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Abstract

Aiming to assist in the discovery of the genetic basis of complex diseases, many researchers
are generating multi-scale -omics data (such as genomes, transcriptomes, and proteomes)
for joint analyses. However, despite the depth of sequencing, i.e., molecular information from
a single individual could be massive, the sample size (humber of individuals) for a particular
study is usually small. As such, many researchers organize large consortiums to aggregate
data into relatively larger biobanks for worldwide researchers to reuse. In parallel to the
efforts towards enhancing sample size, in this thesis work, | developed advanced models by
integrating domain knowledge seamlessly with modern machine learning (ML) techniques to
further biological discoveries with high-dimensional data of moderate sample sizes. The core
innovation in my thesis is to improve feature selection in statistical learning by leveraging
biological a priori. Centralized by the general theme of knowledge-directed feature selection,
my thesis has contributed four novel developments: In my first project, | developed
Interaction-integrated Linear Mixed Model (ILMM), integrating three-dimensional (3D)
genomic interaction information to pre-select genetic regions for the linear mixed model. This
tool avoids the astronomic humber of combinations usually encountered when searching for
interactions genome wide. We showed ILMM is more powerful than established models and
discovered a distal regulation mechanism underlying Autism. In my second project, |
developed eXplainable Autoencoder for Critical genes (XA4C), which carries out gene
selection from a unique angle: the gene’s ability to interpret hidden dimensions learned by
an Autoencoder using gene expression data. This work coined the term “critical gene”, which
is demonstrated to be more disease-relevant than conventional terms such as differentially
expressed and hub genes in expression analysis. In my third project, on top of a state-of-the-
art massive machine learning model integrating 5,313 human epigenetic and transcriptomic
tracks of functional-omics data, | have developed a transfer learning framework to re-task
the general comprehension model towards breast cancers. This framework allows effective
feature selections for improved downstream analysis, such as association mapping, as we
demonstrated using the breast cancer GWAS data. In my fourth project, which is more on in-
depth data analysis instead of tool building, | integrated expression and protein data in a
coherent fine-mapping framework to select candidate proteins that play an important role in
disease pathogenesis, discovering 176 proteins for six cancers. These discoveries are
valuable for understanding cancers and drug development. In summary, the works in this
thesis delivered ML tools to integrate prior knowledge for feature selections to further
biological discoveries and provided additional insights into genes and proteins underlying
complex diseases.
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Chapter 1: Introduction

1.1 Overview

Deciphering the relationship between genetics and disease is a primary focus in genetic
research and will be useful for biomedical fields. The significance of elucidating the genetic
basis of diseases lies in that they deepen our comprehension of disease origins and
mechanisms. Furthermore, genetic information serves as a pivotal reference, directing the
formulation of personalized treatments that optimize therapeutic outcomes, as well as the
allocation of healthcare resources. For decades, researchers have been endeavouring to
uncover the genetic underpinnings that explicate disease etiology.

The attempt to identify genetic basis of human diseases started from the linkage analysis,
which identified 1,200 genes linked to human diseases or traits by studying genetic data in
familial pedigrees. A landmark success of this approach was the identification of the cystic
fibrosis gene in 19891, However, linkage analysis requires a long time to collect large
pedigrees and do not enjoy fine resolution in the genome. Human Genome Project (HGP)
marked a monumental breakthrough, producing the full sequence of the human genome and
laying out the foundational blueprint of human genetics?. Enabled by HGP and the
subsequent the International HapMap Project?, the advent of genotyping technologies allows
a shift in the realm of genetics. These instruments can assess alleles of millions of known
polymorphic sites quickly and inexpensively, propelling both the speed and sheer volume of
genetic data to new heights.

Driven by the cost-effective availability of genome-wide genotyping instruments for large
cohorts, Genome-Wide Association Studies (GWAS) have become a mainstay for identifying
genetic determinants of human diseases and complex traits* . In GWAS, genetic
polymorphisms across the genomes of participating individuals are assessed for their
association with specific phenotypes. Since the first GWAS for age-related macular
degeneration (AMD) was published in 2005¢, more than 50,000 genome-wide significant
associations have been identified”: 8.

Later on, boosted by next generation sequencing (NGS)°, GWAS has evolved to the more
powerful protocols of whole-genome and whole exome association studies® based on
sequence data, which further revolutionized the field of complex disease genetics over the
past decades and offers profound insights into disease susceptibility and propelling
advancements in personalized medicine® 1. In this thesis, we will use “genotype-phenotype
association mapping” to denote both GWAS and sequence-based association studies.
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While association mapping has successfully identified many genetic variants linked to
diseases, this approach has limitations. Firstly, association mapping grapples with the
challenge of "high dimensionality", as the vast number of genetic variants often surpasses
the sample size, complicating the statistical analyses. Secondly, standard GWAS statistical
models don't typically incorporate biological prior knowledge, inadvertently treating all
genetic variants with equal importance despite certain variants holding critical biological
roles. It's also essential to note that an association discovered in GWAS doesn't equate to
causation, nor do they provide targeted tissues, leaving gaps for follow-up studies.

Recent advances in experimental procedures provide another angle to address the above-
mentioned barriers - the utilization of multi-omics data. By joint analysis of genomics,
transcriptomics, proteomics, and other molecular data forms, researchers can gain a
comprehensive understanding of the complex relationships between genetic variations and
disease phenotypes!? 3. Moreover, its inherent nature of studying interplays between
multiple-scale omics data renders it a robust instrument for exploring the genetic architecture
of complex human diseases like cancers'# 15, diabetes'® 17, brain development disorders®-2,
etc. The vast array of multi-omics studies and databases is readily accessible in the public
domain. Collectively, they marked the dawn of the multi-omics age. The six databases used
in this thesis work are listed in Table 1.1.

Table 1. 1 Public projects with human multi-omics data used in my thesis.

. . . . Chapter in
Study Available omics Sample size Details p !
thesis
Genetics, ~ 1,000 high- Human brain,
transcriptomics, quality post- pluripotent stem cells
epigenomics mortem brain (iPSCs), cultured
PsyEncode?! (e.g., ATAC-seq, ChIP- specimens, neuronal cells derived Chapter 2
seq), chromosome both healthy from olfactory
conformation capture and disease- neuroepithelium
(3C) data Hi-C data, etc. | affected (CNON cells)
GTEX? Genome variation, ~1,000 donors Human donor and Chapter 3
transcriptomics tissues
i >
TCGA= Gene expression, 10,000 Human Tumor sample | Chapter 3
methylation, etc. samples
Transcriptome factor 1,700 transcriptome
Cistrome?* % ChlIP-chip, ChiIP-seq, 25,000 factors ang 132. histone Chapter 4
human marks/variants in
etc.
human
Chromatin
immunoprecipitation
NIH Roadmap | o oo, DNA 111 human cell _
Epigenomics . . . Human epigenomes Chapter 4
Program?® digestion by DNase | lines
(DNase), and RNA
profiling
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7,213
European
American (EA)
ARIC? Proteomics and 1,871
African
American (AA)
individuals

4,657 human plasma

proteins Chapter 5

Among the comprehensive list of multi-omics data, transcriptomes are the most available
form of omics data (other than genomics) and researchers have been using it to identify
genes underlying complex diseases for many years. For instance, differential expression
analysis?® and co-expression analysis?® are commonly used methods to identify the genes
differentiating diseases status and the hub genes underlying biological interactions. In
conjunction with GWAS data, the utilization of expressions has been developed as
“transcriptome-wide association study” (TWAS)3 3! that can be interpreted as the use
expression-directed feature selection®? to improve the specificity of gene-based genotype-
phenotype association mapping. Very recently, proteome data have becoming increasingly
available?”: 33, although the method development on how to analyze proteomes and their
integration to genomics and transcriptomes are still in its infancy34-36.

How to integrate multiple omics proposes many challenges and opportunities to researchers
in the field of bicinformatics and biostatistics. Despite the vast dimensionality of multi-omics
data, only a small subset truly carries significant implications. Thus, feature selection
becomes paramount before identifying this critical subset for data integration. An effective
strategy of feature selection may reduce both computational burden and statistical overfitting
and, moreover, better interpretability of the ultimate outcome. In statistics and machine
learning, feature selection is a long-lasting theme with decades of research. However, the
inherent nature of high dimensionality (at the magnitudes of millions) and the relatively low
sample size (at the level of thousands or even hundreds) make the task particularly daunting.
As such, the resourceful incorporation of biological insights into the analysis will be critical.

In this context, my thesis focuses on the creation of statistical models and their
computational implementations for feature selection and integration of multi-omics to
uncover the genetic underpinnings of human diseases. Furthermore, the concept of multi-
omics integration has sparked my interest in assimilating my newly developed techniques
with established tools to further reveal the genetic factors behind complex human diseases.
Consequently, | have crafted four projects integrating my novel statistical and machine
learning models and state-of-the-art data/techniques to further biological discoveries by
effective feature selections. The key data and techniques include 3D genome (Chapter 2),
Autoencoder and explainable artificial intelligence (XAI) (Chapter 3), transfer learning

16




(Chapter 4) and fine mapping directed by both transcriptome and proteome data (Chapter
5).

In the following sections of Chapter 1, | will delve into the introduction of genotype-
phenotype association mapping and their statistical models, statistical feature selection, the

use of multi-omics in feature selection, and the principles and strengths of XAl.

Subsequently, I'll highlight the limitations in current methodologies, which served as the
catalyst for my four research projects in this thesis and conclude with an outline of summary
of each chapter and the contributions of myself (as well as the works contributed by other
co-authors in my manuscripts).
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1.2 Statistical models for genotype-phenotype association mapping

Genotype-phenotype association mapping aims to identify genetic determinants complex
traits including human diseases. The concept of GWAS is originated from a simple statistical
test (e.g., a chi-squared test) where the genetic variant is naively tested with the phenotypes
for a potential association with* 5. Over the years, sophisticated statistical models have been
by considering population structure and relatedness. Additionally, gene-based methods
aggregating multiple variants into a single test have been developed.

Single-variant models. In genetics, originally, a locus refers to a specific location or site
within a genome, which could be a gene or a segment of DNA of interest®’. Modern
genotyping and sequencing techniques can pinpoint to a point mutation called SNVs (Single
Nucleotide Variations) or SNPs (Single Nucleotide Polymorphisms)®.

Selecting the right tests is crucial for accurate association test to maximize power and
prevent false discoveries. Originally, researchers used a linear model (LM) which does not
consider population structure. To account for relatedness between individuals, linear mixed
models (LMMs) were developed to control population structure using genotype relatedness®.

A typical LMM can be expressed as:

where s the vector of trait values, is the mean value, is the alternative allele dosage at
the SNV and is the allelic effect of the focal SNV on the trait. Population structure is
corrected with a random genotype term represented by , which follows a multivariate
normal distribution ~ (0, 2 ), where is the genomic relationship matrix (GRM)
between all individuals calculated by the genome-wide genotypes and ? is the variance
component explained by genotype.

A challenge with LMMs is the extensive computational time, especially for large datasets. To
combat this, several models like EMMAX3?, GEMMA*, FaST-LMM#! and others were
proposed. Each has its own strategy to reduce computing time. For instance, EMMAX only
carries out the matrix factorization once by assuming the variance component of the GRM
term remains the same for all genetic variants. FaST-LMM reduces computation time by
replacing eigen-decomposition to singular value decomposition (SVD), taking advantage of
the property that number of variants may be much lower than the sample size. However, it's
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most efficient when dealing with few genetic markers. As a remedy, Fast-LMM-Select*? was
developed to select a subset of variants select variants to fulfil the above property.

Multi-variant models. With the emergence of sequencing platforms, more and more
researchers are resorted to sequence-based association study* °. The fundamental
difference between genotyping-based and sequence-based association study is the
presence of rare variants?®, which account for more than 90% of the variations in the
population. As rare variants in general have low frequency, the statistical power to detect
their association with phenotype is limited. Therefore, methods aggregating them are all
proposed.

The first method along this line is Burden test*3, which aggregates variants into a pseudo-

SNP for the joint association test. Later on, C-alpha test* has been proposed which is an

extended version of Burden test. Researchers also proposed kernel-based test, SKAT*® to
aggregate the effects of all rare variants in a genetic region.

The formulation of SKAT kernel-based test could be expressed in a simplified way:

where is the GRM calculated by the genotype in the focal region, and is the phenotype
vector (with ' its transpose). Here the score follows a mixture chi-squared distribution with
which the P-value of the association test can be calculated.

The SKAT group also published the optimized combination of kernel test and Burden test as
SKAT-0%. It is worth noting that kernel methods pioneered by SKAT can be used in
common variants as well (and | used that in my ILMM project to be presented in Chapter 2).
Although SKAT became popular after the emergence of sequence data, its first publication is
actually using common variants*’. SKAT is advantages than a conventional linear regression
model because of the following reasons:

In their simplified view presented in*¢, a Burden test that aggregates rare variants is
equivalent to a squared linear combination, whereas SKAT score test is equivalent to a
linear combination of squared genotypes (and weights, if any). An intuitive difference is that,
if multiple variants with positive and negative effects to the trait are in the model, they may
be compensated in a Burden test, however aggregated by SKAT (because of the design of
“squared first before summing up”). Second, our interpretation of why kernel-based method
is generally better than the linear model (in aggregating effects of variants) is further
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described below. In addition to the ability of aggregating variants with different directions of
effect visualized above by the SKAT authors, kernel model is more robust to noise (even if
linear kernels are used). If we interpret the SKAT score test from the perspective of kernel
machine, then the test of SKAT may be deemed as how much variance components of the
trait can be explained by the genomic similarity of the focal genetic variants (coded in the
Genomic Relationship Matrix, ). With this interpretation, if we consider the presence of
unknown noise effects contributed by the genetic variants in the model, then this may
capture the genuine effects better. This is because of that the probability of two individuals
carrying the same combination of alleles of genuine variants is proportional to their genomic
similarity as well as phenotypic similarity, however noisy variants may not. With such an
interpretation, kernel-based method outperforms linear models when the signal/noise ratio is
low. Finally, practically, Jingjing Yang’s group in Emory University 8 has shown that, by
replacing the linear combination in TWAS with a kernel, the power is substantially improved.
This is consistent with our similar developments using kernels to replace linear combinations
in TWAS32 49,

1.3 Statistical feature selection

In statistics, researchers have carried out feature selection for a long time®°. The simplest
form of feature selection is to assess the marginal effect of the focal term and select the
ones with high effects for the next round of analysis. Although being simple, this method
sometimes works surprisingly well®% 5%, A more sophisticated method is to use multiple
regression putting many terms in a model and see which ones will be assigned with higher
significance®. In this family, many techniques such as forward selection and backward
selection are frequently used. However, when the number of terms is very large, as the
cases in omics analysis are, such multiple regression methods without other control
mechanisms usually suffer from overfitting®3.

A notable achievement to control overfitting is to use regularization in a penalized regression
to select features. For instance, LASSO % is a representative method. People also
developed Ridge Regression, Elastic Net, and other methods in this family. Briefly, a
regularized multiple regression has the following form:

The objective function to solve the multiple regression is

=1 -z 1+ 11
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This function strikes a balance between the goodness of fit, represented by || — = ll,
and the complexity of the model, reflected by || ||. And the coefficient decides the relative
importance of these two considerations. In practice, may be prespecified or optimized by
the solver (usually using a cross-validation). If we use 4 normfor|| ||, i.e., || || =

2| |,then it becomes LASSO, or if we use , normfor|| ||, i.e.,|| || = Z 2 thenit
becomes Ridge. Or if one adopts a mixture of | and », itis called Elastic Net.

Theoretically, penalized regression may be considered equivalent to some type of Bayesian
model. Towards this line, biostatisticians developed Bayesian Sparse Linear Mixed Model
(BSLMM) to predict phenotype by Bayesian model selection®®. The main innovation of
BLSMM is that it uses the mixture of two normal distributions to form the priori distribution of
the coefficient for each genetic variant. These two distributions specify the base effect and
extra effect, nicely modelling the nature of the genetic architecture of many traits:
infinitesimal model plus several main effect variants. Another famous Bayesian model used
more often in plant and animal breeding research is Bayesian Variable Selection Regression
(BVSR), an technique to select most relevant genetic features for genomic selection purpose
56:57 Compared to LASSO, Bayesian models may enjoy better performance when facing co-
linearity.

Feature engineering sometimes may be deemed as a type of feature engineering as well.
In statistics, frequently used feature engineering may be Principal Component Analysis
(PCA)%8, Uniform Manifold Approximation and Projection (UMAP)%® and t-distributed
Stochastic Neighbour Embedding (t-SNE)®°. These methods are also popularly used in
biological research, especially the analysis of omics data. The most prevalent use of such
features is the visualization of samples (using DNA data) and cell-types (using single-cell
RNA-seq data). People also use the PCAs to represent extracted features to carry out
corrections of population structure in GWAS ¢ and recently our group has used
PCA/UMAP/tSNEs to direct interaction-bridged association mapping ©2.

In this thesis, when referring to “feature”, we in general mean (1) genetic features, i.e., the
SNVs in the genome (in Chapters 2, 4, and 5), (2) gene expressions (in Chapter 3), or
proteins (in Chapter 5).

1.4 Features selections directed by multi-omics

As mentioned previously, with the ultra-high dimensionality, pure statistical feature selection
methods reviewed in the last section may not fully handle the problem; and biological priori
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could compensate. In this section | will outline several feature selection methods directed by
omics data.

Differential expression and co-expression analysis. Using expressions data to select genes
has been used in many fields to discover biomarkers. The main methods may be
categorized into two classes: one is differential expression analysis?®, and the other is co-
expression analysis?°.

Differential expression (DE) analysis is a simple test comparing the gene expressions
between two groups (usually cases and controls)?8. This is also a test based on marginal
effects only. This method has been broadly used in many applications®® ¢4, The advantage of
DE lies in its simplicity and the low requirement of sample size. However, it ignores the
interactions between genes which may be sub-optimal considering the complicated biology.

In contrast to DE, co-expression analysis captures the interaction between genes by
calculating the pair-wise correlations of all genes’ expressions profiled in the whole-
transcriptome experiments?® 5. Such analysis reveals the overall picture of the connections
between genes. Usually, such co-expression analysis leads to three immediate outcomes: (1)
The gene sets that are highly interconnected, but not so much connected with others, which
is called “modules” that may reflect the pathways and genes functioning together?°. (2) The
genes that are highly connected to other genes, which are called “Hub” genes, reflecting
drivers of some biological mechanism?°. (3) Similar to the single gene-based differential
expression analysis, one may conduct differential co-expression analysis, identifying gene
pairs that have different co-expression patterns in cases and controls.

Expression directed DNA feature selection. Pioneered by Gamazon et al.*° and Gusev et
al®!, researchers have developed Transcriptome-wide association studies (TWAS) that
leverage transcriptome for genotype-phenotype association studies. TWAS quickly become
popular, therefore methods in this category have been extensively developeds3®: 31:66-70 gand
applied 6% 7181 The mainstream TWAS is a two-step protocol: First, one trains an expression
prediction model using (cis-) genotype:

~ ZBiXi(Reyt €

in a reference dataset (e.g., GTEx®?), in which the expression and genotype are available
(Figure 1.1a). The predicted expression is called Genetically Regulated eXpression (GReX).
Second, in the main dataset for GWAS (that does not contain transcriptome data), one can
predict expression using the genotype:
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T = IBXcwap

and then use the predicted expression, ", to conduct the association test (Figure 1.1b). The
outcome will be the gene associated to the trait; this may be applied to genes with a
reasonable heritability (e.g., >1%).

Our recent mathematical analysis® indicated that “predicting expression” does not interpret
the essence of TWAS and may be misleading. We interpret the “prediction” step as the
selection of genetic variants (and their functional weights) directed by expression (Figure
1.1c), the use of predicted expression in the second step being feature aggregation (Figure
1.1d) with a linear model. These are two distinct steps in Machine Learning. With this
interpretation, the original TWAS mistakenly binds two distinct steps into the same statistical
form (GReX). Instead, if we split them the optimal combinations of feature selection and
aggregation approaches become more powerful. Indeed, alternative methods to split these
two steps developed by us*® and others*® showed significant improvement. Our approach
was featured on the cover of Genetics in 2022 February32.

a) b) c) d)
@ § «i
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Expression Bridging Data
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Figurel. 1Traditional TWAS (a and b) and the Data bridge framework (c and d)

(adapted from He's work®?) a) Traditional TWAS uses a reference dataset to train a predictive model of gene
expression using genotype data. b) This predictive model is then used to predict expressions in the GWAS
dataset (where expression is unavailable). The predicted expression is associated with the phenotype of interest
and genotypes used to predict those significant associations identified as variants of interest. c) The data-bridge
framework uses a reference dataset for feature selection where the bridging data may be images, expressions or
other related clinical or omics data. d) Weights derived from the feature selection step are then used in feature
aggregation for the GWAS dataset. These aggregated features are then associated with the phenotype of interest

to identify variants of interest. TWAS is actually a special case of our Framework.
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Since the publication of TWAS, other omics-directed feature selection has been quickly
developed, for instance Proteome-wide association studies® uses proteins to select genetic
features, Metabolome-wide association studies® (MWAS) uses metabolomic data to select
genetic features, and IWAS®¢ use brain images to select genetic features. Our group has
also developed various methods towards this line, many of which contain my contributions
(although not included in this thesis). These methods are expression directed linear mixed
model (edLMM)®’, rare-variant TWAS®, Image-mediated association study (IMAS)>!, and
Interaction-bridged association studies (IBAS)®2.

Omics-occupied genetic feature selection. Various-omics data provides annotations of
the human genome in terms of their functional roles. For instance, technologies such as
ChlIP-seq assessing transcription factor binding sites, and ATAC-seq, which reveals
chromatin accessibility, can annotate whether a genetic variant is “occupied” by the
corresponding-omics. The occupation refers to genetic variants harbored in the genomic
position of TF ChIP or ATAC-seq or other epigenetics peaks. Such occupation can act as a
means of feature selection to filter more sensible variants for the downstream analysis.

When more and more such omics data are available, integrating many such “occupied or not”
data will become a challenge. Recently, significant efforts have been devoted into the
integration of such “occupied or not” information. The first pioneering work towards this line
may be DeepSea? that use Convolution Neural Network (CNN) to integrate many omics
tracks. A recent breakthrough is Enformer®, a comprehensive model that used deep

learning to integrate 5,313 such “occupied or not” tracks of data into a sophisticated model
with > 200 million parameters. Enformer has been shown to be effective in various

downstream tasks including prediction of gene expressions and etc®.

From the perspective of fine mapping, an effort of pinpointing the plausible exact location of
the rough signal revealed by GWAS hits, researchers have also developed methods to
integrate such “occupied or not” data. A recent development is PolyFun®! that integrates 187
tracks of omics data to form a coherent score to facilitate genetic feature selections.

Our group has also developed several methods using transcription factor (TF)-occupancy to
pre-select genetic features to improve the power and specificity of TWAS. For instance, we
have demonstrated that using TF-occupied information for feature selection, the prediction of
gene expressions in the TWAS model can be improved, which in turn boosted the power of
downstream TWAS®2, We have also demonstrated that incorporation trans-TF occupancy
using a Group LASSO model will produce further improvement®.
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1.5 eXplainable Artificial Intelligence (XAl)

Modern machine learning methods, especially deep learning models, are generally black
boxes that are difficult to interpret. To address this problem, computer scientists have
developed a technique called eXplainable Artificial Intelligence, or XAl.

Among many forms of XAl, the most straightforward one is SHapley Additive exPlanations
(SHAP) model®*. A SHAP model first uses a relatively simpler model (e.g., linear or tree) to
approximate the black box models and then extract the quantified “contribution” of teach
input feature to the model (approximated) outcomes. This framework has been extensively
used in many fields involving AI®®. Thanks to the development of the last decade, the current
SHAP-related systems can support many advanced functions, for instance interactions
between terms can also be quantified and visualized®* 6,

Bioinformaticians have also adapted XAl systems to annotate contributions of genes using
RNA-seq profiled expression®’-%°, Specifically, XOmiVAE® is an interpretable deep learning
model for cancer classification, which has substantially improved the accuracy of cancer cell
classifications using SHAP prioritized genes.

1.6 Limitation of existing methods and summary of my thesis projects.

In this section, | discuss the limitations of the existing work reviewed above, placing my
thesis project state-of-the-art. And then | will briefly outline the contribution of the thesis
(Chapter 2 - 5) on how we address the limitations using effective feature selections.

Integrating 3D genome with linear mixed models. As reviewed, omics-occupied feature
selections have been extensively studied in the forms of both simple “occupied or not”
selection and more advanced machine learning integrations. However, a straightforward
integration with commonly used statistical models is still missing. Practically, analyzing gene-
gene interactions is a difficult task as one often encounters an astronomical number of
combinations to handle, causing both computational infeasibility 1°° and statistical multiple-
testing problems.

My contribution to filling the above gaps, presented in Chapter 2, is the first method
integrating 3D spatial genomic information°* with the linear mixed models (LMM)38 to
identify interacting genes underlying complex traits. The key annotations are that we used
3D spatial integration to preselect regions under the test LMM, significantly reducing
computational and statistical burden. This work brings two advancements to the investigation
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of genetic basis of complex traits in terms of both computational method development and
real data analysis. First, we developed a novel statistical model integrating a priori
knowledge of interacting regions with linear mixed models. This model allows researchers to
study genetic interactions in association studies by statistical incorporation of a priori
knowledge. Specifically, our tool is advantageous over existing tools for its low burden of
multiple testing, low risk of overfitting, and naturally interpretable outcomes. Second, the
study of 3D genomic structure assessed by the Hi-C experiments is an emerging research
field; however, their contribution to phenotypic variance has not been analyzed using
statistical genetic models. To this end, by assuming 3D interacting regions as a priori
knowledge, we applied our tool to Autism Spectrum Disorder (ASD) whole-genome
sequencing data?? as well as gene expression data in brain tissues. Our analysis led to
discoveries of 3D-genetic basis of ASD and 3D-cis eQTLs in brain tissues. In particular, we
revealed a hypothetical mechanism conferring the risk of ASD, which involves distal
regulation between FOXP2 and DNMT3A through 3D interactions. In summary, this work
conveys significant methodological advancement and reveals additional discoveries
regarding 3D-genetic basis of complex traits and expressions.

eXplainable representation learning via Autoencoders. As mentioned, Machine Learning
models have been frequently used in transcriptome analyses. Particularly, Representation
Learning (RL), e.g., autoencoders?, are effective in learning critical representations in noisy
data. However, a gap is, learned representations, e.g., the “latent variables” in an
autoencoder, are difficult to interpret, not to mention prioritizing essential genes for functional
follow-up. In contrast, in traditional analyses, one may identify important genes such as
Differentially Expressed (DiffEx)?8, Differentially Co-Expressed (DiffCoEXx)%®, and Hub
genes??, Intuitively, the complex gene-gene interactions may be beyond the capture of
marginal effects (DiffEx) or correlations (DiffCoEx and Hub), indicating the need for powerful
RL models. However, the lack of interpretability and individual target genes is an obstacle for
RL’s broad use in practice.

To facilitate interpretable analysis and gene-identification using RL, in Chapter 3, we
propose “Critical genes”, defined as genes that contribute highly to learned representations
(e.g., latent variables in an autoencoder). The key innovation is to use “the ability to explain”
as the criteria for feature selection, offering one more unique angle in understanding gene
expression data. As a proof-of-concept, supported by eXplainable Artificial Intelligence (XAl),
we implemented eXplainable Autoencoder for Critical genes (XA4C) that quantifies each
gene’s contribution to latent variables, based on which Critical genes are prioritized.
Applying XA4C to gene expression data in six cancers showed that Critical genes capture
essential pathways underlying cancers. Remarkably, Critical genes have little overlap with
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Hub or DiffEx genes, however, has a higher enrichment in a comprehensive disease gene
database (DisGeNET), evidencing its potential to disclose massive unknown biology. As an
example, we discovered five Critical genes sitting in the center of Lysine degradation
(hsa00310) pathway, displaying distinct interaction patterns in tumor and normal tissues. In
conclusion, XA4C facilitates explainable analysis using RL and Critical genes discovered by
explainable RL empowers the study of complex interactions.

Transfer learning to retask a comprehensive model. As introduced, Enformer is a
comprehensive model trained by massive data® which can be used for genetic feature
selection in various applications. However, containing so much heterogenous input,
Enformer may not be optimal for specifical tasks. But for a specifical task, one may not have
such a large number of training samples to build the model from scratch. Broadly speaking,
although machine learning has proven successful in biological data analysis, they often
require massive training data. To allow broader use of ML in the full spectrum of biology and
medicine, including sample-sparse domains, re-directing established models to specific
tasks by an add-on training via a moderate sample may be promising. Transfer learning
(TL)%4, a technique migrating pre-trained models to new tasks, fits in this requirement.

In Chapter 4, by TL we retasked Enformer tailored to breast cancers using breast-specific
data. The key innovation is to create a framework to retask existing models to dedicated
domain so that the feature selection can be carried out more specifically. In particular,
targeting a specific domain, breast cancer, we used 275 tracks of transcription factor (TF)
ChlIP-seq data to retrain part of the nodes in Enformer architecture using. This training leads
to a retasked model specific to breast related analysis including identifying genetic basis of
breast cancer. Its performance has been validated through statistical accuracy of predictions,
annotation of genetic variants, and mapping of variants associated with breast cancer. In this
work, we showed that our retasked model outperforms its based mode, Enformer, in
predicting breast tracks. Its superior in variant selections has been shown in its higher
enrichment in enhancers and breast cells. More importantly, we showed that the Enformer-
based variants selections do not improve the downstream TWAS in breast cancers, however
our retasked model-based variants selections do. By allowing the flexibility of adding
dedicated training data, our TL protocol unlocks future discovery within specific domains with
moderate add-on samples by standing on the shoulder of giant models.

Identifying risk proteins underlying cancers. As reviewed, genotype-phenotype
association studies have identified numerous genetic risk variants associated with various
types of cancer’® 105108 Tg enhance our understanding of the genetic basis of cancer
susceptibility, candidate target genes for the risk variants identified in association studies
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have been extensively studied through expression quantitative trait locus (eQTL) analysis.
However, the investigation of target proteins for most of identified risk variants remains
unexplored.

In Chapter 5, by using joint protein and genomic-based feature selections, we
comprehensively examined previously reported cancer risk variants, and performed
additional fine-mapping analyses using summary statistics data from European-ancestry
populations from six cancer types: breast (N=247,173)1%°, ovary (N=63,347)'1°, prostate
(N=140,306)'1, colorectum (N=125,478%*?), lung (N=85,716%*3), and pancreas (N=21,536)%.
We identified a total of 712 independent risk-related signals for these six cancer types. To
identify candidate proteins associated with these risk variants, we conducted a meta-
analysis for the results of plasma protein quantitative trait locus (pQTL) analysis from two
European-ancestry population studies (N=42,772; PMID: 35501419 and PMID: 34857953).
Integrating the findings from these six cancer types, we discovered 259 pQTL associations
at a Bonferroni corrected p-value threshold of < 0.05, involving 176 unigue proteins
associated with 161 risk variants. Among these, 34 proteins were shared by at least two
cancer types. Importantly, more than 70% of these 176 proteins had not been previously
reported in eQTL analysis or transcriptome-wide association studies in these cancers.
Moreover, about 77% proteins are elusive to be associated with cancers in previous pQTLs
and PWAS studies. We systematically studied these 176 proteins through colocalization
studies, cis-eQTL and functional genomic analyses, as well as extensively explore their
oncogenic roles in cell proliferation, their utility in clinical application knowing as drug targets.
By shedding light on intricate pathways of genetic variants, target proteins, and signaling
pathways related to cancer risk, our findings provide new insights and potential avenues for
prevention and therapeutic interventions of these common cancers.

1.7 Statement of Contribution

This doctoral thesis is based on four original research projects, all of which have been
transformed into research articles. These articles were either submitted to or published in
esteemed peer-reviewed journals during my PhD study. Each article represents a significant
milestone in my academic journey, providing invaluable insights and collectively serving as
the foundation of this dissertation.

As the first or leading first author, | conducted the majority of the research work. This
included tasks such as implementing models using Python and Java code, performing
comprehensive analyses using bioinformatic and biostatistical tools, interpreting results,
creating figures, and drafting and refining the manuscripts. However, it's crucial to
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emphasize that these papers were fruits built out of collaborative endeavors, with invaluable
inputs from numerous co-authors. | am deeply grateful for their contributions and insights.
Furthermore, I'm pleased to note that all co-authors have generously granted permission for
the full manuscripts to be incorporated into this thesis, in the format of signed Letter of
Permission attached at the end of the thesis (Appendix D).

My first project, presented in Chapter 2, marked my first publication entitled " Interaction-
integrated linear mixed model reveals 3D-genetic basis underlying Autism". In this project, |
made substantial contributions to conceptualization, data curation, formal analysis,
investigation, methodology, software development, visualization, and both original draft and
review phases of writing. Dr. Quan Long played a pivotal role in the project's
conceptualization, funding acquisition, methodology, supervision, and the writing process. Dr.
Jun Yan provided critical support in the form of funding acquisition, resources, and project
supervision. Among the other contributors, Deshan Perera, Dr. Chen Cao, and Dr. Billie Au
primarily engaged in investigation, with some also involved in software development,
visualization, and editing. Dr. Jingni He, Jiayi Bian, Xingyu Chen, Feeha Azeem, and Aaron
Howe collectively contributed to the project through data curation, methodological insights,

and writing reviews.

My second paper, presented in Chapter 3, resulted in my second publication entitled " XA4C:
eXplainable representation learning via Autoencoders revealing Critical genes". In this
project, | implemented XA4C through Pytorch framework and SHAP package using Python
code, conducted data curation, performed formal analysis and investigation, drafting the
original manuscript, and accomplished additional analyses requested by reviews. Dr.

Qingrun Zhang conceived this project, designed XA4C model, provided advice on data
analysis, results interpretations and visualizations. We collaboratively drafted the manuscript.
Meanwhile, contributions from other authors included Dr. Wenyuan Liao's vital role in

funding and resources, Pathum Kossinna's involvement in data preparation and curation,

and the combined efforts of Yang Yu and Theodore Lun in analyzing data, visualization of
results, ensuring the project's success and the manuscript's publication in PLOS
Computational Biology.

My third project, presented in Chapter 4, was summarized in an article entitled " Tissue-
specific transfer-learning enables retasking of a general comprehensive model to a specific
domain ". in this project, together with Dr. Quan Long and Dr. Xingyi Guo, we conceptualize
the study. In particular, | developed the model and implemented it through PyTorch
framework using Python code. | also led the data analyses, results interpretations and
visualizations with collaborations from Deshan Perera, Dr. Zhishan Chen, Dr. Wanging Wen,
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Dinghao Wang and Dr. Xiao-Ou Shu. Dr. Xingyi Guo and Dr. Wei Zheng supplied essential
data, protocols, and resources. Dr. Quan Long, Dr. Xingyi Guo and | wrote the main draft of
the manuscript, with all co-authors actively refining and shaping its final form.

My fifth project, presented in Chapter 5, was fruitful into an article entitled " Large-scale
Integration of Proteomics and Genomics Data to Discover Risk Proteins in Human Cancer".
This project was conceptualized by Dr. Xingyi Guo and Dr. Quan Long. Qing Li, Zhishan
Chen, Jie Ping. and Dr. Xingyi Guo collected and processed the data. Qing Li and Zhishan
Chen executed bioinformatics and statistical analyses. Xingyi Guo designed all the figures,
while Qing Li drew all of them. Qing Li, Zhishan Chen, Dr. Quan Long, and Dr. Xingyi Guo
authored the manuscript, drawing on contributions from all co-authors. All authors reviewed
and gave approval for the final content of the article.
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Chapter 2: Interaction-integrated linear mixed model reveals 3D-

genetic basis underlying Autism.

2.1 Introduction

Genotype-phenotype association mapping has revealed thousands of genes associated with
complex traits. As no one gene operates in a vacuum 115116 it is possible that the
discovered single-gene associations may represent only the tip of an iceberg of the genetic
basis of complex traits. In Statistical Genetics, genetic interaction is defined as the nonlinear
effects between multiple loci 7. Although researchers have developed many statistical
models aiming to discover the role of genetic interactions in complex disorders 18123 single
locus analyses (based on Single-Nucleotide Polymorphism, SNP) 3 or approaches jointly
analyze multiple local variants in a single region 47 122 gre still dominant in practice 120 121,
This may be partly due to the difficulties of interpreting a large number of outcomes from
interaction analyses as well as the problem of multiple-test and overfitting 124. Alternatively,
researchers frequently utilize information regarding interactions, such as chromatin status 2%,
transcriptional regulations 26, and protein bindings 2 and others 28, as sources for
downstream annotations after single-variant or single-region association mappings. On the
other front, many methods of quantitatively integrating single-locus functional information in
association studies 12°-12 or integrating known biological network information in association
studies 3* were also developed. Despite massive existing development, to our best
knowledge yet incomplete, no association mapping tool integrates a priori knowledge of
interactions of multiple genomic regions into statistical genetic models.

In this work, we developed the Interaction-Integrated Linear Mixed Model (ILMM), a novel
tool integrating a priori knowledge of genetic interactions with a statistical test to map
associations between interacting genetic regions and phenotypic variations. By leveraging a
linear mixed-model, ILMM only requires the knowledge of the potential genetic regions while
the actual mechanism of interaction is unknown (Material and Methods). ILMM has two
major advantages. First, ILMM significantly relieves the risk of overfitting and the burden of
multiple-test corrections by testing only a controllable number of combinations based on
prespecified interacting regions. Second, ILMM allows the quantification of the strength of
associations in terms of interacting genetic regions, rather than simply annotating marginal
significance of a single gene as "found" or "not found" in the interactions databases. It
provides this advantage by moving the efforts of collecting biological knowledge of
interactions from downstream annotations to upstream statistical tests. Instead of conducting
statistical tests and interpreting interactions sequentially, ILMM allows simultaneous
modelling of a priori partial knowledge and phenotypic variations explained by genetics.
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The three-dimension (3D) chromatin conformation is a mechanism that alters gene
transcription profiles 19135139 |n addition to biological insights revealed by the 3D structure
of genomes, a fundamentally new view for statistical geneticists is that genes that are far
apart when placed in the one-dimensional view could actually be spatially close to each
other in 3D space when they function. This insight may bring a paradigm shift to statistical
genetics, although more rigorous statistical analyses are required.

To illustrate the use of ILMM and further our understanding of the contribution of 3D genome
structure to complex traits, we applied ILMM to multiple datasets of autism spectrum
disorder (ASD) %40 141 and gene expression data of 9 brain tissues and whole blood in the
GTEx dataset V8 82142 More specifically, in the analysis, we considered the interacting
regions in 3D structure in brain tissues, assessed by Hi-C experiments 143, as a priori
information to direct the association mapping. We call this process 3D-Genome-wide
association study, or 3D-GWAS. The outcome of 3D-GWAS will be the 3D-genetic basis of
complex traits, which we will discover in ASD data (Results). Analog to the extension of
GWAS to eQTL analyses, by considering expressions as the molecular phenotype, we
extended 3D-GWAS to 3D-eQTLs and applied it to the GTEx data. Additionally, through in-
depth analysis of transcription factor binding motifs and protein docking, we revealed a
hypothetical mechanism underlying ASD that involves distal regulation between FOXP2 and
DNMT3A.

2.2 Results

Design principle of ILMM.

