation burden in the discovery set (Pearson R = 0.984; Figure C.5B). There were also

no significant differences in mutation burden or UV-associated mutational signatures between

AI allele carriers and non-carriers (Figure C.5B-D; A*02:01 included: pmutation = 0.365,

pUV = 0.186; A*02:01 excluded: pmutation = 0.352, pUV = 0.415).

We hypothesized that among individuals diagnosed with melanoma, a protective effect

would manifest as delayed disease onset relative to individuals without these alleles. As HLA-

A*02:01 differs from the other 7 AI alleles in antigen presentation properties241;242 and population

frequency, and may promote higher expression of the immune suppressive checkpoint TIM-3 by

T cells relative to the other AI alleles,246 we considered AI carrier status both excluding and

including HLA-A*02:01. In the discovery set, AI allele carrier status excluding HLA-A*02:01

was significantly associated with a median later age of melanoma diagnosis of 5 years (Figure

3.1A, p = 0.002). Upon including HLA-A*02:01, this association was lost (Figure C.5E,

p = 0.316). Evaluation of T-cell infiltration levels estimated by CIBERSORTx184 (Material and

Methods: Quantifying Immune Infiltration) indicated that primary tumors carrying AI alleles

had significantly lower levels of regulatory T cells (Figure 3.1B, p = 0.048). However, tumors
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in HLA-A*02:01 carriers showed no reduction in regulatory T cells (Figure C.5F-G). For

subsequent analyses we therefore defined AI allele carrier status based on the 7 non-HLA-A*02:01

AI alleles; individuals carrying only HLA-A*02:01 were considered non-carriers.

To further probe allele-specific contributions we performed a leave-one-out analysis,

evaluating AI age effects across all 7 single allele exceptions. Regardless of which allele was held

out, we consistently observed a significant relationship between AI status and age of diagnosis

(Figure C.6), with a 5 year later median age of melanoma diagnosis (median age without AI =

57; median age with AI = 62). We did not observe significant differences at the level of HLA

supertype, suggesting that the effects are specific to individual autoimmune alleles (Figure C.7);

the largest observed effect was for the B44 supertype, to which none of the AI alleles belong,

however it was not significant after multiple testing correction (padj = 0.199, median earlier age

of diagnosis difference = 4 years).

For the 7-allele definition of carrier status, later age of diagnosis was conserved across

sex with a median age difference of 6 years in males and 4 years in females (Figure 3.1C,

pmale = 0.011, pfemale = 0.033). We used an ordinary least squares (OLS) regression to model

the effect of carrying an AI allele on age at diagnosis with tumor thickness, sex, and mutation

burden as covariates and these findings remained significant with a predicted 4.76 delayed years

to melanoma diagnosis (Figure 3.1D, p = 0.003). As tumor thickness was only available

for a subset of tumors (N = 347), we also evaluated the effect of AI allele carrier status with

primary vs. metastatic disease, sex, and mutation burden as covariates (N = 416), and sex and

mutation burden only as covariates (N = 451). Both analyses yielded similar results, with a

predicted 3.62 (Figure C.8A, p = 0.015) and 4.07 (Figure C.8B, p = 0.005) delayed years to

melanoma diagnosis respectively. We further evaluated whether carrying multiple AI alleles had

an additive effect. Using a linear model to predict age of diagnosis as a function of an individual’s

total number of autoimmune alleles, the discovery set showed a significant 2.6 delayed years to

melanoma diagnosis per autoimmune allele (Figure 3.1E, p = 0.002; CI = [0.935, 4.262]).

We also observed that the number of autoimmune alleles significantly associated with

increased CD8+ T-cell infiltration in primary tumors (Figure 1F). In a linear model predicting

CD8+ T-cell infiltration as a function of an individual’s total number of autoimmune alleles, the
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per MHC-I AI allele CD8+ T-cell infiltrate increase was 2.7% (p = 0.040; CI = [0.127%, 5.282%]).

When we included tumor mutation burden as a covariate, the effect of AI alleles on increased

CD8+ T-cell infiltration remained significant, yielding a 2.65% increase per MHC-I AI allele

carried (p = 0.045; CI = [0.056%, 5.253%]). Together, these analyses suggest that the delayed

diagnosis associated with AI alleles could be driven by a more robust CD8+ T-cell response less

impeded by regulatory T-cell activity.

To confirm these findings, we investigated the age of melanoma diagnosis and autoimmune

allele presence in an independent validation set of 586 individuals diagnosed with cutaneous

melanoma, compiled from 4 published dbGaP studies174–178 and the UKBioBank. Although

AI allele frequencies once again matched closely with the expected distribution (Table S3) we

observed notable differences in the distribution of sex and age (Table S1), especially for the

UKBioBank. Whereas in TCGA the sex and age distributions of melanoma diagnosis closely

matched the rates reported by SEER (a M/F ratio of 1.637 in TCGA, versus an M/F ratio of

1.624 in SEER), females were overrepresented in the UKBioBank (an M/F ratio of 0.498) and

female sex across the entire validation set was significantly associated with an earlier age of

melanoma diagnosis independent of AI status (Figure C.9A; p = 0.003, median earlier age of

diagnosis difference = 3 years). This suggests an intrinsic selection bias within the studies from

which our validation set was compiled. If these biases relate to unmeasured environmental risk

factors, they could mask the contribution of genetic risk factors. Despite this, we again observed

that having at least one autoimmune-linked MHC-I allele was significantly associated with a

later age of diagnosis (Figure 3.1G, p = 0.044; median age separation = 1 year). While the

direction of this effect was conserved across males with a median age difference of 1 year, we did

not observe any significant differences in females (Figure C.9B; pmale = 0.055, pfemale = 0.236).

As most validation samples lacked tumor sequencing data, it was not possible to estimate

UV exposure. Thus, our regression analysis was limited to the presence of an AI allele and sex.

Validation individuals with at least one AI allele had a predicted 2.10 delayed years to melanoma

diagnosis relative to those without any of these alleles (p = 0.082; CI = [-0.265, 4.457]). By

comparison, the discovery set showed a predicted 4.0 delayed years to melanoma diagnosis when

only AI status and sex are considered (p = 0.006; CI = [1.154, 6.850]). In the validation group
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Figure 3.1. Effect of MHC-I AI alleles on melanoma age at diagnosis and immune
infiltration. A) TCGA: having at least one MHC-I linked AI allele is associated with a significant
median later age of melanoma diagnosis of 5 years (p = 0.002). B) TCGA: carriers of at least one
MHC-I AI allele exhibit a significant reduction in regulatory T cells in primary melanoma tumors
(p = 0.048). C) TCGA: MHC-I-linked AI allele age of melanoma diagnosis effect is conserved
across sex (pmale = 0.011, pfemale = 0.033). D) TCGA: effect sizes and significance of coefficients
in a multivariable model fitted to age at diagnosis. Having at least one MHC-I-linked AI allele
associated significantly with a 4.76-year delay to melanoma diagnosis after controlling for tumor
thickness, sex, and mutation burden (pautoimmune = 0.003, CI = [1.581, 7.943]). E) TCGA: age of
diagnosis significantly increases with an individual’s total number of MHC-I autoimmune alleles
(p = 0.002). F) TCGA: infiltrating CD8+ T cell levels increase with the number of AI alleles
carried (p = 0.040). G) Validation: having at least one MHC-I linked AI allele is associated with
a significant median later age of melanoma diagnosis of 1.0 year (p = 0.044).
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individuals with fully-resolved HLA types (N = 559/586), we observed a predicted 0.727 year

delay to melanoma diagnosis per autoimmune allele, though these results did not reach statistical

significance (p = 0.328; CI = [-0.731, 2.184]).

Finally, we attempted to identify other HLA alleles associated with age at diagnosis

by comparing individuals with a particular allele to all individuals without that allele. While

none of the associations were significant after multiple hypothesis testing correction, we did note

that HLA-B*27:02 showed an earlier median age of diagnosis in both datasets (Figure C.10;

SKCM-TCGA: 10 years earlier, NHas HLA−B∗27:02 = 15, p = 0.050, padj = 0.483; Validation Set:

11 years earlier, NHas HLA−B∗27:02 = 3, p = 0.033, padj = 0.388). However, given the limited

dataset sizes with sequencing data, coupled with the highly polymorphic nature of the HLA, this

analysis is underpowered and may warrant further investigation in larger datasets.

3.4.2 MHC-I autoimmune alleles modify melanoma risk

Polygenic risk scores (PRS) use information about genetic risk factors to predict individual

disease risk. We evaluated the utility of incorporating MHC-I AI allele carrier status into a risk

scoring framework in the context of the PRS developed by Gu et al.9 (Material and Methods:

PRS Implementation). This PRS comprises 204 SNPs, of which 16 are found on chromosome

6, though none fall within the HLA class-I region (Figure 3.2A). Although the HLA class-I

genes are not among the genes associated with each SNP as reported by Gu et al.,9 we assessed

whether HLA-proximal PRS SNPs (i.e., those SNPs within 3MB of the HLA-coding region)

associated with MHC-I AI allele carrier status across our discovery set, but observed no significant

relationship (padj = 0.235).