Multiple genetic regions can jointly alter the phenotype through various mechanisms,
including epistatic 144 145, compensatory 146, heterogeneous #’, or sometimes just additive 147
scenarios. Designing a general model to test interactions without knowing a specific
mechanism could be challenging. A test that verifies all potential mechanisms would lead to
a substantial risk of overfitting and multiple-test burden, not to mention the lack of a
complete list of all potential mechanisms. We took advantage of a specific angle underlying
the linear mixed models (LMM): although being called "linear", LMM can capture interactions
implicitly through its random term. Although the pattern of genetic interactions could be
complicated and largely unknown, the probability for two individuals carrying the same
combinations of alleles at multiple genetic loci is proportional to the overall genetic similarity
in these loci (e.g. identity by descendant 148 149), This similarity can be naturally captured by
the genomic relationship matrix (GRM), which serves as the variance-covariance matrix in a
multivariate normal distribution (MVN) of a random term in LMMs.
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Based on the above rationale, we designed ILMM by embedding the focal genetic regions
into an LMM (Figure 2.1). In this LMM, we have two random terms: one term employs the
genome-wide GRM as the variance-covariance matrix in its MVN ( ). In contrast, the
other term employs a "interacting regional" GRM as its variance-covariance matrix ( ).
The interacting GRM is calculated using genetic variants in the regions suspected to have
interactions, e.g., the two regions interacting in 3D space (revealed by a Hi-C experiment)
(Figure 2.1). Using such an LMM, we aggregated the genetic variants in regions that are
potentially interacting into the "regional" random term; and the rest contributions (i.e., other
genes or population structure) are captured by the "global" random term modelled by the
genome-wide GRM.
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Figure 2. 1The protocol of ILMM.

Genetic variants in the potentially interacting regions are used for the calculation of , the genomic
relationship matrix (GRM) capturing interaction effects. N is sample size. 1, , are numbers of SNPs presenting
in interacting Region 1 and Region 2 respectively. is number of selected top SNPs in interacting Regions. A is
the number of whole-genome wide SNPs. refers to the GRM calculated by all genotypes from the whole

genome. A is the total number of SNPs in the whole genome.

The ILMM p-values are well behaved

QQ-plots of ILMM test statistic vs. chi-squared test statistic (df=1) showed that the expected
(chi-squared) test statistics are always larger than the observed (ILMM likelihood ratio) test
statistics (Appendix Figure B2.1). Additionally, directly plotting the densities illustrated that
our test statistic follows a distribution that is more conservative than chi-squared distribution
(df=1) (Appendix Figure B2.2). This conservatism guarantees the use of the chi-squared
test statistic is safe, i.e., no more false positives, although it may lead to lower power due to
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this conservative approximation. QQ-plots of ILMM test statistic vs. uniform distribution show
that type-I error is well under control (Appendix Figure B2.3).

Power comparison

Power is defined as the proportion of rounds that the method significantly identified the
simulated pairs of regions. In the current setting of pairs of regions, there are two regions to
be detected. ILMM, naturally detects both regions in a single test (if significant); however, for
the other tests, the criteria of defining "success" could be detecting at least one region or
detecting both. Here we used the label "1" to indicate the criteria of detecting at least one
region, and "2" for the criteria of detecting both. SKAT is naturally region-based; and we set
up the window size to be 5kb, which is the average length of one of the pairs of interacting
regions. For EMMAX and fastGWA, which tests a single variant a time, we claimed success
of a region as long as there is at least one genetic variant being significant. The statistical
significance of a particular test for a focal method is defined by its p-value smaller than 0.05
divided by the number of tests in the genome (i.e., Bonferroni correction %9),

The outcome is depicted in Figure 2.2. Evidently, the other methods had limited powers
when the criterion is to detect both interacting regions. This is consistent with the motivation
that testing multiple interacting regions together will substantially improve power. Additionally,
ILMM outperforms other methods with the criteria of identifying at least one region. This
implies that when an interaction is present, ILMM outperforms standard protocols that use
single locus tests and database searches for annotations. This is because ILMM integrates
the interactions upfront. This outcome also suggests that ILMM is powerful when the
mechanism of interactions is unknown.

a 100 Protocol b

LMM
fastGWA(1)
0.75
fastGWA(2)
SKAT(1)
0.50 SKAT(2)
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0.25 X
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Figure 2. 2 Statistical power (y-axis) of four methods under four interacting models with various regional
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trait heritability (x-axis).

a. Additive model, b. Epistasis model, c. Heterogeneous model, d. Compensatory model

3D-genetic basis of Autism Spectrum Disorder

By applying ILMM to the MSSNG dataset, we identified 719 pairs containing 333 genes of
regions significantly associated with ASD (Figure 2.3a, Appendix Table A2.2). In
comparison, SKAT revealed 1,186 significant regions, containing 562 genes. Out of these
genes, 44 genes (7.83%) were also have been identified by ILMM (Appendix Table A2.3).
This comparison indicates that the majority of genes still impact ASD by marginal effects.
Searching discovered gene in the SFARI database showed 24 out of the 333 genes
discovered by ILMM are verified (Table 2.1), whereas 34 out of 562 genes identified by
SKAT are verified (Appendix Table A2.3). As such, the success rate of ILMM is 1.19 (=
(24/333) / (34/562)) times of SKAT.

Table 2. 1 Significant genes identified by ILMM which are verified as ASD genes in the SFARI database.
Bonferroni Correction of 0.05 is used to adjust P-values. SFARI Score indicates the level of confidence: Score =
1 represents genes has been clearly implicated in ASD (High Confidence), Score = 2 represents genes with two
reported de novo likely-gene-disrupting mutations (Strong Candidate), and Score = 3 represents genes with a
single reported de novo likely-gene-disrupting mutation (Suggestive Evidence). “Syndromic” means genes
associated with a substantial degree of increased risk and consistently linked to additional characteristics not

required for an ASD diagnosis.

Gene Chr Start End SFARI Score | Syndromic ILMM adjusted
p-value
MYT1L chr2 1789113 2331260 1 0 3.32x1014
DNMT3A chr2 25227855 | 25342590 |1 0 3.78x1071°
ATP2B2 chr3 10324023 | 10708031 |2 0 2.84x10%7
MUC4 chr3 195746765 | 195812277 | 2 0 6.76x10%8
JARID2 chr6 15246296 | 15522040 |2 0 5.20x108
ZNF292 chr6 87152833 | 87264196 |1 0 3.93x101¢
PDE1C chr7 31751179 | 32299329 |2 0 9.91x101°
KMT2C chr7 152134922 | 152436005 | 1 0 7.02x10°7
DPP6 chr7 153887097 | 154894285 | 2 0 4.13x10°77
JMJD1C chr10 63167221 | 63521850 |2 0 9.04x10°1
REEP3 chr10 63521363 | 63625123 | 2 0 9.04x10°1
AGAP5 chrl0 73674285 | 73698159 | 3 0 8.51x10°08
BTAF1 chr10 91923769 | 92030325 |2 0 1.71x10*?
PHF21A chril 45929323 | 46121178 |1 0 8.56x10°08
CACNALC chrl2 1970786 2697950 1 0 1.11x1018
MDGA2 chri4 46839629 | 47674954 | 2 0 5.11x10%7
GABRB3 chrl5 26543546 | 26939539 |1 0 2.71x10°7
HERC2 chri5 28111040 | 28322152 | NA 1 2.71x10°7
ARHGAP11B | chrl5 30624494 | 30772993 | 2 0 4.41x10708
OTUD7A chrl5 31475398 | 31870789 |2 0 4.41x10708
CMIP chrl6 81445170 | 81711762 |2 0 1.24x100
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NF1 chrl7 31094927 | 31382116 1 0 2.91x10°
KANSL1 chrl7 46029916 | 46225389 1 0 9.44x10°°
CECR2 chr22 17359949 17558149 | 2 0 3.45x10713

Enrichment analysis and literature support. By utilizing clusterProfiler 151, we performed
pathway enrichment analysis through both Kyoto Encyclopedia of Genes & Genomes
(KEGG) 52 and gene ontology (GO) 53. The most significant KEGG pathway is Dorso-
ventral axis formation (Figure 2.3b), which plays an essential role in embryonic development
as it is related to Wnt signaling pathway . Given the role played by Wnt signaling pathway
in the formation of neural circuits and adult brain function, it appears to be good candidates
to understand neurodevelopmental disorders such as ASD 155 1%, The GO analysis was
applied to three ontologies: biological process (BP), cellular component (CC), and molecular
function (MF) (Figure 2.3c). Among highly enriched BP terms, three of them are leukotriene
associated, i.e., leukotriene metabolic process, leukotriene D4 metabolic process, and
leukotriene biosynthetic process. The elevated levels of leukotrienes have been reported in
autistic patients in several studies 157158, In addition, leukotriene can be used as a biomarker
for the early diagnostic of autistic patients 15715, Among MF, threonine type peptidase
activity is the most significant and is one of the top significant terms, has not been well
studied in ASD yet. However, the MF term transferase activity transferring amino acyl,
identified to be related significantly with both ASD and Schizophrenia %0, contains several
child functions such as gamma-glutamyl transferase activity, that plays an important role in
forming the key neurotransmitter named glutamate. The above analyses for KEGG and GO
enrichment showed that, at the gene-set level, our discoveries align with te reported ASD
pathology.
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Figure 2. 3 3D GWAS results for ASD.

a. Circos scatter and links plots. Black dots present -log10 p-value of one Hi-C loop and are drawn based on the
starting position of one region of the Hi-C loop. Links are established between the starting positions of two
regions in one Hi-C loop. Only significant Hi-C loops links are shown. The different colours of links are to
distinguish the links (without further indication of the results). b. Top 6 KEGG enriched pathways (ranked by p-
value) for ASD significant genes. Gene ratio (x-axis) is the percentage of significant genes over the total genes in
each pathway. c. Enriched GO terms for ASD significant genes. BP: Biology Process, MF: Molecular Function, no

GO terms enriched in CC: Cellular Component.

Distal regulation between FOXP2 and DNMT3A. Using the TF2DNA + JASPAR pipeline
(Material and Methods), we generated the distal regulatory TFs for the genes verified by
SFARI with a top score (i.e., score-1 terms in Table 2.1). Using HDock %!, we characterized
the consequence of a genetic mutation located in a motif to the binding complex (Material
and Methods). An interesting distal regulation is between FOXP2 and DNMT3A, with the
former being a TF of the latter, binding to its Hi-C paired region (therefore forms a 3D-cis
regulation). A single nucleotide polymorphism, or SNP (NC_000002.11: g.133032477 T>C)
on the binding motif of FOXP2 (ATTGTTTTATT), will affect FOXP2 binding affinity. More
specifically, on the structure of FOXP2, there is a positively charged interface (J:542R,
J:543R, K:553R, K:554H, K:549K, K:583R, where J and K are protein chain index) in the
minimum energy protein-ligand complex around the reference allele T (Figure 2.4a).
According to a previous study 162, because thymine has the highest acidities among the four
nucleotides, thymine (the reference allele) preferentially interacts with Arginine(R), Histidine
(H), and Lysine (K) stronger than cytosine (mutant allele). Thus, thymine can reduce the
binding energy by forming stable protein-DNA electric fields 162, Consistent to this
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interpretation, the docking score for wild type motif is -362.00. In contrast, the docking score
for the mutated motif (ATTGTTCTATT) being -330.00, which has higher binding energy with
FOXP2. Together, this suggested that the mutation (g.133032477 T>C) reduces the binding
affinity of FOXP2 to its motif. As a result, DNMT3A, which is regulated distally by FOXP2
through chromatin loop, may have diminished expression (Figure 2.4b).

Hypothetical mechanism. DNMT3A encodes an enzyme named DNA methyltransferase 3
alpha, which is involved in DNA methylation and plays a crucial role in epigenetic regulation
in cells. In particular, DNMT3A binds preferentially to intergenic regions and across
transcribed regions of genes, which primarily induces methylated CA sequence (mCA) in the
early-life neuron 3 (Figure 2.4c). The mCA functions act as landmarks for MECP2, whose
function is to restrain gene expression in the maturing brain (Figure 2.4d). As such,
DNMT3A, mCA, and MECP2 coordinate to precisely tune gene expressions that are crucial
for normal brain development and function %3, The hypomethylation in adult neurons caused
by insufficient DNMT3A in their early life will lead to overexpression of many genes that lead
to a risk of ASD 163 (Figure 2.4d). Indeed, disruption of the cooperation either through
DNMT3A or MECP2 has been reported to cause Rett syndrome, a severe neurological
disorder with features of autism 164165, Additionally, mutations on DNMT3A have been widely
reported in ASD 166167 a5 well as in those with intellectual disabilities 1¢8. As such, our
hypothetical mechanism is that mutations in the region on or surrounding DNMT3A in
conjunction with mutations of FOXP2 binding sites jointly confer the risk of ASD.
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Figure 2. 4 Distal regulation of FOXP2 on DNMT3A and the hypothetical mechanism conferring risk of
ASD.

a. Thymine (reference allele) on the motif and its nearby positively charged interface of FOXP2 visualized by
PyMOL 169, b, The single nucleotide mutation on FOXP2 motif is likely to reduce the binding affinity of FOXP2
which may decrease the gene expression of DNMT3A through distal regulation. c. A gene present in early-life
neuron and DNMT3A deposits methylation on its CA sequences. d. During the neuron development, low level of

DNMT3A may lead to hypomethylation of many genes resulting in elevated expression of these genes in adult
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neurons.

In summary, our in-depth analysis of ILMM-based genetic mapping, functional annotation,
motif search, and protein docking has jointly revealed a plausible mechanism for ASD: the
SNV (9.133032477 T>C), presenting in one of FOXP2 motifs, may lead to decreased gene
expression of DNMT3A through distal regulation. The low level of DNMT3A may further
cause the hypomethylation of CA, which reduces the recruitment of MECP2 and results in
the increased expression of some genes, causing a higher risk of ASD. This regulation
through 3D interactions may jointly confer the risk of ASD with local mutations surrounding
DNMT3A.

3D-cis eQTL in brain tissues

By applying ILMM to the gene expression of 10 tissues in GTEX, we discovered hundreds of
significant 3D-cis eQTL (Appendix Table A2.4-2.13). To assess the prevalence of genes
regulated by 3D-cis eQTL in each tissue, we calculated the number of genes whose
expressions are associated by a 3D-cis eQTL. Then we contrasted it to the number of genes
that are located in a pair of interacting regions but not regulated by a 3D-cis eQTL. Itis
observed that genes with 3D-cis eQTL are the minority: 4.72% - 11.09% in brain tissues and
18.67% in whole blood (Table 2.2). This indicates that 3D-cis eQTLs do exist; however, they
do not account for a majority of gene regulations.

Table 2. 2 Number of genes for which we can or cannot identify 3D-cis eQTLs.
The definition of in a 3D region is within a flanking region of 20Kb. A gene is claimed to be regulated by a 3D-cis

eQTL if its ILMM p-value is lower than 0.05 after Bonferroni-correction.

#Genes #Genes located in rRee;tlIJcl)a?zfajZ;acr:Z:(o?\j—eLr all
GTEX tissues regulated by a | a 3D interaction .
3D-cis eQTL region pair genes Igcated .m 3D .
interaction region pair
Caudate Basalganglia 610 7800 7.82%
Cerebellar Hemisphere 862 9127 9.44%
Cerebellum 1150 10366 11.09%
Cortex 759 8408 9.03%
FrontalCortex BA9 529 7700 6.87%
Hippocampus 343 7274 4.72%
Hypothalamus 396 8099 4.89%
Nucleusaccumbens Basalganglia | 627 7784 8.05%
Putamen Basalganglia 509 7845 6.49%
Whole Blood 971 5201 18.67%

LD between regions in significant pairs
We checked whether the 3D interacting regions are in higher linkage disequilibrium (LD)
compared to the background regions (Material and Methods). To narrow down the

candidates, we selected the top 50 pairs of regions that are significantly associated with both
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ASD and gene expressions (Appendix Table A2.14) and calculated the average r?> and D'
between the two regions and contrasted them to the background (Material and Methods).
The percentile against the background (null distribution) is depicted in Figure 2.5 and the
actual value of r? and D' is displayed in Appendix Figure B2.4, showing that some of the
region pairs indeed have significantly higher LD (than the background). However, many
regions did not. This showed that, genetically, the 3D interactions may be very weak to the
extent of not being able to impact the LD between regions, an observation consistent with
the recently reported LD study at a larger scale 7°.
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Figure 2. 5 3D-cis eQTL analysis.
LD (r?and D') percentile for the top 50 interacting regions associated with both ASD and gene expressions. X-

axis: the ID of region pairs. Y-axis: percentile of LD value against its corresponding background null distribution. A

higher percentile indicates stronger LD.
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2.3 Material and Methods

Mathematical formulations
We use to denote the phenotype (centralized), to denote the interaction term
capturing the interacting regions, and  to denote the random term capturing the rest

contribution (or population structure). Our model then becomes:

=+ 4 (1)
Where MV (0, ? ), MV (0, 2 ),and MV (0, 2).
where s the identity matrix, is the GRM calculated using the genome-wide variants:

= , Where s the centralized and standardized genotype matrix and is the number of

variants in whole genome. reflects the genomic similarity of potentially interacting
regions in terms of both the marginal effects and non-linear interactions. More specifically,
is a matrix by combining the individual GRMs of the two regions (reflecting the non-
interaction marginal effects) and the GRM of component-wise product of selected genetic
variants in these regions (reflecting the interaction effects). The mathematical details of how
is computed is in Appendix Note C2.1. 2and 2 are two parameters to be estimated.

In particular, 2

is the phenotypic variance explained by genetic variants in focal interacting
regions, and the null hypothesis is that 2 = 0. The model is solved using an integration of
de-correlation of the global GRM and the low-rank trick proposed by FaST-LMM 4. Standard
likelihood ratio is calculated to contrast the model (1) against the null model (which is model
(1) without interaction term ). We acknowledge that the likelihood ratio test statistic does
not follow the asymptotic chi-squared distribution: this is because the null hypothesis
parameter is not on the boundary of the parameter space %172, As a remedy to this
problem, under the null hypothesis, we compared the distribution of our likelihood ratio test
statistic and chi-squared test statistic (degree of freedom (df) = 1) and demonstrated that our
test statistic follows a distribution more conservative than a chi-squared distribution with df =
1 (Results). Therefore, we used the chi-squared distribution (df = 1) to approximately
estimate our likelihood ratio p-values.

Software implementation

ILMM is implemented as a function in our existing software Jawamix5 173174 that employs
memory virtualization techniques (or "out-of-core" in computer science) based on HDF5
libraries. The software is scalable to very large genomic datasets that cannot be loaded into
memory. The data file is stored in the disk with highly effective indexing so that the
calculation is as fast as though the data resides in the main memory (RAM).

Comparison of statistical power
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We tested ILMM via simulations, against state-of-the-art alternatives, EMMAX 2, fastGWA
175 and SKAT 47176 The control dataset of Wellcome Trust Case-Control Consortium
(WTCCC) 7 was used as the genotype template (N=2,938) to simulate phenotypes. To
prepare a priori knowledge, we utilized a Hi-C assessment in the developing brain which has
27,982 brain-specific paired 3D-interacting loop regions, measured from neurons derived
from human induced pluripotent stem cells (hiPSCs) 143

During each round of phenotype simulation, we first generate the genetic contributions from
each region of one Hi-C loop, and then form their joint contribution to the simulated
phenotype using one of four mechanisms (Table 2.3). Specifically, we randomly selected
one Hi-C loop from a list of 27,982 Hi-C loops. One Hi-C loop is composed of two anchor
regions. We then randomly selected 5 genetic variants in each region as causal variants to
form the genetic contribution from the region assuming each genetic variant has the same
effect size. These 5 variants were modelled using a combination of "additive model" and
"heterogeneous model": the aggregated contribution from a region will be 0, 1, or 2 if there
are in total 0, 1 or 2 variants containing alternate alleles, reflecting an additive pattern (One
variant may contribute 2 if it is homozygous of the alternate allele). However, if there are
more than 3 alternate alleles, the total contribution is still 2, reflecting a heterogeneity pattern
in which different mutations can cause phenotypic changes independently. The total genetic
contribution to phenotypes was simulated using four mechanisms combining phenotypes
from two regions of one Hi-C loop; the additive, epistatic, heterogeneous and compensatory
models are simulated, as defined in Table 2.3. Finally, the phenotype was simulated by
adding a random noise to the genetic contribution, which was drawn from a normal
distribution with mean 0 and variance 2. We rescaled the genetic contribution to ensure that
the phenotype indeed has the prespecified heritability. 500 rounds of simulation for each
model were performed.

Table 2. 3 Definition of four models used to simulate the genetic component of phenotype.

Additive Region A contribution
0 1 2
Region B contribution 0|0 1 2
11 2 3
2 |2 3 4
Epistatic Region A contribution
0 1 2
Region B contribution 0|0 0 0
110 1 1

2 |0 1
Heterogeneous Region A contribution
0 1 2
Region B contribution 0|0 1 1
11 1 1
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2 |1 1 1

Compensatory Region A contribution
0 1 2

Region B contribution 0|0 1 2
1|1 0 1

2 |2 1 0

ILMM was compared to EMMAX 3°, the most frequently used tool for single-variant analysis,
fastGWA 175, the latest development in using LMM for GWAS, and SKAT 47176 a popular
method testing aggregated effects of genetic variants in a single region. To conduct a fair
comparison, we simulated random phenotype (i.e., no genetic component) to evaluate
whether the Type-I-Errors (TIES) are under control. In particular, we ranked all the P-values
calculated under the null distribution (i.e., using the random phenotype) and took the top 5%
cut-off. Evidently, this cut-off is roughly 0.05 for all methods, suggesting that TIEs in our
power analysis are under control. How the other tools were executed is detailed in
Appendix Note C2.2.

3D-GWAS and 3D eQTL mapping

The a priori information of genetic regions suspected of undergoing interactions is the same
dataset we used in simulations, i.e., 3D loops interaction data by Hi-C experiments in brain
tissues 143, The MSSNG consortium data 4!, containing 7,065 whole genome sequencing
subjects, is used for 3D GWAS. We conducted general quality control by removing variants
with low Minor Allele Frequency (MAF) and derivation from Hardy-Weinberg Equilibrium
(HWE) for association mapping. We also applied the single region method SKAT to these
datasets for comparisons. P<0.05 after Bonferroni correction is used as the criterion for
significance.

Analog to the 3D-GWAS that discovers the 3D-genetic basis of complex traits, we extended
the concept of eQTL to 3D interacting loci assessed by Hi-C experiments. To this end, we
applied ILMM to the gene expressions in 9 brain tissues and whole blood (Appendix Table
A2.1) generated by the Genotype-Tissue Expression (GTEX) project 8% 142, Similar to
ordinary eQTL mapping, we deemed the gene expression as the phenotype, but tested its
variance explained by a pair of 3D interaction regions, to claim the 3D-eQTL for this gene.
We only looked at the eQTLs in cis, which means the gene body is located in or surrounding
one of the interacting regions (20Kb upstream or downstream of the focal gene). Such 3D-
cis eQTLs may be deemed as trans in standard analysis (with a 1D genome view) but are
considered as cis here as we hypothesized that the regulatory mutations are spatially nearby
in the 3D domain. We selected genes with high expression variance (variance >= 10 RPKM),
which led to around five thousand genes for each tissue.
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Annotating 3D-GWAS outcomes by distal regulation

Relating to a pair of interacting regions assessed by Hi-C, “distal regulation” refers to the
situation where a transcription factor (TF) binding to one region of the pair interacts with a
gene located in the other region of the pair. The input of this analysis is a list of identified
candidate genes (that are located in regions significantly associated with ASD assessed by
3D-GWAS p-values, e.g., DNMT3A, Appendix Table A2.2). The output is a list of TFs
(together with their binding motifs) regulating the candidate genes distally. To detect such
regulations, we took two steps. First, we used the TF2DNA database 78 to identify TFs
which have been reported to interact with at least one of the candidate genes. These TFs,
however, may or may not bind to the interacting regions. Therefore, in our second step, we
used the JASPAR database '7° to search for the binding sites (i.e., matifs) to filter out the
TFs that do not bind to any candidate interacting regions. Finally, we looked for genetic
variants located at the binding sites (motifs) of these candidate TFs and further predicted the
interactions between DNA and proteins (motif-TF complexes). This was achieved by utilizing
HDock, a tool quantifying the binding affinities between TF and motifs 162,

Calculating LD between interacting regions associated with phenotype and expressions
The paired regions that are in genetic interactions may be susceptible to having high linkage
disequilibrium (LD) in general populations, even though they may be far away from each
other. For selected pairs of regions, we computed their LD in terms of both D' and r? using
genotype data from the 1000 Genomes Project 8%, Since the standard LD is defined
between two genetic variants, we calculated the pairwise LD between all variants in one
region and all variants in the other region and considered their average as the LD between
two regions. We calculated such regional LDs in the five populations of the 1000 Genomes
Project (African, Admixed American, East Asian, European, and South Asian) and took the
average as the final outcome. To contrast the LDs between interacting regions with the
background, i.e., non-interacting regions, we formed a null distribution by calculating LDs
between randomly selected pairs of regions with the same sizes and between-region
distance 1000 times. These 1000 average LD values formed a null distribution. Then the
standings of actual LDs of interacting regions will be ranked in the null distribution to assess
of whether they are significantly high.

Data availability

Software is freely available in our GitHub: https://github.com/theLongLab/Jawamix5

The study uses Autism genotype and phenotype data from the MSSNG study and access to
it is available with application at https://research.mss.ng/. GTEx v8 genes expression and
genotype are available at https://gtexportal.org/home/ and
https://www.ncbi.nim.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2. The
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brain Hi-C datasets supporting this article are available on Synapse database
(https://www.synapse.org/) with Synapse ID: syn12979149.

The study utilizes genotype from Wellcome Trust Case-Control Consortium (WTCCC) for
simulation, which is available through applications at
https://www.wtccc.org.uk/info/access_to_data_samples.html and genotype from 1000
Genome Project for LD calculation of interacting regions associated with phenotype and
expressions, which is available at https://www.internationalgenome.org/data.

2.4 Discussion

By applying ILMM to GTEX data, we identified 3D-cis eQTLs for only 4.72% - 11.09% of
genes that are located in 3D interaction regions. This indicated that the 3D-genetic basis of
expressions is not dominant, compared with standard cis eQTLs based on the 1D view of a
genome. However, this may be due to the current limitation of accurately pinpointing the 3D
interacting regions 8%, Furthermore, the genetic interaction may not be limited to chromatin
conformations, and other sources of interactions may contribute as well. Therefore, there is
substantial room to utilize ILMM by integrating other types of interactions.

As the GO and KEGG datasets are not specifically designed for ASD, we tried to annotate
ILMM-identified genes from an ASD-relevant functional angle. Based on a hypothesis that
ASD might be mediated by communication disorders, we specifically searched for
annotations of genes association with hearing deficiencies using the DisGeNET database 2.
In the MSSNG dataset, ILMM identified ATP2B2 that has been reported to be associated
with Sensorineural Hearing Loss (disorder) (Appendix Table A2.15). ATP2B2, encoding
plasma membrane calcium ATPase type 2 (PMCAZ2), has been reported by multiple ASD
studies as it plays a vital role in autism by involving Ca2+ homeostasis and interacting with
the aspartate—glutamate carrier, isoform 1 (AGC1) 183184 Ca2+ homeostasis is important in
maintaining normal cellular functions and imbalances of Ca2+, such as excessive
intracellular Ca2+ signaling, are highly likely to lead to brain dysfunction, which has been
evidently notified in multiple ASD cases. In addition, sensory hair cells in the human cochlea
utilise PMCAZ2 to eject Ca2+ into the cell via mechanosensitive transduction channels.
Notably, mutations in the ATP2B2 gene have been shown to cause deafness in mice and
hearing loss in humans 18186 Therefore, mutations in ATP2B2 might cause ASD starting
from damaging hearing ability through disrupting Ca2+ homeostasis in sensory hair cells.

As presented, only a minor part (4.72% — 11.9% for different tissues) of 3D loops have been
observed to have 3D-cis regulations. This shows that, in contrast to “traditional” cis-
regulatory activities, 3D-cis regulation may act as a non-trivial but supplementary role.
Additionally, the regulatory mechanism of loop-based regulation may not leave a sufficient
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footprint on genetic mutations. More analysis of this line may be answered in future work.
We also found a modest fraction (4.96% - 9.16%, Appendix Table A2.16) of significant 3D-
cis eQTLs actually presented in 3D GWAS results. Brain tissue 3D eQTLs, on average
(7.3%), capture more 3D GWAS results than whole blood (5.36%), indicating that tissue-
specific 3D eQTLs are more effective at recovering 3D GWAS than generic 3D eQTLs. In
particular, the promising distal regulated gene DNMT3A (Results) has been captured by
both 3D GWAS (Appendix Table A2.2) and 3D-cis eQTLs results (Appendix Table A2.7),
suggesting a potential role for 3D GWAS and 3D-cis eQTLs in discovering ASD etiological
manifestations. Methodologically, a future extension may be integrating pathways detection
with ILMM 187 which will integrate more than two regions in a pathway.

2.5 Conclusions

In this study, we developed a novel statistical method, ILMM, that integrates a priori
knowledge of genetic interaction with linear mixed models in genotype-phenotype
association mapping. To demonstrate its viability in particular use cases, we used 3D
chromatin conformation information from Hi-C experiments as example a priori of potentially
interacting regions and applying the ILMM algorithm. We applied ILMM to the whole-genome
sequencing data generated by MSSNG and revealed the 3D genetic basis of ASD.
Additionally, we also applied ILMM to transcriptome data generated by the GTEx consortium.
The real data analysis revealed substantial insights into the 3D-genetic basis of both
complex traits and expressions. Specifically, we formed a hypothetical mechanism including
local mutations and a motif impacting distal regulation to confer the risk of ASD jointly. This
novel statistical method offers a complementary protocol to the standard practice that
conducts association mappings for single regions followed by annotations and co-
localization analyses. Additionally, compared with pure statistical methods searching for
interactions de novo, ILMM does not suffer from the problem of choosing or optimizing the
size of candidate genetic regions as the a priori knowledge will naturally offer such
information. To this end, ILMM further reduces the burden of multiple-test and the risk of
overfitting. Finally, the outcome of ILMM is naturally interpretable as the potential annotation,
e.g., 3D-interactions, has been built-in. We expect ILMM will be broadly used in practice to
discover novel genetic interactions.
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Chapter 3: XA4C: eXplainable representation learning via

Autoencoders revealing Critical genes

3.1 Introduction

Machine learning (ML) models play increasingly important roles in gene expression analyses.
Among many ML techniques, representation learning (RL) has the potential to bring a
breakthrough, due to its ability to deconvolute nonlinear structures and denoise confounders
188 For example, in the data preprocessing stage, in contrast to traditional statistical models
that remove principal components to adjust data 8%, modern tools can run RL to eliminate
noise and possibly non-linear structures in the data 1°-1°4, Autoencoders (AE) have been
extensively utilized to develop various tools for processing expression data 9% 190-192 A
notable feature of AEs is their ability to learn the hidden representations of input data despite
the input being noisy and heterogeneous, leading to “latent variables” that are cleaner and
more orthogonal for next stages of analysis.

However, such learned representations, although enjoying desirable statistical properties,
are difficult to interpret. Therefore, in practice, researchers and clinical practitioners are left
with manual inspection of data to decide whether to conduct experimental follow-up or
clinical investigations. Additionally, traditional expression analyses naturally provide a list of
prioritized genes. For instances, one may identify genes of importance such as Differentially
Expressed genes (DiffEx) based on individual genes’ marginal effects 19197 and
Differentially Co-Expressed genes % based on genes’ pairwise correlations 2% 198:199_ Also,
Hub genes can be prioritized based on the connectivity of the nodes in a gene-gene co-
expression network 2°, In contrast, the (usually uninterpretable) learned representations do
not offer analogues for the experimentalists or clinicians to follow up. Although several tools
supporting interpretable ML models are available 9191200 they do not offer individual
candidate genes based on learned representations. In particular, Hanczar and colleagues
employed gradient methods to analyze the contribution of specific neurons in the network 290,
which, however, does not focus on the contribution of individual input genes. Dwivedi and
colleagues analyzed the effect of an input feature by differentiating the outcome by switching
off the focal input feature, i.e., gene *°1. Although aiming to relieve the problem of
interpretation, this method only focuses on the marginal effect of each gene, which does not
employ the latest development in eXplainable Artificial Intelligence (XAl) that systematically
examines complex models. Recently, Withnell et al proposed XOmiVAE ° that also employs
SHAP and AE, however it focuses more on the classification of samples, instead of
prioritizing individual genes for further analysis. Other efforts using XAl in the field of cancer
and health outcomes 201293 glso do not prioritize individual genes. Therefore, to facilitate
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broader use of RL of expression data, interpretable tools that prioritize candidate genes are
urgently needed.

Herein, supported by state-of-the-art development in XAl 2%, we developed a tool, XA4C
(eXplainable Autoencoder for Critical genes), to facilitate explainable analysis and
prioritization of individual genes. Technically, XA4C is composed of two main components:
First XA4C offers optimized autoencoders to process gene expressions at two levels: whole
transcriptome (global) autoencoder, and single pathway (local) autoencoders (Material and
Methods). Second, using SHapley Additive exPlanations (SHAP) 205297 g pioneering
method inspired by the popular economic concept of “Shapley Value” quantifying the
contribution of a player in a game, XA4C quantifies individual gene’s contribution to the
learned latent variables in an autoencoder (Material and Methods), and aggregate them to
form “Critical index” for each gene (Material and Methods). These Critical indexes will be
used to prioritize Critical genes based on user specified cutoff, e.g., 1%.

The term “Critical gene”, reflecting genes substantially explaining of latent variables is
comparable to the popular term “Hub gene” which is defined as the genes with high
connectivity in a co-expression network 2°. These two could be considered in parallel
because “Critical genes” and “Hub genes” both play a sensible role in gene-gene
interactions, although in different forms of representations in an interaction network. In other
words, “Hub genes” contribute to the surrounding genes in the co-expression network
through correlations in the plain representation, whereas “Critical genes” contribute to linked
genes through the latent variables in an autoencoder through explaining their variations. As
hidden states presumably incorporate complex correlation structures, the links between
genes and hidden states may be considered the analogue of links in a co-expression
network, hence the analogous relationship between Hub genes and Critical genes.

By applying XA4C to cancer data offered by The Cancer Genome Atlas 23, or TCGA
(Material and Methods), we revealed sensible genes and pathways through SHAP-based
explanations. We also carried out thorough investigations of Critical Genes by generating
summary statistics in comparison to other conventional means, i.e., DiffEx genes and Hub
genes. We observed important properties of Critical genes: first, the overlaps between
Critical genes with DiffEx or Hub genes are quite low; and second, Critical genes’
enrichment in a comprehensive disease-gene database is higher than the ones of DiffEx and
Hub genes. These indicate that Critical genes indeed revealed new candidates into the

pathology, and they are even more sensible than the DiffEx and Hub genes revealed by

traditional analysis. As a step further, we analyzed the data and discovered Critical genes

(that are not DiffEx or Hub) altering the interaction patterns in Lysine degradation (hsa00310)
pathway.

49



3.2 Results

The XA4C model

Autoencoder (AE) is a RL model that learns representations of input datasets in an
unsupervised way 88208 Based on an AE with fully connected neural network, XA4C first
learns representations of gene expressions (Material and Methods; Figure 3.1A). Briefly,
input gene expression profiles are passed through the encoder network to learn low-
dimensional representations through a bottleneck. The decoder is symmetrical to the
encoder counterpart to recover the gene expressions. The loss function of training the
parameters in the AE is Mean Squared Error (MSE) between input and output, the default for
continuous variables. To quantify each gene’s contribution to the latent variables, XA4C
employs eXtreme Gradient Boosting (XGBoost) 2%°, an ensemble tree model ?'° between the
input genes and latent variables (Material and Methods; Figure 3.1B). Then, Tree SHAP
explanation 2°7 is used to assess the contribution of inputs to representations (Material and
Methods; Figure 3.1B). As such, XA4C outputs SHAP values for input gene expression
individually and quantifies the contribution of each input to each representation (i.e., latent
variable). Using these SHAP values, XA4C further quantifies the Critical index of a gene by
averaging the absolute values of its SHAP value to all latent variable via all the samples
(Material and Methods). By ordering these genes based on their Critical indexes, XA4C
achieves a list of Critical genes above a user-specified cutoff, e.g., top 1% (Material and
Methods; Figure 3.1C). As downstream applications of XA4C, the genes together with their
Critical indexes may be used for pathway enrichment analysis and connectivity analysis
(Material and Methods; Figure 3.1D and 3.1E).
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Figure 3. 1 The XA4C model and potential downstream analysis.

(A) An autoencoder is constructed to learn representations (i.e., latent variables) of input gene expression profiles.
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(B) XGBoost and TreeSHAP are utilized to evaluate SHAP values and Critical indexes for all genes. (C) Critical
genes are the ones with the top 1 % Critical indexes. (D) KEGG pathway enrichment identifies sensible pathways
overrepresented by prioritized genes with SHAP values. (E) Connectivity analysis discloses interaction patterns

among genes centered by Critical genes in pathways.

Whole-transcriptome AEs with high compression ratio reconstructed with high accuracy
First, we established whole transcriptome AEs based on curated 15,000 genes (Material
and Methods). Second, we evaluated reconstruction performances for AEs by calculating
R? from testing samples (Table 3.1). It is observed that AEs with 32 latent variables
conducted decent reconstruction with R? values from the testing dataset varying from 0.42 -
0.69, which are comparable to AEs with 512 latent variables (R? values range from 0.50 -
0.72). However, the compression ratio of AEs with 32 latent variables (468=15,000/32) is 16
times of AEs with 512 nodes (29=15,000/512), which indicates latent variables from the
former compress way more information. Therefore, for the whole transcriptome analysis of
XA4C, we used AEs with 32 latent variables nodes for the six cancers. We also set up this
as the default in XA4C.

Table 3. 1 Test R2 for whole transcriptome autoencoders.

L is the number of layers and H is the number of latent variables.

N f
Cancer | Primary Tissue Sample ;:TELCAE TestR* (L=5, | TestR*(L=1,
y size g H=32) H=512)
inputs
BRCA Breast 1048 15,488 0.50 0.50
coap |Coon 389 14,211 0.47 0.50
Adenocarcinoma
KIRC Kidney 481 14,459 0.64 0.62
LUAD Err:’;‘:h“s and 485 15,341 0.42 0.53
PRAD Prostate gland 459 14,843 0.52 0.53
THCA Thyroid gland 451 14,500 0.69 0.72

Whole-transcriptome Critical genes and pan-cancer pathways.

We calculated Critical indexes for the ~15,000 genes (Appendix Table A3.1) and illustrated
the top 30 in Figure 3.2A. It is observed that the maximum absolute values for Critical
indexes range from 0.03 to 0.06, and they decrease quickly. The overall distribution of the
Critical indexes all genes and Critical genes in six cancers are in Figure 3.2B.
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(A) Genes with the largest 30 Critical indexes summarized among all latent variables and averaged across
samples. (B) Distribution of whole transcriptome Critical indexes for all genes. (C) Distribution of whole

transcriptome Critical indexes for Critical genes.

We further conducted pathway over-representation analysis on genes with non-zero Critical
indexes to reveal sensible pathways underlying cancers (Material and Methods). We found

a handful of pathways that mediate crucial roles in multiple cancers (Figure 3.3A; Appendix
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Table A3.2). Notably, oxidative phosphorylation (OXPHOS) was enriched for five cancers
(BRCA, COAD, KIRC, LUAD and THCA), and growing evidence indicate it was an active
metabolic pathway in many cancers 2%, Higher expression of OXPHOS genes predicts
improved survival in some cancers 212, but also confers chemotherapy resistance in others
213,214 Many recent studies proposed to treat this pathway as an emerging target for cancer
therapy 212214, Another interesting pathway, glutathione metabolism, has been found in two
cancers (KIRC and THCA). Glutathione (GSH) is an important antioxidant that maintains
cellular redox homeostasis and detoxifies carcinogens 2% 216, However, GSH metabolism
can also play a pathogenic role in cancer by conferring therapeutic resistance and promoting
tumor progression 216217 There are novel therapies that target the GSH antioxidant system
in tumors to increase treatment response and decrease drug resistance 216, Furthermore,
amino sugar and nucleotide sugar metabolism pathway has been identified LUAD, and
studies showed that arresting pathways of carbohydrate metabolism such as central carbon
metabolism in cancer, aerobic glycolysis, and amino sugar and nucleotide sugar metabolism
can introduce apoptosis in breast cancer 2. Other well-known cancer pathways, such as
apoptosis, p53 signalling pathways, have also been discovered by Critical index-directed
enrichment analysis.

As comparisons, we also performed differential expression (DiffEx) analysis %'° and
differential co-expression (DiffCoEx) analysis % (Material and Methods). Overall, 31%~83%
of XA4C pathways are shared with DiffEx, and the percentage increased to 76%~91% for
DiffCoEx (Figure 3.3B). Our results showed that XA4C'’s ability of identifying pathways has a
larger overlap with the network-based approach DiffCoEx than the marginal effect-based
approach DiffEx. It may because AE can handle nonlinear relationships among features,
whereas traditional DiffEx analysis couldn’t utilize gene network information.
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Figure 3. 3 Pathway enrichment of whole-transcriptome genes.
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(A) Top 20 KEGG pathways enriched by genes with non-zero Critical indexes. The p-values are listed in S2 Table.

(B) Comparison of pathways enrichment of genes prioritized by XA4C, DiffEx analysis and DiffCoEx analysis.
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Overview of within-pathway Critical genes

To further explore the Critical genes within known pathways, we applied AEs to expressions
of genes within individual pathways. From the KEGG ??°, we downloaded 334 pathways
whose numbers of genes varies from dozens to hundreds (Appendix Table A3.3). For each
pathway of each cancer, we constructed an AE, with a small number of latent variables (H=8)
and few layers (number of layers L= 3 or 2). We set L=2 when the number of genes in a
pathway is less than 100, or L=3 otherwise. Pathway AEs testing R? values have
noteworthily high values with mean values above 0.6 for all six cancers (Figure 3.4A). Itis
also noted that the mean testing R? values from KIRC, PRAD, and THCA pathway AEs are
larger than BRCA, COAD and LUAD, which is consistent with the AEs performance of
whole-transcriptome analysis. The distributions of Critical indexes for genes from 334
pathways are similar to whole-transcriptome results (Appendix Figure B3.1A) and pathway
Critical genes (the largest 1%) mean values also approximate transcriptome Critical genes
(Appendix Figure B3.1B).
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Figure 3. 4 Generation and analysis of within-pathway Critical genes.

(A) Distribution of R? (in testing samples) of pathway AEs in six cancers. (B) Overlaps between Critical genes and
Hub genes (identified by WGCNA). (C) Overlaps between Critical genes and DiffEx genes. (D) Numbers of
Critical, Hub, and DiffEx genes validated by DisGeNET. (E) Percentage of Critical, Hub, and DiffEx genes
validated by DisGeNET.

Critical genes are highly enriched in cancer-related mutations.

We conducted a comprehensive analysis of genetic and epigenetic mutations in the critical
genes identified by XA4C. We first obtained information from the COSMIC database ??*: the
genetic mutations, including missense mutations and copy number variations, and
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epigenetic mutations, including differential methylation. Based on the available mutation
information, we observed a significant proportion of Critical genes (70% averaged for six
cancers) that exhibited gained or lost copy number variations. Additionally, approximately 25%
of the critical genes showed differential methylation, characterized by a beta-value difference
larger than 0.5 compared to the average beta-value across the normal population.
Furthermore, around 12% of the Critical genes displayed missense mutations, which have

the potential to alter the function of the encoded proteins. The detailed results are listed in
Appendix Table A3.4.

The overlaps between Critical genes and Hub or DiffEx genes are poor

To reveal whether Critical genes indeed make differences in practice, we compare Critical
genes to Hub genes defined by Weighted Correlation Network Analysis (WGCNA) 2° as well
as DiffEx genes generated by DESeq?2 2'° (Material and Methods). As WGCNA outputs 1
Hub gene per pathway and our 1% Critical index cut-off in the pathway is on average
approximately 1 or 2 genes, this analysis yields comparable number of genes. We found
that, in all six cancers, the overlap between Critical genes and Hub genes are poor (Figure
3.4B) Similar observation is also evident for DiffEx genes (Figure 3.4C). These results show
that Critical genes indeed provide a different angle for researchers to analyze expression
data.

Critical genes have higher enrichment in disease genes than Hub and DiffEx

Having learned the low overlap presented above, we then continue to learn whether the
Critical genes prioritized by XA4C are indeed sensible. We then examined the DisGeNET 222,
a comprehensive database for the enrichment of these three categories of genes (Material
and Methods). We noticed that Critical genes are highly enriched in genes with

susceptibility reported in DisGeNET. Although DiffEx has the number of successfully
validated genes due to its overall substantially more input candidates (Figure 3.4D), Critical
gene is the winner when comparing the ratio (numbers of validated genes divided by
numbers of input genes) (Figure 3.4E). Notably, the high proportions are consistent across
all six cancers, indicating that Critical genes are fundamental for all cancers. We also tried to
replicate such enrichment analysis in the COSMIC database that focuses more on mutations.
The success rates of all three methods (Critical, Hub and DiffEx genes) are low (Appendix
Table A3.5). However, the limited data still indicates the advantage of Critical genes which
has higher success rate in majority of cancers compared to alternatives (Appendix Table
A3.5).

Using DisGeNET as gold-standard, we also quantitatively calculated the confusion matrices
as well as precision, recall, F1-score and accuracy for all three methods (Material and
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Methods). The results, presented in (Appendix Table A3.6 and Appendix Table A3.7),
demonstrate that XA4C outperforms the other methods in terms of F1-score (largely
contributed by its supremacy on precision), and the accuracy of the three methods are
comparable.

Together, these results indicate that XA4C-derived Critical genes capture additional
information other than marginally altered gene expression and genes with a high degree of
connectivity in the protein-protein interaction network.

Critical genes alter interaction patterns in a pan-cancer pathway

To further investigate the functions performed by Critical genes in their pathways, we
calculated the Pearson correlation between the Critical genes and all the other genes in
corresponding pathways. We found that Critical genes display distinct interaction patterns in
the co-expression network between tumor and matched normal tissues. We specifically
picked up an example in Lysine degradation (100310) pathway as the Critical genes in this
pathway are neither Hub nor DiffEx genes in five cancers. Evidently, the interaction patterns
of Critical genes and surrounding genes are dramatically different in five cancers, which are
visible by inspections and quantified by the Kolmogorov-Smirnov test (Figure 3.5). First, the
intensity of correlation is notably weaker in tumor while compared to normal (lighter color in
tumor and brighter color in normal). Moreover, the variance of correlations (reflected by the
height of the boxplots) is substantially larger in normal tissues in all cancers except for THCA.
Overall, the dramatically changed interaction patterns suggest that Critical genes involved in
disease pathogenesis through interactions with other genes although themselves are not
marginally differentially expressed (DiffEx genes) nor most connected with other genes (Hub
genes) in the pathway.
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Figure 3.5 Critical genes show distinct co-expression networks in tumor and normal tissues.

The Lysine degradation pathway (100310) is used. Critical genes (light blue) are located at the core of the
network, surrounded by additional genes from the same pathway (gray). The boundaries of Pearson’s correlation
coefficients range from +0.8 (red) to -0.8 (blue). Boxplots show the distributions of two sets of correlations (tumor
vs. normal) together with the P-value of the Kolmogorov-Smirnov test, with the null hypothesis being that the two
samples were chosen from the same distribution. Critical genes shown in this figure are novel as they have not

been identified by traditional analysis search for Hub nor DiffEx genes.

3.3 Material and Methods

XA4C model (I): Autoencoder (AE) architectures and parameters tuning

AE consists of two main components: an encoder and a decoder. The encoder converts the
input data into a lower-dimensional representation, known as the “latent variables”. The
decoder then reconstructs the original input data based on latent variables. The objective of
an autoencoder is to minimize the reconstruction error between the input data and the
reconstructed. From a mathematical perspective, the encoder part can be represented by
the encoding function h = f(x), and the decoder can be represented by the decoding
function r = g(h). Thus, the whole AE can be described by a function = g(f(x)), where the
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output r is reconstructed as approximate as possible to the original input x. XA4C utilizes

Mean Square Error = 12 _1( — )?asthe loss function.

By default, XA4C specifies an AE with 5 coding layers and 32 latent variables for whole
transcriptome, and AEs with 3 coding layers (or 2 if the number of genes is lower than 100)
and 8 latent variables for pathway gene expressions. We achieved these optimal parameters
by testing configurations striking a balance between fewer AE parameters (layers, nodes)
and a larger reconstruction R? in testing sample. To train AE models, we partitioned tumor
samples into training and testing datasets with the ratio of 8:2. Genes with median
expression levels larger than 1.0 were retained as input. Raw gene expressions were
transformed using Log (base 2) function, and then further rescaled to a range between 0 and
1 to match the sigmoid activation function in AE neural networks. To train AE models, we
utilized the Adam optimizer 222 with a learning rate = 1.0 x 10-® and decay = 0.8 for 500
epochs. The training stops when testing R? does not increase by more than 0.02% in 10
epochs, or the maximum number of training epochs (3,000) is reached. The batch size was
set as the input sample size. These AE models were implemented using PyTorch 224,

XA4C model (Il): Shapley Additive exPlanation (SHAP) framework, XGBoost and
TreeSHAP
SHAP is a classical post-hoc explanatory framework to calculate the contribution of each
input variable in each sample learn the explanatory effect 2%. Let be the original model and
() the predicted values. ( ') is the explanation model used to match the original model
(). Note that explanation models often use simplified inputs ' that map to the original
inputs through a mapping function = ( '). XA4C incorporates XGBoost Regressor 2%° to
represent the model and Tree Explainer 2°7 as the model to interpret in SHAP. We
choose XGBoost because models built through gradient boosting algorithm gives more
importance to functional features and are less vulnerable to hyperparameters initializations
225 Each latent variable has an XGBoost model. TreeSHAP is a SHAP method designed for
the black-box tree models including Random Forest, XGBoost, and CatBoost, etc 2?5.For
each XGBoost regression model (established between all inputs and a latent variable in the
AE), XA4C carries out TreeSHAP calculation, leading to a SHAP value for each triple of
[gene, latent variable, sample].

XA4C model (ll): definition of Critical indexes and Critical genes

The Critical index of a gene is the weighted average of its SHAP value contributed to all
samples and all latent variables. To calculate the Critical index ( ) of gene , XA4C first
takes the mean absolute value for the gene over all samples, leading to the SHAP value

of a gene to a latent variable:
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Then, XA4C summarizes SHAP values () across all latent variables (e.g., 32 in the
default AE configuration of XA4C) and weights them by , which is the XGBoost regressor
2 of the -th latent variable:

=2

=1

XAAC ranks all genes based on their Critical indexes and takes the top ones (based on a
user-specified cutoff) as Critical genes. By default, XA4C selects 1% for both whole
transcriptome is and within-pathway analysis. The ceiling function , i.e., the least integer
greater than the actual value (e.g., 0.2 =1, 1.8 = 2), is used when the cut-off is not an
integer.

TCGA gene expression data for six cancers

We utilized gene expression (number of genes M=56,497)) from six cancers (BRCA: breast
invasive carcinoma, COAD: colon adenocarcinoma, KIRC: kidney renal clear cell carcinoma,
LUAD: lung adenocarcinoma, PRAD: prostate adenocarcinoma, THCA: thyroid carcinoma)
from The Cancer Genome Atlas (TCGA) 22. The raw count data was downloaded from the
TCGA data portal and then converted to Transcripts Per Million (TPM) gene expression
matrices using gene lengths obtained through the BioMart package (code available in our
GitHub). We then performed basic quality control to examine the overall structure of the data
by PCA analysis ??” and did not find unexpected data points. In particular, we curated genes
with median expression levels higher than 1.0, which reduces interference from lowly
expressed genes and the number of genes decreased to around 15K. We also performed
log-2 transformation to these 15K genes. When applying XA4C to cancer data, for each
cancer type, one whole-transcriptome AE and 334 pathway Aes were trained independently.
The architecture of the embedding network contains 32 latent variables for whole-
transcriptome AE or 8 latent variables for pathway Aes. These whole-transcriptome or
pathway representations and their corresponding inputs were passed through the XGBoost
regression model on which TreeSHAP SHAP values for inputs genes.

Pathway over-representation analysis

Over-representation analysis (ORA) 2?8 is a statistical method to understand which biological
pathways may be over-represented. It determines whether genes from pre-defined sets (e.qg.,
those belonging to a specific KEGG pathway) are present more than would be expected
(over-represented). The p-value can be calculated by the hypergeometric distribution: =
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1-> ;01 T where is the total number of genes in the background set, represents

the size of the list of genes of interest (for example the number of DiffEx or Critical genes),
stands for the number of genes annotated background, and is the number of genes in the
list annotated to the gene set. The background distribution, by default, is all the genes that
have annotation, which are KEGG pathway genes in this study. We utilized the ORA
analysis provide by the R package named WebGestalt 22°.

Differential expression genes, Differential Co-expression genes and hub genes Analysis
Differential expression (DiffEx) analysis aims at identifying differentially expressed genes
between experimental groups. We utilized DESeqg2 2'°, which tests for differential expression
by negative binomial generalized linear models %1%, with default parameters. DESeq2
employs a generalized linear model framework with a negative binomial distribution to
assess differential expression between two groups. Initially, it estimates the fold change for
each gene between the groups, and subsequently calculates the Wald test statistics and
corresponding p-values. These p-values reflect the level of evidence contradicting the null
hypothesis that there is no disparity in gene expression between the conditions. These p-
values are further adjusted for multi-test correction, and the significance level (alpha) utilized
is 0.05, a conventional parameter for statistical tests.

As DiffEx analysis is based on linear models, it ignores the non-linearity displayed by gene

expression. Therefore, we used differential co-expression networks to identify groups (or

“modules”) of differentially co-expressed genes utilizing “DiffCoEX” ¢°, an extension of the

WGCNA?°, DiffCoEx begins with the construction of two adjacency matrices: : =
( , ) for case samples and similarly for control samples. DiffCoEx

used the Spearman rank correlation, and a matrix of adjacency difference is then calculated:

41 2 2
—\/EI c )y« J)y- ) ( ) |

where =0 is an integer tuning parameter which can be selected in multiple ways. In this

study, we chose [5,6,7,8,9,10] such that we achieved minimum number of modules with

the largest module containing the smallest number of genes. Next, a Topological Overlap

dissimilarity Matrix is calculated where smaller values of  indicates that a pair of genes
,and have significant correlation changes (between case and control).

R . )
mi@E 5 )ri-

Finally, the dissimilarity matrix is to identify DiffCOEx genes.

Hub genes, highly connected within biological networks, were identified using gene co-
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expression networks constructed with WGCNA. We utilized the
"chooseTopHublnEachModule" function from the WGCNA R package, applying it to the
gene expression matrix from pathways. Default settings were maintained, with the
power parameter of 2 and the type parameter of "signed."

Performance measurements of accuracy and sensitivity.

In this evaluation, we compare the performance of Critical genes, Hub genes, and
DiffEx genes using quantified performance measurements. We first construct confusion
matrices. Considering DisGeNET-reported genes as the gold-standard. For a particular
tool (critical genes, hub genes, or DiffEx genes), we defined true positives (TP) as
genes identified by the tool and are reported by DisGeNET, true negatives (TN) as
genes not identified and not reported in DisGeNET, false positives (FP) as genes
identified but not reported in DisGeNET, and false negatives (FN) as genes identified
but not reported in DisGeNET. Based on the confusion matrices, we calculated
precision, recall, F1 score and accuracy using the formula below:

Pr eci:s—i—g—ﬁ—

Recat+t—

Comparison to the feature importance values generated by Random Forest and
XGBoost.

The Random Forest and XGBoost classifiers were trained on gene expressions from
335 pathways. The classifiers were trained using default parameter settings with 500
estimators (number of trees in the forest). To ensure balanced representation of tumor
and normal samples, we randomly sampled from tumor samples with the same number
of normal tissue samples to construct datasets (Appendix Table A3.8). The resulting
dataset was then divided into training and test datasets in a 7:3 ratio. We performed
model optimization on training datasets and evaluated its performance on test
datasets. Notably, the classifiers exhibited impressive performance, as indicated by
high weighted-averaged F1 scores across the 335 pathways. Specifically, the Random
Forest classifier achieved an F1 score of 94% for six cancers, while the XGBoost
classifier achieved an F1 score of 92% for the same six cancers (Appendix Table

A3.8). Subsequently, feature importance values were derived from these well-trained
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classifiers. The same procedure in the identification of Critical genes was used to
define the "Important genes"”, defined as genes with top 1% ceiling importance values
from classifiers in each pathway.

Availability of data and materials

XA4C is publicly available in our GitHub: https://github.com/QingrunZhangLab/XA4C
TCGA: https://portal.gdc.cancer.gov/

DisGeNET: https://www.disgenet.org/

DESeqg2: http://www.bioconductor.org/packages/release/bioc/html/DESeq2.html
WGCNA: https://cran.r-project.org/web/packages/WGCNA/index.html

3.4 Discussion

In this work, we proposed XA4C, an XAl empowered AE tool to support explainable
representation learning (RL). A notable contribution of XA4C is the definition of Critical
genes, which formed the RL analogue to Hub/DiffEx genes, bringing an additional
perspective in characterizing transcription data. By applying XA4C to cancer transcriptomes,
XAA4C generated Critical indexes and the list of Critical genes. Analyses show that Ciritical
genes are quite different to DiffEx and Hub genes offered standard analysis based on plain
representations, opening a potential landscape for in-depth analysis of complex interactions
using RL. Impressively, Critical genes enjoy higher success rate in DisGeNET, a
comprehensive disease gene database, indicating that Critical genes indeed play functional
roles in diseases. As an example of interactions revealed by Critical genes, XA4C
highlighted interesting Critical genes playing central roles in pathways by showing distinct
the interaction patterns between tumor and normal tissues.

Machine learning algorithms may run into overfitting. In XA4C, there are two models used:
Autoencoder and TreeSHAP. The autoencoder by itself is unsupervised, therefore, it may
not run into overfitting 193 230, More importantly, a sparsity penalty with L1 regularization is
applied to XA4C autoencoder loss function, which penalizes non-zero activations. This
sparsity penalty can prevent overfitting to some extent because it makes the autoencoder
prefer to activate only a subset of its nodes. It also helps generalization by preventing the
model from remembering noisy or irrelevant patterns in the training data 23+ 232, |t is
important to note that TreeSHAP itself does not introduce overfitting if the underlying tree
model is not overfitting. In our study, we employed the XGBoost regression model as the
tree model. XGBoost models also incorporate regularization techniques to prevent overfitting
233,234 \With the regularization penalty in both the autoencoder and TreeSHAP, we believe
the overfitting is under control in our XA4C model.
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To compare whether our protocol using Autoencoder + SHAP indeed outperforms the
built-in feature importance values generated by other models, we conducted some
comparisons to two representative tools, namely Random Forest and XGBoost. We
trained classifiers using Random Forest and XGBoost using established tools 209 235
and then use their corresponding feature importance values to define “Important genes”
analogue to our procedure of defining Critical genes using SHAP values (Material and
Methods). We observed that, despite the classification accuracy of Random Forest or
XGBoost being excellent (Appendix Table A3.8), the “Importance genes” prioritized by
Random Forest or XGBoost (Appendix Table A3.9) have much less functional
enrichment in both DisGeNET and COSMIC databases (Appendix Table A3.10).

We acknowledge limitations of XA4C, which could be addressed by our future work. First,
we utilized fixed architectures of AEs in this study. Although we compared the performances
of AEs on several different architectures and selected the optimal architectures for whole-
transcriptome (L=5, H=32) and pathway AEs (L=3 or 2, H=8), we only tested a few
combinations of the architecture parameters. A sophisticated way is to incorporate Bayesian
Hyperparameter Optimization?3¢ for extensively evaluating the combinations of L and H.
Second, only conventional AEs are used. It is straightforward to extend to other AEs, such
as Variational AE for causal inference and Graph AE to learn causal structure, which is our
planned future work. Third, TreeSHAP was utilized in this study to explain the tree model
built on AEs inputs and representations. Some SHAP explainers, such as DeepSHAP 2%7,
might be more efficient for neural network models since they omit the phase of constructing
Tree models between inputs and representations. Fourth, we summarized SHAP values
over samples to generate one Critical index to rank the importance of genes. This gives us
general information but ignores the heterogeneity between individual samples. Our future
study will focus on individuals to uncover individualized Critical genes to support precision
medicine. Finally, XA4C currently supports only transcriptome data, and a natural extension
will be the incorporation of additional omics data, such as proteomics and metabolomics.
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Chapter 4: Tissue-specific transfer-learning enables retasking of a

general comprehensive model to a specific domain

4.1 Introduction

Machine learning (ML) including deep learning has been successfully applied to biological
data analysis, especially multi-scale omics data integration4 8% 90:238-240However, to build
effective ML models, one may usually have to carry out sophisticated training using a large
sample. Such large samples may not be available in many domains, limiting the use of ML in
broader spectrums. Moreover, large samples could contain heterogeneous components,
leading to the final model (despite being extensively trained on massive data) being
suboptimal for particular user cases. In recent years, in many fields, including natural
language processing and image recognition, transfer learning (TL) has been widely used to
migrate established (usually comprehensive) models to specific domains?*1-247, In general, a
TL model is composed of three components: a base model (usually generally purposed) to
start with, a sample (usually small) dedicated to a specific task, and a training procedure to
re-train a subset of parameters of the base model towards the specific goal®* 248 (Material
and Methods). This whole procedure may be called “retask” to reflect the efforts of
redirecting the original model to a specific task. Although the general procedure looks
intuitive and straightforward, in practice, how to carry out such a retasking is an art relying on
domain knowledge and trial-and-error experiments.

In genetics, genome-wide association studies (GWAS)% > 8 provide preliminary links between
genotype and phenotype. However, for the majority of GWAS-reported loci, potential causal
variants and target tissues remain unknown. Towards this line, transcriptome-wide
association studies (TWAS) improve GWAS by integrating gene expression data, leading to
tissue-specific signals discovered in many diseases3% 70:249,

Recent studies have shown that the power of association mapping analysis can be
significantly improved by integrating informative priors learned from existing transcriptomic
and epigenetic data®l. In the same vein, we have shown that TWAS can be substantially
improved if prior knowledge from specific biological mechanisms (such as transcription
factors or TFs) is integrated® 93 1%, However, these efforts are segmented based on
different pieces of prior knowledge, and there is no routine procedure assisting the
integration of most (if not all) existing omics-based prior annotations and, in the meantime,
tailored to the specific disorder, not to mention the targeted specific tissue.
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A significant step towards the above vision is the publication of Enformer, a highly
sophisticated deep neural network model containing >200 million parameters, which

digested massive epigenetic datasets, including a total of 5,313 tracks of TF binding,
chromatin marks, and transcription profiles in various human tissues/cells®°. By targeting the
prediction of genetic variant effects on regulatory activities for each track of epigenetic profile,
Enformer essentially provides integrated functional weights for any potential variants, which
can be utilized by many downstream analyses?*® 20, However, despite its comprehensive
training data and highly sophisticated architecture, Enformer as a general-purpose model
contains massive and heterogeneous information. As such, Enformer by itself may not be
optimal for specific tasks in a target tissue.

In this work, we developed a protocol to carry out transfer learning (TL) to allow the addition
of a small number of dedicated tracks to retask Enformer for specific tasks tailoring to
desired domains. We selected breast cancer as an illustrating example. This is because of
two rationales: First, Enformer includes only 35 tracks of epigenetic profiles in breast cancer-
related tissues/cells. Second, disease-associated target tissue is lacking in Enformer’s
training procedure. Third, alternation of TF-occupancy by cis-regulatory elements, a tissue-
specific mechanism that has been shown important to many genes and cancers (including
breast Cancer)QZ; 93; 106; 251; 252.

In the breast cancer application, our TL framework to retask Enformer is achieved by further
learning new 275 TF Chromatin Immunoprecipitation Sequencing (ChlP-seq) datasets in
breast cells. We demonstrated that our TL outperforms Enformer in annotating target tissue-
based Cis-Regulatory Activities (tCRASs) for breast cancer. We showed that TL model
outperforms Enformer in statistical predictions and functional annotations. Application-wise,
we further showed that integrating breast related tCRASs significantly improves existing
approaches in association mapping using TWAS in identifying independent risk signals for
breast cancer. Thorough comparison to the base-model (Enformer) are also presented.

4.2 Results

Outline of the Transfer Learning (TL) framework

A general framework of Transfer Learning (TL) re-trains a subset of nodes in a pre-trained
model based on a small number of dedicated data (Figure 4.1A). Our TL is based on a pre-
trained general-purpose model, Enformer, which is composed of four blocks: convolutional
blocks, transformer blocks, pointwise convolution blocks, and output head layer (Figure
4.1B). We re-tasked Enformer to specificities of human transcription factor (TF) ChiP-seq
data of 275 tracks (Figure 4.1C) by selectively updating a minimal set of parameters. Our

rigorous experimentation and performance monitoring revealed that updating only a small
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subset of parameters—specifically, those in the final layer and the pointwise convolutional
block—effectively leveraged pre-trained knowledge without unnecessarily complicating the
model or risking overfitting. Similar to Enformer, the learned representations of genomic
variants can be used for multiple purposes. In this work, a key application lies in estimating
the influence of genetic variants on target track profiles, such as prediction of TF activities in
the target tissue, e.g., breast, defined as target tissue-based Cis-Regulatory Activities, or
tCRAs (Figure 4.1D). We adopted standard training methods for deep learning models with
Adam as the optimizer and Poisson negative log-likelihood loss function for the training of
the TL model (Appendix Figure B4.1). Detailed mathematical formulations of our TL
framework, including the definition of tCRAs scores as well as their computational
implementations and training procedures, are presented in Material and Methods.
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Figure 4. 1 The workflow of our TL approach to establish tCRAs in breast cancer.

A) A schematic of general TL: a small number of dedicated data may re-train a selected subset of nodes to retask
an existing model. B) Enformer model was trained on input DNA sequences (196kb) to predict multiple human
epigenomic tracks (5,313) at 128-bp resolution. The network is composed of four blocks (indicated by each
rectangle) from convolutional layers, transformer layers, pointwise convolution, and output heads convolution.
The output shapes of these blocks are given by tuples on the bottom-right corner, in which C (=1,536) indicates
the number of channels in CNN. The number of trainable parameters for each block is listed on the bottom-left
corner. C) Our TL used majority of existing Enformer architecture together with its trained parameters by retaining
its input and first three blocks. The only layer undergoes re-training is the output heads convolution layers, tailed
to target-tissue epigenetic datasets (i.e., 275 tracks of TFs ChlIP-seq for breast cancer). D) Left panel: An
illustration of tCRAs for a specific genetic variant estimated by calculating the differences of predicted regulatory

activity value between reference allele (=A) and alternative allele (=C) of a variant. Right panel: based on TL
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outcomes, we generated an activity score for each genetic variant for each track, which can be utilized in

downstream analyses including association study and fine mapping.

TL generated accurate statistical predictions

The accuracy of statistical predictions serves as the first metric in verifying whether the TL
model indeed improves the model in the targeted domain, i.e., breast tissue. We first check
whether our TL model can predict the TF ChlP-seq peaks, as exemplified in essential
regions ESR1 and FOXA1 (Figure 4.2A). As an overall comparison between our re-tasked
model and the original Enformer model, we compared the overall distribution of Person
correlations (between predicted and the actual) for all tracks for 15 TFs shared by Enformer
and TL on the hold-out validation dataset (Material and Methods), showing a significantly
higher distribution of the TL model than Enformer (Figure 4.2B). To further characterize the
contribution of each TF to the above superior overall distribution, by stratifying the tracks for
different TF, the individual average correlations of all TFs are depicted (Figure 4.2C),
ranging from around 0.34 (ESR1) to 0.75 (E2F1). A head-to-head comparison between TL
and Enformer shows that, except for four TFs, the mean correlation of TL consistently
outperforms its counterpart in Enformer (Figure 4.2D). Evidently, this initial check of
statistical accuracy in predicting ChlP-seq signals illustrates that the TL model, trained on
regulatory data from 275 TF ChlP-seq tracks, successfully improved the specificity towards
the transferred domain.
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Figure 4. 2 Performance of TL in statistical predictions.

A) Experimental and TL Predicted CHIP-seq Track Profiles for ESR1 and FOXAL. The genomic region
Chr6:151485998-151682606 from the loci chr6g25.1 was selected for analysis. This region encompasses the
SNP rs2046210 (chr6:151627231), and previous research?®3 reported ESR1 to be the TF located within a 1M
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proximity of this SNV. B) Violin plots to show Pearson correlation coefficients between predicted outputs and true
outputs for all tracks shared by TL and Enformer. C) Bar plot to show the average Pearson correlation coefficients
(by the number of tracks) between predicted outputs and true outputs for each TF. The grey dash line is the
average Pearson R across TFs. D) Scatter plots to show the averaged Pearson correlation coefficients (by the

number of tracks) for TFs shared by TL and Enformer.

SNVs prioritized by TL-derived tCRAs are enriched in multiple functional annotations. The
first application of TL is to assess the impact of genetic variants on target track profiles, a
metric we termed tCRAs (Material and Methods). Mathematically, the calculation of tCRAs
is to reflect the difference in predictive outcomes by switching the reference allele to an
alternative allele using a bin centralized by the focal variant; and it is dichotomized into 1 or O
by comparing to the population mean (Material and Methods). In this study, to verify the TL
model from many aspects, we used data from Breast Cancer Association Consortium
(BCACQ), a large international consortium studying genetic basis of breast cancer containing
123K cases and 106K controls?>* (Material and Methods). Here we applied both TL and
Enformer to evaluate the tCRAs (designated as 0 or 1) for 9.9 million SNVs that passed
quality control in the BCAC GWAS summary statistics. We then prioritize SNVs using their
number of tracks with tCRAs being 1, guided by the intuition that SNVs with more tracks with
tCRA=1 play more critical roles than those with fewer tracks with tCRAs=1 (Material and
Methods). As the number of tracks for TL and Enformer is different, we, therefore, adjusted
the cutoffs of a number of tracks separately for TL- or Enformer-annotated to ensure a
roughly equal number of SNVs were in corresponding prioritized variants subsets. This
process resulted in five subsets of SNVs: 500K, 1M, 1.5M, 2M, and 3.5M, with a detailed
breakdown of SNVs provided in Appendix Table A4.1.

A fundamental hypothesis driving the development of the TL model is that the TL may
improve the performance in a specific disease and mechanism compared to the general-
purposed Enformer model. We analyzed the enrichment from three aspects of functional
annotations, i.e., functional region, association to a disease, and cell-type specific (Material
and Methods), reaching observations that substantiate this assumption. First, we looked at
whether the prioritized SNVs are located in breast cell line-specific enhancer regions, and
we observed that all subsets showed that TL-derived prioritizations enjoy higher enrichment
(Figure 4.3A). Second, we checked the overlap between the BCAC-reported SNVs
associated with breast cancer and the prioritized SNVs subsets and again detected that TL
tCRAs prioritized subsets captured more GWAS risk SNVs than Enformer (Figure 4.3B).
Third, we checked the percentage of enhancer-located SNVs by stratifying the cell types and
found that the distribution in breast-related cells is higher in non-breast cells (Figure 4.3C).
Although this pattern is also observed in Enformer tCRAs prioritized SNVs subsets, the
design is quite subtle (Figure 4.3D) and not as propounded as the TL case. Taking together,
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we demonstrated the capacity of TL to retask the comprehensive Enformer model to breast
tissue with a focus on TF binding, suggesting its utility in studying the genetic foundation
underlying disease etiology.
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Figure 4. 3 Functional enrichment of SNVs in top tCRAs.

A) The proportion of SNVs located within enhancer regions for the five TL- or Enformer-prioritized SNV subsets,
using their corresponding tCRA scores. Intervals were calculated by three breast cell lines. B) The proportions of
TL- or Enformer-prioritized SNV subsets that are overlapped with of BCAC GWAS risk SNVs (with P-values < 5e-
8). C) Violin plots for proportion of SNVs located in enhancer regions of all TL-prioritized tCRAs within breast-
specific cell lines (E027+E028+E119) and other cell lines (E029+E055+E066+E121+E124+E125). D) The same

as C but using Enformer-prioritized tCRAs.

TL-prioritized variants improve genotype-disease association mapping in TWAS.

As a model of integrating gene expression data in GWAS, TWAS analyzes the correlation
between disease phenotype and an aggregation of cis-genetic variants selected by gene
expressions3Z 24% A conventional TWAS protocol usually uses a regularized multiple
regression (e.g., elastic net) to select SNVs and their weights in the form of training a gene
expression prediction model (in a reference dataset such as GTEx??; and then apply this
model to “impute” the expression in the GWAS dataset for assessing the association
(Material and Methods). Previously we have demonstrated that the pre-selection of variants
based on functional priori®? 3 for the predictive model training substantially improve the
power of TWAS. In this study, we leveraged five SNVs subsets prioritized by tCRAs derived
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by TL and Enformer respectively to learn if machine-learned functional scores bring further
improvement on the breast cancer data generated by BCAC (Material and Methods).

We first generated the baseline using the default Fusion method, i.e., all the 9.9M SNVs
from BCAC without any prioritization are supplied to the analysis and the genome-wide
significant genes after Bonferroni correction (Material and Methods) are reported. This
result, depicted as the dashed line in Figure 4.4A acted as a benchmark for the
comparisons. Interestingly, SNVs subsets prioritized by Enformer-derived tCRAs do not
improve the model overall: it produced slightly higher numbers in the 1.5M, 2M and 3.5M
subsets and even lower numbers in 500K and 1M subsets. This is consistent to our
hypothesis that a general-purposed model might not be optimal for dedicated tasks. In
contrast, TL re-tasked model shows substantial improvement by discovering higher numbers
of genes over the baseline and also Enformer cross the board.
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Figure 4. 4 TL-derived tCRAs improved TWAS results in breast cancer.
A) Numbers of Bonferroni-corrected significant genes identified by TWAS using TL- or Enformer-prioritized five
subsets of SNVs. The dashed line indicates the performance of base model that does not use any functional
prioritizations. B) Numbers of significant genes validated by the DisGeNET database across five TL- and
Enformer-prioritized SNV subsets. C) Numbers of significant genes validated by the CGC database across five

TL- and Enformer-prioritized SNV subsets.

Next, we verify the relevance of these discovery using reported genes in DisGeNET?, a
comprehensive disease-gene database, and Cancer Gene Census?®*, a dedicated database
for cancers. Our investigation revealed that the five TL subsets (500K, 1M, 1.5M, 2M, and
3.5M) -based analysis contained 29, 28, 39, 36, and 36 genes reported in DisGeNET,
respectively, whereas the Enformer-based analysis contained only 23, 28, 29, 34, and 37
genes, respectively (Figure 4.4B). Of note, the baseline model contained 32 genes. The
CGC reported far fewer genes compared to DisGeNET (42 vs. 7,083), and consequently, the
number of significant CGC-reported genes in the five subsets is also smaller. However, the
same trend is pronounced (Figure 4.4C): In the TL-based analysis, the 500K subset-based
analysis has 2 genes verified by CGC, while each of the remaining four TL subsets-based
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has 1 gene verified by CGC. In contrast, for the Enformer-based analysis, only 500K and
3.5M-based has 1 gene verified by CGS with all the other three zero. The baseline model
has 1 CGC-verified gene. These collectively underscore that TL tCRAs enhance the ability to
identify disease susceptibility genes specific to certain diseases, as illustrated by our study
on breast cancer.

4.3 Material and Methods

Data sources

The breast transcription factor (TF) chromatin immunoprecipitation and sequencing (ChliP-
seq) data were obtained from the Cistrome database?*. In total, there are 275 tracks
covering 18 TFs (AR, CEBPB, E2F1, ESR1, FOSL2, FOXA1, FOXM1, GATA3, GREB1,
HDAC2, JUND, NR2F2, PML, SRF, TCF12, TCF7L2, TLE3, ZNF217) (Appendix Table
A4.2). Adhering to the quality control (QC) guidelines from the Cistrome database, we
ensured the inclusion of high-quality TF ChlP-seq datasets for subsequent analyses. The
sample's QC standards comprised several indicators: a FastQC score, representing the
median sequence quality, had to exceed 25; the UniguelyMappedRatio, indicative of the
mapping quality, had to surpass 0.6; the PBC value, employed to detect potential PCR over-
amplification, had to exceed 0.8; the PeaksFoldChangeAbovel0, denoting the number of
peaks identified by MACS2 with a fold change of 10 or more, had to exceed 500; the FRiP
score, representing the fraction of non-mitochondrial reads in the peak region, had to be
greater than 0.01; and, finally, the PeaksUnionDHSRatio, utilized for assessing the
annotation level QC, had to be greater than 0.7.

The Genome-Wide Association Study (GWAS) data for breast cancer were downloaded
from the Breast Cancer Association Consortium (BCAC), an international initiative dedicated
to identifying genetic risk factors associated with breast cancer?>*. This dataset
encompasses GWAS data for 122,977 cases and 105,974 controls, all European descent.
SNVs with minor allele frequency > 0.01 (number of qualified SNVs is 9,898,466) are utilized
for analyses in this study.

The GTEXx expression reference dataset. We downloaded gene expression and individual
genotype data from the GTEx portal?>. We processed the normalized gene expression data
using the Probabilistic Estimation of Expression Residuals (PEER) analysis?®?, which adjusts
for potential confounding variables. We used 30 PEER factors for our downstream model
building based on the GTEx recommendation for breast tissue. We also QC-ed the GTEx
genotype dataset using PLINK software?>®, removing variants with high missingness (remove
SNVs with less than 10% genotyping rate), low minor allele frequency (MAF < 0.01), and
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notable deviations from Hardy-Weinberg equilibrium (HWE P-value < 1 x 10). There are
9,527,843 SNVs remaining after filtrations.

Functional enrichment annotation datasets. To investigate the functional role played by
subsets of SNVs, we downloaded genomics regions with annotated by 15 chromatin states
in Roadmap Epigenomics project?®. They used ChromHMM v1.102%° to discern 15 chromatin
states, available as BED files on their website. To verify the evidence of cancer-related
susceptibility genes, we used established databases including DisGeNET?%® and Cancer
Gene Census (CGC)?%¢ from the Catalogue of Somatic Mutations in Cancer (COSMIC)
website.