As the PRS was developed to stratify cases from controls, we ensured that it could be

generalized to capture age-specific effects in a case-only setting through regression analysis. We

observed that higher PRS associated significantly with earlier age of diagnosis in the TCGA

(discovery: p = 0.002, Beta = -7.499, CI = [-12.141, -2.857]), but not in the validation set

(validation: p = 0.710, Beta = 0.7551, CI = [-3.237, 4.747]) consistent with unmeasured

confounders masking genetic risk factors. Given the disparity in PRS generalization, we evaluated

the PRS age stratification in melanoma cases from the Melanostrum Consortium (N = 3,001), the
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original PRS validation set.9 Here we observed that higher risk scores were again biased toward

an earlier age of diagnosis (p = 0.055, Beta = -1.780, CI = [-3.598, 0.038]). While the MAF of

the PRS SNPs generally correlated well across TCGA, Melanostrum and the validation set, we

did observe certain SNPs with a MAF difference ≥ 0.1 across datasets. Four SNPs exhibited

this difference between our discovery set and Melanostrum (rs1464510, rs187989493, rs7041168,

rs7164220). Between our validation set and Melanostrum, seven SNPs exhibited this MAF gap

(rs187989493, rs1393350, rs7164220, rs13338146, rs12919293, rs75570604, rs2092180) including

the maximum PRS effect SNP (rs75570604). Finally, between our discovery and validation sets

one SNP exhibited a MAF difference ≥ 0.1 (rs1464510) (Figure C.3). These discrepancies may

explain the varying performance of PRS in age stratification across datasets.

We next evaluated the relationship between PRS and age at diagnosis in AI allele carriers

versus non-carriers. As expected, PRS score distributions did not differ between those with and

without MHC-I AI alleles in either dataset (Figure C.11; pdisc = 0.999, pval = 0.901). Increases

in PRS showed a greater negative effect on age at diagnosis in those with an autoimmune allele

relative to those without one in the discovery set (Figure 3.2B). However, interaction effects

from a linear model between PRS and AI MHC-I allele genotype in the discovery set, while large

in magnitude, did not reach significance (p = 0.055, Beta = -9.124, CI = [-18.432, 0.183]) and

did not reproduce in the validation set (Figure 3.2C).

We also sought to assess whether AI carrier status was associated with melanoma incidence.

In a large case-control dataset composed of individuals from the Million Veteran Program247

(MVP; N = 187,292; Material and Methods: Datasets), AI MHC-I carriers were less likely

to have a melanoma diagnosis (OR = 0.962, p = 0.024), as would be expected if MHC-I AI

alleles conferred a protective effect against melanomagenesis. Each additional autoimmune allele

carried further decreased the likelihood of melanoma (Beta = -0.031, p = 0.003). To quantify the

magnitude of AI MHC-I allele carrier status relative to individual PRS SNPs, we compared effect

sizes in both the discovery set and the MVP. PRS stratification in the MVP yielded an AUC

of 0.61, in line with, but less than the reported 0.644 AUC in the Melanostrum Consortium9

(Material and Methods: PRS Implementation). Compared to the five largest PRS weight SNPs

in both directions (i.e., melanoma predisposing and protective), MHC-I AI allele status exhibited
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Figure 3.2. Contextualization and quantification of MHC-I AI alleles’ effect on
melanoma risk A) A PhenoGram plot of chromosome 6 shows melanoma PRS SNPs (red) and
AI-associated SNPs (blue) fall outside of the HLA-coding region (green). The distance from the
closest PRS SNP (rs1041981) to the class I-coding region (HLA-B) is 215,819 bp. The closest AI
SNP (rs9468925) falls in between HLA-C/HLA-B. B) TCGA: age of diagnosis as a function of
PRS and AI allele presence. Individuals with AI MHC-I alleles show a steeper decrease in age
of diagnosis as PRS increases (p = 0.055, Beta = 9.124, CI = [18.432, 0.183]). C) Validation:
age of diagnosis as a function of PRS and AI allele presence. Individuals with AI MHC-I alleles
again show a steeper decrease in age of diagnosis as PRS increases, but interaction effects were
insignificant (p = 0.499, Beta = 2.878, CI = [11.254, 5.498]). D) TCGA: Cliff’s D for having at
least one MHC-I-linked AI allele, the five strongest PRS melanoma-predisposing SNPs mapped
to their nearest gene (yellow), and the five strongest PRS melanoma-protective SNPs mapped to
their nearest gene (turquoise). E) MVP: inverse odds ratios (1/OR) for MHC-I AI allele presence,
the five strongest PRS melanoma-predisposing SNPs mapped to their nearest gene (yellow), and
the five strongest PRS melanoma-protective SNPs mapped to their nearest gene (turquoise). F)
AI SNP effect on age of diagnosis: AI SNPs showed varying associations with age of diagnosis
ranging from strongly protective (high beta) to strongly predisposing (low beta). Overall these
effects were highly variable and did not reach statistical significance after multiple-hypothesis
correction. Joint vitiligo-melanoma-associated SNPs are marked in red, the lone HLA-C/HLA-B
psoriasis and vitiligo SNP is marked in green, and the remaining 25 broad AI SNPs are marked
in black. Error bars correspond to ± 2 standard deviations.
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the fourth largest effect size by magnitude and second largest positive effect size in the discovery

set (Figure 3.2D, Cliff’s D = 0.165). In the MVP, the effect of having an MHC-I linked AI

allele was more modest, with the smallest odds ratio by magnitude relative to the 10 largest

weight PRS SNPs (Figure 3.2E, OR = 0.962, CI = [0.930,0.995]).

We next evaluated whether these trends extended to non-MHC AI risk SNPs. In total we

examined 30 AI SNPs, including four with established vitiligo-melanoma associations either as the

joint lead risk SNP for both conditions (rs1126809, rs6059655) or in strong linkage disequilibrium

with known cutaneous melanoma risk SNPs (rs72928038, rs251464),133 and one (rs9468925)

that is associated with both psoriasis and vitiligo and falls in between HLA-C/HLA-B.163 The

remaining 25 AI SNPs are broadly associated with autoimmunity according to the criteria outlined

by Chat et al.141 (i.e., associated with at least three autoimmune conditions, and at least one of

which surpassed a significance threshold of p = 10−7) and were previously investigated in the

context of improved immune-checkpoint inhibitor efficacy. While coefficients for the relationship

between AI SNP genotype and age of melanoma diagnosis ranged from strongly protective

(e.g., rs6679677; BetaDisc = 2.775; BetaV al = 2.036) to strongly predisposing (e.g., rs10488631;

BetaDisc = −2.407; BetaV al = −2.137) across datasets, overall these effects exhibited large

variability and were not significant after multiple-hypothesis testing (Figure 3.2F). In contrast

to MHC-I AI alleles, including non-MHC-I AI SNPs as covariates with PRS did not improve

prediction of age at diagnosis.

3.4.3 MHC-I autoimmune alleles associate with delayed onset of melanoma

To further evaluate whether delayed diagnosis observed for AI alleles corresponds to a

delay in onset of melanomagenesis, we sought to impute individual-specific sojourn time, the time

period from tumor initiation to diagnosis. Age at onset can then be estimated by subtracting

sojourn time from age at diagnosis. To obtain an individualized estimate of sojourn time, we

combined an average sojourn time estimated from population statistics with a tumor specific

estimate based on the clock-like mutational signature, SBS1.219

To estimate the expected time between the initial transformed malignant cell (in a

surviving malignant clone that escapes extinction) and clinical detection, we developed a cell-
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based stochastic branching process model for the development of independent premalignant

clones (such as nevi) that can arise and clonally expand in normal skin epithelium (Material

and Methods: Multistage Carcinogenesis Model for Melanoma). Each cell in these clones has

the propensity to transform to a malignant cell with a certain probability, the malignant clone

population can expand in size or go extinct through a stochastic birth-death process, and clinical

detection may occur with a size-based detection probability. Mathematically, the expectation

of the lag-time variable, or the time between the founder cell of a persistent malignant clone

and clinical detection, can be interpreted as the average “age” or sojourn time of the detected

tumor.216

To obtain the estimated average, we analyzed SEER9 melanoma age- and group-specific

incidence data from 1975-2018.215 The hazard function from a “two-stage” model corresponded

to the best fit to SEER incidence for both males and females (Figure C.4). Adding additional

stages to the model (i.e., more than 2 rate-limiting events or “hits” such as driver mutations

required before malignant transformation) did not improve the fits. With estimated model

parameters, we found that the expected tumor sojourn time in males was 8.35 years (Markov

chain Monte Carlo [MCMC] 95% CI = [6.61, 9.73]) and similarly in females was 9.64 years (95%

CI = [8.48, 10.66]). Previous studies have estimated melanoma doubling times that can be used

to then calculate the corresponding tumor sojourn time. With a mean doubling time of 144

days,248 the mean growth rate in an exponentially growing tumor is approximately 1.76 per year.

Assuming malignant tumors are detected on average at 108 or 109 cells in size, this implies a

melanoma sojourn time of 10.5 years and 11.8 years, respectively. This is in line with our above

estimates, along with those found in a previous modeling study of melanoma doubling times

(mean = 3.78 months).249 Although estimates may vary based on patient-specific factors, our

findings suggest that it takes approximately a decade on average for a melanoma to be detected

after it is first initiated in an individual.

We next approximated an individual sojourn time based on SBS1-associated mutation

burden, such that the median sojourn time would correspond to the estimated baseline. Muta-

tional signature SBS1 has been used previously as a molecular clock in melanoma, after first

excluding the subset of mutations that overlap with the SBS7 signature of UV-driven mutagenesis,
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specifically mutations at CpCpG and TpCpG DNA contexts.218 We compared the UV-corrected

SBS1 CpG>TpG mutations to the uncorrected SBS1 in TCGA, confirming that it showed

increased correlation with age of diagnosis (Figure C.12A-B; rC>T = 0.230, rSBS1 = 0.112;

ρC>T = 0.238, ρSBS1 = 0.211) and greatly reduced correlation with UV mutagenesis as quantified

by SBS7 (Figure C.12C-D; rC>T = 0.284, rSBS1 = 0.816; ρC>T = 0.353, ρSBS1 = 0.434).