The transfer learning (TL) algorithm

A general framework of transfer-learning (TL) starts from a pretrained model = ( , ,0)
where is the topology of the (usually deep) network, is the (usually massive) datasets,
and Ois the parameter vector trained by a loss function. A TL =( ', ,6,0) wil
adjust some of the nodes from , leading to the revised network '; and supply additional
data ( ') to re-train a subset of the parameters O, retaining the rest parameters @, = 0- ©!
Note that the number of parameters retained in ,i.e., |@| indicates how authentic the
new model will be consistent to the original model, in contrast to the level of dedication to the
new task.

A brief outline of the original Enformer model. Enformer® is a profoundly advanced deep
neural network with self-attention mechanism, encompassing © = over 200 million
parameters. The training data of Enformer includes both humans and mouse. Here we
briefly introduce the human part. The human training data = ( , ), where

are organized by dividing human genome into bins, each of which contains a small
segment of 196,608 base pairs (bp) from the HG38 human reference genome. This
organization leads to 38,171 bins, distributed as 34,021 for training, 2,213 for validation, and
1,937 for test. To expedite mathematical operations in Enformer, the one-hot-encode DNA
sequences (A =[1,0,0,0], C =[0,1,0,0], G =[0,0,1,0], T =[0,0,0,1], N =[0,0,0,0]) is adapted,
resulting in a 196,608 x 4 input matrix. At the other end, = 5,313 genomic tracks for
humans as outputs to be predicted. The data structure of is a matrix with dimensions
896 x 5,313, where 5,313 represents the total number of genomic tracks associated with
transcription factor (TF) binding, chromatin marks, and transcription profiles across various
human tissues and cells; and 896 = (196,608-40,960*2)/128) is the result of deducting twice
the value of 40,960 (the base pairs removed from both ends of the sequence) from the
length of the input DNA bins (196,608), and then dividing by 128, indicating that each of the
896 values represents an averaged profile over 128 DNA base pairs. The architecture of
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Enformer, is strategically divided into three core components: : convolutional blocks with
pooling, »:transformer blocks, and 3: a cropping layer succeeded by pointwise
convolutions associated with ,: organism-specific network heads. Through the training of
Enformer, the parameters are refined by minimizing the Poisson negative log-likelihood loss
function, which assesses the discrepancy between the matrix predicted by Enformer and the
actual values in the target matrix.

Our TL algorithm and additional data. The design of our TL model aligns closely with the
Enformer architecture, incorporating its three main components. Our adjustment is described
below: first our training sample = 275 breast TF ChlP-Seq data described in “Data
sources” (Appendix Table A4.2). The is the human genome part of Enformer (which
originally contains mouse as well). The network topology is only modified at , by
eliminating the two output heads of Enformer, which predict organism-specific tracks, and
replacing them with a new output head tailored to our 275 target tracks. We also added a
one-dimensional convolutional layer with 275 filters (each with width =1), resulting in 275
output channels, each corresponding to a distinct track. This modification is crucial because
each filter, or "kernel,” a small matrix employed in extracting specific features from input data
via convolution, generates a single channel. These channels represent different feature
maps or filters that capture unique patterns or features in the input data. Mathematically, a
one-dimensional convolutional layer with a kernel size of 1 is equivalent to a fully connected
layer. So in reality, this 1D convolutional layer function is realized by the linear layer function
(snt.Linear()). Furthermore, we applied the 'softplus' function, similar to Enformer, as an
activation function. In total |@ |, the number of adjusted parameters is approximately 20~30M.

Re-training procedure of the TL model. We retained parameters from Enformer to TL for
convolutional blocks, transformer blocks, and pointwise convolution blocks and randomly
initialized parameters in the output head layer. Mirroring Enformer, the Poisson negative log-
likelihood loss function was employed to learn regulatory signals from the TF occupancy in
ChIP-seq and to predict the effects of genetic variants on alterations in TF ChlP-seq
activities. The entire TL analysis was executed using Sonnet v2 and TensorFlow (v2.4.0),
and training was conducted on a single GPU card (A100) with a batch size of 64 for a limited
number of steps. Additionally, due to memory limitation, gradient accumulation?¢® was
adapted, allowing the adjustment of parameters across multiple batches to be aggregated.
The Adam optimizer from Sonnet v2 was employed, maintaining a learning rate of 0.0001,
consistent with the fine-tuning step in the Enformer model.

Within our TL, the fixed parameters, @, contains parameters from the majority of layers,
while fine-tuning parameters are in only a few layers near the output to accommodate new
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tasks. In this study, we meticulously explored the number of layers to be fine-tuned during
the transfer learning process. To do this, we conducted experiments with various
configurations, updating parameters in different numbers of layers in the TL model, and then
assessed the model's performance using validation datasets. As depicted in Appendix
Figure B4.2, the TL architecture, from output to input, encompasses one linear connected
layer, a pointwise convolutional block, 11 transformer blocks, and additional miscellaneous
blocks. Therefore, we began the transfer learning procedure from the linear layer, the one
nearest to the output, with the goal of determining the optimal configuration that optimally
balances model performance. We conducted four tests, incrementally increasing the number
of layers to be fine-tuned: 1) updating parameters only in the final linear fully connected layer;
2) updating the final layer and the pointwise convolutional block; 3) updating the final layer,
the pointwise convolutional block, and one transformer block; 4) updating the final layer, the
pointwise convolutional block, and three transformer blocks. The optimal model in transfer
learning was selected based on two metrics estimated in the validation datasets: 1) Pearson
correlation scores computed for 5,313 tracks, and 2) Loss calculated between predicted and
true values.

Construction of target tissue-based Cis-Regulatory Activities (tCRAS)
TL-derived tCRAs. Based on the re-tasked training above, we define tCRAs (Figure 4.1D) to
reflect the impact of genetic mutations on the cis-regulatory activities below:

1
tCR’A:{l’ | . ’|2_2| . ,l
=1
0, el se
where, t C R As the tCRA for -th SNV, -th track. . is the predicted value of the -th

track when the -th SNV has the proposed alternative allele, which is in the context of a bin
of DNA sequence of 196,608bp; _isthe predicted value of -th track when the -th

SNV has the reference allele; is the total number of SNVs utilized to estimate effect sizes.

Specifically, for a single track, TL produces an output vector consisting of 896 values. The
reference/alternative allele is located just one position to the right of the DNA sequence's

center, which means that its corresponding output value ( o . ) is also centered
in the output vector. The effect of -th SNV (ref -> alt) on -th track is estimated by absolute
value of discrepancy between - from .. We then dichotomized this discrepancy

based on the average values of all SNVs effects. For each distinct track and SNV, a tCRA
value of 1 is designated if SNV’s absolute effect size surpasses the averaged effect size of
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the track; otherwise, the tCRA is denoted as 0. We use this dichotomized value instead of
simply using the value of | - | because of the following reasons: (1) This

process of dichotomization harmonizes the tCRAs with other standard functional annotations,
such as those from PolyFun®?, facilitating the integration of tCRAs to enhance the prior
causal probability in fine-mapping. Moreover, the dichotomized tCRAs simplify the
calculation of accumulated effects of multiple tracks by counting the 1s in all tracks.

Enformer-derived tCRAs. To compare TL to Enformer, we also defined the Enformer version
of tCRAs. Specifically, we downloaded the pre-calculated variant effects from the Enformer
GitHub. Using the Enformer predictions of 12 TF tracks of the breast tissue (Appendix

Table A4.3), we defined the Enformer analogue of tCRAs based on the same formula above.

Prioritization of SNVs using tCRAs. In this work, based on the levels of strength of tCRAs,
we prioritized five subsets of SNVs (500K, 1M, 1.5M, 2M and 3.5M). The dichotomization
mentioned above makes the definition of the cutoffs more straightforward. We rank all SNVs
based on the number of tracks in which the tCRA is defined as 1. Then all SNVs are ordered
by their counts of tCRAs being 1. Note that the orders or SNVs are different if using TL- or
Enformer-derived tCRAs. By tuning the cutoff of number of tracks in two different models, TL
and Enformer, we ensured approximately the same number of variants into the downstream
analysis, e.g., enrichment. The detailed cutoffs (number of tracks) and exact number of
SNVs prioritized in each set are presented in Appendix Table A4.1).

Assessment of the statistical performance of TL

Initial evaluation using overall predictive accuracy. We evaluate the performance of TL
model by calculating Pearson R for 1,937 DNA sequences from the test dataset. For a given
DNA sequence with length of 196,608 units, TL yields an output matrix of 896 x 275 values.
Here, the 896 values are predicted profiles, with each individual value in the vector
corresponding to an averaged profile across a 128bp bin. The test datasets contained 1,937
bins, each 196,608 units long. These were consolidated into a stacked matrix of 1,737,552 x
275, where 1,737,552 is the product of 1,937 and 896. For each of 275 tracks, a Pearson R
correlation is calculated for between a vector of length 1,737,552 with true values and a
vector of length 1,737,552 with predicted values from the TL model. We then evaluated
Pearson R correlation for each TF based in the TL model. Each of 1,937 DNA sequences
contains 196,608 units in the test dataset. Each track yields one Pearson's R value, leading
to a total of 275 Pearson's R values. For each TF in the TL model, the mean values are
computed, taking into account the number of tracks associated with that TF in Figure 4.2B.
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Identifying tracks that are comparable between TL and Enformer models. The TL model
incorporates 275 ChlP-seq tracks, which are distributed across 18 distinct transcription
factors (TFs). To ensure a compatible analysis, we meticulously selected 96 tracks from
Enformer that aligned with 15 of the 18 TFs from TL, as detailed in Appendix Table A4.4. It
is important to note that these 96 tracks were not originally derived from breast tissue.
Nevertheless, previous research suggests that the variations in transcriptional activity of TFs
across different tissues are subtle?6?, thereby justifying our assumption that the tracks are
sufficiently comparable for our analysis. Notably, the quantity of tracks associated with each
TF varied between Enformer and TL. To address this, we adopted a conservative approach
by selecting the smaller number of tracks available for each TF from either Enformer or TL,
resulting in a final selection of 40 tracks. A detailed breakdown of the final track counts for
each TF from both Enformer and TL is as follows: FOXA1 (11), ESR1 (7), CEBPB (4),
FOSL2 and GATA3 (3 each), FOXM1 and NR2F2 (2 each), HDAC2, JUND, PML, SRF,
TCF12, TCF7L2, ZNF217 and E2F1 (1 each).

Comparison of statistical predictions using TL/Enformer comparable tracks. These above 40
selected tracks correspond to 15 transcription factors (TFs), thereby resulting in a refined
matrix of 896 x 40 values. Our test datasets included 1,937 DNA sequences, each
encompassing 196,608 units. These sequences were amalgamated into a comprehensive
stacked matrix of 1,737,552 x 40, where 1,737,552 is the result of multiplying 1,937 by 896.
Following this, for each of the 40 tracks, we calculated the Pearson's R correlation between
the values predicted by the model and the actual values obtained experimentally. This
exercise resulted in a set of 40 Pearson's R values for both the Enformer and the TL models.
These 40 Pearson's R values are illustrated in a violin plot (Figure 4.2C) as well as a QQ
plot (Figure 4.2D), which is based on the average values of Pearson's R for each TF.

Comparison of functional relevance of subsets of SNVs. Functional enrichment analyses
assist in evaluating significant overlap between the SNVs in our selected sets and biological
functional regions, which may imply a functional role of these SNVs sets in disease etiology.
Typically, enrichment analysis was conducted by calculating the percentage of functional
enrichment based on the ratio of functional SNVs to the total SNVs in each subset. We
considered a genetic variant as a functional SNV if it resided within the functional regions
(e.g., enhancer regions). In this study, we engaged three cell lines from breast tissue and six
randomly selected cell lines from other tissues (Appendix Table A4.5). Each cell line
presents 15 chromatin states, but we primarily focused on the seventh chromatin state,
which corresponds to the enhancer regions as determined by the NIH Roadmap. We
collected all genomic regions spanning the enhancer regions, then computing both the count
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and percentage of SNVs from the five SNV subsets prioritized by their contributions from
tCRA (described in the paragraph of Prioritization of SNVs using tCRAS.)

Transcriptome-wide association study (TWAS) analysis
TWAS protocol. We used Fusion?*® to carry out TWAS analysis, which is a 2-step protocol
plus a permutation test. We outline the Fusion procedure below.

In the first step, we trained a predictive model using GTEx expression and genotypes.
Particularly, the cis-variants (500Kb flanking region) are used as input terms and the elastic-
net is used as the predictive model:

~y 4+ where ~ (0, ?)
where  avector representing the gene expression of the k-th gene; is a vector
illustrating the genotype of the -th variant ( =0, 1, or 2) and represent the total number
of variants in the 500Kb flanking region for the -th gene; s the effect size of -th variant
for -th gene, and ¢ is the residual with 2 as its variance. The elastic-net penalty, a mixture
of ;and , regularizers is used optimize () for SNVs.

In the second step, the above trained weights ™ will be applied to the summary statistics of
a GWAS data (in this project, BCAC data):

:zA’

where is standardized effect size of -th genetic variant for a trait at a given cis locus from
GWAS summary statistic files, represents the total number of variants in cis locus of the k-
th gene in target dataset, and = is the estimated Z-score (reflecting the association) of the
expression and trait in the target dataset.

The significant of ~ can be further estimated through permutation. In null hypothesis of no
SNP-trait association ( ~ (0, = ), where X~ is the covariance among all SNPs (LD))
and~ s calculated as ¢z, )2 However, under an alternative model where ™ is
drawn from a non-zero mean distribution, the distribution of ~ depends on both Z-scores of
SNVs for a traitand  weights of SNVs for gene expression. To account for this, a
permutation test is conducted, where expression labels are randomly shuffled and the ™ is
computed against this permuted null distribution. This tests for an expression-trait
association conditional on the observed GWAS statistics. The test is run 1,000 times for
each gene in the TWAS analysis to compute a P value against this empirical null distribution.

Our TWAS analysis using prioritized SNVs subsets. In this study, we altered the above
conventional TWAS protocol by supplying the elastic-net training with only prioritized SNVs.
78



The GTEx and BCAC GWAS summary statistics data mentioned above is used for this
TWAS analysis. The five subsets prioritized by TL-derived tCRAs are used for the
assessment. As a comparison, Enformer-derived tCRAs are also tested. We also tested the
baseline model without any prioritization. In all analysis, the genes with predictive R? > 0.01
are retained for the association mapping and the genes with Bonferroni-corrected P-values
lower than 0.05 are reported as significant.

Data and code availability

TL is publicly available in our GitHub: https://github.com/theLongLab/Transfer-Learning
BCAC: http://bcac.ccge.medschl.cam.ac.uk/

Cistrome TF ChlP-seq database: http://cistrome.org/Roadmap project 15 chromatin states:
https://fegg2.wustl.edu/roadmap/web_portal/chr_state learning.html#core_15state

Bed files for nine cell lines from Roadmap project:
https://egg2.wustl.edu/roadmap/data/byFile Type/chromhmmSegmentations/ChmmModels/c
oreMarks/jointModel/final

COSMIC Cancer Gene Census: https://cancer.sanger.ac.uk/census

DisGeNet: https://www.disgenet.org/search, Concept Unique Identifier (CUI) used for breast
cancer are C0678222 and C0006142.

Enformer: https://github.com/deepmind/deepmind-research/tree/master/enformer

4.4 Discussion

In biological research, although TL has been applied to some application such as single-cell
analysis, systematic retasking of comprehensive models based on multi-scale omics data
has not been carried out. This work represents the first study that proposes a framework to
retask a comprehensive model. Using breast cancer as an illustrating example, we have
thoroughly tested the transferred model in contrast to the base model Enformer regarding
the statistical predictions, annotation of variants, and downstream association mapping. An
immediate future work may be testing this TL framework on other diseases.

It was reported that functional annotation based on epigenetic data from non-target tissues
could introduce a wide range of cellular functions for nonspecific elements not intrinsic to the
disease state?%?, As such, training a multi-scale data integration model will frequently suffer
from the trade-off between too heterogenous samples and too narrowed scope. Here the
development of our TL framework split the task into two steps. First, one can train a
comprehensive model using whatever data are available to integrate all sources of
information. Then, the researchers with dedicated data and expertise can retask to general
model using our framework to apply the integrated scores to their specific applications.
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The applications of transferred model are not limited in TWAS demonstrated in this work. All
the applications that require interpretation of variants may benefit from this transferred model.
for instance, fine-mapping is a promising field that integration of priori knowledge-based
scores may play an important role®: 250, Additionally, such scores may be used to train more
accurate polygenic risk scores?62 264 for clinical use.

We acknowledge that the 275 ChIP-seq tracks from 18 TFs may not encompass the entire
regulatory landscape that reflects the etiology of breast cancer. Nonetheless, our prior
research showed that these 18 TFs have a significant impact on breast cancer
manifestations%. Therefore, these TFs were our first candidates to adapt the Enformer
model to the specific domain of breast cancer. However, other functional-omics targets, like
Histone ChlP-seq profiles or ATAC-seq, can also be employed in transfer learning. The
crucial aspect is to meticulously select targeted functional-omics datasets, as unsuitable
datasets could add noise and distort the transfer learning model's regulatory understanding.
Another constraint of our study is the absence of a refined metric to assess the efficacy of
transfer learning. We relied on the Pearson correlation coefficient to juxtapose the predicted
outputs with the experimental results in the validation datasets, which informed our
assessment of transfer learning's effectiveness and helped us choose the best model.
However, this metric can be demanding computationally and might be disproportionately
affected by certain samples in the validation datasets. Moreover, it is important to
acknowledge that our exploration into the role played by the number of tracks for each TF in
shaping the final tCRAs and TWAS outcomes was limited. Recognizing its potential
significance, we deem it a valuable avenue for deeper scrutiny in subsequent research
endeavors. Finally, although our TL framework provides a computational protocol to retask
Enformer, the performance of transferred models still needs manual inspections and fine-
tuning to optimize. An interesting future work might be integrating this framework with
theoretical research on the transferability?%® of existing models to quantify the feasibility of
such a transfer learning and automate some of the parameter tuning steps.

In summary, our research underscores the potent efficacy of transfer learning in adapting
general-purpose models for specialized areas within biomedicine. Significantly, we
introduced tCRASs to measure the impact of genetic variations on regulatory actions. These
tCRAs are multifaceted, aiding variant interpretation, enhancing susceptibility gene detection,
and uncovering genes potentially missed by conventional GWAS/eQTL or TWAS methods.
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Chapter 5: Large-scale Integration of Proteomics and Genomics

Data to Discover Risk Proteins in Human Cancer

5.1 Introduction

Genome-wide association studies (GWAS) have identified more than 200 genetic risk
variants for each of three common cancer types, breast, colorectal and prostate 266-269, A
relatively smaller number of genetic loci were also identified for other cancer types, such as
cancer of lung, pancreas and ovarian 110113 114:270-273 'Notably, approximately 90% of these
GWAS-identified risk variants are located in noncoding or intergenic genome regions,
implying that they may affect cancer risk through their dysregulation of gene expression 274,
Over the past decades, remarkable efforts have been made in identifying putative cancer
susceptible genes and proteins, using statistical approaches such as expression quantitative
trait loci (eQTL), transcriptome-wide association studies (TWAS), protein QTL (pQTL),
proteome-wide association studies (PWAS) and mendelian randomization (MR). We and
other researchers have conducted extensive eQTL analysis 92 106: 110; 114,252, 271, 272, 275279 gn(d
TWAS79: 81 269, 278; 280-286 0 human cancers. These analyses have identified a large number
of putative cancer susceptibility genes. It should be noted that mMRNA products of genes do
not directly perform cellular functions; rather, the protein products are the key molecules
responsible for various cellular activities. Therefore, the direct impact of proteins on cell
functions surpasses that of mMRNAs. Thus, it is imperative to directly investigate candidate
proteins related to cancer risk using proteomics data.

With the increasingly available proteome data 227-28° | recent integration of GWAS and the
data has enabled several MR studies for breast, pancreas, prostate cancers?°°-2°2 and
PWAS in breast, prostate, ovarian, and endometrial cancers3436, have been conducted to
identify putative susceptible proteins. Despite the successes achieved thus far, many of
these potential susceptibility proteins are not directly linked to the risk variants identified
through GWAS in common cancer types. This observation can be attributed in part to the
limitations of the methodologies employed. For instance, MR primarily characterizes the
most significant pQTL association signals (typically not GWAS-identified risk variants) as
instrumental variables for causal inference, while PWAS primarily focus on predicting protein
expression based on cis-genetic variants. To characterize target proteins for a risk variant,
pQTL and colocalization analysis could be powerful to directly link proteins expression level
to the variant. As the initial GWAS reports only the strongest statistically associated variant
in the region (i.e., the lead variant), it is possible that additional independent risk signals exist
in the same region. Thus, a fine-mapping analysis in the established risk locus is essential to
digest discovered GWAS association signals, and to enable the identification of additional
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independent signals. Extensive fine-mapping studies have been conducted for breast
cancer07:293-297 gnd colorectal cancer?®®, however such investigations for other cancer types
remain largely uninvestigated.

In this study, we comprehensively analyzed risk variants previously reported from GWAS in
prostate, lung, pancreatic and ovarian cancers and fine-mapping studies in breast and
colorectal. We further performed additional fine-mapping analyses using large summary
statistics data from European-ancestry populations in breast, prostate, pancreatic and
ovarian cancers using SuSIiE approach. We identified a total of 712 independent risk-
associated signals for these cancer types. To increase statistical power, we conducted meta-
analyses of pQTL data from plasma protein from Atherosclerosis Risk in Communities study
(ARIC)?" and Ferkingstad’s work3? (citation). At a Bonferroni-corrected significance threshold
of P < 0.05, we discovered a total of 176 proteins associated with 161 lead variants across
six cancer types and identified target proteins for lead variants. Colocalization analysis
identified 44 unique proteins, each sharing one causal genetic signal for protein profiles and
traits with strong evidence. Furthermore, we systematically integrated our findings with
functional genomic data, eQTL analysis, pathways, and drug enrichment analysis to
prioritize candidate proteins with robust regulatory evidence and potential therapeutic
implications in clinical practice. This study may offer new insights and potential avenues for
prevention, therapeutic interventions, drug target development and drug repurposing in

these common cancers.

5.2 Results

Identification of putative susceptibility proteins in six cancer types

To characterize independent risk-associated variants for each cancer, we comprehensively
analyzed previously reported risk variants using the large-scale GWAS data from breast
(N=247,173), ovary (N=63,347), prostate (N=140,306), colorectum (N=125,478), lung
(N=85,716), and pancreas (N=21,536). We systematically fine-mapped genomic regions
centered on these GWAS-identified risk variants. We also conducted fine-mapping analysis
for breast cancer of interests to identify additional risk variants. With stringent filtering criteria,
we only remained high-confident lead variants with independent association signals for each
cancer for our downstream analysis (Figure 5.1; Material and Methods). We identified a
total of 712 independent risk signals, including 227 for breast cancer, 214 for colorectal
cancer, 214 for prostate cancer, 26 for lung cancer, 13 for ovarian cancer and 18 for
pancreatic cancer, respectively (Figure 5.2 and Appendix Table A5.1; Material and
Methods). Specifically, our study pinpointed several novel independent risk signals in
cancers that have not been reported by previous studies, with 5 novel risk signals in breast
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cancer, and 214 for colorectal cancer and 18 in prostate cancer. Unfortunately, no novel loci
are identified in ovarian and pancreatic cancers.
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Figure 5. 1 Flowchart summarizing the study design.

Cis-pQTLs from two studies were meta-analyzed to booster the association between genetic variants and
proteins. Fine-mapping analysis was applied to GWAS summary statistic data from six types of cancers to
characterize independent risk-associated signals. These independent risk-association signals and meta cis-

pQTLs were utilized to identify cancer risk proteins.
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To identify target proteins for these lead variants, we performed integrative analysis by
including target proteins identified from a meta-analysis of two plasma proteomics-based cis-
pQTL datasets (Material and Methods). At a Bonferroni-corrected significance threshold of
P < 0.05, we discovered a total of 176 proteins associated with 161 lead variants across six
cancer types (Figure 5.3 and Appendix Table A5.2). Our findings revealed 43 proteins for
breast cancer, 78 proteins for colorectal cancer, 18 proteins for lung cancer, two proteins for
ovarian cancer, six proteins for pancreatic cancer, and 60 proteins for prostate cancer. We
compared our results with previous proteins studies in breast34 3% 291,299 gvarian3* 36 and
prostate3* 292 cancer and found 76.8% (73/95) proteins have not been reported, including 33
from breast cancer, 46 from prostate cancer and one from ovarian cancer (Appendix Table
A5.3).
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Figure 5. 3 Cancer risk proteins for six types of cancers.
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We conducted an investigation to determine whether the proteins identified in our analysis

were commonly associated with multiple cancer types. Our results demonstrated that 34

target proteins were shared among various cancer types (Figure 5.4A and 5.4B).

Specifically, these proteins were implicated in colorectal and lung cancers (n=10), breast

86



and prostate cancers (n=9), colorectal and prostate cancers (n=7), breast and colorectal
cancers (n=3), colorectal and ovarian cancers (n=1), ovarian and pancreatic cancers (n=1),
lung and prostate cancers (n=1), breast and ovarian cancers (n=1), and breast and lung
cancers (n=1) (Figure 3A and 3B). Notably, we found that these genes are enriched in
1921-1g22 and 6p21-6p22 regions, with five of these genes are in region 1921.2, 1921.3,
and 1922, while 10 genes are located in region 6p22.1-6p21.31 (Figure 5.4C and 5.4D).
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Figure 5. 4 Cancer risk proteins shared by multiple cancers.

A) Venn plots to show shared risk proteins in breast, colorectal, lung and prostate cancers. B) Bar plots to show
shared risk proteins in six types of cancers. C) An example of five risk proteins shared by breast and prostate
cancers in chromosome 1. D) An example of ten risk proteins shared by colorectal, lung and prostate cancers in
chromosome 6. X axis shows chromosome coordinates in million base-pairs and grey squares on bottom to show

genetic variants have no LD (R2<0.1) in European population.

Colocalization analyses between pQTL and GWAS signals

Furthermore, we identified significant colocalization between 161 cis-pQTL signals and
GWAS signals in six types of cancers with the coloc or SMR approaches. Specifically, we
observed significant colocalization for 48 (44 unique) protein associations (Figure 5.5A and
Appendix Table A5.4), including eight for breast cancer, 24 for colorectal cancer, two for

lung cancer, one protein for ovarian cancer, one for pancreatic cancer and 12 for prostate
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cancer. Specifically, we demonstrated that three proteins (PLAUR, CSNK2B and EHBP1),
each with very strong causal signal shared between pQTL and GWAS (PP.H4 > 0.85), from
breast, colorectal and prostate cancer respectively (Figure 5.5B, 5.5C and 5.5D).

Putative cancer susceptibility proteins supported by cis-eQTL and functional genomic
analyses

Among the 176 identified putative cancer susceptibility proteins, 153 proteins have not been
reported in previous eQTLs studies in breast?? 79: 92 106, 109; 252, 295 ' co|grectal?? 269 278: 279,
prostateZZ; 92; 275; 277, 282, 300’ |un922; 92; 271, 277; 284’ OvarianZZ; 277, 285; 286 and pancreatiCZZ; 77,81, 277
cancers. Specifically, we observed 33 novel proteins associated with breast cancer
(Appendix Table A5.5), 66 with colorectal cancer (Appendix Table A5.6), 38 with prostate
cancer (Appendix Table A5.7), 11 with lung cancer (Appendix Table A5.8) and five with
pancreatic cancer (Appendix Table A5.10). To further support our findings, we also
analyzed cis-eQTL in normal tissues from the GTEx and examined the overlap of cis-pQTLs
with cis-eQTLs for the same gene. Our analysis showed that a considerable proportion of
cis-pQTLs (ranging from 8% to 30.5%) were also identified as significant cis-eQTLs in
corresponding tissues. Additionally, we also observed the overlap between 29.6% of the cis-
pQTLs and cis-eQTLs in whole blood. Next, we investigated the colocalization between cis-
pQTL and cis-eQTL signals for identified protein using coloc (Material and Methods). At
PP.H4 > 0.5, our result showed significant colocalization between cis-pQTL and cis-eQTL
signals for 104 proteins, including 18 proteins in breast cancer, 18 proteins in colorectal
cancer, 28 proteins in lung cancer, 6 proteins in ovarian cancer, 19 proteins in pancreas
cancer, and 15 proteins in prostate cancer.

To search for regulatory evidence for the identified target proteins, we performed annotation
analysis for 3,724 putative functional variants which are in strong LD (R? > 0.8 in European
population) with the lead variants (Material and Methods). Our results showed that 35
genes were likely regulated by the closest putative regulatory variants with either promoter
and/or enhancer activities (Appendix Table A5.11). We further investigated the regulatory
mechanism underlying the protein by analyzing chromatin-chromatin interaction data
(Material and Methods). We found that an additional 19 genes were regulated distally by
putative functional variants through long-term promoter-enhancer interactions (Appendix
Table A5.12). In summary, our comprehensive analysis revealed that a total of 54 genes are
subject to regulation by putative functional variants.

Functional evidence of oncogenic roles for the identified proteins
We further examined whether they were implicated in carcinogenesis from previous studies,
such as cancer driver genes3°1:302  or Cancer Gene Census (CGC)?%¢ (Material and
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Methods). We found evidence for nine genes as potential cancer drivers and/or CGC,
including SUB1 and ALDH2 for breast cancer, CSF1R, PDGFRB, CDKN1A, NT5C2, ALDH2
for colorectal cancer, NT5C2 for lung cancer, and S100A7, NT5C2, COL2A1 and MAP2K1
for prostate cancer (Appendix Table A5.13). We further explored potential functional roles
of putative susceptibility genes identified in our study using CRISPR screen silencing data to
investigate gene essentiality on cell proliferation in breast (n=44), colorectal (n=58), ovarian
(n=56), prostate (n=9), pancreatic (n=45), and lung (n=96) cancer relevant cell lines
(Material and Methods and Appendix Table A5.14). Using a cutoff of median CERES
Score < -0.5 393304 'we found evidence of essentiality for gene NSF for both breast and
ovarian cancer cell proliferation; two genes (CSNK2B and PPIL1) for colorectal cancer cell
proliferation and four genes (DNAJC17, MCL1, PPA2 and PSMB4) for prostate cancer cell
proliferation (Appendix Table A5.15).

Putative cancer susceptibility proteins as drug targets and protein-drug connectivity maps.
Of our identified 176 proteins, 57 were designated as potential drug targets based on the
DrugBank database (Figure 5.6A). Particularly, 41 of these proteins have been recognized
as targets for commercially available drugs (Appendix Table A5.16), while the remaining 16
proteins interact with compounds currently under development (Appendix Table A5.17).
Over-representation analysis (ORA) indicated significant enrichment of these 57 proteins in
Pyruvate metabolism (hsa00620) and Hypoxia-inducible factor 1 (HIF-1) signaling pathways
(hsa04066) (P = 0.0194 and 0.0352 respectively, FDR-corrected P value < 0.05).
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Figure 5. 5 Cancer risk proteins exhibit significant GWAS-pQTL colocalization.

A) The number of proteins show significant colocalization in three approaches: coloc, SMR+HEIDI, and coloc or
SMR+HEIDI. B) The percentage of proteins show significant colocation in three approaches. C) lllustration
example of colocalization results in breast cancer for PLAUR gene. -log10(p) association p-values for cancer
GWAS summary statistics in up panel and -log(p) association p-values for proteins level in bottom panel, 100Kb
range. Purple diamond indicates the lead variant. D) lllustration example of colocalization results in colorectal

cancer for CSNK2B gene. E) lllustration example of colocalization results in prostate cancer for EHBP1 gene.

Our further analysis on protein-drug connectivity maps revealed diverse post-treatment
effects on protein levels of 6. We highlighted three proteins of interest. The PDGFRB protein
showed a more frequent increase (red edges) than a decrease (blue edges) following
treatment (Figure 5.6B). Similarly, the MAP2K1 protein exhibited an increased level in many
post-treatment cases, with a decreased level observed in only a few instances (Figure 5.6C).
The protein CDKNZ1A displayed varying post-treatment levels depending on the specific
types of drugs administered (Figure 5.6D). These observations highlight the complex and
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drug-specific nature of protein-level alterations in response to treatment, providing potential

opportunities for drug repurposing and advancing our understanding of cancer mechanisms.
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Figure 5. 6 Drug targets and protein-drug connectivity maps.

A) The number of proteins targeted by approved drugs for commercial usage (drugged proteins) and the number
of proteins targeted by developmental drugs (druggable proteins). B) The protein-drug connectivity map for
MAP2K1. The central node represents the protein (MAP2K1), while the nodes in the outer circle represent the
drugs. Edges in red indicate up-regulation of the protein and edges in blue represents down-regulation of protein
to different drugs in post-treatment scenarios. C) The protein-drug connectivity map for PDGFRB. D) The protein-

drug connectivity map for CDKN1A.

In terms of clinical group enrichment, our analysis using GREP demonstrated modest
enrichment of the 176 identified susceptibility proteins within four ATC classifications
(Appendix Table A5.18). Specifically, significant enrichment were observed for breast
cancer susceptibility proteins in the Ectoparasiticides, including Scabicides, Insecticides, and
Repellents category (P = 0.03), for colorectal cancer susceptibility proteins in the
Preparations for Treatment Of Wounds And Ulcers category (P = 0.04), for prostate
susceptibility proteins in both the Antithrombotic Agents and Anthelmintics categories (P
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=0.02 and 0.002, respectively). In contrast, the panel of 176 proteins demonstrated
substantial enrichment in ICD10 groups, particularly within the ICD10 group C, which
classifies malignant neoplasms across various tissues (Appendix Table A5.19).

5.3 Material and Methods

Data resources

GWAS summary statistics data of European descendants for breast, prostate, ovarian, and
lung cancers have been released from their consortia, including the Breast Cancer
Association Consortium (BCAC)%° (133,384 cases and 113,789 controls), the Prostate
Cancer Assaciation Group to Investigate Cancer Associated Alterations in the Genome
(PRACTICAL)!*! (79,194 cases and 61,112 controls), the Ovary Cancer Association
Consortium (OCAC)19 (22,406 cases and 40,941 controls ), the Transdisciplinary Research
of Cancer in Lung of the International Lung Cancer Consortium (TRICL-ILCCO) and the
Lung Cancer Cohort Consortium (LC3)*3 (29,266 cases and 56,450 controls), and the
Pancreatic Cancer Case-Control Consortium (PanC4)*4 (9,040 cases and 12,496 controls).
For the colorectal cancer, the GWAS data consist of 58,131 cases and 67,347 controls from
six case-control studies®?.

We included results of large-scale cis-protein quantitative trait loci (cis-pQTLS) from two
studies among European-ancestry populations?”: 23, A total 4,657 plasma proteins and
matched genotype data from 7,213 European American (EA) and 4,907 plasma proteins with
matched genotype data from 35,559 Icelanders were separately analyzed. Detailed
description of sample collection and processes of these two cis-pQTL analyses has been
previously described?7: 33,

We obtained lists of cancer driver genes from two previous studies?°% 3% and CGC?2%¢ from
the COSMIC website. To investigate the effect of an individual gene on essentiality for
proliferation and survival of cancer cells, the dataset “CRISPR DepMap 21Q3 Public
measured by CERES” was downloaded from the DepMap portal. To characterize putative
cancer susceptibility genes, cis-eQTL association data of each tissue for GWAS-identified
risk variants in these major cancer types were downloaded from GTEx Google Cloud
resources.

Characterizing independent risk signals in six cancer types

To identify independent risk-associated signals and potential causal variants for each signal
for each cancer type, we performed fine-mapping analysis using GWAS summary statistics
of these cancer types with the SuSIE?*° approach, employing fine-mapping windows of 500

kilobases (kb) and allowing a maximum of five causal variants. Variants with minor allele
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frequency (MAF) > 0.01 were included in our fine-mapping analyses. For the LD reference,
we used LD scores derived from the British-ancestry UK Biobank samples (n = 337,000)°.
The GWAS summary statistics of lung cancer was excluded from the fine-mapping analysis
due to the observed deviation in LD structures compared to the British-ancestry LD
reference. For the remaining five cancer types, we identified a credible set of causal variants
with a 95% posterior inclusion probability (95% PIP) for each identified independent risk
signals. The genetic variant with the minimum p-value in each credible set was defined as
the lead variant of each signal. If multiple variants show the same minimum p-value, we
randomly select one to represent the signal.

To characterize independent risk signals for six types of cancer, we combined our SuSIE
fine-mapping signals with previously GWAS-identified risk signals. In breast cancer, we
incorporated our discovered risk loci with 196 identified signals in previous fine-mapping
study?°® and 32 GWAS risk variants®?” . A newly identified signal was determined by SuSiE if
it met either of the following criteria: 1) For the moderate risk signal (the lead variant with
GWAS P value > 5 x 10® and < 1 x 10%), its lead variant lies in a range of 500 to 1,000 kb
from and exhibits no linkage disequilibrium (LD) (R? < 0.1) with previously GWAS-identified
risk variants. 2) For the strong risk signal (the lead variant with GWAS P value <5 x 10%),
the lead variant is 1 Mb away from and is not in LD (R? < 0.1) with previously GWAS-
identified risk variant [Appendix Figure B5.1].

For colorectal cancer, we performed fine-mapping analyses using the GWAS data from only
European population and the one from European and Asian populations. To determine
independent risk-associated signals, the following criteria are applied: 1) for the analysis
using data from only European population, lead variants should have a P value of <1 x 10°;
2) for the analysis using data from both populations, lead variants required to have GWAS P
value < 1 x 10-%in the multi-ancestry and their GWAS P values are also between 5 x 10 and
1 x 10 in the European population.

For prostate cancer, we integrated our fine-mapping results with 269 risk variants in previous
GWAS studies?’>. These variants were selected based on their significance thresholds: P
value < 5 x 10 in the European population or P value ranged from 5 x 108 to 1 x 106 in the
European population and P value < 5 x 108 in multi-ancestry. We focused on SuSiE-
identified independent risk-associated signals whose lead variants show GWAS P value < 1
x 10, If the previously GWAS-identified risk variants were not in LD (R? < 0.1) with or within
a range of 500 to 1,000 kb from our SuSiE-identified signals, those SuSiE-identified signals
were retained in our list of independent signals. If previously GWAS-identified variants were
not presented in our SuSIE results, we also included them for downstream analyses.
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For both ovarian cancer and pancreatic cancer, we utilized the above strategy employed in
prostate cancer. We combined our fine-mapping results with GWAS-identified risk variants
from Phelan et al.'1° for ovarian cancer and those from Conti et al.}*4 for pancreatic cancer.
For lung cancer, we included 26 GWAS risk variants from the study conducted by Byun et
al.?’* | the same criteria was applied here as prostate cancer: genetic variants with GWAS P
values < 5 x 108 in European population, or their P values ranged from 5 x 108to 1 x 10 in
the European population but exhibited significance (P value < 5 x 108) in the cross-ancestry.

Identification of target proteins for lead variants

To identify target proteins for identified independent risk-associated signals in these cancer
types, we investigated targets of their lead variants using publicly available results of two cis-
pQTL analyses. Association estimates of variant-protein pairs from these two cis-pQTL
analyses were combined through a fixed-effects meta-analysis using meta3°®. We applied
the significance threshold after Bonferroni correction of multiple tests (the count of lead
variant and protein pairs) to identify target proteins for each lead variant. If the lead variant
did not overlap with any cis-pQTLs, we substituted it with the variant having the second
minimum GWAS P value in the same credible set.

Colocalization analyses between pQTL and GWAS signals

To investigate whether associations of lead variants with an increased cancer risk were
mediated through identified target proteins, we conducted colocalization analyses using two
approaches: Bayesian method coloc 3%° and summary data-based Mendelian Randomization
(SMR)®°. For the SMR approach, a followed HEIDI test is performed on significant SMR
results to determine if the colocalized signals can be explained by one single causal variant
or by multiple causal variants in the locus. For each significant cis-pQTL, SNPs with GWAS
P value < 0.5, minor allele frequency > 0.01 and within 50 kb of the lead variant were
included in the colocalization analyses. To estimate posterior probability of colocalization, we
utilized the default priors and coloc.abf function. coloc estimates posterior probability (PP) for
multiple hypotheses of associations between genetic variants and traits. In our study, we
particularly focused on the assumption that one genetic variant is simultaneously associated
with both two traits, which is quantified by PP.H4. We consider a protein to host one shared
causal variant from GWAS and pQTLs if its coloc PP.H4 > 0.5. Additionally, we also
performed SMR+HEIDI analysis for significant cis-pQTL with default parameter settings.
Specifically, significant SMR+HEIDI results were defined as tested locus with Bonferroni-
adjusted SMR P value < 0.05 & HEIDI P value = 0.05 (no obvious evidence of heterogeneity
of estimated effects or linkage).
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Colocalization analyses between cis-pQTLs and cis-eQTLs

To assess the impact of cis-pQTLs on gene expression levels, we systematically compared
them with significant cis-eQTLs (FDR < 0.05) from the overall GTEx (V8) dataset. We
conducted analyses across six primary tissues corresponding to these six cancer types, as
well as whole blood. For each putative cancer susceptibility protein, we first identified the
primary cis-pQTLs within £ 500kb flanking regions from the transcript start site of the gene.
Subsequently, we determined the percentage of overlap between primary cis-pQTLs along
with variants in high LD (R? > 0.8) and significant cis-eQTLs (FDR < 5%) for the same gene
across the six tissues and whole blood.

For the protein in each significant cis-pQTL, we also examined the colocalization between its
Ccis-pQTL and cis-eQTL signals. For cis-eQTL, associations between the gene and SNPs
within = 500 kb flanking regions of this gene were obtained from GTEx. Similar to the
colocalization analysis between GWAS and pQTLs signals, PP.H4 > 0.5 from the coloc
approach or Bonferroni-adjusted SMR P value < 0.05 & HEIDI P value = 0.05 from the SMR
approach, was applied to determine genes with shared causal variant originating from cis-
eQTLs and cis-pQTLs.

Functional annotation of variants in strong LD with lead variants

We identified 3,724 putative regulatory variants in strong linkage disequilibrium (LD) (R? >
0.8 in European population) with 152 lead variants in significant cis-pQTL. We annotated
these variants with the HaploReg tool31°. We examined the overlap between these variants
and a variety of functional annotations, including regulatory chromatin states from DNAse
and histone ChIP-Seq from Roadmap Epigenomics Project and gene annotation from the
GENCODE and RefSeq.

To examine whether identified genes are targeted by putative regulatory variants, we
analyzed a variety of chromatin-chromatin interaction data including experimental and
computational genomic data. Specifically, we obtained computational enhancer-promoter
interactions from 4D-genome, FANTOMS5, EnhancerAtlas, and super-enhancer. We
examined the overlap between putative regulatory variants and enhancer elements in
corresponding cell lines or tissues of these six cancer types. We also downloaded
experimental chromatin-chromatin interaction datasets for these six cancer types. We further
determined enhancer-promoter loops after combining these data with ChlP-seq data of the
histone modification H3K27ac (an active enhancer mark). We focused on interacted loops in
which a fragment overlapped an H3K27ac peak (enhancer-like elements) whereas the other
fragment overlapped the promoter of a gene (defined as a region of upstream 1kb and
downstream 100bp around transcript start site).
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Enrichment of putative cancer susceptibility proteins in DrugBank and clinical
indication categories

We identified potentially drugged and druggable proteins among our identified putative
cancer susceptibility protein by utilizing DrugBank3!!, a comprehensive and curated
database of drugs and drug targets. Proteins targeted by approved drugs were considered
as drugged proteins, while proteins targeted by developmental drug compounds were
categorized as druggable proteins3?2. We systematically downloaded lists of drugs and their
corresponding target proteins from DrugBank and assessed whether our cancer risk proteins
can be categorized as drugged or druggable proteins. To gain deeper insights into the
impact of drug treatment on protein levels, we utilized the connectivity maps provided by the
Cancer Perturbed Proteomics Atlas (CPPA)33, These maps allowed us to examine the
changes in protein expression levels following treatment of drugs. In addition, we also
utilized a tool named Genome for REPositioning drugs3!4 to quantify the enrichment of
cancer risk proteins identified by this study in the target of two clinical indication categories:
Anatomical Therapeutic Chemical Classification System (ATC) and International
Classification of Diseases10 (ICD10).

5.4 Discussion

To our knowledge, this is the first study to comprehensively explore putative target proteins
for lead variants identified from GWAS in six common cancer types. We characterized 712
genetic lead variants from independent risk signals across six cancer types by examining
previously reported cancer risk variants and performing additional fine-mapping analyses.
Integrating cis-pQTL based on plasma proteome among large-scale European population,
we identified 176 putative susceptibility unique proteins for these variants. Of them, 156 had
not been previously associated with cancer risk. Furthermore, we showed evidence of cis-
regulation by putative functional variants via proximal promoter or distal enhancer-promoter
interactions for 54 genes. These findings provide a large number of putative susceptibility
proteins and advance our understanding of cancer biology and etiology.

Our identification of cancer putative susceptibility proteins was strengthened by a meta-
analysis of large-scale sample sizes with 7,213 samples from European American and
35,559 samples from Icelanders. The analytic strategy greatly improved the statistical power.
Of note, our findings are based on protein expression levels measured in plasms, which may
reflect active secretion and/or leakage from tissues into circulation. However, we showed
that 20.6% of pQTL in plasma can be supported by eQTL signals in cancer target tissues, in
line with previous observation. The concordance between pQTL and eQTL associations

supports the notion that genetic variants can influence protein expression levels through
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regulatory effects on gene expression, thereby influencing cancer susceptibility and disease
progression. These findings provide compelling evidence of the potential interplay between
gene regulation and protein expression across various tissues, offering valuable insights into
the underlying mechanisms driving cancer risk and development.

Our findings indicate that several proteins common across different cancer types are located
within two chromosomal regions, with five proteins in 1g21-1923 and10 proteins in 6p21-
6p22. In line with previous findings, these regions consistently emerge as a significant locus
in cancer research. A study on copy number variation showed 90% of invasive breast
cancers with copy number gains in genes at the 1921-1g22 regions®'°. Other studies have
pinpointed over 100 potential oncogenes in 1g21-1g23 regions for basal tumors and luminal
breast cancers?®6, The 6p21-6p22 regions, also known as the Major Histocompatibility
Complex (MHC) region, play a pivotal role in the immune system's function. Previous studies
have identified genes in these regions implicated in breast, colorectal, lung, and prostate
cancers3'”: 318 gpecifically, the locus 6p21.2 in breast cancer has drawn attention due to its
location within the CDKN1A gene, a key cell-cycle regulator and HLA-F at 6p22.1 has shown
a notable association with breast cancer risk in Asian women?3!8, Together with these
findings, our study revealed putative cancer susceptibility genes in these loci, providing
evidence of regulatory mechanisms underlying cancer pleiotropy for shared cancer risk.

Susceptible proteins identified from this study could be potential therapeutic targets, as
many enzymes, transporters, ion channels and receptors have already been targeted by
pharmaceutical drugs. For example, our study identified ALDH2 as a novel protein linked to
breast cancer. As per DrugBank, Disulfiram (commercial name: Antabuse; DrugBank ID:
DB00822) targets ALDHZ2. Disulfiram was initially used for treating alcohol dependence.
However, recently studies suggested that Disulfiram targets the proteasome in cancer cells
with combination with copper, leading to cell apoptosis3*®. These findings have galvanized
interest in repurposing Disulfiram for many cancers treatment320-322 with our study further
substantiating its potential application in breast cancer therapy. Similarly, our research
spotlighted PDGFRB as a newly associated protein with colorectal cancer. This protein is
targeted by Sorafenib (commercial name: Nexavar; DrugBank ID: DB00398), a multi-kinase
inhibitor approved for treating hepatocellular carcinoma3?® and metastatic renal cell
carcinoma®?*. Recent studies indicated there are an increasingly usage of Sorafenib in
treatment of some thyroid cancers3?5-327, Supported by our study’s results, this drug may
potentially be re-proposed for colorectal cancer therapeutic treatment. In summary, this
study is also likely to advance our understanding of genetic susceptibility and, potentially
providing rationale for the development of prevention, prognosis and therapeutic targets in
CRC.
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We acknowledge that the cis-pQTL in our study were generated from plasma in blood and
might enable the missing of proteins with tissue-specific cellular function. Conducting future
cis-pQTL analysis using tissue-specific proteomic data is likely to identify tissue-specific
susceptibility proteins. Nevertheless, the plasma-based cis-pQTL from large-scale
population in our study advanced the discovery of susceptibility proteins with robust
statistical power. Furthermore, future cis-pQTL analysis should consider cellular
heterogeneity within each tissue and cis-pQTL at single-cell level would provide a better
understanding of cancer etiology. Moreover, our study was limited to individuals of European
ancestry and further investigations are needed to assess the relevance of these proteins in
non-European populations. With the advent of various omics data generated in samples
from the same individual, comprehensive integration of multi-omics data including
proteomics can advance the discovery of reliable cancer susceptibility genes.

In conclusion, our study demonstrated noticeable value of integrating proteomics and
genetics data in identifying cancer susceptibility proteins. Our findings bring novel insights
into the biological basis of cancer etiology. Particularly, several of proteins identified in our
study are targeted by drugs, demonstrating their potential opportunities in cancer clinical
cancer treatments.
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Chapter 6: Conclusions and Future Directions

In this thesis, we have developed four novel advanced approaches realized through four
projects by integrating domain knowledge with statistical and machine learning models to
enhance pivotal feature selections. This thesis work delivers noticeable compelling results as
well as three computational models, openly accessible via GitHub. Moreover, it underscores
the feasibility, utility, and imperative of harnessing multi-omics data for critical feature
selection. Finally, all deliveries in this thesis serve as illustrative cases to show the
integrative power of multi-omics in elucidating the genetic underpinnings of complex human
diseases.

6.1 Summary of contributions

The first project integrates three-dimensional (3D) chromatin structure data to uncover the
3D-genetic underpinnings of human complex diseases by pre-selecting genetic variants.
This work offers three pivotal advancements in leveraging multi-omics data to decipher the
genetic determinants of intricate human diseases. First, we initiated an exploration into how
genetic variants in physically proximate paired regions interact within 3D chromatin
configurations. Second, we developed the model named “Interaction-integrated Linear Mixed
Model (ILMM)”, groundbreaking model that enables researchers to analyze interactions
between genetic variants and significantly reduces the computational challenge of handling
vast combinations of genetic interactions. Third, this work provides a new angle of using 3D
chromatin structure information. Instead of merely annotating chromatin interactions for
specific SNVs, we use this 3D data to select genetic variants and evaluate their role in
disease heritability. When we applied the ILMM to whole-genome sequencing data for
Autism Spectrum Disorder, we found 719 significant paired regions (after undergoing
Bonferroni correction) that likely harbor genetic interactions, encompassing 333 genes. By
applying ILMM to the gene expression across ten tissues from GTEX, we detected numerous
significant 3D-cis eQTLSs. Interestingly, only a subset of genes presented 3D-cis eQTLS:
ranging from 4.72% to 11.09% in brain tissues and 18.67% in whole blood. In particular, we
revealed a hypothetical mechanism conferring the risk of ASD, which involves distal
regulation between FOXP2 and DNMT3A through 3D interactions. In summary, this work
highlights the potential of combining 3D chromatin structural data with traditional linear
mixed models, leading to novel revelations about the 3D-genetic foundations of complex
traits and expressions.

The second project emphasizes gene selection based on their capacity to decipher hidden
dimensions as recognized by an Autoencoder. While traditional methods utilize SHAP values
from the explainable artificial intelligence (XAl) technique to determine gene contributions to

individual disease status predictions, these methods fall short of pinpointing which genes
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critically influence diseases across studied cohorts. In response, we developed eXplainable
Autoencoder for Critical genes (XA4C), which calculates a critical index for each gene using
its SHAP values, prioritizing genes that hold pivotal roles within disease cohorts. This work
brings two advancements to investigation of genetic basis of human complex diseases.
XA4C eases data acquisition and has border applications. XA4C relies solely on the gene
expression data of the disease cohort, a type of data that is less sensitive and more readily
accessible. This eliminates the need for control samples, thereby simplifying sample
collection and reducing research expenses. Second, XA4C incorporates non-linearity
interactions among genes through its Autoencoder hidden dimensions. Genes prioritized by
critical indexes also consider gene-gene interactions, an aspect frequently overlooked in
differential expression approaches that solely focus on the marginal impacts of individual
genes. Applying XA4C to the gene expression data of six cancer types (BRCA, COAD, KIRC,
LUAD, PRAD, THCA), derived exclusively from case groups, we identified approximately
300 critical genes from 335 pathways for each cancer. Interestingly, these critical genes
overlap minimally with traditionally identified differentially expressed genes and hub genes.
This suggests critical genes convey novel insights from transcriptome data, insights that
remain elusive to traditional analysis. In addition, enrichment of Critical genes in a
comprehensive disease gene database (DisGeNET) is higher than differentially expressed
or Hub genes, evidencing their strong relevance to disease pathology. In summary, this work
underscores the importance of critical indexes and introduces a novel perspective on the
transcriptomic intricacies that underpin the etiology of complex human diseases.

My third project focuses on merging disease-specific transcriptome factor binding knowledge
with the general regulatory insights embedded in the Enformer model to select genetic
variants. This is achieved through transfer learning framework, under which, we tailored the
Enformer model to a few disease-specific functional omics. This gave rise to our "transfer
learning model", a tool capable of generating target tissue-centric Cis-Regulatory Activities
(tCRAsS) that are invaluable for prioritizing genetic variants. Specifically, we conduct transfer
learning on the Enformer using 275 ChlP-seq datasets from 18 transcriptome factors specific
to breast cancer. This transfer learning model, tailor-made for breast cancer, is adept at
producing tCRAs for 10M SNVs from a large population study from BCAC. Utilizing these
tCRAs, we selected five prominent subsets of genetic variants, specifically variants in
number of 500K, 1M, 1.5M, 2M, and 3.5M. Further exploration indicated that these variants
are significantly concentrated in the enhancer regions of disease-specific primary tissues,
markedly outshining equivalent sets extracted from Enformer. Additionally, when these
variants were synergistically assessed with eQTLs, they unveiled a broader spectrum of
genes with altered expressions potentially linked to disease dynamics, a breadth Enformer
couldn’t capture. Later, we showed genetic variants in these five subsets have higher
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enrichments in enhancer regions from disease primary tissues compared the counterplayer
five sets from Enformer. In addition, our results showed that genetic variants in these five
subsets integrated synergistically with eQTLs and reveal a broader spectrum of genes with
altered expressions potentially linked to breast cancer, a breadth Enformer couldn’t capture.
Taking together, this work is a breakthrough in the field of exploring genetic basis underlying
disease. First, we demonstrated the feasibility of adding specific domain priori knowledge
into general knowledge learned by previously models through transfer learning framework.
Second, we demonstrated that target tissue-based Cis-Regulatory Activities generated by
transfer learning models can explain a more comprehensive landscape of disease genetic
basis. In summary, this work underscores the transformative power of targeted, data-driven
methodologies in advancing our understanding of genetic complexities inherent to diseases.

My fourth project, we strategically integrated proteomics with rigorously studied quantitative
trait loci, pinpointing proteins tied to disease susceptibility. Unlike our preceding three
projects, which centered on the development of novel multi-omics integration tools, this
initiative delves deeply into data amalgamation. We started by examining previously reported
cancer risk variants and performing additional fine-mapping analyses, which resulted into the
identification of 712 characterized genetic lead variants from independent risk signals across
six cancer types. Advancing this research, we merged cis-pQTLs sourced from the plasma
proteomes of an expansive European cohort (N=42,772) with these genetic lead variants.
This fusion unveiled 259 pQTL associations, meeting a Bonferroni-corrected p-value
threshold of < 0.05. Intriguingly, these associations linked 176 unique proteins to 161 risk
variants, and over 70% of these proteins had remained undetected in prior eQTL analyses or
transcriptome-wide association studies of the same cancers. Colonization of GWAS and
pQTLs studies revealed 48 proteins (unique 44) that each possess a shared causal genetic
variant affecting both protein expression and disease state. In addition, we showed that 20.6%
of pQTL in plasma can be supported by eQTL signals in cancer target tissues, in line with
previous observation. Furthermore, we found several genes encoding these proteins play
oncogenic roles in cancers, with nine potentially driving cancer and seven significantly
influencing cancer cell growth (CERES Scores <-0.5). Last but not least, these proteins have
significant meaning in drug repurpose as 32 % (57/176) are designated as potential drug
targets based on the DrugBank. To summarize, this is the first study to comprehensively
explore putative target proteins for lead variants identified from GWAS in six common cancer
types. Additionally, this is the first time we synthetically analyzed plasma protein-derived
pQTLs, tissue-specific eQTLs from GTEX, and fine-mapped GWAS signals across six
prevalent cancer manifestations. Through integrated analysis of three datasets, we provided
evidence supporting the notion that genetic variants can influence protein expression levels
through regulatory effects on gene expression, thereby influencing cancer susceptibility and
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disease progression. Our work, by delineating the interrelationship between genetic variants
and protein expression, illuminates novel avenues for the prevention and therapeutic
intervention of intricate cancers.

In summary, our exploration into the intricacies of complex human diseases has been
markedly enriched through the amalgamation of diverse omics datasets. This integrative
approach has provided us with profound insights into the regulatory mechanisms and
etiologies that lie beneath. 3D-genetic basis from project 1, critical gene expression from
project 2, five sets of genetic variants and genes with high-confident disease susceptibilities
from project 3 and cancer risk proteins with disease susceptibilities from project 4. While
each project was tailored to address distinct challenges, together, they form a mosaic picture
that underscores the importance of multi-omics knowledge. This collective effort enhances
our overarching understanding of the genetic foundations integral to intricate human
diseases. A promising direction that merits deeper exploration is cross-referencing key
outcomes across our projects. Consider the possibility of applying the interaction-integrated
linear mixed model (ILMM) from Project 1 to cancer datasets. These datasets, which contain
genotyped information from both patients and healthy individuals, can shed light on the 3D
genetic underpinnings of cancers. Insights into this 3D genetic framework can then be
leveraged to examine the genetic interactions of critical genes pinpointed in Project 2.
Another illustrative example is the potential use of tCRAs to determine genetic variants that
are essential for protein expression. Among the large number of proteins, our fourth project
highlighted 176 cancer-risk proteins, positioning them as prime candidates for such research.
Finally, there's a growing demand to develop comprehensive approaches or frameworks that
can integrate results from different tools at multiple levels.

6.2 The limitations of my four projects

In this thesis, | showed that four distinct projects, each bearing significant insights and
compelling results, collectively advanced the understanding genetic basis underlying
complex diseases. We recognize, however, that these four projects come with their own sets
of limitations. In this section, we elucidate these limitations and suggest potential avenues
for further refinement and investigation.

In my first project, we leveraged 3D chromatin structure derived from cultured neurons and
glial cells differentiated from human induced pluripotent stem cells (iPSCs), which was the
sole 3D dataset accessible to us during the ILMM model's development. However, this
dataset may not encapsulate the full complexity of cell heterogeneity inherent to brain tissue.
When postmortem brain tissue-derived 3D chromatin data becomes available, we

recommend analyzing the genetic underpinnings of ASD with the ILMM model informed by
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more disease-relevant prior knowledge. Furthermore, we focused on genetic interactions
between paired regions (each in length of 5K base-pairs) harnessing Hi-C loops, without
delving into interactions within these loops. Many studies have reported that gene pairs
locating in one Hi-C loop have more interactions compared to gene pairs locating outside of
Hi-C loop. As a result, we recommend quantitatively characterizing genetic interactions with
Hi-C loops and their contribution to etiology of disease.

In my second project, we analyzed critical genes for six cancer types, utilizing the TCGA
project datasets with limited number of samples size (N = 389 ~1048). Such a limited sample
size poses the risk of highlighting cohort-specific genes rather than generally relevant
oncogenes in large populations. Therefore, we suggest deploying the XA4C tool on larger
datasets from varied studies. Moreover, cancers are kind of complex human diseases with
noticeable heterogeneity. As a result, we recommend stratifying cases based on recognized
subsets before applying XA4C to reveal more nuanced insights into critical genes.

In my third project, we tailored Enformer to 275 transcriptome factors binding ChlP-seq data
from 18 breast cancer-specific TFs. The rationality underlies in our previous study, which
demonstrated crucial role played by these 18 TFs in breast cancer manifestations®.
However, target functional-omics profiles are not limited to TFs ChlP-seq profiles and can be
extended to include other breast cancer-relevant epigenic profiles (e.g., Histone ChlP-seq
profiles, ATAC-seq, etc.). However, meticulous, and careful choice of targeted functional-
omics datasets which Enformer will be tailored to is notably crucial. This is because
regulatory knowledge learned in Enformer is based on DNA sequences and their
corresponding epigenetics and transcriptomics profiles. Therefore, inappropriate datasets
might introduce noise, skewing the model's regulatory knowledge. Another limitation in this
study is a lacking a sophisticated metric to evaluate performance of transfer learning. In this
study, we utilized Pearson correlation coefficient, to compare predicted outputs with their
experimental counterparts in validation datasets, guiding both our evaluation of transfer
learning performance and the selection of the optimal model. However, this metric can be
computationally intensive and may be overly influenced by a subset of samples within the
validation datasets.

In my fourth project, we recognize that the cis-pQTLs in our study were derived from plasma,
which may lead to the omission of proteins with tissue-specific functions. Future cis-pQTL
analyses leveraging tissue-specific proteomic data stand a greater chance of pinpointing
tissue-specific susceptibility proteins. Moreover, it's imperative that subsequent cis-pQTL
studies account for the cellular heterogeneity inherent within each tissue. Analyzing cis-
pQTLs at the single-cell level promises a deeper comprehension of cancer etiology.
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Additionally, our research was confined to individuals of European ancestry, underscoring
the need for expanded studies to determine the applicability of these proteins in non-
European populations.

We acknowledge these four projects are segmented to a large extent even though they are
aimed at identifying different features at multiple levels to characterize the genetic basis of
human diseases. The primary challenge, understandably, stems from the intricate web of
biological mechanisms. A promising strategy, as previously mentioned, is to cross-reference
results from various tools. As we forge ahead, the creation of advanced, comprehensive
models capable of assimilating vast amounts of information holds great promise. Such
models could bring us into a new era, deepening our understanding of the biological
underpinnings of disease etiology.

6.3 The future directions

In past decades, multi-omics studies have already proven themselves as a powerful
approach for the in-depth understanding of complex networks of cells, functionality of
molecules and diseases etiology. Multi-omics data will continue growing, so is the research
dedicated to studying them. Positioning myself in the trend of integrative analyses and in the
age of multi-omics, | encompass my vision of my future research into the following two
angles.

Integrate multiple omics in hierarchical frameworks

For three models | developed, XA4C model utilized one omic -- transcriptomics; ILMM
utilized two omics, which are genetic and 3D chromatin structure; transfer learning model
built hierarchical linking genetics with numerous epigenomics and transcriptomics. However,
epigenomics and transcriptomics are in parallel structures not hierarchical structures. |
envisage the creation of hierarchical models that seamlessly integrate multiple omics layers,
in congruence with foundational biological principles (e.g., DNA A RNA A Proteins A
Diseases/Traits). These advanced models hold the potential to delve deeper into the
intricate regulatory networks governing molecular interactions. Specifically, | am keen on
harnessing the power of these sophisticated hierarchical models to enrich our understanding
of physiological processes and the intricate pathogenesis of cancer.

One major obstacle for building such hierarchical models comes from the heterogeneity of
multi-omics datasets. These omics, generated from different studies, suffered from samples
dispensary and platform inconsistencies?. A conventional approach to solve this obstacle
involves complicated preprocessing of data, meticulously matching samples from across

studies and platforms, systematically imputations for missing values in omics?3¢. However,
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the advent of single-cell multi-omics data offers a compelling solution to heterogeneity
challenges, presenting exciting opportunities for the development of hierarchical models. In
single-cell studies, multiple modalities can be obtained for a given cell type. Consequently,
features from these varied modalities can be harmoniously integrated using an array of
methods3?8 32°. Nervethless, single-cell multi-omics provided an ideal resolution to
systematically study biological network in each cell, it also has limitations in its current stage.
Firstly, the substantial cost associated with per-cell analysis means that single-cell multi-
modality analyses are restricted to a limited number of cell types. Secondly, technical
bottlenecks inherent to certain single-cell multi-omic technologies result in pronounced data
sparsity in some modalities (e.g., transcriptomics). This sparsity complicates analysis due to
the challenge of differentiating genuine cell-specific features from noise. However, these
limitations may be mitigated as an increasing number of studies and large consortiums
generate multi-modal data at the single-cell level, and as technologies persistently progress
and advance.

Integrate multiple omics across multi-ancestry

Nowadays, cross-ancestry studies are gaining increasing attention in biological research,
indicating their intrinsic value in understanding the complex tapestry of human genetics. Due
to population stratifications, cohorts descended from different ancestry inherently possess
unigque genetic architectures. Consequently, analytical results generated from one ancestry
may not precisely replicate in another ancestry. However, due to historical biases in scientific
research, cohorts of European populations presented a majority in biochemical studies. The
iconic database, UK Biobank, collected biochemistry and biomedical data from half a million
subjects with British ancestry. Another example database, All of Us (USA), although
targeting over a million participants, is predominantly constituted of European ancestry.
However, it also includes some non-European ancestry, including African American, Asian,
Hispanics etc. Similar skewness of populations also presented in cancer GWAS data
resource, where European GWAS datasets are the predominant. As an illustration, breast
cancer research boasts datasets with 228k subjects of European descent (BCAC) compared
to 48k East Asians (ABCC) and 40k African Americans (AABCG). This disparity is also
noticeable in colorectal cancer research with European samples vastly outnumbering African
American samples in consortia like CORECT/GECCO. Given the fact that non-European
ancestry presents a minority in biological studies, cross-ancestry studies are indispensable
as they harness the diverse genetic underpinnings prevalent in different populations. With
this perspective in mind, | will develop models integrating multi-omics across multi-ancestry
to advance our understanding of genetic basis underlying disease in a broader spectrum.
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A. Tables

Table A2. 1 9 brain tissues and the whole blood as well as their sample size in GTEX.

GTEx tissues Sample size
Caudate_basalganglia 194
CerebellarHemisphere 175
Cerebellum 209
Cortex 205
FrontalCortex_BA9 175
Hippocampus 165
Hypothalamus 170
Nucleusaccumbens_basalganglia 202
Putamen_basalganglia 170
Whole_Blood 670
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Table A2. 2 Significant regions and genes discovered by ILMM applying to the MSSNG dataset.

ILMM method: brain specific interacting regions p-value (BF #SNPs in #SNPs in Genes locate in regionl Genes locate in region2 (no flank) SKAT p-value SKAT p-value
correction) regionl region2 (no flank) (regionl) (region2)

1:690000:700000_1:224160000:224170000 7.69998E-07 12 36 null null 0.062000782 0.472570044
1:820000:830000_1:5710000:5720000 5.23524E-09 31 33 null null 1.27854E-05 0.668488192
1:820000:830000_1:5720000:5730000 6.50587E-34 31 102 null null 1.27854E-05 1.45181E-30
1:1580000:1585000_1:1645000:1650000 1.1128E-08 34 47 CDK11B; CDK11A; 0.132711423 1.05516E-05
1:2125000:2130000_1:2310000:2315000 1.35295E-07 7 13 Clorf86; MORN1; 0.277616923 0.929148165
1:12850000:12860000_1:12920000:12930000 1.78558E-09 78 81 PRAMEF1; PRAMEF2; 0.004378124 0.161348185
1:12890000:12895000_1:12945000:12950000 6.27802E-20 59 51 PRAMEF11; PRAMEF4; 0.00024427 0.003936188
1:16830000:16840000_1:144530000:144540000 2.91353E-12 205 141 null null 2.55531E-06 0.00101238

1:16830000:16840000_1:144520000:144530000 8.69473E-11 205 109 null AL592284.1; 2.55531E-06 0.021231989
1:16830000:16840000_1:17070000:17080000 1.75698E-12 205 165 null CROCC; 2.55531E-06 0.000484818
1:16830000:16840000_1:16970000:16980000 7.42872E-10 205 124 null null 2.55531E-06 0.396732549
1:16830000:16840000_1:234910000:234920000 1.11977€-14 205 73 null null 2.55531E-06 0.089807257
1:16830000:16840000_1:149220000:149230000 2.07274E-10 205 79 null null 2.55531E-06 0.008625118
1:16830000:16840000_1:16960000:16970000 9.03294E-11 205 81 null null 2.55531E-06 0.77911414

1:16830000:16840000_1:145380000:145390000 2.18453E-09 205 53 null null 2.55531E-06 0.296398154
1:16835000:16840000_1:234915000:234920000 4.9278E-16 131 46 null null 0.000306138 0.109867025
1:16835000:16840000_1:17220000:17225000 1.95153E-10 131 83 null CROCC; 0.000306138 0.558717641
1:16835000:16840000_1:17070000:17075000 2.18736E-13 131 60 null CROCC; 0.000306138 0.005248263
1:16860000:16870000_1:149280000:149290000 4.39574E-09 70 60 AL355149.2; null 0.011512135 0.061052869
1:16860000:16870000_1:234910000:234920000 6.83104E-13 70 73 AL355149.2; null 0.011512135 0.089807257
1:16860000:16870000_1:17000000:17010000 6.3004E-10 70 66 AL355149.2; AL137798.1; 0.011512135 0.23047106

1:16870000:16880000_1:17000000:17010000 3.87342E-08 62 66 null AL137798.1; 0.15568589 0.23047106

1:16890000:16900000_1:234910000:234920000 3.95795E-13 155 73 NBPF1; null 0.311585064 0.089807257
1:16890000:16900000_1:16960000:16970000 1.76385E-09 155 81 NBPF1; null 0.311585064 0.77911414

1:16910000:16920000_1:145290000:145300000 7.6094E-10 173 161 NBPF1; NOTCH2NL;RP11-458D21.5;NBPF10; 0.001038555 0.000867376
1:16920000:16925000_1:21790000:21795000 2.4437E-09 44 25 NBPF1; NBPF3; 0.53407082 5.09433E-07
1:16920000:16930000_1:21790000:21800000 5.58222E-09 84 35 NBPF1; NBPF3; 0.603783266 5.26971E-07
1:16930000:16940000_1:234910000:234920000 1.55213E-08 116 73 NBPF1; null 0.277653563 0.089807257

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S2 in Supplementary_Tables.xIsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 3 Significant genes discovered by SKAT applying to MSSNG dataset (sliding window 5Kb).

Genes_name Validated_by_ILMM Validated_by_SFARI
RGPD2 TRUE FALSE
AL592284.1 TRUE FALSE
ANKRD36C TRUE FALSE
SRGAP2 TRUE FALSE
GYPB TRUE FALSE
NBPF10 TRUE FALSE
PTPRD TRUE FALSE
KMT2C TRUE TRUE
UPK3B TRUE FALSE
C3orf55 TRUE FALSE
ZNF717 TRUE FALSE
GOLGAG6A TRUE FALSE
MARK4 TRUE FALSE
RSPH10B TRUE FALSE
POTEF TRUE FALSE
ARHGAP11B TRUE TRUE
TAF4 TRUE FALSE
ANXA2 TRUE FALSE
AC005779.2 TRUE FALSE
AC006126.3 TRUE FALSE
PRAMEF11 TRUE FALSE
PDXDC1 TRUE FALSE
NOTCH2 TRUE FALSE
RP11-1084)3.4 TRUE FALSE
NBPF1 TRUE FALSE
NF1 TRUE TRUE
ZC3H12C TRUE FALSE

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S3 in Supplementary_Tables.xIsx,
accessible through the following URL.: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 4 The 3D-cis eQTL identified by applying ILMM to Brain Caudate basal ganglia (GTEX).

HENGS Gene_nam Ch Gene_Sta | Gene_En Interacting regions p_value_BFO. #SNPs #SNP | Genes locate in region1 (flank 20k) Genes locate in region2 (flank 20k)
e r rt d 05 in sin
region regio
1 n2
ENSG00000237 RP11- 1:720000:730000_1:22420 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11- RP11-504P24.3;RP11-504P24.4;RP11-
1 714150 745440 - 1.14304E-13 88 153
491 206L10.9 0000:224210000 206L10.10; 504P24.6;
ENSG00000237 RP11- 1:725000:730000_1:22420 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11- RP11-504P24.3;RP11-504P24.4;RP11-
1 714150 745440 - 2.73546E-14 50 84
491 206L10.9 5000:224210000 206L10.10; 504P24.6;
ENSG00000160 1:1340000:1350000_1:140 MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
ATAD3B 1 1407143 1433228 - 3.59713E-11 100 104 ATAD3C;ATAD3B;
072 0000:1410000 758J18.7,TMEM88B;RP4-758)18.10;
ENSG00000189 1:1580000:1585000_1:164 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
SLC35E2B 1 1592939 1624167 - 3.69232E-23 84 103 MMP23A;CDK11A;RP1-283E3.8;
339 5000:1650000 345P4.7;RP11-345P4.6;
ENSG00000189 1:1585000:1590000_1:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
SLC35E2B 1 1592939 1624167 1.57851E-22 103 120 MMP23A;CDK11A;RP1-283E3.8;
339 0000:1655000 345P4.7;RP11-345P4.6;
ENSG00000008 1:1620000:1625000_1:167 CDK11A;RP1-283E3.8;RP1-
CDK11A 1 1634169 1655766 - 1.78312E-10 52 64 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
128 0000:1675000 283E3.4;SLC35E2;
ENSG00000008 1:1620000:1625000_1:167 CDK11A;RP1-283E3.8;RP1-
CDK11A 1 1634169 1655766 - 1.85152E-11 52 76 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
128 5000:1680000 283E3.4;SLC35E2;
ENSG00000157 1:2130000:2140000_1:251 Clorf86;AL590822.1;RP11-181G12.5;RP11- TNFRSF14;RP3-395M20.7;RP3-
FAM213B 1 2517930 2522908 3.74512E-15 95 95
870 0000:2520000 181G12.4; 395M20.9;FAM213B;
ENSG00000270 RP11- 1:7730000:7735000_1:781
1 7753184 7754904 - 2.51337E-11 52 49 CAMTA1;RP11-338N10.1; CAMTAL;
171 338N10.1 0000:7815000
ENSG00000232 RP11- 1636167 1636652 1:16110000:16120000_1:1
1 - 7.02793E-18 102 135 FBLIM1;RP11-169K16.6;RP11-169K16.7; CLCNKA;RP11-5P18.10;CLCNKB;FAM131C;
456 5P18.10 3 4 6380000:16390000
ENSG00000219 1688881 1694005 1:16870000:16875000_1:1
NBPF1 1 2.56382E-14 201 44 RP5-875013.6;AL355149.1;NBPF1; ESPNP;
481 4 7 7055000:17060000
ENSG00000219 1688881 1694005 1:16870000:16875000_1:1
NBPF1 1 2.48011E-12 201 57 RP5-875013.6;AL355149.1;NBPF1; ESPNP;
481 4 7 7050000:17055000
ENSG00000219 1688881 1694005 1:16890000:16900000_1:2
NBPF1 1 - 3.07662E-18 369 95 NBPF1; null
481 4 7 34910000:234920000
ENSG00000219 1688881 1694005 1:16890000:16900000_1:1
NBPF1 1 1.10701E-19 369 90 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;
481 4 7 6960000:16970000
ENSG00000219 1688881 1694005 1:16910000:16920000_1:1
NBPF1 1 3.60459E-13 194 105 NBPF1; NOTCH2NL;RP11-458D21.5;NBPF10;
481 4 7 45290000:145300000

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S4 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 5 The 3D-cis eQTL identified by applying ILMM to Brain Cerebellar Hemisphere (GTEX).

HENGS Gene_nam | Ch | Gene_St | Gene_E | Interacting regions p_value_BF | #SNP | #SNP | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
e r art nd 0.05 sin sin

regio regio

nl n2
ENSG0000023 | RP11- 1:720000:730000_1:224200000: | 2.80353E- RP11-504P24.3;RP11-
7491 206L10.9 1 714150 745440 | 224210000 11 82 141 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11-206L10.10; 504P24.4;RP11-504P24.6;
ENSG0000023 | RP11- 1:725000:730000_1:224205000: | 7.13701E- RP11-504P24.3;RP11-
7491 206L10.9 1 714150 745440 | 224210000 12 45 73 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11-206L10.10; 504P24.4;RP11-504P24.6;
ENSG0000023 135380 135714 | 1:1340000:1350000_1:1400000: 2.61286E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
5098 ANKRD65 1 0 9 1410000 26 94 109 758)18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG0000016 140714 143322 | 1:1340000:1350000_1:1400000: | 2.43435E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
0072 ATAD3B 1 3 8 1410000 11 94 109 758)18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG0000026 | RP11- 160342 160485 | 1:1580000:1585000_1:1645000: | 1.45601E-
9737 345P4.7 1 9 0 1650000 19 81 101 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000026 | RP11- 160342 160485 | 1:1585000:1590000_1:1650000: | 3.17602E-
9737 345P4.7 1 9 0 1655000 14 102 112 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000018 159293 162416 | 1:1580000:1585000_1:1645000:
9339 SLC35E2B 1 9 7 1650000 1.8422E-25 | 81 101 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000018 159293 162416 | 1:1585000:1590000_1:1650000: | 8.95484E-
9339 SLC35E2B 1 9 7 1655000 26 102 112 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000021 163136 163324 | 1:1580000:1585000_1:1645000: 5.53207E-
5914 MMP23A 1 9 9 1650000 15 81 101 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000021 163136 163324 | 1:1620000:1625000_1:1670000: | 1.21271E- CDK11A;RP1-283E3.8;RP1-
5914 MMP23A 1 9 9 1675000 13 50 65 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG0000021 163136 163324 | 1:1620000:1625000_1:1675000: | 6.34456E- CDK11A;RP1-283E3.8;RP1-
5914 MMP23A 1 9 9 1680000 14 50 72 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG0000000 163416 165576 | 1:1620000:1625000_1:1670000: | 1.03436E- CDK11A;RP1-283E3.8;RP1-
8128 CDK11A 1 9 6 1675000 13 50 65 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG0000000 163416 165576 | 1:1620000:1625000_1:1675000: | 2.29735E- CDK11A;RP1-283E3.8;RP1-
8128 CDK11A 1 9 6 1680000 15 50 72 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG0000021 165627 167743 | 1:1620000:1625000_1:1670000: | 3.03025E- CDK11A;RP1-283E3.8;RP1-
5790 SLC35E2 1 7 1 1675000 14 50 65 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG0000021 165627 167743 | 1:1620000:1625000_1:1675000: | 4.40663E- CDK11A;RP1-283E3.8;RP1-
5790 SLC35E2 1 7 1 1680000 14 50 72 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG0000023 | RP1- 182291 182409 | 1:1710000:1720000_1:1830000:
1050 140A9.1 1 0 7 1840000 1.4212E-10 | 187 89 NADK;GNB1; GNB1;RP1-140A9.1;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S5 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 6 The 3D-cis eQTL identified by applying ILMM to Brain Cerebellum (GTEX).