Fitting a linear model to predict age at diagnosis from UV-corrected SBS1 mutation burden,

each mutation equated to approximately 0.85 years. We then estimated individualized sojourn

times by matching the median UV-corrected SBS1 burden to the estimated average sex-specific

time and adding or subtracting time according to how much larger or smaller the observed

UV-corrected SBS1 burden was relative to the median (Material and Methods: Personalizing

Sojourn Time Estimates from Clock-Like Mutational Signatures).

To assess whether the estimates obtained are reasonable, we evaluated the sojourn time for

individuals with ploidy profiles indicating whole genome duplication (WGD) events.218 Gerstung

et al.218 estimated that WGD occurs approximately 5.7 years prior to melanoma diagnosis

with a range of 3.2 to 16 years. We reasoned that if our estimate of sojourn time based on

UV-corrected SBS1 provided a good approximation, then the individualized sojourn time should

exceed the timing of WGD in those tumors where it occurred. Estimating WGD events from

ploidy information in TCGA, we found that sojourn estimates were significantly longer, and

generally exceeded 5.7 years, for the subset of tumors with WGD (Figure C.12E).

Subtracting the individual sojourn time estimates from age of diagnosis, we further

partitioned our discovery set into PRS quintiles and stratified by AI-carrier status. AI carrier

status exhibited significant later predicted ages of onset for the lowest (p = 0.011) and second-

highest risk quintiles (p = 0.019) (Figure C.12F). Across quintiles we observed the median

predicted onset age ranged from 42-56, within the current recommended melanoma screening

range. We did not observe longer sojourn times in AI carriers in TCGA, suggesting that AI

alleles do not change the time from onset to diagnosis (Figure S.12G). In the future, further

customizing melanoma onset estimates with epigenetic marks has the potential to improve

estimates of age at onset and inform optimal screening based on germline genetic risk factors.
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3.4.4 Investigating mechanisms of MHC-I autoimmune allele protection

One possible explanation for a protective effect of selected HLA alleles would be a

stronger affinity for neoantigens or tumor associated antigens that cannot easily be suppressed

by melanomas. In psoriasis, melanocyte antigens such as ADAMTS-like protein 5 presented by

HLA-C*06:02 (one of the seven AI alleles) can induce a targeted CD8+ T-cell response against

melanocytes.162 Similarly, in vitiligo, CD8+ T cells target antigens from melanosomal proteins

such as PMEL, MLANA/MART1, TYR, TYRP1, and DCT.230;250;251 Interestingly melanoma-

specific CD8+ T cells appear to recognize peptides derived from these conserved melanocytic

antigens more often than melanoma-specific antigens.230;252–254 Given this, a protective effect

in cancer could indicate that AI alleles mediate more effective immune surveillance against

conserved cancer antigens (i.e., self-antigens overexpressed in tumors) or even against somatic

mutations that promote tumor development.

We reasoned that a protective effect manifesting as delayed age of diagnosis would require

more effective immune surveillance against early driver mutations or conserved melanocyte-

specific antigens expressed by melanomas. For neoantigens, we identified a set of 215 mutations

that exhibited joint high DNA and RNA variant allelic fraction coupled with either recurrence or

driver likelihood as predicted by the CHASM algorithm194;195 (Material and Methods: Identifying

Driver Mutations). This included well-known driver mutations in BRAF, NRAS and CDKN2A

(Figure 3.3A-B), with BRAF p.Val600Glu (V600E) being the most frequent mutation across

the discovery set at 164 unique occurrences (Figure 3.3A). For conserved antigens, we included

peptides derived from antigens associated with melanocytes230;250 and melanoma, including the

melanoma antigen gene (MAGE) family255–261 and genes constitutively expressed in melanocytes

(Material and Methods: Identification and Differential Expression of Conserved Antigens)

resulting in 87 genes (Table S4). We evaluated whether MHC-I AI alleles could better expose

driver neoantigens and conserved antigens for immune surveillance than 2,908 other common

MHC-I alleles based on NetMHCPan-4.1 binding affinity scores for 8-11mer peptides, using 0.5

and 2 percentile ranks as strong and weak binding cutoffs respectively (Material and Methods:

Predicting Binding Affinities).262

There was variability in the potential of MHC-I AI alleles to present peptides containing
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driver neoantigens in general, with HLA-C*06:02 and HLA-C*12:03 presenting the largest

proportion of mutations across all affinities, and HLA-B*27:05 presenting the largest proportion

at stronger affinities (Figure 3.3C). As compared to common alleles (Material and Methods:

HLA Population Allele Representations), MHC-I AI alleles did not show particularly better

binding affinity for neoantigens for either HLA-B or HLA-C alleles (Figure 3.3D-E), though

HLA-C*06:02 had coverage close to and briefly exceeding the common allele maximum (Figure

3.3E). In general, maximum and minimum population B-alleles exhibited greater coverage than

their corresponding C-alleles at lower rank scores, but C-alleles outperformed B-alleles as the

rank score exceeded 0.5 (Figure C.13A).

There were also differences in which mutations generated neopeptides with the best speci-

ficity. While common and AI alleles on average exhibited specific mutation binding preferences

(Figure C.14) among the 215 drivers, there was no single mutation that was more effectively

presented by all MHC-I AI alleles versus common alleles. One mutation, BRAF p.Val600Glu,

showed significant age differences with mutation carriers being diagnosed with melanoma on

average 9 years earlier than those without (Figure 3.3F, padj = 7.58 × 10−6). However, rather

than observing a correlation between lack of AI allele presence and having a BRAF p.Val600Glu

mutation, BRAF p.Val600Glu status significantly shifted age of diagnosis earlier regardless of

AI allele status (Figure 3.3G). Moreover, it appeared to counter the AI allele protective effect

with a reduced age gap between those with and without AI alleles in BRAF p.Val600Glu tumors

(Figure 3.3H). Regression analysis showed similar results with p.Val600Glu mutation presence

having a larger effect size than AI carrier status by almost 4 years (Figure 3.3I). Finally, we

assessed whether either factor in isolation associated with increased CD8+ T-cell infiltration.

We observed that while AI carrier status and BRAF p.Val600Glu mutation status shifted CD8+

T-cell infiltration levels insignificantly toward higher and lower means respectively (Figure C.15,

pautoimmune = 0.090, pBRAF p.V al600Glu = 0.147), the conjunction of AI carrier status and the

absence of a BRAF p.Val600Glu mutation significantly associated with increased CD8+ T-cell

immune infiltration levels (Figure 3.3J, p = 0.041). Replacing TMB with neoantigen burden

and BRAF p.Val600Glu status gave an estimated increase in CD8+ T-cell infiltration of 2.75%

per MHC-I AI allele carried (p = 0.039).
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Figure 3.3. Identification and coverage of melanoma driver mutations including
BRAF p.Val600Glu and its impact on age at diagnosis and immune infiltration
A) Frequency of the ten most recurrent mutations across the TCGA by age group. Young
(<50) and old (≥69) age groups correspond to the bottom and top 30% of individuals by age,
respectively. The intermediate (50 ≤ x < 69) age group corresponds to the remaining 40%
of individuals. B) Relative age group distribution of the ten most recurrent mutations across
the TCGA. C) Fraction of driver mutations presented by AI alleles as a function of best rank
score. D) Fraction of driver mutations presented by HLA-B AI alleles relative to common (≥1%
population frequency; 19 alleles) HLA-B alleles. Maximum and minimum population allele
coverage corresponds to the maximum and minimum fraction of driver mutations capable of
being presented across common alleles at each best rank score, respectively. E) Fraction of
driver mutations presented by HLA-C AI alleles relative to common (≥1% population frequency;
13 alleles) HLA-C alleles. F) TCGA: individuals with a BRAF p.Val600Glu mutation show a
significant 9-years-earlier age of melanoma diagnosis relative to those without this mutation
(padj = 7.58 × 10−6). G) TCGA: BRAF p.Val600Glu significantly reduces melanoma age of
diagnosis across individuals independent of AI allele presence with median earlier ages of diagnosis
of 8.5 years in those without an AI allele (p = 7.39×10−4) and 13 years in those with an AI allele
(p = 8.12× 10−7). H) TCGA: individuals with an AI allele show a significant median later age of
diagnosis of 8 years in the absence of a BRAF p.Val600Glu mutation (p = 2.98× 10−4). However
BRAF p.Val600Glu mutation presence appears to counter the AI-allele-protective effect with
a loss of significance between those with and without AI alleles (p = 0.232). I) TCGA: BRAF
p.Val600Glu mutation presence is significantly associated with 7.91 earlier years to melanoma
diagnosis (pBRAF p.V al600Glu = 7.12 × 10−8, CI = [5.075, 10.750]), while having at least one
MHC-I-linked AI allele is significantly associated with 3.97 delayed years to melanoma diagnosis
(pautoimmune = 4.59 × 10−3, CI = [1.230, 6.700]) after controlling for sex and mutation burden.
Mutation burden also remained significant but had a minimal contribution to age of diagnosis
with 0.003 delayed years until melanoma diagnosis (pmutation = 0.014, CI = [0.001, 0.005]).
J) TCGA: having at least one MHC-I-linked AI allele coupled with the absence of a BRAF
p.Val600Glu mutation significantly associated with a 6% increase in CD8+ T cell infiltration in
primary melanoma tumors (p = 0.041).
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Across AI alleles, only three were predicted to present BRAF p.Val600Glu. HLA-B*27:05

was the only allele with a predicted affinity below the strong binding cutoff (best rank score = 0.22).