HENGS Gene_nam | Ch | Start End Interacting regions p_value_BF | #SNP | #SNP | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
e r 0.05 sin sin
regio regio
nl n2
ENSG0000023 | RP11- 71415 | 74544 | 1:720000:730000_1:224200000: | 4.85785E- RP11-504P24.3;RP11-504P24.4;RP11-
1 - 92 161 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11-206L10.10;
7491 206L10.9 0 0 224210000 14 504P24.6;
ENSG0000023 RP11- 71415 | 74544 1:725000:730000_1:224205000: 1.38613E- RP11-504P24.3;RP11-504P24.4;RP11-
1 - 50 88 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11-206L10.10;
7491 206L10.9 0 0 224210000 13 504P24.6;
ENSG0000023 13538 13571 1:1340000:1350000_1:1400000: 9.88401E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
ANKRD65 1 - 110 113 ATAD3C;ATAD3B;
5098 00 49 1410000 28 758)18.7,TMEM88B;RP4-758]18.10;
ENSG0000016 14071 | 14332 | 1:1340000:1350000_1:1400000: | 3.38377E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
ATAD3B 1 - 110 113 ATAD3C;ATAD3B;
0072 43 28 1410000 14 758)18.7,TMEM88B;RP4-758]18.10;
ENSG0000024 15706 | 15904 | 1:1580000:1585000_1:1645000:
CDK11B 1 1.2158E-10 | 88 105 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
8333 03 73 1650000
ENSG0000026 | RP11- 16034 | 16048 | 1:1580000:1585000_1:1645000: | 1.61898E-
1 - 88 105 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
9737 345P4.7 29 50 1650000 20
ENSG0000026 | RP11- 16034 | 16048 | 1:1585000:1590000_1:1650000:
1 - 2.2021E-12 104 115 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
9737 345P4.7 29 50 1655000
ENSG0000018 15929 | 16241 | 1:1580000:1585000_1:1645000: | 7.91139E-
SLC35E2B 1 88 105 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
9339 39 67 1650000 36
ENSG0000018 15929 16241 1:1585000:1590000_1:1650000: 1.45931E-
SLC35E2B 1 - 104 115 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
9339 39 67 1655000 31
ENSG0000021 16313 | 16332 | 1:1580000:1585000_1:1645000:
MMP23A 1 - 7.9012E-12 88 105 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
5914 69 49 1650000
ENSG0000000 16341 | 16557 | 1:1580000:1585000_1:1645000: | 1.27026E-
CDK11A 1 88 105 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
8128 69 66 1650000 10
ENSG0000000 16341 | 16557 | 1:1620000:1625000_1:1670000: | 2.07182E- CDK11A;RP1-283E3.8;RP1-
CDK11A 1 50 66 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
8128 69 66 1675000 12 283E3.4,SLC35E2;
ENSG0000000 16341 | 16557 | 1:1620000:1625000_1:1675000: | 3.30297E- CDK11A;RP1-283E3.8;RP1-
CDK11A 1 - 50 75 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
8128 69 66 1680000 16 283E3.4,SLC35E2;
ENSG0000021 16562 | 16774 | 1:1620000:1625000_1:1670000: | 1.00646E- CDK11A;RP1-283E3.8;RP1-
SLC35E2 1 50 66 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
5790 77 31 1675000 17 283E3.4;SLC35E2;
ENSG0000021 16562 16774 1:1620000:1625000_1:1675000: 1.10796E- CDK11A;RP1-283E3.8;RP1-
SLC35E2 1 - 50 75 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8;
5790 77 31 1680000 17 283E3.4,SLC35E2;
ENSG0000015 24870 | 24968 | 1:2130000:2140000_1:2510000: | 2.44408E- TNFRSF14;RP3-395M20.7;RP3-
TNFRSF14 1 - 95 104 Clorf86;AL590822.1;RP11-181G12.5;RP11-181G12.4;
7873 78 21 2520000 15 395M20.9;FAM213B;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S6 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 7 The 3D-cis eQTL identified by applying ILMM to Brain Cortex (GTEX).

HENGS Gene_na C Start End Interacting regions p_value_B #SNP | #SNP | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
me hr F0.05 sin sin
regio | regio
nl n2
ENSG000002 13538 13571 1:1340000:1350000_1:1400000: 1.12937E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
35098 ANKRD65 1 00 49 1410000 21 113 114 758J18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG000002 13850 14055 1:1340000:1350000_1:1400000: 2.39393E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
15915 ATAD3C 1 69 38 1410000 16 113 114 758)18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG000002 RP11- 15491 15511 1:1520000:1530000_1:20531000 | 8.92918E-
72106 345P4.9 1 38 75 0:205320000 12 199 62 Clorf233;RP11-345P4.9; NUAK2;KLHDC8A;
ENSG000002 RP1- 18229 18240 1:1710000:1720000_1:1830000: 6.83135E-
31050 140A9.1 1 10 97 1840000 19 192 89 NADK;GNB1; GNB1;RP1-140A9.1;
ENSG000001 59228 60525 1:4710000:4720000_1:5970000: 5.40048E-
31697 NPHP4 1 71 33 5980000 15 93 138 AJAP1; NPHP4;AL356261.1;
ENSG000001 59228 60525 1:5560000:5570000_1:6030000: 1.77921E-
31697 NPHP4 1 71 33 6040000 12 92 92 null NPHP4;
ENSG000001 59228 60525 1:5570000:5575000_1:5970000: 5.95511E-
31697 NPHP4 1 71 33 5975000 13 71 49 null NPHP4;AL356261.1;
ENSG000001 59228 60525 1:5690000:5700000_1:5970000: 7.77737E-
31697 NPHP4 1 71 33 5980000 12 104 138 RP11-154H17.1; NPHP4;AL356261.1;
ENSG000002 NPPA- 11901 11908 1:11900000:11910000_1:119500 | 5.86306E-
42349 AS1 1 074 136 00:11960000 13 253 99 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000002 NPPA- 11901 11908 1:11900000:11910000_1:120200 | 2.25842E-
42349 AS1 1 074 136 00:12030000 12 253 79 CLCNG;NPPA-AS1;NPPA;NPPB; PLOD1;
ENSG000002 NPPA- 11901 11908 1:11900000:11910000_1:119600 | 2.04526E-
42349 AS1 1 074 136 00:11970000 12 253 106 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;RNUSE-1;RNUSE-4P;
ENSG000002 NPPA- 11901 11908 1:11900000:11905000_1:119550 | 1.47568E-
42349 AS1 1 074 136 00:11960000 12 95 43 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000002 RP3- 15729 15735 1:15650000:15660000_1:157300 | 1.47474E-
28140 467K16.4 | 1 475 929 00:15740000 14 104 88 FHAD1;RP3-467K16.2;RP3-467K16.7; FHAD1;RP3-467K16.4;EFHD2;
ENSG000001 16062 16067 1:15920000:15930000_1:160600 | 1.53898E- PLEKHM2;RP11-288121.1;SLC25A34;RP11-
62461 SLC25A34 | 1 900 891 00:16070000 19 64 164 RP4-680D5.2;CHCHD2P6;RNU7-179P;RP4-680D5.4;DDI2; 169K16.4,TMEMS82;
ENSG000001 16345 16360 1:16110000:16120000_1:163800 | 1.83253E-
86510 CLCNKA 1 370 545 00:16390000 10 93 130 FBLIM1;RP11-169K16.6;RP11-169K16.7; CLCNKA;RP11-5P18.10;CLCNKB;FAM131C;
ENSG000002 RP11- 16361 16366 1:16110000:16120000_1:163800 | 9.52701E-
32456 5P18.10 1 673 524 00:16390000 27 93 130 FBLIM1;RP11-169K16.6;RP11-169K16.7; CLCNKA;RP11-5P18.10;CLCNKB;FAM131C;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S7 in Supplementary_Tables.xIsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 8 The 3D-cis eQTL identified by applying ILMM to Brain FrontalCortex_BA9 (GTEX).

HENGS Gene_na C Start End Interacting regions p_value_BF | #SNP | #SNP | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
me hr 0.05 sin sin

regio regio

nl n2
ENSG0000023 13538 13571 1:1340000:1350000_1:1400000:141 | 5.42248E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
5098 ANKRD65 1 00 49 0000 21 98 103 758J18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG0000016 14071 14332 1:1340000:1350000_1:1400000:141 | 2.47085E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
0072 ATAD3B 1 43 28 0000 12 98 103 758)18.7,TMEMS88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSG0000018 15929 16241 1:1580000:1585000_1:1645000:165 | 5.89106E-
9339 SLC35E2B 1 39 67 0000 25 81 104 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000018 15929 16241 1:1585000:1590000_1:1650000:165 | 1.79399E-
9339 SLC35E2B 1 39 67 5000 17 101 113 CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG0000023 | RP1- 18229 18240 1:1710000:1720000_1:1830000:184 | 2.80919E-
1050 140A9.1 1 10 97 0000 17 181 88 NADK;GNB1; GNB1;RP1-140A9.1;
ENSG0000024 11901 11908 1:11900000:11910000_1:12020000: | 1.17711E-
2349 NPPA-AS1 1 074 136 12030000 10 239 71 CLCN6;NPPA-AS1;NPPA;NPPB; PLOD1;
ENSG0000022 | RP3- 15729 15735 1:15650000:15660000_1:15730000: | 4.21255E-
8140 467K16.4 1 475 929 15740000 13 100 81 FHAD1;RP3-467K16.2;RP3-467K16.7; FHAD1;RP3-467K16.4;EFHD2;
ENSG0000023 | RP11- 16361 16366 1:16110000:16120000_1:16380000: | 6.00026E- CLCNKA;RP11-
2456 5P18.10 1 673 524 16390000 16 94 134 FBLIM1;RP11-169K16.6;RP11-169K16.7; 5P18.10;CLCNKB;FAM131C;
ENSG0000018 16972 16976 1:16950000:16955000_1:17270000: 2.60286E-
6301 MST1P2 1 069 914 17275000 13 86 62 CROCCP2;MST1P2; CROCC;
ENSG0000018 16972 16976 1:16960000:16970000_1:23491000 4.93857E-
6301 MST1P2 1 069 914 0:234920000 13 91 93 CROCCP2;MST1P2; null
ENSG0000018 16972 16976 1:16960000:16970000_1:21750000: | 8.32541E- RP11-293F5.8;RP11-
6301 MST1P2 1 069 914 21760000 13 91 105 CROCCP2;MST1P2; 293F5.1;NBPF2P;HS6ST1P1;
ENSG0000018 16972 16976 1:16970000:16980000_1:17070000: | 9.49135E- AL021920.2;CROCC;RNU1-
6301 MST1P2 1 069 914 17080000 13 80 140 CROCCP2;MST1P2;RNU1-3;AL137798.1; 4;CROCCP4;
ENSG0000018 16972 16976 1:16970000:16980000_1:23491000 1.37855E-
6301 MST1P2 1 069 914 0:234920000 13 80 93 CROCCP2;MST1P2;RNU1-3;AL137798.1; null
ENSG0000021 16944 16971 1:16890000:16900000_1:16960000: | 5.00129E-
5908 CROCCP2 1 751 178 16970000 12 360 91 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;
ENSG0000021 16944 16971 1:16930000:16940000_1:23491000 9.78388E-
5908 CROCCP2 1 751 178 0:234920000 12 151 93 NBPF1;RP5-1182A14.5;CROCCP2; null
ENSG0000021 16944 16971 1:16970000:16980000_1:17070000: | 8.05714E- AL021920.2;CROCC;RNU1-
5908 CROCCP2 1 751 178 17080000 14 80 140 CROCCP2;MST1P2;RNU1-3;AL137798.1; 4,CROCCP4;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S8 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 9 The 3D-cis eQTL identified by applying ILMM to Brain Hippocampus (GTEX).

HENGS Gene_name | Ch | Start End Interacting regions p_value_BFO. | #SNPs | #SNPs | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
r 05 in in
region | region
1 2
ENSG000002157 165627 167743 SLC35E2B;MMP23A;CDK11A;RP1- CDK11A;RP1-283E3.8;RP1-
90 SLC35E2 1 7 1 1:1620000:1625000_1:1675000:1680000 1.5915E-11 49 63 283E3.8; 283E3.4;SLC35E2;
ENSG000002324 | RP11- 163616 163665 1:16110000:16120000_1:16380000:16390
56 5P18.10 1 73 24 000 1.85251E-14 91 130 FBLIM1;RP11-169K16.6;RP11-169K16.7; CLCNKA;RP11-5P18.10;CLCNKB;FAM131C;
ENSG000001855 163842 164001 1:16400000:16410000_1:16670000:16680
19 FAM131C 1 64 27 000 2.66583E-11 99 189 FAM131C; FBX0O42;SZRD1;
ENSG000002194 168888 169400 1:16870000:16875000_1:17055000:17060
81 NBPF1 1 14 57 000 1.1498E-10 189 37 RP5-875013.6;AL355149.1;NBPF1; ESPNP;
ENSG000002194 168888 169400 1:16890000:16900000_1:234910000:2349
81 NBPF1 1 14 57 20000 9.20179E-11 345 94 NBPF1; null
ENSG000002194 168888 169400 1:16890000:16900000_1:16960000:16970
81 NBPF1 1 14 57 000 1.02647E-10 345 76 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;
ENSG000002194 168888 169400 1:16930000:16940000_1:234910000:2349
81 NBPF1 1 14 57 20000 1.94798E-10 147 94 NBPF1;RP5-1182A14.5;CROCCP2; null
ENSG000001863 169720 169769 1:16950000:16955000_1:17270000:17275
01 MST1P2 1 69 14 000 4.64126E-12 81 59 CROCCP2;MST1P2; CROCC;
ENSG000001863 169720 169769 1:16960000:16970000_1:234910000:2349
01 MST1P2 1 69 14 20000 1.97131E-12 76 94 CROCCP2;MST1P2; null
ENSG000001863 169720 169769 1:16960000:16970000_1:21750000:21760 RP11-293F5.8;RP11-
01 MST1P2 1 69 14 000 2.21079E-11 76 109 CROCCP2;MST1P2; 293F5.1;NBPF2P;HS6ST1P1;
ENSG000001863 169720 169769 1:16970000:16980000_1:17070000:17080
01 MST1P2 1 69 14 000 1.02033E-11 80 139 CROCCP2;MST1P2;RNU1-3;AL137798.1; AL021920.2;CROCC;RNU1-4;CROCCP4;
ENSG000001863 169720 169769 1:16970000:16980000_1:234910000:2349
01 MST1P2 1 69 14 20000 4.70606E-14 80 94 CROCCP2;MST1P2;RNU1-3;AL137798.1; null
ENSG000002159 169447 169711 1:16890000:16900000_1:16960000:16970
08 CROCCP2 1 51 78 000 6.08813E-15 345 76 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;
ENSG000002159 169447 169711 1:16930000:16940000_1:234910000:2349
08 CROCCP2 1 51 78 20000 9.05201E-13 147 94 NBPF1;RP5-1182A14.5;CROCCP2; null
ENSG000002159 169447 169711 1:16930000:16940000_1:17370000:17380
08 CROCCP2 1 51 78 000 5.2948E-12 147 139 NBPF1;RP5-1182A14.5;CROCCP2; SDHB;
ENSG000002159 169447 169711 1:16960000:16970000_1:234910000:2349
08 CROCCP2 1 51 78 20000 5.75921E-13 76 94 CROCCP2;MST1P2; null
ENSG000002159 169447 169711 1:16970000:16980000_1:17070000:17080
08 CROCCP2 1 51 78 000 1.09052E-16 80 139 CROCCP2;MST1P2;RNU1-3;AL137798.1; AL021920.2;CROCC;RNU1-4;CROCCP4;
ENSG000002159 | CROCCP2 1 169447 169711 1:16970000:16980000_1:234910000:2349 | 8.32395E-15 80 94 CROCCP2;MST1P2;RNU1-3;AL137798.1; | null

138




08 51 78 20000
ENSG000001867 170814 170967 1:17060000:17070000_1:17220000:17230 AL021920.2;CROCC;RNU1- CROCC;U1;RP11-108M9.4;RP11-
15 MSTIL 1 05 32 000 4.16821E-14 73 101 4;CROCCP4;MST1L;

108M9.5;RNU1-2;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S9 in Supplementary_Tables.xlsx,
accessible through the following URL.: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 10 The 3D-cis eQTL identified by applying ILMM to Brain Hypothalamus (GTEX).

HENGS Gene_name Ch Start End Interacting regions p_value_BF0.0 | #SNPs #SNPs Genes locate in region1 (flank 20k) Genes locate in region2 (flank 20k)
r 5 in in
region region
1 2
ENSG000002310
50 RP1-140A9.1 1 1822910 1824097 1:1710000:1720000_1:1830000:1840000 1.67228E-10 161 87 NADK;GNB1; GNB1;RP1-140A9.1;
ENSG000002423 1190107 | 1190813 | 1:11900000:11910000_1:11950000:1196000
49 NPPA-AS1 1 4 6 0 3.68868E-16 231 95 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000002423 1190107 | 1190813 | 1:11900000:11910000_1:12020000:1203000
49 NPPA-AS1 1 4 6 0 1.07974E-15 231 66 CLCN6;NPPA-AS1;NPPA;NPPB; PLOD1;
ENSG000002423 1190107 | 1190813 | 1:11900000:11910000_1:11960000:1197000
49 NPPA-AS1 1 4 6 0 1.64574E-15 231 102 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;RNUSE-1;RNUSE-4P;
ENSG000002423 1190107 | 1190813 | 1:11900000:11905000_1:11955000:1196000
49 NPPA-AS1 1 4 6 0 3.92541E-16 91 44 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000002324 RP11- 1636167 1636652 1:16110000:16120000_1:16380000:1639000 FBLIM1;RP11-169K16.6;RP11- CLCNKA;RP11-
56 5P18.10 1 3 4 0 3.3677E-12 89 133 169K16.7; 5P18.10;CLCNKB;FAM131C;
ENSG000002194 1688881 | 1694005 | 1:16870000:16875000_1:17055000:1706000
81 NBPF1 1 4 7 0 1.40492E-13 196 41 RP5-875013.6;AL355149.1;NBPF1; ESPNP;
ENSG000002194 1688881 | 1694005 | 1:16890000:16900000_1:234910000:234920
81 NBPF1 1 4 7 000 1.34461E-14 356 91 NBPF1; null
ENSG000002194 1688881 1694005 1:16890000:16900000_1:16960000:1697000
81 NBPF1 1 4 7 0 1.51941E-15 356 75 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;
ENSG000002194 1688881 | 1694005 | 1:16910000:16920000_1:145290000:145300
81 NBPF1 1 4 7 000 1.09091E-11 183 93 NBPF1; NOTCH2NL;RP11-458D21.5;NBPF10;
ENSG000002194 1688881 | 1694005 | 1:16930000:16940000_1:234910000:234920
81 NBPF1 1 4 7 000 5.09246E-11 160 91 NBPF1;RP5-1182A14.5;CROCCP2; null
ENSG000001863 1697206 | 1697691 | 1:16950000:16955000_1:17270000:1727500
01 MST1P2 1 9 4 0 3.09702E-12 86 60 CROCCP2;MST1P2; CROCC;
ENSG000001863 1697206 | 1697691 | 1:16960000:16970000_1:234910000:234920
01 MST1P2 1 9 4 000 1.06555E-10 75 91 CROCCP2;MST1P2; null
ENSG000001863 1697206 | 1697691 | 1:16970000:16980000_1:17070000:1708000 CROCCP2;MST1P2;RNU1-
01 MST1P2 1 9 4 0 2.17303E-11 71 139 3;AL137798.1; AL021920.2;CROCC;RNU1-4;CROCCP4;
ENSG000001863 1697206 | 1697691 | 1:16970000:16980000_1:234910000:234920 CROCCP2;MST1P2;RNU1-
01 MST1P2 1 9 4 000 1.4942E-11 71 91 3;AL137798.1; null
ENSG000002159 1694475 | 1697117 | 1:16890000:16900000_1:16960000:1697000
08 CROCCP2 1 1 8 0 3.29099E-11 356 75 NBPF1; NBPF1;RP5-1182A14.5;CROCCP2;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S10 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 11 The 3D-cis eQTL identified by applying ILMM to Brain Nucleusaccumbens basal ganglia (GTEX).

HENGS Gene_na C Start End Interacting regions p_value_B #SNP | #SNP | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
me hr F0.05 sin sin
regio | regio
nl n2
ENSG000001 11676 11704 1:1050000:1060000_1:1160000:1 1.68218E-
76022 B3GALT6 1 29 21 170000 12 165 142 Clorf159;RP11-465B22.5; TNFRSF18;TNFRSF4;SDF4;B3GALT6;
ENSG000002 13538 13571 1:1340000:1350000_1:1400000:1 4.80541E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
35098 ANKRD65 1 00 49 410000 20 107 108 758118.7,TMEM88B;RP4-758J)18.10; ATAD3C;ATAD3B;
ENSG000001 15929 16241 1:1580000:1585000_1:1645000:1 6.50241E- CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-
89339 SLC35E2B | 1 39 67 650000 23 84 104 345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG000001 15929 16241 1:1585000:1590000_1:1650000:1 2.06433E- CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-
89339 SLC35E2B | 1 39 67 655000 23 99 115 345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG000002 16313 16332 1:1620000:1625000_1:1675000:1 8.86486E- CDK11A;RP1-283E3.8;RP1-
15914 MMP23A 1 69 49 680000 12 48 71 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG000002 | RP1- 18229 18240 1:1710000:1720000_1:1830000:1
31050 140A9.1 1 10 97 840000 4.2834E-15 | 189 97 NADK;GNB1; GNB1;RP1-140A9.1;
ENSG000001 25220 | 25644 1:2150000:2160000_1:2570000:2 3.94807E-
42606 MMEL1 1 78 81 580000 13 100 99 RP11-181G12.4;5KI; MMEL1;RP13-436F16.1;TTC34;
ENSG000001 25220 | 25644 1:2345000:2350000_1:2570000:2 3.27837E-
42606 MMEL1 1 78 81 575000 12 82 48 PEX10;PLCH2; MMEL1;RP13-436F16.1;TTC34;
ENSG000002 NPPA- 11901 11908 1:11900000:11910000_1:1195000 | 2.59937E-
42349 AS1 1 074 136 0:11960000 15 254 110 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000002 | NPPA- 11901 11908 1:11900000:11910000_1:1202000 | 7.33807E-
42349 AS1 1 074 136 0:12030000 14 254 78 CLCN6;NPPA-AS1;NPPA;NPPB; PLOD1;
ENSG000002 | NPPA- 11901 11908 1:11900000:11910000_1:1196000 | 2.00903E-
42349 AS1 1 074 136 0:11970000 11 254 107 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;RNUSE-1;RNUSE-4P;
ENSG000002 | NPPA- 11901 11908 1:11900000:11905000_1:1195500 | 1.21655E-
42349 AS1 1 074 136 0:11960000 14 96 49 CLCN6;NPPA-AS1;NPPA;NPPB; RP5-934G17.6;
ENSG000001 16062 16067 1:15920000:15930000_1:1606000 PLEKHM2;RP11-288121.1;SLC25A34;RP11-
62461 SLC25A34 | 1 900 891 0:16070000 1.1211E-14 | 70 172 RP4-680D5.2;CHCHD2P6;RNU7-179P;RP4-680D5.4;DDI2; 169K16.4,TMEMS82;
ENSG000002 | RP11- 16361 16366 1:16110000:16120000_1:1638000
32456 5P18.10 1 673 524 0:16390000 1.2148E-20 | 99 150 FBLIM1;RP11-169K16.6;RP11-169K16.7; CLCNKA;RP11-5P18.10;CLCNKB;FAM131C;
ENSG000002 16888 16940 1:16860000:16870000_1:2349100 | 4.29091E-
19481 NBPF1 1 814 057 00:234920000 11 350 95 U1;AL355149.2;RP5-875013.6;AL355149.1;NBPF1; null
ENSG000002 16888 16940 1:16860000:16870000_1:1700000 | 1.87179E-
19481 NBPF1 1 814 057 0:17010000 11 350 73 U1;AL355149.2;RP5-875013.6;AL355149.1;NBPF1; RNU1-3;AL137798.1;AL021920.1;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S11 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 12 The 3D-cis eQTL identified by applying ILMM to Brain-Putamen basal ganglia (GTEX).

HENGS Gene_na|C (Start [End |Interacting regions p_value_ [#SN [#SN |Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
me hr BFO.05 |Psin|Psin
regi |regi
onl |on2
ENSG00000 11676|11704|1:1050000:1060000_1:116000 |3.72895E-
176022 B3GALT6(1 |29 21 0:1170000 11 163 |100 |Clorf159;RP11-465B22.5; TNFRSF18;TNFRSF4;SDF4;B3GALT6;
ENSG00000 [ANKRD6 | |13538(13571(1:1340000:1350000_1:140000 |5.32697E- MRPL20;RN7SL657P;RP4-758)18.13;ANKRD65;RP4-
235098 5 1100 49 0:1410000 11 96 |90 |[758J18.7,TMEM88B;RP4-758)18.10; ATAD3C;ATAD3B;
ENSGO00000 SLC35E2 | |15929(16241(1:1580000:1585000_1:164500 |4.82824E- CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-
189339 B 1139 67 0:1650000 23 76 |100 |345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSGO00000 SLC35E2 | |15929(16241(1:1585000:1590000_1:165000 |4.62616E- CDK11B;RP11-345P4.10;SLC35E2B;RP11-345P4.7;RP11-
189339 B 1139 67 0:1655000 19 92 |108 |345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000 RP1- 18229(18240|1:1710000:1720000_1:183000 |1.83593E-
231050 140A9.1 1 |10 |97 0:1840000 17 181 |91 |NADK;GNB1,; GNB1;RP1-140A9.1;
PLEKHM2;RP11-
ENSGO00000 SLC25A3| |16062(16067(1:15920000:15930000_1:1606 |2.81788E- 288121.1;SLC25A34;RP11-
162461 4 11900 |891 |0000:16070000 11 65 |164 |RP4-680D5.2;CHCHD2P6;RNU7-179P;RP4-680D5.4;DDI2;|169K16.4;,TMEMS82;
ENSGO00000 [RP11- 16361|16366(1:16110000:16120000_1:1638 |1.33816E- CLCNKA;RP11-
232456 5P18.10 (1 |673 |524 |0000:16390000 18 92 |129 [FBLIM1;RP11-169K16.6;RP11-169K16.7; 5P18.10;CLCNKB;FAM131C;
ENSG00000 [FAM131 | |16384(16400(1:16110000:16120000_1:1638 |7.91082E- CLCNKA;RP11-
185519 C 1264 (127 |0000:16390000 14 92 |129 |FBLIM1;RP11-169K16.6;RP11-169K16.7; 5P18.10;CLCNKB;FAM131C;
ENSG00000 [FAM131 | |16384(16400(1:16400000:16410000_1:1651 |2.83638E-
185519 C 1264 (127 |0000:16520000 11 98 407 [FAM131C; null
ENSG00000 [FAM131 | |16384|16400(1:16400000:16410000_1:1667 |5.12948E-
185519 C 1[264 (127 |0000:16680000 12 98 |192 [FAM131C; FBX042;SZRD1;
ENSG00000 [FAM131 | |16384|16400(1:16400000:16410000_1:1668 |8.85553E-
185519 C 1[264 (127 |0000:16690000 11 98 |197 [FAM131C; FBX042;SZRD1;
ENSG00000 16888|16940(1:16860000:16870000_1:2349 |1.5834E-
219481 NBPF1 (1 (814 |[057 |10000:234920000 12 341 (88 |U1;AL355149.2;RP5-875013.6;AL355149.1;NBPF1; null

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S12 in Supplementary_Tables.xlsx,

accessible through the following URL: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 13 The 3D-cis eQTL identified by applying ILMM to Whole Blood (GTEX).

HENGS Gene_name | Ch | Start End Interacting regions p_value_BFO | #SNPs | #SNPs | Genes locate in regionl (flank 20k) Genes locate in region2 (flank 20k)
r .05 in in

region | region

1 2
ENSG00000237 RP11- 71415 74544 1:720000:730000_1:224200000:224 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11- RP11-504P24.3;RP11-504P24.4;RP11-
491 206L10.9 1 0 0 210000 1.09093E-19 147 245 206L10.10; 504P24.6;
ENSG00000237 RP11- 71415 74544 1:725000:730000_1:224205000:224 RP11-206L10.9;RP11-206L10.8;AL669831.1;RP11- RP11-504P24.3;RP11-504P24.4;RP11-
491 206L10.9 1 0 0 210000 3.54409E-18 83 132 206L10.10; 504P24.6;
ENSG00000269 RP11- 16034 16048 1:1580000:1585000_1:1645000:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
737 345P4.7 1 29 50 0000 6.97582E-41 138 166 345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000269 RP11- 16034 16048 1:1585000:1590000_1:1650000:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
737 345P4.7 1 29 50 5000 1.7708E-44 159 212 345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000189 15929 16241 1:1580000:1585000_1:1645000:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
339 SLC35E2B 1 39 67 0000 5.683E-82 138 166 345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000189 15929 16241 1:1585000:1590000_1:1650000:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
339 SLC35E2B 1 39 67 5000 2.7626E-77 159 212 345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000189 15929 16241 1:1620000:1625000_1:1670000:167 CDK11A;RP1-283E3.8;RP1-
339 SLC35E2B 1 39 67 5000 1.46235E-24 96 121 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG00000008 16341 16557 1:1580000:1585000_1:1645000:165 CDK11B;RP11-345P4.10;SLC35E2B;RP11-
128 CDK11A 1 69 66 0000 2.79191E-36 138 166 345P4.7;RP11-345P4.6; MMP23A;CDK11A;RP1-283E3.8;
ENSG00000008 16341 16557 1:1620000:1625000_1:1670000:167 CDK11A;RP1-283E3.8;RP1-
128 CDK11A 1 69 66 5000 7.90944E-47 96 121 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG00000008 16341 16557 1:1620000:1625000_1:1675000:168 CDK11A;RP1-283E3.8;RP1-
128 CDK11A 1 69 66 0000 1.30957E-53 96 150 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG00000227 RP1- 16559 16686 1:1620000:1625000_1:1670000:167 CDK11A;RP1-283E3.8;RP1-
775 283E3.4 1 51 90 5000 7.20904E-25 96 121 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4,SLC35E2;
ENSG00000227 RP1- 16559 16686 1:1650000:1660000_1:91850000:91
775 283E3.4 1 51 90 860000 8.64796E-33 317 159 CDK11A;RP1-283E3.8;RP1-283E3.4;SLC35E2; HFM1;
ENSG00000215 16562 16774 1:1620000:1625000_1:1670000:167 CDK11A;RP1-283E3.8;RP1-
790 SLC35E2 1 77 31 5000 4.6371E-41 96 121 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG00000215 16562 16774 1:1620000:1625000_1:1675000:168 CDK11A;RP1-283E3.8;RP1-
790 SLC35E2 1 77 31 0000 2.31906E-42 96 150 SLC35E2B;MMP23A;CDK11A;RP1-283E3.8; 283E3.4;SLC35E2;
ENSG00000231 RP1- 18229 18240 1:1710000:1720000_1:1830000:184
050 140A9.1 1 10 97 0000 1.09941E-23 271 153 NADK;GNB1; GNB1;RP1-140A9.1;

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S13 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://www.sciencedirect.com/science/article/pii/S0888754323000198
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Table A2. 14 R-squared and D-prime percentile for top 50 interacting regions discovered in both 3D-GWAS (ASD) and 3D-cis eQTL (GTEx gene expression).

Coordinate Interacting Region p.value R_squared_percentile D_prime_percentile R_squared D_prime

1 11:71850000:71855000_11:71890000:71895000 0 42.63736264 50.82917083 0.097876176 0.719499004
2 14:106140000:106150000_14:106470000:106480000 0 49.01098901 29.71028971 0.004903515 0.122415172
3 14:106350000:106360000_14:106470000:106480000 0 34.52547453 29.01098901 0.010165542 0.221732389
4 7:101005000:101010000_7:101150000:101155000 2.884E-57 29.63036963 30.50949051 0.010399462 0.204070697
5 6:32440000:32445000_6:32495000:32500000 1.40789E-49 37.54245754 29.03096903 0.04528149 0.404761676
6 15:23670000:23680000_15:28570000:28580000 2.17322E-48 59.3006993 42.97702298 0.001475667 0.075337667
7 17:44180000:44190000_17:44610000:44620000 3.69801E-48 96.36363636 92.16783217 0.134711139 0.553663232
3 10:89050000:89060000_10:89190000:89200000 4.57467E-48 38.98101898 37.12287712 0.008451581 0.225583894
9 18:72920000:72930000_18:73190000:73200000 6.2958E-46 25.93406593 35.14485514 0.002270991 0.132229487
10 17:43610000:43620000_17:44600000:44610000 1.09497E-42 66.83316683 34.88511489 0.004462267 0.098614524
1 1:16920000:16925000_1:21790000:21795000 6.77393E-42 56.58341658 49.29070929 0.001211706 0.084378783
12 6:32510000:32520000_6:77890000:77900000 2.10587E-41 63.01698302 44.15584416 0.001256724 0.083638465
13 1:21790000:21800000_1:234910000:234920000 2.63305E-41 31.76823177 34.6053946 0.001060348 0.078613712
14 18:72920000:72930000_18:73160000:73170000 2.75163E-41 29.05094905 26.03396604 0.002669979 0.119715088
15 3:195340000:195350000_3:195470000:195480000 8.88317E-41 69.43056943 60.03996004 0.093539313 0.494639963
16 18:72920000:72930000_18:74060000:74070000 2.14042E-40 42.63736264 42.91708292 0.001382123 0.096339961
17 5:175360000:175370000_5:177330000:177340000 2.74185E-37 98.94105894 88.13186813 0.013881464 0.177149671
18 17:43610000:43620000_17:44380000:44390000 1.956E-36 60.5994006 66.49350649 0.005495 0.221877143
19 5:175370000:175380000_5:177310000:177320000 1.24373E-35 78.6013986 61.4985015 0.003185083 0.108930583
20 12:9440000:9450000_12:9590000:9600000 1.86997E-35 74.28571428 67.39260739 0.065859958 0.458072371
21 17:44440000:44450000_17:44660000:44670000 9.43411E-33 98.98101898 96.34365634 0.409534476 0.802949964
22 2:114355000:114360000_2:114455000:114460000 1.53409E-32 76.5034965 61.6983017 0.117919827 0.554186662
23 12:31260000:31270000_12:31320000:31330000 5.14329E-32 55.04495504 58.4015984 0.096910601 0.664962986
2 10:81590000:81600000_10:89110000:89120000 7.07848E-32 60 40 0.00178666 0.079545985
25 3:195340000:195345000_3:195445000:195450000 1.63776E-31 75.48451548 58.68131868 0.154060084 0.548721376
26 5:175350000:175360000_5:177340000:177350000 3.44447E-31 99.14085914 88.87112887 0.013043098 0.188803151
27 5:175330000:175340000_5:177350000:177360000 7.32095E-30 60.07992008 49.13086913 0.001867647 0.095388337
28 14:106650000:106660000_14:106840000:106850000 1.02734E-29 28.13186813 34.30569431 0.003703069 0.178960057
29 7:5960000:5970000_7:6830000:6840000 2.13745E-29 92.28771229 76.58341658 0.008469393 0.162480038
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30 5:175530000:175540000_5:177160000:177170000 4.2523E-29 95.3046953 75.1048951 0.009133414 0.138892172
31 7:102210000:102220000_7:102310000:102320000 1.15042E-28 34.42557443 51.48851149 0.015963788 0.451446856
32 17:16720000:16730000_17:18350000:18360000 4.0041E-28 60.75924076 62.3976024 0.001637125 0.106560454
33 7:76870000:76880000_7:102390000:102400000 9.57351E-28 38.76123876 65.15484516 0.000861871 0.093888275
34 22:21740000:21750000_22:21890000:21900000 2.0717€-27 40.85914086 48.98434899 0.006643056 0.230104167
35 7:102175000:102180000_7:102270000:102275000 6.54946E-27 36.76323677 22.82717283 0.018886667 0.255621667
36 15:74360000:74370000_15:78200000:78210000 1.66655E-26 62.63736264 43.31668331 0.002071261 0.086739761
37 12:9460000:9470000_12:9560000:9570000 3.47427E-26 55.16483516 51.24875125 0.052341576 0.440829249
38 12:9455000:9460000_12:9575000:9580000 6.48455E-26 65.35464535 58.34165834 0.05815772 0.448617069
39 17:43600000:43610000_17:45120000:45130000 5.79021E-25 83.05694305 77.56243756 0.003154326 0.140353643
40 12:9440000:9450000_12:31230000:31240000 6.33573E-25 68.39160839 27.91208791 0.001304425 0.069572073
a1 16:70000000:70010000_16:70220000:70230000 1.14071E-24 93.90609391 92.68731269 0.135405246 0.655341148
42 14:106650000:106655000_14:106840000:106845000 1.59907E-24 29.67032967 36.74325674 0.003897745 0.183952104
43 14:106100000:106110000_14:106220000:106230000 2.07911E-24 73.96603397 61.21878122 0.08592994 0.459832125
44 14:106070000:106080000_14:106120000:106130000 2.99835E-24 61.65834166 49.27072927 0.139690789 0.604729267
45 16:70230000:70240000_16:74430000:74440000 4.14085E-24 50.40959041 51.08891109 0.001458717 0.092355116
46 1:149280000:149285000_1:149665000:149670000 4.79342E-24 16.92307692 32.08791209 0.0009442 0.102595873
47 10:88980000:88990000_10:89110000:89120000 6.78317E-24 80.3996004 79.38061938 0.094257112 0.609633083
48 19:23560000:23565000_19:23980000:23985000 3.57329E-23 95.86413586 96.3036963 0.032593483 0.490080989
49 1:1580000:1585000_1:1645000:1650000 3.69232E-23 22.7972028 12.70729271 0.013668585 0.201842537
50 12:52980000:52985000_12:53370000:53375000 3.98549E-23 35.74425575 36.58341658 0.003394686 0.132238826

145




Table A2. 15 ILMM-identified genes that are relevant to hearing loss or deafness.