HLA-B*27:05-restricted cytotoxic T-cell responses have been observed against p.Val600Glu.263

HLA-B*39:06 and HLA-B*57:01 had scores of 1.78 and 0.61 respectively, showing potential for

weaker p.Val600Glu binding. We found no association with occurrence (OR = 1.04, p = 0.843)

or expression of BRAF p.Val600Glu (p = 0.336) in individuals carrying AI alleles in general, or

those carrying one or more of these three AI alleles specifically. An association might have been

expected if the mutant allele was subject to strong counter selection by immune surveillance.

Notably, BRAF p.Val600Glu has been suggested to avoid immune surveillance by accelerating

internalization of cell surface MHC-I.264

We next compared the affinity of MHC-I AI alleles for conserved antigens versus common

alleles. Here, we considered differences in NetMHCPan-4.1 affinities both regionally and on

average for 87 proteins, including known melanoma cancer antigens230;250;255–261 and 52 genes

that were both stably and specifically expressed in melanocytes and expressed in melanomas

(Table S4). These 52 included four well-known melanocyte genes, PMEL, MLANA, TYRP1,

and TYR. The rest were enriched for the folate metabolism pathway which is important for

DNA repair in melanocytes.265 Evaluating expression in melanomas relative to melanocytes,

we observed that two MAGE genes, MAGEA10 and MAGEE1, were significantly upregulated

and that several canonical melanocyte and stably expressed genes were downregulated (Figure

3.4A). This is consistent with reports that MAGE genes are specific to reproductive tissues266

and tumors255–261 and canonical melanocyte genes such as TYRP1 are minimally expressed, if

not undetectable, in melanoma.253;267;268

To evaluate broad allele-specific differences in conserved antigen-derived peptide reper-

toires, we compared the fraction of 8-11mers from each conserved antigen predicted to bind

at a given percentile rank (Material and Methods: Predicting Binding Affinities). Across AI

alleles we observed minimal variation with HLA-B*51:01 being the most promiscuous AI allele

and HLA-B*13:02 being the second most promiscuous across the binding range (Figure 3.4B).

However, in general, AI alleles exhibited a narrower conserved antigen repertoire relative to

common alleles (Figure 3.4C-D). HLA-B generally presented a broader range of peptides across
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Figure 3.4. Conserved antigen coverage characterization including HLA LOH effects
A) Differential expression of conserved antigens between normal melanocytes and melanoma.
Labeled genes have an adjusted p value < 0.05 and an absolute fold change > 2. B) Fraction of
peptides from conserved antigens (CAs) presented by each AI allele. C) Fraction of peptides from
conserved antigens (CAs) presented by HLA-B AI alleles relative to common HLA-B alleles (≥1%
population frequency; 19 alleles). Maximum and minimum population allele representations
correspond to the maximum and minimum fraction of conserved antigen peptides bound across
common alleles at each rank score, respectively. D) Fraction of peptides from conserved antigens
(CAs) presented by HLA-C AI alleles relative to common HLA-C alleles (≥1% population
frequency; 13 alleles). E) Median relative decrease in the fraction of a gene presented (FGP) by
respective removal of AI alleles that were affected by loss of heterozygosity (AI LOH), non-AI
alleles with LOH, and other alleles that were not affected by LOH from the same individuals.
The * symbols denote decreases in FGP that are significantly lower than the effect of losing
other alleles on the same genotype not affected by LOH by Mann-Whitney U test with a false
discovery rate < 0.05. F) Distributions of the relative decrease in FGP for the eight genes with
the greatest loss in presentation attributable to observed LOH of AI alleles.
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conserved antigens than HLA-C (Figure C.13B). Considering individual conserved genes, AI

alleles were generally predicted to bind a smaller fraction of derived peptides than common

alleles. Comparison of the distributions of the top 10 differences by mean at a gene-specific level

showed that almost all MHC-I AI alleles present conserved antigens no better than common

alleles (Figure C.16), with the notable exception of HLA-B*27:05’s affinity for SRSF8 and

TOMM6 (Figure C.16A-B).

Since MHC-I presented peptides are not uniformly sampled across the entire parent

protein269 we revisited our analysis with a focus on regional differences by calculating position-

wise best percentile ranks across all 8-11mers overlapping a position in each gene (Figure C.2A).

We did not observe any region of a conserved antigen that was consistently more effectively

presented by MHC-I AI alleles relative to common alleles, however there were short regions

where specific MHC-I AI alleles had stronger affinity than common alleles (Figure C.2B). In

addition to binding SRSF8 more generally, HLA-B*27:05 also exhibited the greatest position-

wise advantage to SRSF8 over common alleles (Figure C.2B). This is in spite of having the

smallest conserved antigen repertoire overall (Figure 3.4B-C). Several proteins had regions with

affinity differences between HLA-B AI and common alleles, including the canonical melanocyte

genes PMEL, GPNMB, and TYR and the MAGE genes MAGEA10, MAGEE1, MAGED4, and

MAGEA8 (Figure C.2B, Figure C.17). However, regional affinity advantages of AI alleles

over common alleles tended to be allele, gene, and position specific with little overlap across AI

alleles. Overall, these analyses suggest that the protective effect of MHC-I AI alleles does not

derive from a shared specificity for a conserved antigen or neoantigen, but cannot rule out that

differences in specificity contribute to the effect.

Finally, we looked for trends suggesting selective pressure to evade immune responses

on the basis of AI-allele presentation of conserved antigens. While we did not detect consistent

downregulation of conserved antigens in tumors with AI alleles, loss of heterozygosity (LOH) of

AI alleles accounted for the greatest loss of potential to present peptides derived from conserved

antigens in multiple cases (Material and Methods: Calculating HLA Loss of Heterozygosity).

In particular, for tumor antigens NSMCE3, MTERF3, MAGEF1, MTX1, GPR89B, MTFR1L,

MAGED1, and MTFR1, loss of AI alleles resulted in a significant reduction in potential to
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present peptides from these proteins relative to other HLA alleles carried by the same individuals

(Figure 3.4E-F, padj < 0.05). This suggests that LOH affecting AI alleles could allow tumors to

evade T-cell responses directed at certain conserved antigens.

3.5 Discussion

Immunosurveillance has been implicated in melanomagenesis prevention,120;121;134 yet

HLA contributions to melanoma risk have largely remained uncharacterized. Here we investigated

whether predisposing MHC-I alleles for CD8+ T-cell driven skin-associated autoimmune disorders

(vitiligo and psoriasis) could protect against melanoma. Our findings support this hypothesis,

with AI-allele carriers exhibiting a significant later age of melanoma diagnosis in the TCGA and

a decreased risk of developing melanoma among individuals in the MVP. Moreover, AI-allele

specific protection appears not only to be uncaptured by current melanoma PRS,9 but also can

augment PRS performance in relative risk stratification. While at least 6 vitiligo risk SNPs are

protective from melanoma,131;132 our results show that autoimmune risk effects can be extended

to MHC-I as well, and suggest a broader space of joint autoimmune predisposition and melanoma

protection.

We further investigated potential mechanisms linking MHC-I AI alleles to delayed age

at diagnosis. Immune activity against melanoma has been linked to high mutation burden due

to UV exposure,124;125 suggesting neoantigens could provide a potential substrate. Focusing

on mutations that drive melanomagenesis, we did not see obvious differences in the affinity for

MHC-I AI alleles for neopeptides relative to other alleles. While AI alleles did not seem to

interact with specific mutations, we did note that BRAF p.Val600Glu was associated with an

earlier age at diagnosis independent of AI allele carrier status. Potential of autoimmune alleles

to present BRAF p.Val600Glu did not appear to impact the incidence of the mutation, which is

consistent with reports that this mutation associates with impaired immune surveillance.264

As CD8+ T cells target healthy melanocytes through conserved antigens in both psoriasis

and vitiligo, responses against conserved antigens could also provide an explanation. We observed

positions better presented by AI alleles in genes spanning all subcategories of conserved antigens

including canonical melanocyte genes, melanoma antigen genes, and genes stably expressed in
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melanocytes. In particular, certain amino acids in PMEL and TYR (Figure C.2B), which are

melanocyte-specific antigens recognized by CD8+ T cells in melanoma-associated vitiligo,230;250

were better presented by AI alleles. However, we did not observe position-wise advantages for AI

alleles in other CD8+ T-cell targets, such as MLANA or DCT. MHC-I AI alleles also uniquely

target positions in the melanoma antigen genes MAGEA10 and MAGEE1 which are upregulated

in melanoma relative to melanocytes (Figure 3.4A, Figure C.2B). Finally, we observed

positions uniquely targeted by AI alleles within melanocyte stably expressed genes. Notably,

SRSF8 exhibited the position most favored by AI alleles and is overall substantially better

targeted by the AI allele, HLA-B*27:05 (Figure C.16). This suggests that melanocyte-specific

conserved antigens, other than those already identified in melanoma-associated vitiligo, may

also contribute to the protective effect of AI alleles. Additionally, while canonical melanocyte

genes have been known to be recognized by CD8+ T cells, they are typically downregulated in

melanoma (Figure 3.4A) or otherwise inconsistently expressed.270;271 In contrast, the tumor-

specific antigens considered in this study exhibit stable expression across melanocytes and

melanoma and might serve as more consistent immune targets.

Altogether, these findings support that AI alleles’ unique immunopeptidomes could

contribute to their protective effect against melanoma. However, further investigation is needed.

In particular, some studies have suggested that stability of the MHC-I-peptide complex distin-

guishes AI alleles from other MHC-I alleles,272–274 so it is possible that the mechanism is not fully

dependent on antigen specificity. There is also evidence that different alleles result in qualitatively

different T-cell responses. While the 7 AI alleles studied here associated with lower levels of

regulatory T-cell infiltration (Figure 3.1B), HLA-A*02:01 did not (Figure C.5F-G), despite

documented associations with vitiligo. This may relate to increased expression of TIM-3 by CD8+

T cells induced by HLA-A*02:01 restriction.246 TIM-3 interacts with galectin-9 expressed by

regulatory T cells (and certain tumor cells) to induce CD8+ T-cell apoptosis.275–277 In contrast,

CD8+ T cells restricted by HLA-B*27 or HLA-B*57, upon epitope recognition, do not upregulate

TIM-3,246 but instead upregulate granzyme B278 killing the regulatory T cells they encounter.

More generally, it has been observed that healthy individuals carrying HLA-B*27/B*57 alleles

have lower levels of regulatory T cells.246 Overall, protective effects were not shared by broader
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HLA supertype groupings supporting that allele-specific characteristics, whether related to unique

antigen specificities, stability or some other characteristic, are likely to account for any protective

effect.

In general, AI alleles presented a narrower peptide repertoire compared to common

alleles (Figure 3.4C-D). Notably, HLA-B*27:05 and HLA-B*57:01, both of which covered a

smaller fraction of potential conserved peptides than the minimum HLA-B population allele

representation, are known for their fastidiousness, or narrow peptide-binding repertoire, as

studied in the context of progression from HIV infection to AIDS.279 Košmrlj et al. also observed

that fastidious alleles present peptides not found in common alleles’ repertoires. We similarly

observed that the most fastidious AI alleles, HLA-B*27:05 and HLA-B*57:01, exhibited the

greatest position-wise advantages over common alleles. Additionally, fastidious class I alleles are

expressed on the cell-surface at much higher levels than their promiscuous class I counterparts,280

and therefore likely offer more opportunities for both neoepitope and self-antigen presentation

from their binding repertoires. Moreover, CD8+ T cells restricted by fastidious alleles (e.g.,

HLA-B*57:01) may also be more cross-reactive as they are subject to less negative selection in the

thymus given the narrower set of self-peptides to which they are exposed.279 Interestingly, we note

that outside of autoimmune associations four of our seven AI-alleles (HLA-B*27:05, HLA-B*51:01,

HLA-C*06:02 and HLA-B*57:01) are among the strongest HIV-protective alleles.224;281;282

Peptide-MHC (pMHC) affinity is driven largely by MHC-I sequence variation where

specific polymorphisms shape the binding pockets in the peptide-binding groove. Unsurprisingly,

given the skin-specific autoimmune associations for which these alleles were selected, certain AI-

alleles have similar binding pocket characteristics. For example, HLA-C*06:02 and HLA-C*12:03

both share a strongly negative E-pocket.283 HLA-C*06:02 shares an electronegative B-pocket

with HLA-B*27:05 as well.283;284 An allele’s affinity-based presentable peptide repertoire though

is an idealistic representation that fails to account for antigen processing pathway contributions.

Ultimately the space of bound peptides presented on the cell-surface is far narrower. Endoplasmic

reticulum aminopeptidases (ERAP) 1 and 2 play an essential role in MHC-I antigen processing.

They function to clip peptides to the appropriate size for MHC-I binding,285;286 but can also

destroy potential ligands through overtrimming.287–290 ERAP1 and ERAP2 are prominent risk
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factors in MHC-I linked autoimmune conditions and both are associated with psoriasis risk.291–293

Epistatic effects between ERAP1 and AI-risk alleles have been observed, particularly with HLA-

C*06:02 in psoriasis,291 and suggests this risk interaction is tied to an increased likelihood of

specific autoantigens making it to the cell surface. Taken together, this suggests skin-specific

autoimmune predisposing ERAP genes may also confer melanoma protection and is an interesting

area for further pursuit.

Work by Chowell et al.152 and Cummings et al.294 showed that in melanoma the B44

supertype associates with extended survival after treatment with immune-checkpoint inhibitors

(ICPI). While none of our AI alleles fall within this supertype, we surprisingly observed that

the B44 supertype trended towards an earlier age of diagnosis in our discovery set (Figure

C.7). The B44 supertype has an electropositive B-pocket, with an affinity for negatively charged

residues at P2 such as glutamic acid (Glu).295 Given this strong glutamic acid affinity, it may

be that in the context of ICPI, the B44 supertype is capable of inducing an immune response

through the binding and presentation of the highly recurrent BRAF p.Val600Glu mutation. In

contrast, the MHC-I AI alleles associated with later age at diagnosis do not bind negatively

charged residues at P2. In fact HLA-B*27:05 and HLA-C*06:02 have electronegative B-pockets

with strong affinities for the positively charged arginine at position 2,283;284 and effectively serve

as B44 antonyms. This suggests peptide repertoire differences between the B44 supertype and

the AI allele set, and further suggests the potential for a dichotomy between MHC-I associated

melanoma protection and ICPI response, which is associated with somatic mutation presentation

and high tumor mutation burden.

In conclusion, our study supports that skin-specific autoimmune MHC alleles have a

protective effect in melanoma. Additional assessments of these alleles’ effect on age of onset

in further independent cohorts, as they become available, would be of future interest. We also

note the potential for MHC-I mediated autoimmunity to interact with cancer development

more broadly. Selecting alleles associated with autoimmune disease affecting the tissue type

under investigation may yield similar findings across cancer types. For example, some MHC-

I alleles are associated with multiple autoimmune conditions, such as HLA-B*27:05 in both

psoriasis and ankylosing spondylitis.223;224;226;227;296;297 Ankylosing spondylitis is a targeted
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form of spinal arthritis primarily affecting the entheses and leads to bone erosion and broad

vertebral fusion,298 and makes for a conceivable autoimmune counterpart to osteosarcomas.

Our study did not address MHC-II alleles which are generally expressed more specifically by

antigen presenting cells, but have nonetheless been implicated in both skin autoimmune disorders

and immunosurveillance. Taken together, tissue-specific MHC AI carrier status may broaden

the scope of the autoimmune-cancer risk interplay and remains an interesting area for further

exploration.
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Epilogue

We exist as the embodiment of an intricate genomic tapestry woven by the master and

cryptic artisan that is nature. Genomic threads are inextricably intertwined, crafted into a

composite of phenotypes shaped by complex and enigmatic mechanisms. This dissertation serves

as a trifocal lens through which we can sharpen our focus on the entanglement of genomic

patterns driving complex disease susceptibility. Each viewing zone affords a different resolution

that uniquely aims to advance our understanding of the subtle interdependencies that link genetic

variation to the diverse phenotypic manifestations of complex conditions. In the subsequent

sections, I provide a chapter-by-chapter perspective, detailing conclusions, limitations, and future

directions inspired by this work.

4.1 GRIEVOUS: Conclusions, Limitations, and Future Direc-
tions

Injection of artifactual noise due to discrepant variant indexing and allele assignments

across datasets compromises both the integrity of large composite genomic datasets formulated

from individual studies and the fidelity of any multi-dataset analysis. Identifying and faithfully

resolving these discrepancies between or across datasets classically required a rigorously laborious,

time-consuming, and error-prone investment on behalf of a computationally proficient investigator.

The creation and availability of GRIEVOUS, my command-line tool for cross-dataset variant

homogenization elaborated on in Chapter 1, not only markedly enhances the efficiency of cross-

dataset variant consistency, but also democratizes access to high-quality data harmonization,

empowering researchers with varying computational expertise to engage in complex genomic

studies. Consequently, this allows for the assembly of large, high-quality datasets and enables

faithful multi-dataset genomic analyses, both of which improve our capacity to identify genomic
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contributors to complex disease.

GRIEVOUS represents a significant step forward in addressing the challenges of cross-

dataset variant homogenization. However, like any tool, it is not without limitations. In its current

build, GRIEVOUS only resolves artifactual noise introduced by discrepant variant indexing and

allele assignments across genomic datasets for the most commonly used class of variants for

genetic studies, biallelic SNPs. Variants of other categories (e.g., indels, multiallelic) fall outside

of the scope of the tool and still require manual verification. While this is a limitation, it also

affords an opportunity for future improvement, by broadening the scope of variants handled to

ideally completely abstract this problem from researchers.

GRIEVOUS also highlights a broader challenge within the genomic research landscape:

the lack of integration across tools and file formats. While powerful computational tools such

as PLINK2 help facilitate genomic file manipulation and analyses, the pre-analysis stage still

demands the use of multiple disparate tools, each with unique file requirements and formats (e.g.,

imputation, reference assembly consistency, GRIEVOUS harmonization). This fragmentation

affords an opportunity for the development of a unified, fully integrated framework which if

implemented could streamline data quality control, reduce processing time, and further enhance

genomic analysis accessibility. Furthermore, GRIEVOUS itself, currently written in Python

and employing chromosome-level Parquet files for its internal databases, could benefit from

performance optimizations such as re-implementation in a more computationally efficient language

(e.g., Rust) and improvements to its database structure. Such enhancements would position

GRIEVOUS as an even more effective tool within this envisioned unified framework, empowering

researchers to overcome existing barriers and further advancing the fidelity and efficiency of

complex genomic analyses.

4.2 VADEr: Conclusions, Limitations, and Future Directions

The unique blend of sequential and spatial complexities exhibited by the genome closely

parallels properties found in both language and vision, properties which are not fully captured by

additive summary-statistics-based PRS approaches (and their Bayesian shrinkage counterparts).

This highlights the need for a paradigm shift in PRS methodology. Specifically, the development
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of innovative modeling frameworks capable of capturing local and global patterns underlying

the genome’s sequential and spatial dependencies offers a promising path forward to advancing

genotype-to-phenotype prediction. Transformers, a class of deep-learning architectures which

have revolutionized the fields of NLP and CV, provide a compelling foundation for this effort.