Gene_name Chr Start End Disease Validated_by_SFARI

AK2 chrl 33007940 33080996 Sensorineural Hearing Loss (disorder) FALSE
IFT172 chr2 27444371 27489789 Sensorineural Hearing Loss (disorder) FALSE
ATP2B2 chr3 10324023 10708031 Sensorineural Hearing Loss (disorder) TRUE
LARS2 chr3 45388506 45549421 Sensorineural Hearing Loss (disorder) FALSE
SPATAS chra 122923074 123319450 Sensorineural Hearing Loss (disorder) FALSE
SGCD chr5 155870344 156767788 Sensorineural Hearing Loss (disorder) FALSE
GJB7 chré 87282978 87329278 Nonsyndromic Deafness FALSE
PDE1C chr7 31751179 32299329 Nonsyndromic Deafness TRUE
PTPRQ chrl2 80402178 80680234 Nonsyndromic Deafness FALSE
P2RX2 chrl2 132618780 132622386 Nonsyndromic Deafness FALSE
CKMT1B chrl5 43593054 43604901 Sensorineural Hearing Loss (disorder) FALSE
STRC chrl5 43599398 43618800 Nonsyndromic Deafness FALSE
BCR chr22 23179704 23318037 Sensorineural Hearing Loss (disorder) FALSE
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Table A2. 16 Summary of significant 3D GWAS presenting in significant 3D-cis eQTLs.
. Brain - . . . . . Brain - Nucleus Brain - Lo
Brain - Caudate Brain - Brain - Brain - Frontal Brain - Brain - Brain Tissues Whole
. Cerebellar . accumbens (basal Putamen
(basal ganglia) . Cerebellum Cortex Cortex (BA9) Hippocampus Hypothalamus . . (Average) Blood
Hemisphere ganglia) (basal ganglia)
Number of significant 3D-cis eQTLs in
each tissue (counted by number of Hi- 1377 1723 2260 1719 1213 848 950 1433 1197 1413 2277
Cloops)
Number of significant 3D GWAS
presented in significant 3D-cis eQTLs
. i 107 96 112 117 88 68 87 111 101 99 122
in each tissue (counted by number of
Hi-C loops)
Percentage of significant 3D GWAS
o . 7.77% 5.57% 4.96% 6.81% 7.25% 8.02% 9.16% 7.75% 8.44% 7.30% 5.36%
presented in significant 3D-cis eQTLs
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Table A3. 1 Critical indexes for whole transcriptome AESs in six cancers.

BRCA COAD KIRC LUAD PRAD THCA
Gene Symbol Weighted Gene Symbol Weighted Gene Symbol Weighted Gene Symbol Weighted Shapley Gene Symbol Weighted Shapley Gene Symbol Weighted Shapley
Shapley Values Shapley Values Shapley Values Values Values Values
MKL2 3.09E-02 FUCA2 6.02E-02 CLTC 3.53E-02 KNTC1 5.73E-02 FAM848 3.12E-02 AF131216.5 6.20E-02
MLPH 2.94E-02 RP4-706A16.3 (4.75E-02 NDUFA4L2 2.64E-02 COMMDS 4.39E-02 MEF2A 2.61E-02 RAB11FIP1 4.12E-02
usP34 2.63E-02 H3F3A 4.46E-02 UBR1 2.52E-02 RP4-631H13.6 2.63E-02 CFLAR 2.39E-02 ERLIN2 3.63E-02
SOS1 2.39E-02 ATP8B2 3.83E-02 ARFGEF2 1.55E-02 CREBRF 2.58E-02 TSTD2 2.32E-02 RP11-1036E20.9 |3.34E-02
MST1 2.18E-02 ACTBP2 3.65E-02 BANF1 1.54E-02 BAX 2.51E-02 ATP5D 1.89€-02 TMSB10 3.26E-02
PPP1R14B 1.99E-02 AIMP1 3.34E-02 TTLL3 1.40E-02 TPX2 2.50E-02 HDAC10 1.79€-02 FUCA2 2.98E-02
SF3B1 1.86E-02 RPL41P1 2.64E-02 RP11-43N16.4 [1.27E-02 ATRAID 1.95E-02 ZNF770 1.57E-02 STK17B 2.76E-02
POLR2J 1.60E-02 HEATRSB 2.40E-02 SECISBP2L 1.23E-02 Clorf116 1.85E-02 AP1M2 1.52E-02 YIPF6 2.65E-02
FNIP1 1.54E-02 MT-TC 2.20E-02 TUT1 1.20E-02 ACTR3 1.84E-02 MESDC2 1.44E-02 LRP4 2.47E-02
FOXA1 1.49E-02 CYP51A1 2.15E-02 CCDC124 1.16E-02 PIK3CG 1.83E-02 ZGLP1 1.41E-02 SH3GLB2 2.46E-02
TOGARAM1 1.45E-02 DPM1 2.05E-02 TAB3 1.05E-02 TUBA1C 1.81E-02 PLEKHAL 1.31E-02 SCYL3 2.38E-02
CD79B 1.32E-02 STAT2 1.91E-02 IREB2 1.01E-02 KLHL26 1.72E-02 RTCB 1.25E-02 KAT7 2.19E-02
CTD-2002H8.2  |1.26E-02 HEG1 1.83E-02 ZNF205 1.00E-02 RP1-253P7.4 1.45E-02 RP11-449P15.2 1.21E-02 EVI2B 1.98E-02
SCAF11 1.25E-02 SCYL3 1.73E-02 GSDMB 9.92E-03 TNS3 1.37E-02 TBC1D2B 1.20€-02 CDK9 1.94E-02
SON 1.22E-02 NOL10 1.62E-02 RP5-882C2.2 9.78E-03 RP11-274B21.2 1.33E-02 ANKRD35 1.18E-02 OSGEP 1.68E-02
AC005785.5 1.17E-02 RP4-604A21.1 |1.62E-02 FBXO11 9.70E-03 RPS7 1.25E-02 EIF5B 1.10€-02 TOMM70 1.64E-02
HIPK1 1.05E-02 RPF2 1.49E-02 DNAJC17 9.62E-03 STAT6 9.78E-03 FOXA1 1.04€-02 DPM1 1.60E-02
ZBED6 1.02E-02 MTIF2 1.49E-02 RPL28 9.59E-03 NAXE 9.67E-03 KB-431C1.5 1.03e-02 BRI3 1.57E-02
CCDC124 9.05E-03 RP11-258C19.4/1.36E-02 RN7SKP275 9.59E-03 CCDC124 9.34E-03 ALKBH6 1.03E-02 UBE2G2 1.45E-02
ZMAT1 8.97E-03 ARPC3 1.35E-02 SCYL3 9.14E-03 DPM1 9.20E-03 NSUN5P1 1.01E-02 RP11-258C19.4  |1.39E-02
ZNF688 8.29E-03 IGL3 1.21E-02 RP11-693N9.2  [8.94E-03 EVPL 8.97E-03 EARS2 9.86E-03 LRP6 1.35E-02
RASGRP2 8.25E-03 GCLC 1.19€-02 AC008746.12  [8.67E-03 MVP 8.92E-03 RPN2 9.72E-03 TRAPPC11 1.22E-02
RARRES1 8.12E-03 RPL6 1.18E-02 DPM1 8.24E-03 INPP5D 8.26E-03 AC006077.3 9.40E-03 LGALS3 1.12E-02
CHMP2A 7.99E-03 BAD 1.11E-02 RP11-802E16.3 [8.13E-03 RASGRP2 8.13E-03 IDS 9.12E-03 MTMR11 1.11E-02

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S1_Table in Supplementary_Tables.xIsx,

accessible through the following URL: https://github.com/QingrunZhanglLab/XA4C/tree/main/data/
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Table A3. 2 KEGG pathways enrichment for XA4C, DiffEx and DiffCOEX.

BRCA COAD KIRC LUAD PRAD THCA
geneSe L GeneRat geneSe e GeneRat geneSe |descripti [GeneRat geneSe L GeneRati geneSe . . |GeneRat geneSe L GeneRat
description |, FDR description |, FDR k FDR description FDR description |, FDR description |, FDR
t io t io t on io t t io t io
Non- . Amino sugar 2-
i Citrate
alcoholic Fructose and and Oxocarbox .
hsa049 ] 0.75167 |1.26E- |hsa000 0.66666 [0.0001 (hsa000 [cycle 0.63333 (0.00191 |hsa005 ) 0.729166 |1.24E- |hsa012 | | 0.72222 (0.00267 |hsa004 |Glutathione |0.48214 [0.0060
fatty liver mannose nucleotide ylic acid i
32 K 79 11 51 i 67 26 20 (TCA 33 77 20 67 05 10 |22 73 80 metabolism |3 54
disease metabolism le) sugar metabolis
cycle
(NAFLD) ¥ metabolism m
Oxidative . X Oxidative Fatty acid . o
hsa001 0.74436 |5.40E- [hsa046 [TNF signaling [0.52727 |7.08E- |hsa042 |Ferroptos 0.00134 [hsa001 0.616541|7.08E- |hsa012 . 10.54166 (0.00188 |hsa051 |Leishmaniasi [0.45945 [0.0042
phosphorylat . 0.6 phosphorylat metabolis
90 ) 09 10 68 pathway 27 06 16 is 33 90 ) 35 07 12 67 03 40 s 9 7
jon ion m
Fructose
. and . . Oxidative
hsa042 . 0.72794 |2.54E- |hsa051 [Toxoplasmosi[0.49557 |3.77E- |hsa000 0.57575 [0.00746 |hsa050 |Parkinson 0.598591|1.39E- |hsa000 |Fatty acid |0.53333 [0.01002 |hsa001 0.45864 (0.0001
Apoptosis mannose . K phosphorylat
10 12 09 45 S 52 05 51 |76 29 12 disease 55 06 62 elongation |33 24 90 ) 7 21
metaboli ion
sm
Non-alcoholic . . .
. X . Biosynthesis Fatty acid NF-kappa B
hsa046 [TNF signaling|0.71818 [2.84E- |hsa049 [fatty liver 0.48322 (8.92E- |hsa052 (Bladder [0.51219 |0.02095 |hsa012 . 0.573333(0.00316 |hsa000 . 0.00550 [hsa040 | X 0.45263 (0.0016
. of amino degradatio (0.5 signaling
68 pathway 18 07 32 disease 15 06 19 cancer |51 27 30 . 33 98 71 41 64 58
acids n pathway
(NAFLD)
L Glutathio Arginine
NF-kappa B Oxidative . .
hsa040 | ) 0.71578 [2.55E- |hsa001 110.48120 (3.77E- |hsa004 |ne 0.00781 [hsa050 [Alzheimer  [0.567251|3.69E- |hsa003 [and proline 0.00579 |hsa041 0.44736 |0.0001
signaling phosphorylati .|0.5 . . 10.48 Phagosome
64 95 06 90 3 05 80 metaboli 06 10 disease 46 06 30 metabolis 32 45 21
pathway on
sm m
Chagas
disease p53 . p53
hsa051 |Salmonella  [0.70930 |1.68E- |hsa051 . 0.48039 (0.0002 |hsa041 | . |0.48611 |0.00359 |hsa046 |Hematopoiet|0.567010|0.00087 |hsa041 | . ) 0.43055 [0.00664 |hsa042 ) 0.44117 |0.0003
. R (American signaling . i signaling Apoptosis
32 infection 23 05 42 .22 87 15 11 87 40 ic cell lineage|31 05 15 56 25 10 49
trypanosomia pathway pathway
sis)
Non-
i i alcoholic . Osteoclast
hsa050 |Alzheimer  |0.70760 [5.40E- |hsa041 0.47967 |5.46E- |hsa050 |Parkinso |0.47887 [8.86E- |hsa049 . 0.563758 [1.75E- |hsa052 [Pancreatic |0.42666 |0.00664 |hsa043 | . . 0.0006
. Lysosome . fatty liver differentiatio [0.4375
10 disease 23 10 42 48 05 12 n disease (32 05 32 K 39 05 12 cancer 67 25 80 32
disease n
(NAFLD)

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S2_Table in Supplementary Tables.xIsx,

accessible through the following URL.: https://github.com/QingrunZhanglLab/XA4C/tree/main/data/
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Table A3. 3 KEGG pathways and numbers of genes in pathways.

Path Num of
Pathwa .
wayl PathwayName All_Genes Genes_ID Genes in
yClass
D Pathways
HK3;HK1;HK2;HKDC1;GCK;GPI;PFKM;PFKP; | ENSG00000160883.10;ENSG00000156515.21;ENSG00000159399.9;ENSG00000156510.12;ENSG00000106633.15;ENSG00000105220.1
PFKL;FBP1;FBP2;ALDOC;ALDOA;ALDOB;TPI | 4;ENSG00000152556.15;ENSG00000067057.16;ENSG00000141959.16;ENSG00000165140.9;ENSG00000130957.4;ENSG00000109107.1
1;,GAPDH;GAPDHS;PGK2;PGK1;PGAM1;PG 3;ENSG00000149925.17;ENSG00000136872.17;ENSG00000111669.14;ENSG00000111640.14;ENSG00000105679.8,ENSG00000170950.
Metabol AM2;PGAM4;ENO3;ENO2;ENO1;ENO4;PK 5;ENSG00000102144.13;ENSG00000171314.8;ENSG00000164708.5;ENSG00000226784.2;ENSG00000108515.17;ENSG00000111674.8;
ism; Glycolysis / M;PKLR;PDHA2;PDHA1;PDHB;DLAT;DLD;L ENSG00000074800.13;ENSG00000188316.13;ENSG00000067225.17;ENSG00000143627.17,ENSG00000163114.5;ENSG00000131828.1
hsa00 | Carbohy | Gluconeogenesis DHAL6A;LDHAL6B;LDHA;LDHB;LDHC;ADH1 | 3;ENSG00000168291.12;ENSG00000150768.15;ENSG00000091140.13;ENSG00000166800.9;ENSG00000171989.5;ENSG00000134333.1 65
010 drate - Homo sapiens A;ADH1B;ADH1C;ADH7;ADH4;ADH5;ADH6 | 3;ENSG00000111716.12;ENSG00000166796.11;ENSG00000187758.7;ENSG00000196616.13;ENSG00000248144.5;ENSG00000196344.1
metabol | (human) ;AKR1A1;ALDH2;ALDH3A2;ALDH1B1;ALDH | 1;ENSG00000198099.8;ENSG00000197894.10;ENSG00000172955.17;ENSG00000117448.13;ENSG00000111275.12;ENSG00000072210.
ism 7A1;ALDH9A1;ALDH3B1;ALDH3B2;ALDH3 18;ENSG00000137124.7;ENSG00000164904.17;ENSG00000143149.12;ENSG00000006534.15;ENSG00000132746.14;ENSG0000010860
A1;ACSS1;ACSS2;GALM;PGM1;PGM2;G6P 2.17;ENSG00000154930.14;ENSG00000131069.19;ENSG00000143891.16;ENSG00000079739.15;ENSG00000169299.13;ENSG00000152
C1;G6PC2;G6PC3;ADPGK;BPGM;MINPP1;P | 254.10;ENSG00000141349.8;ENSG00000159322.17;ENSG00000172331.11;ENSG00000107789.15;ENSG00000124253.10;ENSG0000010
CK1;PCK2 0889.11
Metabol ENSG00000062485.18;ENSG00000131473.16;ENSG00000100412.15;ENSG00000122729.18;ENSG00000138413.13;ENSG00000182054.
) CS;ACLY;ACO2;ACO1;IDH1;IDH2;IDH3B;ID
ism; . 9;ENSG00000101365.20;ENSG00000067829.18;ENSG00000166411.13;ENSG00000197444.9;ENSG00000105953.14;ENSG00000119689.
Citrate cycle (TCA | H3G;IDH3A;0GDHL;OGDH;DLST;DLD;SUCL
hsa00 | Carbohy 14;ENSG00000091140.13;ENSG00000163541.11;ENSG00000172340.14;ENSG00000136143.14;ENSG00000073578.16;ENSG000001171
cycle) - Homo G1;SUCLG2;SUCLA2;SDHA;SDHB;SDHC;SD 29
020 drate . 18.9;ENSG00000143252.14;ENSG00000204370.9;ENSG00000091483.6;ENSG00000014641.17,ENSG00000146701.11;ENSG0000017359
sapiens (human) | HD;FH;MDH1;MDH2;PC;PCK1;PCK2;PDHA
metabol 9.13;ENSG00000124253.10;ENSG00000100889.11;ENSG00000163114.5;ENSG00000131828.13;ENSG00000168291.12;ENSG000001507
. 2;PDHA1;PDHB;DLAT
ism 68.15
Metabol ENSG00000105220.14;ENSG00000160211.15;ENSG00000130313.6;ENSG00000049239.12;ENSG00000142657.20;ENSG00000197713.1
. GPI;G6PD;PGLS;H6PD;PGD;RPE;RPEL1;TKT;
ism; Pentose 4,ENSG00000235376.5;ENSG00000163931.15;ENSG00000151005.4;ENSG00000007350.16;ENSG00000177156.10;ENSG00000153574.8
TKTL2;TKTL1,TALDO1;RPIA;DERA;RBKS;PG
hsa00 | Carbohy | phosphate ;ENSG00000023697.12;ENSG00000171174.13;ENSG00000079739.15;ENSG00000169299.13;ENSG00000229937.6;ENSG00000101911.1
M1;PGM2;PRPS1L1;PRPS2;PRPS1;RGN;IDN 29
030 drate pathway - Homo 2;ENSG00000147224.10;ENSG00000130988.12;ENSG00000148057.15;ENSG00000168237.17,ENSG00000109107.13;ENSG0000014992
) K;GLYCTK;ALDOC;ALDOA;ALDOB;FBP1;FBP
metabol | sapiens (human) 2:PEKM:PEKP-PEKL 5.17;ENSG00000136872.17;ENSG00000165140.9;ENSG00000130957.4;ENSG00000152556.15;ENSG00000067057.16;ENSG0000014195
ism ’ T 9.16
GUSB;KL;UGT2A1;UGT2A3;UGT2B17;UGT2
Metabol ENSG00000169919.16;ENSG00000133116.7;ENSG00000173610.12;ENSG00000135220.10;ENSG00000197888.2;ENSG00000213759.9;E
) Pentose and B11;UGT2B28;UGT1A6;UGT1A4;UGT1AL;
ism; NSG00000135226.17;ENSG00000167165.18;ENSG00000244474.5;ENSG00000241635.7,ENSG00000243135.6;ENSG00000109181.11;E
glucuronate UGT1A3;UGT2B10;UGT1A9;UGT2B7;UGT1
hsa00 | Carbohy | | . NSG00000241119.1;ENSG00000171234.13;ENSG00000242515.5;ENSG00000242366.3;ENSG00000240224.1;ENSG00000196620.9;ENS
interconversions A10;UGT1A8;UGT1A5;UGT2B15;UGT1A7; 32
040 drate i G00000244122.2;ENSG00000156096.13;ENSG00000271271.5;ENSG00000109814.11;ENSG00000169764.15;ENSG00000117448.13;ENS
- Homo sapiens UGT2B4;UGT2A2;UGDH;UGP2;AKR1A1;CR
metabol G00000165475.13;ENSG00000197713.14;ENSG00000235376.5;ENSG00000093217.9;ENSG00000085662.13;ENSG00000198074.9;ENSG
) (human) YL1;RPE;RPEL1;XYLB;AKR1B1;AKR1B10;DC
ism 00000169738.7,ENSG00000140263.13;ENSG00000104808.7

XR;SORD;DHDH;CRPPA

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S3_Table in Supplementary_Tables.xIsx,

accessible through the following URL: https://github.com/QingrunZhanglLab/XA4C/tree/main/data/
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Table A3. 4 XA4C-identified critical genes in pathways associated with copy number variations, differential methylation, and genetic mutations from COSMIC database.

BRCA COAD KIRC LUAD PRAD THCA
Gain Gain Gain Gain Gain Gain
Loss . Loss . Loss . Loss . Loss . Loss .
. ed Differ . ed Differ i ed Differ . ed Differ . ed Differ . ed Differ
Miss cop . Miss cop A Miss cop . Miss cop . Miss cop X Miss cop .
cop ential cop ential cop ential cop ential cop ential cop ential
. ense y . ense y . ense y . ense y " ense y . ense y
Critic y meth Critic y meth Critic y meth Critic y meth Critic y meth Critic y meth
gene num R gene num R gene num R gene num R gene num R gene num R
al i num ylatio al i num ylatio al i num ylatio al R num ylatio al R num ylatio al i num ylatio
tic ber tic ber tic ber tic ber tic ber tic ber
genes ber i n genes ber i n genes ber X n genes ber i n genes ber i n genes ber . n
muta . vari muta . vari muta X vari muta X vari muta . vari muta . vari
. vari . mutat . vari . mutat . vari . mutat . vari ) mutat . vari . mutat ) vari . mutat
tions . atio X tions X atio . tions X atio X tions . atio X tions R atio X tions X atio X
atio ion atio ion atio ion atio ion atio ion atio ion
n n n n n n
n n n n n n
Total Total Total Total Total Total
numb numb numb numb numb numb
39 309 308 121 46 236 326 57 34 167 235 104 39 291 217 86 44 320 321 101 36 38 36 36
er of er of er of er of er of er of
+ + + + + +
Total Total Total Total Total Total
numb numb numb numb numb numb
274 4 5 192 293 103 13 282 306 173 105 236 305 53 127 258 282 6 5 225 289 287 289 289
er of er of er of er of er of er of
Perce Perce Perce Perce Perce Perce
12.4 98.7 | 98.4 | 38.66 13.5 69.6 | 96.1 | 16.81 10.0 49.1 | 69.1 | 30.59 11.3 84.5 | 63.0 | 25.00 13.5 98.1 | 98.4 | 30.98 11.0 11.6 | 11.0 | 11.08
ntage ntage ntage ntage ntage ntage
6% 2% 0% % 7% 2% 7% % 0% 2% 2% % 4% 9% 8% % 0% 6% 7% % 8% 9% 8% %
of + of + of + of + of + of +
GABR GNG GNAI GABR GABR GABR
- + + + - + + - - - - - - + + - - + + - - - - +
P 4 2 E E B2
SEPS HARS SARS SEPS QRSL SARS
- + + - - + + - - - - - - + + - - + + - - - - -
ECS 2 2 ECS 1 2
CcoL6 COL6
CHAD | - + + - VAV3 - - - + FLT1 - - - + - + + - - + + - FN1 - - - -
A2 A3
ITGA COM
BCL2 + + + + GRB2 - + + - ZYX - + + - 4 - + + + p - + + + HRAS + - - -
ITGA PIK3C ACTG LAM ITGA PIK3C
- + + + + + + - - - - - - + + + - + + + + + + -
4 B 1 B1 2 A
WNT GSK3 GSK3
- + + + - + + - TCF7 - + + - POLK - + + - - + + - FZD8 - - - +
78 B B
ALDH ALDH ALDH ALDH
- + + - - + + - CSAD - + + - - + + - + + + + AOC3 - - - -
3B2 3A1 3B2 2
CREB CREB WNT WNT
KIT + + + + + + + + - - - - KIT + + + - - + + - - - - +
3L1 313 4 10A
ADCY CALM CREB EP30 ADCY
- + + + NRAS + + + - - - - + + + + - + + + - - - - -
9 L4 1 0 9

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S4 Table in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/QingrunZhanglLab/XA4C/tree/main/data/
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Table A3. 5 Number and Percentage of COSMIC Cancer-Specific Census Genes ldentified by Critical Genes, Hub Genes, and DiffEx Genes.

BRCA COAD KIRC LUAD PRAD THCA
Tierl Tier2 Total Tierl Tier2 Total Tierl Tier2 Total Tierl Tier2 Total Tierl Tier2 Total Tierl Tier2 Total
Number of cancer specific
cancer census genes in 35 7 42 47 17 64 1 1 2 38 14 52 25 3 28 29 2 31
cosmic
Number of cancer specific
cancer census genes in 6 0 6 11 0 11 0 0 0 6 0 6 1 0 1 1 0 1

Critical genes

% tissue specific cancer

census genes identified by 17% 0% 14% 23% 0% 17% 0% 0% 0% 16% 0% 12% 4% 0% 4% 3% 0% 3%
critical genes

Number of cancer specific

cancer census genes in 0 1 1 0 0 0 0 0 0 1 1 2 1 0 1 3 0 3
Hub genes

% tissue specific cancer

census genes identified by 0% 14% 2% 0% 0% 0% 0% 0% 0% 3% 7% 4% 4% 0% 4% 10% 0% 10%
Hub genes

Number of cancer specific

cancer census genes in 0 0 0 4 1 5 0 0 0 1 0 1 1 0 1 0 0 0
DiffEx genes

% tissue specific cancer

census genes identified by 0% 0% 0% 9% 6% 8% 0% 0% 0% 3% 0% 2% 4% 0% 4% 0% 0% 0%
DiffEx genes

152




Table A3. 6 Confusion Matrix for Critical Genes, Hub Genes, and DiffEx Genes Using DisGeNET as the Gold Standard.

Cancers Confusion matrix Critical genes Non-critical genes Hub genes Non hub genes DiffEx genes Non DiffEx genes
DisGeNET genes 212 4262 110 4364 358 4319
BRCA Non DisGeNET genes 101 10913 79 10935 289 10954
COAD DisGeNET genes 198 3410 93 3515 403 3455
Non DisGeNET genes 141 10462 82 10521 372 10538
DisGeNET genes 112 1291 48 1355 220 1285
KIRC Non DisGeNET genes 228 12828 132 12924 724 12845
LUAD DisGeNET genes 150 2430 62 2518 292 2450
Non DisGeNET genes 194 12567 109 12652 479 12647
DisGeNET genes 166 2687 68 2785 90 2819
PRAD Non DisGeNET genes 160 11830 107 11883 164 11976
THCA DisGeNET genes 57 785 31 811 59 820
Non DisGeNET genes 268 13390 158 13500 255 13594
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Table A3. 7 Evaluation of Classification Performance for Critical Genes, Hub Genes, and DiffEx Genes Using DisGeNET as the Gold Standard.

Critical genes (XA4C) Hub genes DiffEx genes
Precision 67.73% 58.20% 55.33%
BRCA Recall 4.74% 2.46% 7.65%
F1 score 4.74% 2.46% 7.65%
Accuracy 71.83% 71.31% 71.06%
Precision 58.41% 53.14% 52.00%
COAD Recall 5.49% 2.58% 10.45%
F1 score 10.03% 4.92% 17.40%
Accuracy 75.01% 74.69% 74.09%
Precision 32.94% 26.67% 23.31%
KIRC Recall 7.98% 3.42% 14.62%
F1 score 12.85% 6.06% 17.97%
Accuracy 89.49% 89.72% 86.67%
Precision 43.60% 36.26% 37.87%
LUAD Recall 5.81% 2.40% 10.65%
F1 score 10.26% 4.51% 16.62%
Accuracy 82.90% 82.88% 81.54%
Precision 50.92% 38.86% 35.43%
PRAD Recall 5.82% 2.38% 3.09%
F1 score 10.44% 4.49% 5.69%
Accuracy 80.82% 80.52% 80.18%
Precision 17.54% 16.40% 18.79%
THCA Recall 6.77% 3.68% 6.71%
F1 score 9.77% 6.01% 9.89%
Accuracy 92.74% 93.32% 92.70%
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Table A3. 8 Weighted-Averaged F1 Scores for 335 Pathways with Train and Test Sample Sizes.

BRCA COAD KIRC LUAD PRAD THCA
Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost
hsa00010 98% 96% 94% 94% 100% 100% 89% 93% 92% 80% 96% 96%
hsa00020 94% 93% 94% 94% 97% 100% 92% 92% 70% 82% 88% 81%
hsa00030 94% 88% 94% 94% 100% 94% 89% 85% 86% 91% 89% 93%
hsa00040 91% 91% 94% 88% 100% 94% 96% 96% 70% 76% 96% 96%
hsa00051 92% 96% 94% 94% 100% 97% 92% 88% 78% 86% 92% 86%
hsa00052 94% 93% 88% 88% 100% 94% 89% 89% 76% 76% 92% 90%
hsa00053 93% 93% 94% 94% 97% 89% 96% 96% 82% 82% 92% 96%
hsa00061 91% 91% 94% 100% 97% 91% 96% 92% 63% 67% 92% 90%
hsa00062 94% 95% 100% 94% 97% 94% 100% 96% 78% 88% 89% 93%
hsa00071 96% 98% 100% 94% 100% 100% 100% 93% 70% 82% 100% 96%
hsa00100 98% 96% 82% 89% 100% 100% 100% 96% 82% 78% 96% 92%
hsa00120 95% 97% 94% 94% 94% 94% 96% 96% 91% 96% 85% 81%
hsa00130 93% 91% 80% 80% 94% 91% 92% 83% 57% 67% 81% 79%
hsa00140 100% 98% 94% 94% 100% 100% 96% 93% 87% 82% 96% 86%
hsa00190 91% 96% 94% 82% 100% 100% 96% 93% 87% 82% 87% 88%
hsa00220 92% 94% 94% 94% 100% 100% 96% 96% 87% 83% 100% 88%
hsa00230 98% 94% 100% 100% 100% 100% 96% 92% 87% 83% 92% 93%
hsa00232 87% 88% 89% 82% 92% 94% 100% 93% 67% 72% 86% 92%
hsa00240 94% 94% 94% 100% 100% 100% 83% 83% 87% 83% 96% 93%
hsa00250 96% 91% 100% 100% 100% 100% 100% 93% 91% 87% 96% 92%
hsa00260 93% 95% 100% 100% 100% 100% 92% 96% 87% 82% 86% 85%
hsa00270 96% 96% 94% 89% 100% 100% 92% 92% 87% 73% 92% 82%
hsa00280 96% 94% 100% 100% 89% 92% 96% 89% 87% 82% 92% 89%
hsa00290 88% 87% 63% 67% 100% 92% 67% 67% 67% 58% 79% 76%
hsa00310 98% 98% 100% 82% 100% 97% 100% 88% 87% 82% 89% 89%
hsa00330 98% 91% 100% 94% 100% 100% 100% 92% 87% 87% 92% 92%

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S8_Table in Supplementary_Tables.xIsx,
accessible through the following URL.: https://github.com/QingrunZhangLab/XA4C/tree/main/data/
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Table A3. 9 Important (top 1% ceiling) genes identified by Random Forests and XGBoost.

BRCA COAD KIRC LUAD
Pathwa Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost Random Forest XGBoost
y GeneNam Importanc GeneNam Importanc | GeneNam Importanc GeneNam Importanc GeneNam Importanc GeneNam Importanc | GeneNam Importanc GeneNam Importanc
es es Values es es Values es es Values es es Values es es Values es es Values es es Values es es Values
hsa0001 0.1236422 0.1472393 0.6739629 0.1229169 0.1395735
ADH1C ADH1C 0.4436804 ADH1B ADH1B ALDH3B2 ALDH3B2 0.6381426 ADH1B ADH1B 1
0 77 93 5 34 24
hsa0002 0.1599065 0.3284602 0.1291455 0.3487270 0.1446442 0.3529470 0.1647183
PCK1 PCK1 PCK1 PCK1 SUCLG1 OGDHL PC PC 0.2750822
0 65 2 42 8 13 3 14
hsa0003 0.1886592 0.1505795 0.1274686 0.4572631 0.1635667
RGN RGN 0.4507763 PGM1 PGM1 0.3169174 PFKP PFKP GPI GPI 0.5818773
0 73 92 31 4 06
hsa0004 0.2761252 0.5521139 0.1511800 0.6897223 0.2001872 0.2336043
KL KL UGP2 UGP2 DCXR DCXR 0.3470252 KL KL 0.5799934
0 09 5 53 6 43 48
hsa0005 0.1567020 0.2595435 0.2065522 0.5716945 0.1665290 0.7181254 0.1584289 0.3515761
ALDOC ALDOC AKR1B10 AKR1B10 HK2 HK2 PFKP ALDOA
1 21 7 01 5 83 6 73 5
hsa0005 0.1481871 0.1923175 0.2296536 0.2205544 0.4594483 0.1788954
UGP2 GALE UGP2 UGP2 0.8059948 HK2 HK2 PFKP PFKP 0.5188337
2 08 2 05 15 7 91
hsa0005 0.2886307 0.1734548 0.3964063 0.1382591 0.2213289 0.2304584 0.4070556
KL KL 0.5686192 UGT1A10 UGT2A3 UGT2A1 UGT2A1 KL ALDH2
3 72 11 5 04 1 66 5
hsa0006 0.3472664 0.4821000 0.2716317 0.4268524 0.2721641 0.3659227 0.2269269 0.4560141
ACACB ACACB ACACB ACACB ACSL6 ACSL6 ACACB ACACB
1 4 4 35 3 47 8 42 3
hsa0006 0.2158516 0.2811780 0.1477908 0.2559701 0.1895047 0.2552620
ACOT7 ACOT7 ACAA2 ACAA2 0.4212448 HADH HADH 0.4758878 HACD4 HACD4
2 14 3 37 98 86 2
hsa0007 0.1333016 0.4282112 0.1387472 0.1441171 0.6293717 0.1791508
ADH1C ADH1C ACADS ADH1B 0.5703006 ADH1C ADH1C ADH1B ADH1B 1
1 51 4 08 11 6 16
hsa0010 0.2144854 0.1947399 0.1661261 0.3103630 0.2133866 0.2096452 0.3691212
SQLE SQLE CYP27B1 NSDHL CEL CEL 0.6306129 CYP27B1 CYP27B1
0 72 8 93 2 97 29 2
hsa0012 0.1957647 0.4235060 0.2416425 0.3491327 0.3122724 0.2575745
CYP7A1 CYP7A1 AKR1C4 AKR1C4 HSD3B7 HSD3B7 0.5015344 CYP27A1 CYP27A1 0.3970147
0 07 2 89 5 06 15
hsa0013 0.2196853 0.2902820 0.3907717 0.7395628 0.3051430 0.4283889 0.2517608 0.4610746
HPD VKORC1 TAT TAT VKORC1 VKORC1 NQO1 NQO1
0 3 4 52 7 28 5 18 5
hsa0014 0.1590326 0.3400305 0.1085522 0.1415616 0.3290561 0.1457417 0.6655326
HSD17B6 HSD17B6 DHRS11 HSD17B2 0.6418425 HSD11B2 HSD11B2 CYP1A2 CYP1A2
0 02 2 46 47 4 28 5
hsa0019 0.0898921 0.0924996 0.0987209 0.1044726 0.4564840
0 ATP6VOB 64 ATP6VOB 0.5246728 | ATP6VOA4 64 ATP6VOA4 | 0.2897009 | ATP6VOD2 9 ATP6V1C2 | 0.6693869 COX4l12 9 COX412 8

The table provides a subset of the data from the comprehensive table. For complete details, please refer to S9_Table in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/QingrunZhangLab/XA4C/tree/main/data/
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Table A3. 10 Enrichment of critical genes, hub genes, DiffEx genes, important genes from Random Forests and XGBoost in DisGeNET and COSMIC Cancer Census Genes.

BRCA | COAD | KIRC | LUAD | PRAD | THCA
Critical genes in DisGeNET 212 198 112 150 166 57
Total number of critical genes 313 339 340 344 326 325
Percentage of critical genes in DisGeNET 68% 58% 33% 44% 51% 18%
Critical genes in COSMIC tierl 6 11 0 6 1 1
Critical genes in COSMIC tier2 0 0 0 0 0 0
Hub genes in DisGeNET 110 93 48 62 68 31
Total number of hub genes 189 175 180 171 175 189
Percentage of hub genes in DisGeNET 58% 53% 27% 36% 39% 16%
Hub genes in COSMIC tierl 0 2 0 1 1 3
Hub genes in COSMIC tier2 1 0 0 1 0 0
DiffEx genes in DisGeNET 358 403 220 292 90 59
Total number of DiffEx genes 647 775 944 771 254 314
Percentage of DiffEx genes in DisGeNET 55% 52% 23% 38% 35% 19%
DiffEx genes in COSMIC tierl 0 4 0 1 1 0
DiffEx genes in COSMIC tier2 0 1 0 0 0 0
Important genes identified by Random Forest in DisGeNET 149 138 70 96 98 42
Total number of important genes identified by Random Forest 231 241 225 242 229 222
Percentage of important genes identified by Random Forest in DisGeNET | 65% 57% 31% 40% 43% 19%
Important genes identified by Random Forest in COSMIC tierl 0 1 0 0 0 1
Important genes identified by Random Forest in COSMIC tier2 0 0 0 0 0 0
Important genes identified by XGBoost in DisGeNET 166 150 71 112 123 54
Total number of important genes identified by XGBoost 248 262 237 270 290 255
Percentage of important genes identified by XGBoost in DisGeNET 67% 57% 30% 41% 42% 21%
Important genes identified by XGBoost in COSMIC tierl 1 2 0 0 0 1
Important genes identified by XGBoost in COSMIC tier2 0 0 0 0 0 0
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Table A4. 1 Detailed cutoffs (number of tracks) and exact number of SNVs for five subsets from TL and Enformer.

Model Cutoffs (number of tracks) | Subsets Number of SNVs
1 3.5M_TL 3745020
6 2M_TL 2021704

TL 16 1.5M_TL 1521867
55 1IM_TL 991900
146 500K_TL 492546
2 3.5M_Enformer | 3415580
5 2M_Enformer 1999290

Enformer | 7 1.5M_Enformer | 1525901
9 1M_Enformer 1039538
11 500K_Enformer | 488532
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Table A4. 2 Breast 275 TF tracks from Cistrom (Transfer Learning).

Index DCid Species GSMID Factor Cell_line Cell_type Tissue_type FastQC UniquelyMappedRatio PBC PeaksFoldChangeAbovel0 FRiP PeaksUnionDHSRatio
0 2294 Homo sapiens GSM614611 ESR1 MCF-7 Epithelium Breast 30 0.7393 0.964 7648 0.1089215 0.9574
1 2295 Homo sapiens GSM614610 ESR1 MCF-7 Epithelium Breast 30 0.8451 0.918 31169 0.546677 0.9378
2 2303 Homo sapiens GSM365928 ESR1 MCF-7 Epithelium Breast 56 0.7454 0.89 2871 0.0492315 0.9012
3 2304 Homo sapiens GSM365927 ESR1 MCF-7 Epithelium Breast 56 0.7333 0.878 5877 0.113508 0.949
4 2305 Homo sapiens GSM365926 ESR1 MCF-7 Epithelium Breast 56 0.7404 0.855 7523 0.17759875 0.8244
5 6551 Homo sapiens GSM631454 ESR1 MCF-7 Epithelium Breast 31 0.7463 0.975 7303 0.110496 0.9238
6 6552 Homo sapiens GSM631455 ESR1 MCF-7 Epithelium Breast 31 0.7661 0.974 8151 0.12122875 0.9208
7 6553 Homo sapiens GSM631456 ESR1 MCF-7 Epithelium Breast 31 0.8444 0.937 17815 0.28338675 0.9348
8 6556 Homo sapiens GSM631459 ESR1 MCF-7 Epithelium Breast 31 0.7266 0.98 4575 0.06221075 0.8988
9 6557 Homo sapiens GSM631460 ESR1 MCF-7 Epithelium Breast 31 0.7411 0.98 4774 0.06542825 0.8996
10 6558 Homo sapiens GSM631461 ESR1 MCF-7 Epithelium Breast 29 0.7996 0.933 7033 0.084597 0.9034
11 6559 Homo sapiens GSM631462 ESR1 MCF-7 Epithelium Breast 30 0.8064 0.929 772 0.010068 0.859856115
12 6562 Homo sapiens GSM631465 ESR1 MCEF-7 Epithelium Breast 29 0.8181 0.91 24862 0.38276225 0.9388
13 6577 Homo sapiens GSM631480 ESR1 MCF-7 Epithelium Breast 26 0.6899 0.968 5391 0.11395675 0.943
14 6578 Homo sapiens GSM631481 ESR1 MCEF-7 Epithelium Breast 27 0.6887 0.97 6977 0.1265465 0.9428
15 6581 Homo sapiens GSM631484 ESR1 MCF-7 Epithelium Breast 25 0.7925 0.99 2575 0.03805775 0.932
16 33100 Homo sapiens GSM1115991 ESR1 MCF-7 Epithelium Breast 38 0.7223 0.926 4767 0.04903625 0.8938
17 33127 Homo sapiens GSM986064 ESR1 MCF-7 Epithelium Breast 39 0.8696 0.947 42124 0.45033325 0.9592
18 33135 Homo sapiens GSM986063 ESR1 MCF-7 Epithelium Breast 39 0.8797 0.929 45509 0.525527 0.9548
19 33139 Homo sapiens GSM986061 ESR1 MCF-7 Epithelium Breast 39 0.8241 0.964 16777 0.23841825 0.947
20 33145 Homo sapiens GSM986059 ESR1 MCF-7 Epithelium Breast 36 0.8263 0.979 14877 0.14839425 0.9518
21 33146 Homo sapiens GSM986060 ESR1 MCF-7 Epithelium Breast 37 0.8257 0.976 14435 0.16212825 0.952
22 33156 Homo sapiens GSM986062 ESR1 MCF-7 Epithelium Breast 39 0.81 0.973 13063 0.1536435 0.9514
23 33216 Homo sapiens GSM1198711 ESR1 MCF-7 Epithelium Breast 37 0.788 0.962 24108 0.349844 0.9522
24 33221 Homo sapiens GSM1198712 ESR1 MCF-7 Epithelium Breast 37 0.7911 0.979 15309 0.205693 0.9614
25 33223 Homo sapiens GSM1198714 ESR1 MCF-7 Epithelium Breast 38 0.8564 0.982 18955 0.214099 0.9598
26 33224 Homo sapiens GSM1198713 ESR1 MCF-7 Epithelium Breast 38 0.8641 0.983 20226 0.20991375 0.9576

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S2 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/theLongLab/Transfer-Learning/tree/main/data
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Table A4. 3 Breast 12 ChlP-seq TF tracks (Enformer).