To that end, in Chapter 2 I introduce the Vision Adapted Disease Elucidating

Transformer (VADEr), a novel architecture inspired by Vision Transformers39 (ViTs) that

blends techniques from NLP embeddings and ViT patch patitioning. This design enables the

model to capture sequential and spatial dependencies within the context of genotype-to-phenotype

prediction. Moreover, recognizing the paramount importance of interpretability in clinical appli-

cations, I also developed Directed Attention Relevance from Transformer Heuristics (DARTH)

scores, an attention-based interpretability metric. DARTH scores enable the attribution of

model predictions to specific genomic regions, providing personalized insights into the genetic

contributions driving predicted disease risk. By combining advanced modeling capabilities with en-

hanced interpretability, this DARTH-VADEr framework addresses key limitations of existing PRS

methods, and paves the way for more accurate and clinically actionable genotype-to-phenotype

predictions.

VADEr represents an inductive bias-free approach to genotype-to-phenotype modeling,

relying solely on the definition of a patch window length, W. As discussed in Chapter 2,

architectures that embed relational inductive biases through the incorporation of biological

priors can offer advantages in both inherent explainability and performance, particularly when

training data is limited. However, such designs come with tradeoffs. Specifically, inducing these

biases can enhance performance if the imposed structure aligns well with the underlying data

distribution. However, in the context of biological data, explicitly defining node connections based

on existing knowledge risks constraining the model’s ability to uncover relationships involving

features with uncertain or poorly understood roles. This reliance on predefined structure can

also embed biases reflective of current biological understanding, potentially overlooking aspects

of the biology that remain undiscovered. Nevertheless, it would be valuable to compare VADEr’s

performance against architectures such as hierarchical Transformers and graph neural networks

that incorporate established biological priors. Such comparisons could inform future integrations,
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where approaches are merged to leverage the strengths of each. For example, DARTH scores

inferred from VADEr could be used to refine or expand the structure of prior-based models.

In Chapter 2, the investigation focused on prostate cancer as a proof-of-concept evaluation

for our DARTH-VADEr framework. However, as previously mentioned, the number of trainable

model parameters (n = 96M) far exceeded the number of training samples (n = 73, 315) and

features (n = 12, 017), which likely constrained VADEr’s performance potential. As larger genomic

datasets become available, it would be valuable to assess the performance gains achievable with

more extensive training, especially in relation to the upper bound imposed by disease heritability.

Furthermore, expanding investigations beyond individuals of European ancestry to include

diverse populations would provide a more comprehensive evaluation of our approach. Such

studies could assess model robustness across ancestries and yield further novel insights into

genetic heterogeneity.

Improvements in feature encoding and representation present a promising avenue for

boosting VADEr’s performance. Currently, VADEr collapses feature representations to allele

counts, a simplification that overlooks haplotype-specific contributions to disease and the potential

for detecting genomic imprinting. Incorporating phased data and leveraging a Siamese architecture

could address these limitations by capturing inheritance patterns more effectively. However, for

such an approach to succeed, it is essential that phasing is consistent across all genomic variants on

all chromosomes, ensuring that input representations accurately reflect true inheritance patterns.

Additionally, broadening the feature encoding from SNPs and allele counts to contiguous genomic

sequences (e.g., including flanking variants around a locus) may prove advantageous by enhancing

the richness of the genomic context provided to the model. However, this also would introduce

additional challenges in data loading and dimensionality, requiring careful consideration of

computational feasibility.

Defining genomic position presents both a significant challenge and opportunity. Lineariz-

ing the genome by chromosome and location is overly simplistic and fails to capture the complex

three-dimensional structure, where spatial proximity in three dimensions can bring seemingly

distant positions into close functional contact. Moreover, chromosome numbers are effectively

arbitrary in the context of genome conformation and provide little meaningful information
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for positional encoding. To navigate these challenges, VADEr employed learnable positional

embeddings for its patch representations, offering a flexible and data-driven approach. However,

further advancements may be possible through methods that more faithfully reflect the true ge-

nomic position, in the context of the underlying three-dimensional organization. While deducing

true genomic positions is inherently difficult, customized techniques such as rotary positional

embeddings tailored to genomic topology could offer potential advantages. Additionally, VADEr’s

learned positional embeddings themselves may hold insights into genomic positioning, though

this would require a detailed investigation beyond the scope of our investigations. Regardless,

exploring opportunities in global genomic positional encodings and their ability to impact model

performance represents a promising avenue for future research.

We currently live in an exciting era, where advances in NLP, CV, and generative modeling

are beginning to transform clinical applications. This presents an unprecedented opportunity

to develop multimodal or cross-modal architectures that seamlessly integrate diverse sources

of clinical information including clinical notes, imaging data (where available), and genomics.

For instance, multimodal Transformers could be fine-tuned using parameter-efficient techniques

in conjunction with VADEr to create a unified prediction framework. Such an approach would

enable the comprehensive integration of all available data modalities, leverage state-of-the-art

models, and likely yield substantial performance gains in the task of complex disease prediction.

Finally, it is worth mentioning that one promising technique not explored here is employing

distillation during training (similar to Data-efficient image Transformers, or DeiTs). In this

work, VADEr outperformed all statistical genomics baselines with a strictly supervised training

procedure. However, such a finding may not generalize across phenotypes, especially for those

with limited training data. In such cases, statistical genomics methods such as LDpred2 may

outperform VADEr and the other machine learning baselines investigated here. However,

employing a (hard-label) distillation training procedure, where VADEr (or more generally one’s

machine learning method of choice) is trained to match the prediction of the top-performing

statistical genomics method, presents a promising avenue for improving performance in data-

limited scenarios. This strategy merits serious consideration for future applications where training

data is sparse.
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In summary, DARTH-VADEr lays the groundwork for devising more accurate and

interpretable genotype-to-phenotype predictions. Future research should focus on broadening

the scope of investigations (i.e., across ancestries and conditions), expanding datasets, evaluating

and improving feature representations, refining positional embeddings, exploring integrative

multi-modal models, and leveraging distillation techniques. These efforts provide practical

pathways to further unravel the genomic tapestry, deepen our understanding of the mechanisms

driving genotype contributions to complex phenotypes, and enhance predictive performance.

4.3 MHC-I Autoimmune Utility from Liability (MAUL):
Conclusions, Limitations, and Future Directions

Building upon the advancements in genomic data quality and polygenic risk modeling

discussed in Chapters 1 and 2, Chapter 3 shifts the focus towards highly polymorphic genomic

regions inadequately captured by traditional PRSs. The Human Leukocyte Antigen (HLA) locus

on chromosome 6 is one such notable polymorphic region. Encoding the highly polymorphic HLA-

A, HLA-B, and HLA-C genes, these genes determine the peptide-binding specificity of the class I

major histocompatibility complex (MHC-I), a protein integral to immune surveillance. While the

extreme polymorphicity of the HLA locus encapsulates the diversity of immune responses, it also

introduces challenges in identifying its contributions to disease risk. Variations in this region can

predispose individuals to complex diseases in distinct ways, often at opposite ends of the immune

dysfunction spectrum, such as autoimmunity and cancer. As MHC-I presents intracellular

peptide antigens to CD8+ T cells it has been conceptualized as a fulcrum of immune dysfunction,

tipping the balance toward heightened immune activity in autoimmune conditions or impaired

immune surveillance in cancer. Chapter 3 leverages this idea to identify and investigate specific

autoimmune-predisposing HLA class I alleles that confer a protective effect against melanoma,

providing evidence that these alleles offer orthogonal, risk-relevant information beyond what is

captured by existing melanoma PRSs.

These findings open two key corridors for future exploration on the autoimmune-cancer

frontier. The first pertains to the broader implications of autoimmune-predisposing class I

HLA alleles to modify cancer susceptibility across other cancer types. Here, we focused on
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the relationship between cutaneous melanoma (a highly immunogenic cancer) and HLA alleles

associated with skin-specific autoimmune conditions. Expanding this investigation to other

cancer and tissue-specific autoimmune HLA allele pairs is a logical next step. One that has the

potential to elucidate commonalities in methods of cancer protection, reveal conserved patterns

across protective alleles, and expand our understanding of how HLA diversity shapes immune

responses in the context of both cancer and autoimmunity.

The second corridor involves extending the scope beyond class I HLA alleles to other

components of the antigen presentation pathway. Class II HLA alleles, which play a key

role in presenting extracellular-derived peptides (as well as peptides derived from self-protein

degradation in the endosomal pathway) to CD4+ T cells,146 may similarly exhibit protective

effects in melanoma or other cancers. Additionally, non-HLA genes involved in antigen processing,

such as ERAP1 and ERAP2, are known autoimmune risk factors and may also modulate cancer

susceptibility. Investigating these genes, alongside autoimmune-associated pathways outside the

antigen presentation system, could further elucidate the broader interplay between autoimmunity

and cancer. In conclusion, expanding upon the autoimmune-cancer interplay foundations

highlighted in this Chapter represents a promising direction of future research with the potential

to deepen our understanding of the mechanisms driving immune dysfunction and its dual role in

complex disease risk predisposition and protection.
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Figure A.1. Dataset realignment with GRIEVOUS can be conceptualized as a three-step
workflow. The first step, clean, identifies and extracts valid biallelic variant candidates. The
second, register, generates GRIEVOUS variant indices and performs variant database comparisons,
identifying all biallelic variants requiring realignment and all biallelic SNP database additions.
Finally, align, realigns REF and ALT alleles (and corresponding effect sizes for summary
statistics) for those SNPs register identified as database reversed. Subsequently, align updates
the GRIEVOUS database with all biallelic SNPs identified in the current dataset and writes
dataset-level reports, reassignment files, and GRIEVOUS formatted files.
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A.2 Supplementary Tables

Table A.1. Polygenic risk score (PRS) area under the receiver operating characteristic curve
(AUC) performances for prostate cancer (PC) genotype datasets before and after harmonization
with GRIEVOUS. Current PC PRS AUCs fall in the range of 0.59-0.64, on par with PRS
performances after harmonization with GRIEVOUS.

P-value Number of PC
Before:

ELLIPSE
After:

ELLIPSE
Before:
UKBB

After:
UKBB

Threshold PRS SNPs PRS AUC PRS AUC PRS AUC PRS AUC

5 × 10−8 21,915 0.43673 0.63296 0.45324 0.62266

5 × 10−7 28,420 0.43212 0.63744 0.44743 0.62364

5 × 10−6 39,290 0.43230 0.63947 0.44056 0.62427

5 × 10−5 58,326 0.43055 0.64101 0.43210 0.62585

5 × 10−4 110,287 0.42048 0.64312 0.42799 0.62436
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Appendix B

Supplemental Material for Chapter 2

B.1 Supplementary Figures
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Figure B.1. Projecting personalized patch-specific DARTH scores across the UMAP dimensions
for A) the top cluster 1 HOXB13 patch spanning 46.75-47 Mb (GRCh37) on chromosome 17
B) the top cluster 2 TMPRSS2 patch spanning 42.75-43 Mb on chromosome 21 C) the top
cluster 3 MSMB patch spanning 51.5-51.75 Mb on chromosome 10 and D-F) the top 3 patches
with the highest global average DARTH score which span consecutively from 128-128.75 Mb on
chromosome 8.
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Appendix C

Supplemental Material for Chapter 3

All Supplemental Tables can be found in the published version of this material at the

following location: https://www.cell.com/ajhg/fulltext/S0002-9297(23)00170-2

C.1 Supplementary Figures
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Figure C.1. Distributions of stably expressed gene (SEG) scores shown for all 53 tissues in
GTEx. The threshold of 0.69 was selected and is shown in red.
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Figure C.2. A) Position-wise best percentile rank scores were computed from predictions for
8-11mers by taking the best percentile rank of all overlapping peptides at any given position.
B) Greatest position-wise differences in best percentile rank between HLA-B autoimmune and
common alleles amongst the top 2 differences (SRSF8 and the canonical melanocyte gene PMEL)
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Plots show up to +/- 20 amino acids of the demarcated positions.
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Figure C.3. PRS SNP minor allele frequencies (MAFs) relationship between A) Discovery and
Melanostrum (Pearson R = 0.942), B) Validation and Melanostrum (Pearson R = 0.952), and
C) Validation and Discovery (Pearson R = 0.963). Red points are PRS SNPs with a protective
effect in melanoma (negative PRS weight), while blue points are PRS SNPs with a predisposing
melanoma effect (positive PRS weight). Points are sized according to the magnitude of their
weight in the PRS. SNP effects ranged in PRS weight from -0.4 to 0.49.
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Figure C.4. A) Upper row : Multistage clonal expansion (MSCE) model - illustration of a
stochastic realization of the multi-type branching process. In the two-stage MSCE model, the first
‘hit’ occurs when normal cells (green) undergo asymmetric division (due to mutation, for example)
and create one premalignant daughter cell with rate µ1 and one normal cell. Premalignant cells
can then clonally expand with rates αP for division and βP for cell death/differentiation (purple
clones, e.g., dysplastic nevi). The second ‘hit’ occurs at rate µ2 per cell per year wherein a
premalignant cell creates a malignant daughter cell (due to secondary mutation, for example) and
1 premalignant cell. αM and βM represent cell division and death/differentiation, respectively,
for malignant cells (blue). Clinical detection occurs for malignant clones with rate ρ. Bottom
row : Mathematical approximation of the two-stage model includes an effective mutation rate
µ2
eff for transformation of a malignant cell that survives and a tumor sojourn time/ ‘lag-time’

representing the time between the first persistent malignant cell and the clinically detected
cancer. B) Hazard curves from the MSCE models for melanoma incidence/100,000 (black lines)
correspond to US SEER data from 1975-2018 (black shapes) in white females (right) and white
males (left) separately by age groups, as represented by the different symbols, over calendar
years. Calibrated parameters from the twostage model yield similar average lag-time (tumor
sojourn time) for males and females of ∼10 years. For comparison, non-parametric fits using
4th-order smoothing splines shown in red.
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Figure C.5. Covariates and associations with melanoma in the TCGA. A) Boxplots comparing
sex and melanoma age of diagnosis. B) Correlation between total mutation burden and UV-
signature associated mutations. C) Boxplots comparing the number of UV-signature associated
mutations across those with and without a MHC-I linked autoimmune allele. D) Boxplots
comparing the number of mutations across those with and without a MHC-I linked autoimmune
allele. E) Effect of MHC-I autoimmune alleles on age at diagnosis in melanoma including HLA-
A*02:01. F) Carriers of HLA-A*02:01 and no other autoimmune alleles do not exhibit a significant
difference in regulatory T-cells in primary melanoma tumors. G) Carriers of HLA-A*02:01,
independent of other alleles carried, do not exhibit a significant difference in regulatory T-cells
in primary melanoma tumors.
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Figure C.6. Effect of omitting each of the 7 individual autoimmune alleles from carrier status in
TCGA. For each autoimmune allele, individuals carrying only the excluded allele were assigned
to non-AI allele carrier status. All p-values are multiple hypotheses corrected by means of the
Benjamini-Hochberg method.
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Figure C.7. Effect of HLA supertype on age at diagnosis in TCGA. No significant age differences
were observed across any supertype, though those with the B44 supertype (red) trended towards
an earlier age of diagnosis (p = 0.199, median earlier age of diagnosis difference = 4 years).
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Figure C.8. Regression modeling of autoimmune allele effects on melanoma age of diagnosis in
TCGA. A) Having at least one MHC-I linked autoimmune allele is significantly associated with
3.62 delayed years to melanoma diagnosis after controlling for primary vs. metastatic disease,
sex, and mutation burden (n = 416, pautoimmune = 0.015). Those with an AJCC pathologic
tumor stage of II or below were assigned a primary disease label, while those with a tumor stage
of III or higher were assigned a metastatic disease label. B) Having at least one MHC-I linked
autoimmune allele is significantly associated with 4.07 delayed years to melanoma diagnosis after
controlling for sex and mutation burden (n = 451, pautoimmune = 0.005).
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Figure C.9. A) Females in the validation set showed a significant earlier age of diagnosis relative
to males (p = 0.003, median difference = 3 years) B) Direction of AI carrier status effect in males
is consistent with later age of diagnosis findings (pmales = 0.055, pfemales = 0.236).
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Figure C.10. HLA-B*27:02 was associated with an earlier age of diagnosis across both discovery
and validation sets. Blue points correspond to MHC-I autoimmune allele carriers, while gray
points correspond to those without any MHC-I AI alleles.
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Figure C.11. PRS and MHC-I autoimmune alleles exhibit independent effects with age. A)
TCGA: Histogram of PRS stratified across individuals with and without MHC-I autoimmune
alleles. B) TCGA: Boxplots stratifying PRS across individuals with and without MHC-I
autoimmune alleles (p = 0.999, T-test). C) Validation: Histogram of PRS stratified across
individuals with and without MHC-I autoimmune alleles. D) Validation: Boxplots stratifying
PRS across individuals with and without MHC-I autoimmune alleles (p = 0.901, T-test).
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Figure C.12. TCGA: A) Correlation between UV-mutation spectrum corrected CpG>TpG
mutations and age of diagnosis. B) Correlation between mutational signature SBS1 and age of
diagnosis. C) Correlation between UV-mutation spectrum corrected CpG>TpG mutations and
UV-associated mutational signature SBS7. D) Correlation between mutational signature SBS1
and UV-associated mutational signature SBS7. E) Tumor dwell time in WGD and non-WGD
melanomas. The solid blue line at 5.7 years equates to literature-reported estimated timing
from WGD to melanoma diagnosis. The dotted red lines at 3.2 and 16 years represent the
literature-reported WGD to melanoma diagnosis range. F) Boxplots of personalized estimated age
of melanoma onset across PRS quintiles. Autoimmune MHC-I carrier status exhibited significant
later predicted ages of onset for the lowest (PRS Quintile 1; p = 0.011) and second-highest risk
quintiles (PRS Quintile 4; p = 0.019). G) Autoimmune MHC-I carriers do not show longer tumor
dwell times, regardless of tumor WGD status.
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Figure C.13. A) Maximum and minimum HLA-B population allele representations (Material
and Methods: HLA Population Allele Representations) exhibit greater neopeptide coverage than
HLA-C maximum and minimum population allele representations at lower rank scores. As rank
scores exceed the classical strong binding threshold (0.5), HLA-C population allele representations
generally exhibit greater neopeptide coverage. B) For conserved antigens (CA), the maximum
and minimum population allele representations for HLA-B presents a greater fraction of peptides
than the maximum and minimum population allele representations for HLA-C. This is most
pronounced in the maximum representations, where HLA-B presents a greater fraction of CA
peptides compared to HLA-C as percentile rank increases.
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Figure C.14. Predicted median driver mutation rank scores for both common and autoimmune
MHC-I alleles. The varying point size reflects a mutation’s standard deviation across all
autoimmune alleles, with larger points having larger standard deviations. A) Predicted median
rank scores for all driver mutations (n = 215) for both common and AI alleles. B) Predicted
median rank scores for driver mutations in a presentable range (outlined in red in panel A).
Mutations with a 3-fold median rank score discrepancy between AI and common alleles in
either direction are labeled, and fall outside the shaded region. Green mutations correspond to
mutations that are better presented by the median autoimmune allele, while yellow mutations
correspond to mutations that are better presented by the median common allele.
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Figure C.15. TCGA: A) CD8+ T-Cell infiltration in carriers of at least one MHC-I autoimmune
allele against non-MHC-I autoimmune allele carriers in primary melanoma tumors. B) CD8+
T-Cell infiltration in individuals with a BRAF p.Val600Glu mutation against individuals without
a BRAF p.Val600Glu mutation in primary melanoma tumors.
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Figure C.16. Distributions of the predicted binding repertoire of conserved antigens between
MHC-I autoimmune and common alleles. A-B) Top 10 conserved antigens by difference in mean
percentage binding (autoimmune - common). Percent binding at the A) 2% rank threshold and
B) 0.5% rank threshold. C-D) Differentially expressed conserved antigens sorted as in panels
A-B showing percentage binding at the C) 2% rank threshold and D) 0.5% rank threshold.
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Figure C.17. Greatest position-wise differences in predicted binding to conserved antigens
between HLA-B autoimmune and common alleles amongst the top 8 differences (MAGED4,
MTERF3, MTDH, MTCH1, CC2D2A, MTG1, MAGEA8, NOMO3) and DE conserved antigens
(MTMR2, MTMR4) not shown in Figure S2B. Common alleles are shown in black and autoimmune
alleles are shown in transparent blue unless they are predicted to elute at better percentile ranks
than common alleles. Vertical purple lines demarcate positions where autoimmune alleles are
predicted to elute at better percentile ranks than common alleles. Plots show up to +/- 20 amino
acids of the demarcated positions
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Christopher A Haiman, Niclas H̊akansson, Ute Hamann, Nathalie Hamel, Susan Hankinson,
Patricia Harrington, Steven N Hart, Jaana M Hartikainen, Mikael Hartman, Alexander
Hein, Jane Heyworth, Belynda Hicks, Peter Hillemanns, Dona N Ho, Antoinette Hollestelle,
Maartje J Hooning, Robert N Hoover, John L Hopper, Ming-Feng Hou, Chia-Ni Hsiung,
Guanmengqian Huang, Keith Humphreys, Junko Ishiguro, Hidemi Ito, Motoki Iwasaki,
Hiroji Iwata, Anna Jakubowska, Wolfgang Janni, Esther M John, Nichola Johnson, Kristine
Jones, Michael Jones, Arja Jukkola-Vuorinen, Rudolf Kaaks, Maria Kabisch, Katarzyna
Kaczmarek, Daehee Kang, Yoshio Kasuga, Michael J Kerin, Sofia Khan, Elza Khusnut-
dinova, Johanna I Kiiski, Sung-Won Kim, Julia A Knight, Veli-Matti Kosma, Vessela N

123
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Inferring disease architecture and predictive ability with LDpred2-auto. Am. J. Hum.
Genet., 110(12):2042–2055, December 2023.

[78] Takuya Akiba, Shotaro Sano, Toshihiko Yanase, Takeru Ohta, and Masanori Koyama.
Optuna: A next-generation hyperparameter optimization framework. In Proceedings of the
25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining,
KDD ’19, pages 2623–2631, New York, NY, USA, July 2019. Association for Computing
Machinery.

[79] Hila Chefer, Shir Gur, and Lior Wolf. Transformer interpretability beyond attention
visualization. In 2021 IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), pages 782–791. IEEE, June 2021.

[80] Samira Abnar and Willem Zuidema. Quantifying attention flow in transformers. arXiv
[cs.LG], May 2020.

[81] Hila Chefer, Shir Gur, and Lior Wolf. Generic attention-model explainability for interpreting

132



bi-modal and encoder-decoder transformers. In 2021 IEEE/CVF International Conference
on Computer Vision (ICCV). IEEE, October 2021.

[82] Elena Voita, David Talbot, Fedor Moiseev, Rico Sennrich, and Ivan Titov. Analyzing
multi-head self-attention: Specialized heads do the heavy lifting, the rest can be pruned.
Association for Computational Linguistics, 2019.

[83] E R DeLong, D M DeLong, and D L Clarke-Pearson. Comparing the areas under two
or more correlated receiver operating characteristic curves: a nonparametric approach.
Biometrics, 44(3):837–845, September 1988.

[84] Rojina Kashefi, Leili Barekatain, Mohammad Sabokrou, and Fatemeh Aghaeipoor. Ex-
plainability of vision transformers: A comprehensive review and new perspectives. arXiv
[cs.CV], November 2023.

[85] Ramprasaath R Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam,
Devi Parikh, and Dhruv Batra. Grad-CAM: Visual explanations from deep networks via
gradient-based localization. In 2017 IEEE International Conference on Computer Vision
(ICCV), pages 618–626. IEEE, October 2017.

[86] Mukund Sundararajan, Ankur Taly, and Qiqi Yan. Axiomatic attribution for deep net-
works. In Doina Precup and Yee Whye Teh, editors, Proceedings of the 34th International
Conference on Machine Learning, volume 70 of Proceedings of Machine Learning Research,
pages 3319–3328. PMLR, 2017.
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P Combemale, D Bonnet, M-L Sigal, E Mahé, and Groupe de Recherche sur le Psoriasis
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[200] Nicolas L Bray, Harold Pimentel, Páll Melsted, and Lior Pachter. Near-optimal probabilistic
RNA-seq quantification. Nat. Biotechnol., 34(5):525–527, May 2016.

[201] Adam Frankish, Mark Diekhans, Anne-Maud Ferreira, Rory Johnson, Irwin Jungreis, Jane
Loveland, Jonathan M Mudge, Cristina Sisu, James Wright, Joel Armstrong, If Barnes, An-
drew Berry, Alexandra Bignell, Silvia Carbonell Sala, Jacqueline Chrast, Fiona Cunningham,
Tomás Di Domenico, Sarah Donaldson, Ian T Fiddes, Carlos Garćıa Girón, Jose Manuel
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Andre Franke, Rajan P Nair, Gonçalo R Abecasis, Dafna D Gladman, James T Elder,
Paul I W de Bakker, and Soumya Raychaudhuri. Fine mapping major histocompatibility
complex associations in psoriasis and its clinical subtypes. Am. J. Hum. Genet., 95(2):
162–172, August 2014.

[224] Haoyan Chen, Genki Hayashi, Olivia Y Lai, Alexander Dilthey, Peter J Kuebler, Tami V
Wong, Maureen P Martin, Marcelo A Fernandez Vina, Gil McVean, Matthias Wabl,
Kieron S Leslie, Toby Maurer, Jeffrey N Martin, Steven G Deeks, Mary Carrington,
Anne M Bowcock, Douglas F Nixon, and Wilson Liao. Psoriasis patients are enriched for
genetic variants that protect against HIV-1 disease. PLoS Genet., 8(2):e1002514, February
2012.

[225] Cynthia Helms, Nancy L Saccone, Li Cao, Jil A Wright Daw, Kai Cao, Tony M Hsu, Patri-
cia Taillon-Miller, Shenghui Duan, Derek Gordon, Brandon Pierce, Jurg Ott, John Rice,
Marcelo A Fernandez-Vina, Pui-Yan Kwok, Alan Menter, and Anne M Bowcock. Localiza-
tion of PSORS1 to a haplotype block harboring HLA-C and distinct from corneodesmosin
and HCR. Hum. Genet., 118(3-4):466–476, December 2005.

[226] Robert Winchester, Gregory Minevich, Valeria Steshenko, Brian Kirby, David Kane,
David A Greenberg, and Oliver FitzGerald. HLA associations reveal genetic heterogeneity
in psoriatic arthritis and in the psoriasis phenotype. Arthritis Rheum., 64(4):1134–1144,
April 2012.

[227] Oliver FitzGerald, Muhammad Haroon, Jon T Giles, and Robert Winchester. Concepts of
pathogenesis in psoriatic arthritis: genotype determines clinical phenotype. Arthritis Res.
Ther., 17:115, May 2015.

[228] G S Ogg, P Rod Dunbar, P Romero, J L Chen, and V Cerundolo. High frequency of
skin-homing melanocyte-specific cytotoxic T lymphocytes in autoimmune vitiligo. J. Exp.
Med., 188(6):1203–1208, September 1998.

[229] K S Lang, C C Caroli, A Muhm, D Wernet, A Moris, B Schittek, E Knauss-Scherwitz,
S Stevanovic, H G Rammensee, and C Garbe. HLA-A2 restricted, melanocyte-specific
CD8(+) T lymphocytes detected in vitiligo patients are related to disease activity and are
predominantly directed against MelanA/MART1. J. Invest. Dermatol., 116(6):891–897,
June 2001.

[230] B Palermo, R Campanelli, S Garbelli, S Mantovani, E Lantelme, V Brazzelli, M Ardigó,
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Henry W Lim, John J Voorhees, Michael Weichenthal, H Erich Wichmann, Vinod Chandran,
Cheryl F Rosen, Proton Rahman, Dafna D Gladman, Christopher E M Griffiths, Andre
Reis, Juha Kere, Collaborative Association Study of Psoriasis (CASP), Genetic Analysis
of Psoriasis Consortium, Psoriasis Association Genetics Extension, Wellcome Trust Case
Control Consortium 2, Rajan P Nair, Andre Franke, Jonathan N W N Barker, Goncalo R
Abecasis, James T Elder, and Richard C Trembath. Identification of 15 new psoriasis
susceptibility loci highlights the role of innate immunity. Nat. Genet., 44(12):1341–1348,
December 2012.

[293] Xianyong Yin, Hui Qi Low, Ling Wang, Yonghong Li, Eva Ellinghaus, Jiali Han, Xavier
Estivill, Liangdan Sun, Xianbo Zuo, Changbing Shen, Caihong Zhu, Anping Zhang, Fabio
Sanchez, Leonid Padyukov, Joseph J Catanese, Gerald G Krueger, Kristina Callis Duffin,
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