Ind Identifier File ClijSca) Sum_ Description Assay_t Target Assay_su
ex p|le| stat ype btype
237|ENCFF916 |/home/drk/tillage/datasets/human/chip/encode/ENCSR299CAV/su 32| 2 | mean CHIP:POLR2A:breast epithelium female adult CHIP ChIP-TF:POLR2A/breast epithelium female adult ChIP-TE
3 KUH mmary/ENCFF916KUH.w5 (53 years) (53 years)
238|ENCFF692 | /home/drk/tillage/datasets/human/chip/encode/ENCSR3041VU/su 32| 2 |mean CHIP:POLR2A:breast epithelium female adult CHIP ChIP-TF:POLR2A/breast epithelium female adult ChIP-TF
3 HMO mmary/ENCFF692HMO.w5 (51 year) (51 year)
238|ENCFF499|/home/drk/tillage/datasets/human/chip/encode/ENCSR304XUZ/su CHIP:CTCF:breast epithelium female adult (53 ChIP-TF:CTCF/breast epithelium female adult (53
32| 2 |mean CHIP ChIP-TF
4 EZR mmary/ENCFF499EZR.w5 years) years)
250|ENCFF381 |/home/drk/tillage/datasets/human/chip/encode/ENCSR346DKN/su CHIP:EP300:breast epithelium male adult (37 ChIP-TF:EP300/breast epithelium male adult (37
32| 2 |mean CHIP ChIP-TF
7 CzQ mmary/ENCFF381CZQ.w5 years) years)
266|ENCFF643| /home/drk/tillage/datasets/human/chip/encode/ENCSR400WEK/s 32| 2 | mean CHIP:POLR2AphosphoS5:breast epithelium CHIP ChIP-TF:POLR2AphosphoS5/breast epithelium ChIP-TE
6 JAF ummary/ENCFF643JAF.w5 female adult (51 year) female adult (51 year)
277|ENCFF258|/home/drk/tillage/datasets/human/chip/encode/ENCSR4320IW/su 32| 2 |mean CHIP:EP300:breast epithelium female adult (53 CHIP ChIP-TF:EP300/breast epithelium female adult ChIP-TF
5 FCQ mmary/ENCFF258FCQ.w5 years) (53 years)
300{ENCFF384 |/home/drk/tillage/datasets/human/chip/encode/ENCSR501LEH/su 32| 2 | mean CHIP:EP300:breast epithelium male adult (54 CHIP ChIP-TF:EP300/breast epithelium male adult (54 ChIP-TF
3 VWO mmary/ENCFF384VWO.w5 years) years)
308|ENCFF141|/home/drk/tillage/datasets/human/chip/encode/ENCSR528UBJ/su 32| 2 |mean CHIP:EP300:breast epithelium female adult (51 CHIP ChIP-TF:EP300/breast epithelium female adult ChIP-TF
7 YEU mmary/ENCFF141YEU.w5 year) (51 year)
348|ENCFF009 | /home/drk/tillage/datasets/human/chip/encode/ENCSR661NXJ/su CHIP:CTCF:breast epithelium female adult (51 ChIP-TF:CTCF/breast epithelium female adult (51
32| 2 |mean CHIP ChIP-TF
7 LCG mmary/ENCFFO09LCG.w5 year) year)
360|ENCFF270| /home/drk/tillage/datasets/human/chip/encode/ENCSR697YIN/su CHIP:CTCF:breast epithelium male adult (54 ChIP-TF:CTCF/breast epithelium male adult (54
32| 2 |mean CHIP ChIP-TF
1 ZPN mmary/ENCFF270ZPN.w5 years) years)
405|ENCFF534 |/home/drk/tillage/datasets/human/chip/encode/ENCSR844PVS/su 32| 2 | mean CHIP:POLR2AphosphoS5:breast epithelium CHIP ChIP-TF:POLR2AphosphoS5/breast epithelium ChIP-TF
2 ZUJ mmary/ENCFF534ZUJ.w5 male adult (54 years) male adult (54 years)
433|ENCFF385 |/home/drk/tillage/datasets/human/chip/encode/ENCSR939FGB/su 32| 2 |mean CHIP:POLR2AphosphoS5:breast epithelium CHIP ChIP-TF:POLR2AphosphoS5/breast epithelium ChIP-TF
5 QPB mmary/ENCFF385QPB.w5 female adult (53 years) female adult (53 years)
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Table A4. 4 96 tracks from Enformer that aligned with TL.

IndTF Identifier File q Sc| Sum Description Assay Target Assay_s
ex|s ip|ale|_stat _type ubtype
92 |ES |ENCFF16|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2 CHIP:ESR1:Ishikawa treated with 10 nM estradiol for ChIP-TF:ESR1/Ishikawa treated with 10 nM estradiol for
0 [R1]90SJ 0BlY/summary/ENCFF1690SJ.w5 2 mean|1 hour CHIP (1 hour ChIP-TF
92 |ES |ENCFF18|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2 CHIP:ESR1:Ishikawa treated with 0.02% dimethyl ChIP-TF:ESR1/Ishikawa treated with 0.02% dimethyl
1 |R1[5QLG 0BIZ/summary/ENCFF185QLG.w5 2 mean |sulfoxide for 1 hour CHIP [sulfoxide for 1 hour ChIP-TF
93 |ES |ENCFF46|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 5 CHIP:ESR1:T47D treated with 100 nM genistein for 1 ChIP-TF:ESR1/T47D treated with 100 nM genistein for
6 |R1[BWTB 0BJS/summary/ENCFF468WTB.w5 2 mean |hour CHIP |1 hour ChIP-TF
95 |ES |ENCFFO02|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2 CHIP:ESR1:T47D treated with 0.02% dimethyl ChIP-TF:ESR1/T47D treated with 0.02% dimethyl
9 |[R1[3DPZ OBLL/summary/ENCFF023DPZ.w5 2 mean |sulfoxide for 1 hour CHIP |sulfoxide for 1 hour ChIP-TF
10 |ES |ENCFF37|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2 CHIP:ESR1:T47D treated with 100 nM bisphenol A for ChIP-TF:ESR1/T47D treated with 100 nM bisphenol A
24 |R1 |3MQA  |0BQD/summary/ENCFF373MQA.w5 2 mean |30 minutes CHIP |[for 30 minutes ChIP-TF
10 |ES |ENCFFO0O0|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2 CHIP:ESR1:Ishikawa treated with 100 nM bisphenol A ChIP-TF:ESR1/Ishikawa treated with 100 nM bisphenol
35 [R1 [4DHQ 0BQR/summary/ENCFF004DHQ.w5 2 mean (for 1 hour CHIP |A for 1 hour ChIP-TF
16 6 ChiP-
04 ES |GSM120 |/home/drk/tillage/datasets/human/chip/geo/GSM1208737 4 1 CHIP:.:batch2_chrom1_LoVo_ESR1 Mouse_Passed TF:./batch2_chrom1_LoVo_ESR1_Mouse_PassedQC ;

R1 (8737 /summary/coverage.w5 sum [QC /LoVo / colon adenocarcinoma CHIP [LoVo ; colon adenocarcinoma ChIP-TF
87 [JU |ENCFFO0O0|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
2 |ND|9FVW  |0BGK/summary/ENCFFO09FVW.w5 2 mean|CHIP:JUND:HepG2 CHIP |ChIP-TF:JUND/HepG2 ChIP-TF
95 JU [ENCFF12|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 5
0 [ND|SBVN OBKP/summary/ENCFF128BVN.w5 2 mean|CHIP:JUND:H1-hESC CHIP |ChIP-TF:JUND/H1-hESC ChIP-TF
10 [JU [ENCFF16|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 5 CHIP:JUND:A549 treated with 0.02% ethanol for 1 ChIP-TF:JUND/A549 treated with 0.02% ethanol for 1
42 [ND[5U0Q OBRF/summary/ENCFF165U0Q.w5 2 mean|hour CHIP |hour ChIP-TF
10 JU |[ENCFF41|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
54 IND|5KJH 0BSA/summary/ENCFF415KJH.w5 2 mean|CHIP:JUND:HCT116 CHIP |ChIP-TF:JUND/HCT116 ChIP-TF
10 JU |ENCFFO00|/home/drk/tillage/datasets/human/chip/encode/ENCSRO0 | 3 2
56 [ND[SACO 0BSK/summary/ENCFFO08ACO.w5 2 mean|CHIP:JUND:SK-N-SH CHIP |ChIP-TF:JUND/SK-N-SH ChIP-TF
10 [JU [ENCFF45|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
57 IND[9CCO 0BSU/summary/ENCFF459CCO.w5 2 mean|CHIP:JUND:MCF-7 CHIP |ChIP-TF:JUND/MCF-7 ChIP-TF
10 [JU [ENCFF97|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
63 [ND|OLMA 0BVO/summary/ENCFF970LMA.w5 2 mean|CHIP:JUND:T47D CHIP |ChIP-TF:JUND/T47D ChIP-TF
12 |JU [ENCFF11|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
49 IND|6XI1J 0DYS/summary/ENCFF116XIJ.w5 2 mean|CHIP:JUND:GM12878 CHIP |ChIP-TF:JUND/GM12878 ChIP-TF
12 |JU [ENCFF74|/home/drk/tillage/datasets/human/chip/encode/ENCSRO00 | 3 2
87 [ND|4ISC OEBZ/summary/ENCFF7441SC.w5 2 mean|CHIP:JUND:H1-hESC CHIP |ChIP-TF:JUND/H1-hESC ChIP-TF

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S4 in Supplementary_Tables.xIsx,

accessible through the following URL:https://github.com/theLonglLab/Transfer-Learning/tree/main/data
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Table A4. 5 9 cell lines selected from the Roadmap project.

EID Group Standardized Epigenome name

EO027 | Epithelial Breast Myoepithelial Primary Cells

E028 | Epithelial Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 | ENCODE2012 | HMEC Mammary Epithelial Primary Cells

E029 | HSC & B-cell Primary monocytes from peripheral blood

EO55 | Epithelial Foreskin Fibroblast Primary Cells skin01

E066 | Other Liver

E121 | ENCODE2012 | HSMM cell derived Skeletal Muscle Myotubes Cells

E124 | ENCODE2012 | Monocytes-CD14+ RO01746 Primary Cells

E125 | ENCODE2012 | NH-A Astrocytes Primary Cells
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Table A5. 1 712 independent signals for six types of cancers.

Cancers rsID lead variant CHR BP_HG19 A2 Al Al_FRQ EUR P Tag New lead variants identified by fine-mapping in this study
BRCA rs657244 1 10551763 A G 0.711598856 3.73E-20 indep NO
BRCA rs2992756 1 18807339 T ¢ 0.505905658 2.33E-16 indep NO
BRCA rs12039667 1 46790764 T C 0.768457796 8.27E-11 indep NO
BRCA rs7541276 1 88177988 ¢ A 0.497207784 6.23372E-09 indep NO
BRCA rs11583393 1 88429024 C A 3.61E-08 indep NO
BRCA rs5776993 1 110222901 ¢ CA 0.12 0.000000026 GWASSNP /
BRCA rs11102701 1 114449829 T A 0.168824221 9.64642E-09 indep NO
BRCA rs7529522 1 118230221 T ¢ 0.238798653 0.000000342 indep NO
BRCA rs11249433 1 121280613 A G 1.76E-52 indep NO
BRCA rs201000337 1 120896247 C T 0.023380679 6.47529E-07 indep NO
BRCA rs200366104 1 145809959:145809960 GA - 0.185088576 7.75428E-07 indep NO
BRCA rs143384623 1 145604302:145604303 - T 0.345587865 1.14507E-13 indep NO
BRCA rs12048493 1 149927034 A ¢ 0.388126742 1.49E-12 indep NO
BRCA rs1057941 1 155186742 G A 0.399776251 9.12E-12 indep NO
BRCA rs35383942 1 201437832 ¢ T 0.060453685 0.000000114 indep NO
BRCA rs4950774 1 202190546 G A 0.40727726 1.54E-13 indep NO
BRCA rs59867004 1 203801249 T C 0.276081324 0.000000624 indep NO
BRCA rs4951401 1 204537648 G A 0.73528838 1.43E-23 indep NO
BRCA rs11117754 1 217206705 T G 0.208124142 2.31504E-08 indep NO
BRCA rs72755295 1 242034263 A G 0.033177079 3.64E-11 indep NO
BRCA rs10184522 2 19316059 C A 0.551268861 1.78E-08 indep NO
BRCA rs2384061 2 25135620 G A 0.400860207 5.33E-08 indep NO
BRCA rs71403627 2 29130769:29130770 - A 0.213228296 1.16E-13 indep NO
BRCA rs9712235 2 67881757 A G 0.26 0.000000048 GWASSNP /
BRCA rs4602255 2 69392128 G A 0.45 0.000000002 GWASSNP /
BRCA rs11448973 2 121026513:121026514 - T 0.700964499 8.33592E-09 indep NO
BRCA rs17625845 2 121089731 T C 0.188933762 2.43E-10 indep NO
BRCA rs4076654 2 121155824 A T 0.364356888 9.79E-11 indep NO
BRCA rs4849879 2 121239256 ¢ G 0.884971218 3.1E-16 indep NO
BRCA rs13020413 2 172381486 C T 0.367657172 0.000000163 indep NO

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S1 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/theLonglLab/Proteomics/tree/main/data
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Table A5. 2 176 significant cancer risk proteins for six types of cancers.

c C
rsiD lead Al A Protein meta_P
Cancers . H | BP_HG19 rsID_pQTL H| BP_HG19 Al_FRQ P Tag - N meta_beta meta_se - Tag_pQTL
variant 2|1 Name value
R R
. pQTL_cis_N
BRCA rs657244 1| 10551763 rs657244 1| 10551763 A | G | 0.7115989 3.73E-20 indep PEX14 35391 0.0379 0.008644 1.16E-05 G
) 0.0092992
BRCA rs7529522 1| 118230221 rs7529522 1| 118230221 | T | C | 0.2387987 3.42E-07 indep MAN1A2 35365 0.050651259 84 5.13E-08 | meta
. pQTL_cis_N
BRCA rs7529522 1| 118230221 rs7529522 1| 118230221 | T | C | 0.2387987 3.42E-07 indep PTGFRN 35356 0.0735 0.010852 1.26E-11 G
. pQTL_cis_N
BRCA rs12048493 | 1 | 149927034 | rs12048493 | 1| 149927034 | A | C | 0.3881267 1.49E-12 indep BOLA1 35354 -0.1225 0.008762 2.04E-44 G
. pQTL_cis_N
BRCA rs12048493 | 1 | 149927034 | rs12048493 | 1| 149927034 | A | C | 0.3881267 1.49E-12 indep CTSS 35354 0.0518 0.00889 5.66E-09 G
. pQTL_cis_N
BRCA rs12048493 | 1 | 149927034 | rs12048493 | 1| 149927034 A | C | 0.3881267 1.49E-12 indep ECM1 35354 0.0612 0.008645 1.45E-12 G
. - 0.0075336
BRCA rs1057941 1 | 155186742 rs1057941 1| 155186742 G| A | 03997763 | 9.12E-12 indep PKLR 35365 2.53E-08 | meta
0.041971578 | 7
) - 0.0076402
BRCA rs1057941 1 | 155186742 rs1057941 1| 155186742 G| A | 0.3997763 | 9.12E-12 indep THBS3 35365 1.09E-05 | meta
0.033604842 | 26
indepSurroga 1.99E- pQTL_cis_N
BRCA rs11448973 | 2 | 121026514 | rs3889224 2| 121024419 A| G | 0.3894 2.20E-06 teCCV RALB 35360 -0.2407 0.008701 168 G
. pQTL_cis_N
BRCA rs2384061 2 | 25135620 rs2384061 2| 25135620 G | A | 0.4008602 5.33E-08 indep TP53I3 35369 -0.0367 0.008311 1.01E-05 G
0.0075239
BRCA rs4602255 2 | 69392128 rs4602255 2| 69392128 G| A | 045 2.00E-09 GWASSNP ANTXR1 35350 0.047212388 ) 3.50E-10 | meta
0.0072333
BRCA rs4602255 2 | 69392128 rs4602255 2| 69392128 G| A | 045 2.00E-09 GWASSNP ANXA4 35362 0.059611836 1 1.70E-16 | meta
pQTL_cis_N
BRCA rs4602255 2 | 69392128 rs4602255 2| 69392128 G| A | 045 2.00E-09 GWASSNP CNRIP1 35362 0.0504 0.008283 1.17€E-09 G
- 0.0073630
BRCA rs4602255 2 | 69392128 rs4602255 2| 69392128 G| A | 045 2.00E-09 GWASSNP GKN2 35362 1.52E-06 | meta
0.035406087 | 46
. - 0.0087596
BRCA rs17617028 | 4 | 106064683 rs17617028 | 4 | 106064683 G| A | 0.2310154 | 7.02E-10 indep PPA2 35354 4.32E-06 | meta
0.040253614 | 64
. pQTL_cis_N
BRCA rs10034903 | 4 | 38784678 rs10034903 | 4 | 38784678 C | G | 0.2551249 1.73E-09 indep KLB 35365 -0.0604 0.009059 2.60E-11 G

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S2 in Supplementary_Tables.xIsx,
accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 3 Cancer risk proteins reported in previous proteins studies.

Cancers Proteins Coding Genes ReportedinPreviousStudies
BRCA ALDH2 NO
BRCA ANTXR1 NO
BRCA ANXA4 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955), Jia et al., Int J Cancer, 2023 (PMID:36779764)
BRCA ART4 NO
BRCA ATP1B2 NO
BRCA BOLA1 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955)
BRCA CCDC134 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955), Jia et al., Int J Cancer, 2023 (PMID:36779764)
BRCA CD177 NO
BRCA CNRIP1 NO
BRCA COMP NO
BRCA CPA4 NO
BRCA CRLF1 NO
BRCA CST6 NO
BRCA CTSS Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955), Shu et al., British Journal of Cancer 2022 (PMID:35882941)
BRCA ECM1 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955)
BRCA GKN2 NO
BRCA HAPLN4 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955)
BRCA IL12B NO
BRCA KLB NO
BRCA LEAP2 NO
BRCA LRP11 NO
BRCA MAN1A2 Shu et al., Int J Cancer, 2020 (PMID:31265136)
BRCA MANSC4 NO
BRCA MLN NO
BRCA /GLU Jia et al., Int J Cancer, 2023 (PMID:36779764)
BRCA NCAN NO
BRCA NSF NO
BRCA NTN4 Gregga et al., Cancer Epidemiol Biomarkers Prev, 2023, (PMID:37409955), Jia et al., Int J Cancer, 2023 (PMID:36779764)
BRCA PDLIM4 NO
BRCA PEX14 NO

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S3 in Supplementary_Tables.xIsx,
accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 4 GWAS and pQTLs colocalization results for six types of cancers.

coloc Results

SMR+HEIDI Results

Can Gene_
Target p_SMR_BF
cers | Name PP.H PP.H PP.H2 | PP.H3. | PP.H4. | PP.H4_ | TargetS SNP TargetS | A | A . b_G se_. G | p_G b_e se_e | p_e b_S se.S | p_S p_H nsnp_HEI HEIDI
c re
0.abf 1.abf .abf abf abf el_0.5 NP hr - NP_bp 112 q WAS | WAS WAS | QTL QTL QTL MR MR MR EIDI DI ;IP_O 05 -
BRC 3.45 1.22E | 2.83E- | 0.9999 | 7.15E- rs6572 104917 0.70 0.05 0.00 1.03 0.03 0.00 1.16 1.58 0.40 8.67 4.40
PEX14 FALSE 1 G|A 20 FALSE
A E-23 -14 09 99282 | 07 44 06 9742 | 99 68 E-18 | 79 8644 | E-05 | 047 2659 | E-05 | E-07
BRC | MAN1 | 1.52 0.000 | 1.12E- | 0.9998 | 2.68E- FALSE rs7529 1 117687 clqT 0.24 | 0.04 | 0.00 1.73 | 0.05 | 0.00 | 513 | 0.94 | 0.22 | 3.46 | 0.00 20 FALSE
A A2 E-15 135 11 38243 05 522 599 8509 | 78 75 E-10 | 0651 | 9299 | E-08 | 3708 | 7912 | E-05 | 3971
BRC | PTGFR | 4.18 0.000 | 3.10E- | 0.9998 | 1.91E- FALSE rs7529 1 117687 clt 0.24 | 0.04 | 0.00 173 | 0.07 | 001 | 1.26 | 0.65 | 0.14 | 3.46 | 0.00 20 FALSE
A N E-24 135 20 631 06 522 599 8509 | 78 75 E-10 | 35 0852 | E-11 | 034 0117 | E-06 0245
9.99 - -
BRC 2.65E | 3.77E- | 0.9999 | 5.56E- rs1204 149955 0.35 | 0.04 | 0.00 8.62 0.00 | 2.04 0.06 | 6.05 | 3.91
BOLA1 | E- FALSE 1 C|A 0.12 0.40 16 FALSE
A -08 263 99918 08 8493 122 0895 | 96 67 E-14 8762 | E-44 1888 | E-11 E-14
271 25 49
BRC 2.19 2.65E | 8.28E- | 0.9999 | 5.30E- rs1204 149955 0.35 | 0.04 | 0.00 8.62 | 0.05 | 0.00 | 566 | 0.95 | 0.20 | 4.68 | 9.27
CTSS FALSE 1 C|A 12 FALSE
A E-96 -08 89 99973 10 8493 122 0895 | 96 67 E-14 | 18 889 E-09 | 7529 | 9133 | E-06 | E-09
1.72
BRC 2.65E | 6.51E- | 0.9999 | 1.16E- rs1204 149955 0.35 | 0.04 | 0.00 8.62 | 0.06 | 0.00 | 1.45 | 0.81 | 0.15 | 3.11 | 3.53
ECM1 E- FALSE 1 C|A 12 FALSE
A 112 -08 105 99972 | 09 8493 122 0895 | 96 67 E-14 | 12 8645 | E-12 | 0458 | 8402 | E-07 | E-10
BRC 6.66 8.36E | 7.96E- | 0.9987 | 0.0011 rs1057 155216 0.39 | 0.03 | 0.00 657 | 0.00 | 253 | 0.22 | 3.39 | 0.00
PKLR FALSE 1 A|G 0.04 0.93 13 FALSE
A E-42 -05 38 86743 29644 941 951 165 91 63 E-10 197 7534 | E-08 158 4702 | E-05 2027
BRC 1.81 8.37E | 2.16E- | 0.9998 | 2.42E- rs1057 155216 0.39 | 0.03 | 0.00 6.57 | 0.00 | 1.09 | _ 0.32 | 0.00 | 1.11
THBS3 FALSE 1 A|G 0.03 1.16 11 FALSE
A E-38 -05 34 92115 05 941 951 165 91 63 E-10 36 764 E-05 350 4228 | 0332 | E-07
2.00
BRC 0.004 | 3.31E- | 0.0711 | 0.9245
RALB E- TRUE FALSE
A 3555 164 38888 05612
165
BRC 1.97 3.77E | 5.22E- | 0.9999 | 6.50E- rs2384 249127 039 | 0.00 1.02 | 0.00 | 1.01 | 1.24 | 033 | 0.00 | 3.67
TP5313 FALSE 2 A|G 0.04 0.03 18 FALSE
A E-14 -06 09 95576 | 07 061 51 0656 <6 67 E-11 67 8311 | E-05 | 251 542 0212 | E-06
BRC | ANTXR | 1.54 0.002 | 8.07E- | 0.1214 | 0.8761 —_ rs4602 5 691649 Als 0.47 | 0.03 | 0.00 1.21 | 0.04 | 0.00 | 3.50 | 0.69 | 0.17 | 5.08 | 0.10 20 TRUE
A 1 E-08 3343 | 07 66019 | 98816 255 96 7137 | 29 62 E-07 | 7212 | 7524 | E-10 | 6851 | 1982 | E-05 | 8218
BRC | ANXA 1.14 0.000 | 5.97E- | 0.0498 | 0.9491 TRUE rs4602 ) 691649 Als 0.47 | 0.03 | 0.00 1.21 | 0.05 | 0.00 | 1.70 | 0.55 | 0.12 | 814 | 0.00 20 FALSE
A 4 E-14 969 13 35968 95029 255 96 7137 | 29 62 E-07 | 9612 | 7233 | E-16 1904 | 3701 | E-06 4378

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S4 in Supplementary_Tables.xIsx,
accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 5 Breast cancer risk proteins reported in previous genes studies.

Gene

eQTL result
from the
GTEx (n =
56)

Fachal et al., Nat
Genet 2020
(PMID:31911677) (n =
190)

Zhang et al., Nat Genet
2020 (PMID:32424353)
(n=178)

Wen et al., Nat Commun
2021 (PMID:34518541)
(n=81)

Wau et al., Nat Genet
2018 (PMID:29915430)
(n=85)

Guo et al. AJHG 2018
(PMID:29727689) (n =
101)

He et al. Nat Commun
2022 (PMID:36402776)
(n=139)

ALDH2

ANTXR1

ANXA4

CNRIP1

PLAUR

RALB

SAT2

SuB1l

+: reported; -: unreported
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Table A5. 6 Colorectal cancer risk proteins reported in previous genes studies.

Gene

eQTL result from the GTEx (n =

58)

Yuan et al., Hum Mol Genet 2021
(PMID:33481017) (n = 66)

Guo et al., Gastroenterology 2021
(PMID:33058866) (n = 25)

Fernandez-Rozadilla et al., Nat Genet
2022 (PMID:36539618) (n = 155)

ALDH2

ASIP

ASRGL1

CCM2

CDKN1A

CHRDL2

CNTN2

CSNK2B

GSS

HHIP

IGFBP3

LAMC2

LIMA1

LMANZL

LY75

MAP1LC3A

NEO1

NID2

PDGFRB

PLA2R1

PPA2

SCUBE3

SFTPD

TREM1

+: reported; -: unreported
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Table A5. 7 Prostate cancer risk proteins reported in previous genes studies.

Gene

eQTL result from the GTEx
(n=37)

Chen et al., Am J Hum
Genet 2019
(PMID:31402092) (n =
155)

Conti et al., Nat Genet
2021 (PMID:33398198) (n
=264)

Wu et al., Cancer Res
2019 (PMID:31101764) (n
=50)

Mancuso et al., Nat
Commun 2018
(PMID:30287866) (n = 8)

He et al. Nat Commun
2022 (PMID:36402776)
(n=150)

AS3MT

ASRGL1

CHI3L1

CLSTN1

EHBP1

FAM3B

GDF7

GPC1

KDELC2

NT5C2

PKLR

PPA2

+: reported; -: unreported
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Table A5. 8 Lung cancer risk proteins reported in previous genes studies.

Gene

eQTL result from the GTEx (n =
44)

Chen et al., Am J Hum Genet 2019
(PMID:31402092) (n = 63)

Bosse et al., Int J Cancer 2020
(PMID:31696517) (n = 32)

He et al. Nat Commun 2022
(PMID:36402776) (n = 65)

Byun et al. Nat Genet 2022
(PMID:35915169) (n = 44)

CLIC1

NT5C2

+: reported; -: unreported
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Table A5. 9 Ovarian cancer risk proteins reported in previous genes studies.

Gene

eQTL result from the GTEXx (n

= 10)

Chen et al., Am J Hum
Genet 2019
(PMID:31402092) (n = 16)

Lu et al., Cancer Res 2018
(PMID:30054336) (n=33)

Gusev et al., Nat Genet 2018

(PMID:31043753) (n = 25)

NSF

+: reported; -: unreported
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Table A5. 10 Pancreatic cancer risk proteins reported in previous genes studies.

Gene

eQTL result from the
GTEx (n = 6)

Chen et al., Am J Hum
Genet 2019
(PMID:31402092) (n = 7)

Liu et al., Cancer Res
2020 (PMID:32907841) (n
=14)

Zhong et al., INCI 2020
(PMID:31917448) (n = 25)

ABO

+

+: reported; -: unreported
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Table A5. 11 Functional SNVs.

rsiD Pr L Prote | Motif | NHGRI/ Select RefS Is
Ca pos LD X AF AM | AS EU Promoter | Enhancer | DN | | GRAS GENC dbSNP | Nearest Nearest X
lead ot D vari . . ins s EBI ed eq protein
nc . ) (hg , | (D R_f | R_f | N_f | R_f | (histone histone As P QTL ODE func gene_Ge | gene_R
varian | ei (r | ant boun chang | GWAS . eQTL gene nearest
ers 38) ) req | req req | req | marks) marks e . hits . genes annot ncode efSeq
t n ) d ed hits hits s gene?
PE 104 rsll . .
BR rs657 0. 0. 0.4 0.5 0.7 X introni
X1 658 885 0.7 Hoxa4,Pax-4 4 hits DFFA DFFA DFFA DFFA
CA | 244 8 89 9 3 c
4 57 29
PE 104 | 0. rs68 ] ]
BR | rs657 0. 0.1 0.5 0.7 . . . PEX1 | introni nearest_
X1 773 | 8 574 0.7 7 tissues 6 altered motifs 7 hits PEX14 PEX14 PEX14
CA | 244 9 8 6 5 4 [¢ gene
4 80 1 6
PE 104 rsll . .
BR | rs657 0. | O. 0.8 | 0.6 0.8 | 0.7 . PEX1 | introni nearest_
X1 788 527 LIV E2A,Rad21,SIRT6 6 hits PEX14 PEX14 PEX14
CA | 244 9 98 9 3 2 2 4 c gene
4 94 39
5
PE 104 rs60 K . .
BR | rs657 0. 0. 0.6 0.8 0.7 . tiss Gm39 . . PEX1 | introni nearest_
X1 794 794 0.9 SKIN 7 tissues 1 hit 7 hits PEX14 PEX14 PEX14
CA 244 9 99 3 3 2 ue 7,Irx 4 [¢ gene
4 86 1
s
PE 104 | O. rs10 . .
BR rs657 0. 0.1 0.5 0.7 0.6 CEBPA,HNF4,Pax- . PEX1 | introni nearest_
X1 812 8 864 6 hits PEX14 PEX14 PEX14
CA | 244 92 8 6 4 9 2 4 c gene
4 36 2 458
PE 104 rs65 . .
BR rs657 0. 0. 0.9 0.6 0.8 0.7 X PEX1 | introni nearest_
X1 826 277 HNF4,RXRA 4 hits PEX14 PEX14 PEX14
CA 244 9 99 1 3 3 2 4 [« gene
4 57 1
BL
PE 104 rs27 . .
BR | rs657 0. 0. 0.9 0.6 0.8 0.7 X D, . PEX1 | introni nearest_
X1 843 812 4 tissues 4 hits PEX14 PEX14 PEX14
CA 244 9 99 2 4 3 2 BL 4 [« gene
4 31 32
D
PE 104 rs66 . .
BR rs657 0. 0. 0.9 0.6 0.8 0.7 . BL . X PEX1 | introni nearest_
X1 844 880 BLD 5 tissues 3 hits | 6 hits PEX14 PEX14 PEX14
CA | 244 9 99 1 3 3 2 D 4 c gene
4 90 5
4
PE 104 rs66 K . .
BR | rs657 0. 0. 0.6 0.8 0.7 X tiss X . PEX1 | introni nearest_
X1 846 970 0.6 FAT, BLD 5 tissues AP-2,Mef2,PEBP 1 hit 5 hits PEX14 PEX14 PEX14
CA | 244 4 68 9 99 1 1 3 2 ue 4 c gene

S

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S11 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 12 Chromatin interactions.

Cancers rsID lead variant Protein Funcitonal SNP |Chr Pos Interaction region Chr Interaction region Start Interaction region End  |Chromatin interaction gene
BRCA rs4602255 ANTXR1 rs4375901 chr2 69390369 chr2 69390293 69390547 ANTXR1
BRCA rs4602255 ANTXR1 rs4375901 chr2 69390369 chr2 69390293 69390547 ANTXR1
BRCA rs4602255 ANTXR1 rs4375901 chr2 69390369 chr2 69390293 69390547 ANTXR1
BRCA rs4602255 ANTXR1 rs4375901 chr2 69390369 chr2 69390293 69390547 ANTXR1
BRCA rs2012709 SUB1 rs12519859 chr5 32581186 chr5 32578954 32582898 SUB1
BRCA rs17356907 NTN4 rs61938093 chri2 96026737 chri2 96026401 96028401 NTN4
BRCA rs17356907 NTN4 rs11836367 chri2 96027467 chr12 96026401 96028401 NTN4
BRCA rs17356907 NTN4 rs17356907 chri2 96027759 chr12 96026401 96028401 NTN4
BRCA rs8105994 CRLF1 rs4808801 chrl9 18571141 chr19 18570401 18572401 CRLF1
BRCA rs8105994 CRLF1 rs4808801 chr19 18571141 chr19 18570401 18572401 CRLF1
COADREAD rs8179460 LAMC2 rs10911200 chrl 182998377 chrl 182997990 182999880 LAMC2
COADREAD rs8179460 LAMC2 rs10911228 chrl 183049792 chrl 183048440 183050810 LAMC2
COADREAD rs8179460 LAMC2 rs35504590 chrl 183055650 chrl 183055650 183056970 LAMC2
COADREAD rs8179460 LAMC2 rs8179460 chrl 183056222 chrl 183055650 183056970 LAMC2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22222039 22243304 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22215521 22243304 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22213098 22263784 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22222356 22265722 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22222458 22263874 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22222463 22263849 HSPG2
COADREAD rs11579545 HSPG2 rs2445131 chrl 22239774 chrl 22222524 22266715 HSPG2

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S12 in Supplementary_Tables.xIsx,
accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 13 Cancer driver gene.

Cancer type Lead variant Protein PMID29625053 |PMID32015527 |Cancer_Gene_Census
BRCA rs2012709 SUB1 NA NA SUB1
BRCA rs11065822 ALDH2 NA NA ALDH2
COADREAD rs2302275 CSF1R NA NA CSF1R
COADREAD rs2302275 PDGFRB NA NA PDGFRB
COADREAD rs9470361 CDKN1A CDKN1A CDKN1A CDKN1A
COADREAD rs12268849 NT5C2 NA NA NT5C2
COADREAD rs3858704 ALDH2 NA NA ALDH2
Lung rs7902587 NT5C2 NA NA NT5C2
PRAD rs12031080 S100A7 NA NA S100A7
PRAD rs4522108 NT5C2 NA NA NT5C2
PRAD rs80130819 COL2A1 NA NA COL2A1
PRAD rs80326387 MAP2K1 MAP2K1 MAP2K1 MAP2K1
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Table A5. 14 CRISPR cell lines.

Ca
nc . i i A Sanger Depmap |AgeCa LegacyMole [PrimaryOr Sourc |LegacySu|Catalog COS [PublicC [WTSIMa [Engineer Oncotr . |Oncotre
Mode |Patien [CellLine [StrippedCe| |Sourc Growth . |SampleCol CCLENa Treatme|Onboard|PlateC OncotreeSubtyp |OncotreePri X
er i Modell [RRID |ModelTy [tegor cularSubtyp [Metastasi .. |Sex|eDeta [bSubtyp [Numbe MICI lommen |sterCelll |edMode R . |eeCod : elineag
IID  |tID Name |liLineName|~ |eType Pattern lectionSite i me ntStatus|edMedia|oating e maryDisease
typ e D pe v e s il e r D ts D | e e
e
ACH- [PT- Com CVCL . Fe . Invasive
BR _|SIDMO . Metastati |pleural_ef ERneg_H SKBR3_BREAS MF-023- Invasive Breast
00001 (8CE6a [SK-BR-3 |SKBR3 merci _003 |BRCA Adult |Mixed |HER2_amp . ma [ATCC HTB-30 None (BRCA i Breast Breast
CA 0897 fusion ER2pos T 001 Carcinoma .
7 h al 3 le Carcinoma
ACH- [PT- Com CVCL . Fe . Invasive
BR k _|SIDMO Adhere . Metastati |pleural_ef ERpos_H MCF7_B |9059 MF-015- Invasive Breast
00001 (|viJKn [MCF7 |MCF7 merci _003 [BRCA Adult luminal X ma [ATCC HTB-22 588 None [BRCA i Breast Breast
CA 0148 nt fusion ER2neg REAST |46 010 Carcinoma .
9 w al 1 le Carcinoma
SNP fingerprinting confirms that this i
ACH- |PT- Com CVCL . Fe . . . Invasive
BR R _|SIDMO Adhere . Metastati |pleural_ef line is an MCF-7 derivative. DepMap [MF-002- Invasive Breast
00002(viJKn [KPL-1 |KPL1 merci _209 [BRCA Adult luminal X ma |DSMZ |ERpos_HER2neg |KPL1_BREAST None [BRCA . Breast Breast
CA 0147 nt c fusion metadata has been updated (as of {001 Carcinoma i
8 w al 4 le . Carcinoma
22Q2) to reflect this.
ACH- [PT- MDA- Com CVCL . Fe Breast Invasive [Invasive
BR MDAMB13 |4 .|SIDMO Adhere . Metastati |pleural_ef MDAMB134VI MF-021-
00004 (HMBf [MB- merci _061 (ILC Adult luminal X ma |ATCC |ERpos_HER2neg None (ILC Lobular Breast Breast
CA . 4V 7 0005 nt c fusion _BREAST 003 . i
4 bj 134-VI al 7 le Carcinoma Carcinoma
ACH- |PT- Com CVCL . Fe Breast Invasive [Invasive
BR 6 .|SIDMO Adhere ) Metastati ) ERpos_H |CRL-  [ZR751_BREAS MF-001-
00009(k1TO7|ZR-75-1 |ZR751 merci _058 |IDC Adult luminal ascites ma |ATCC None (IDC Ductal Breast Breast
CA 0314 nt c ER2neg [1500 (T 001 . i
7 o al 8 le Carcinoma Carcinoma
ACH- |PT- Com CVCL Fe Breast Invasive [Invasive
BR HCC118 _|SIDmO ) ) ERneg_H|CRL-  [HCC1187(7497 MF-001-
00011(yKlgs HCC1187 merci 124 (IDC Adult |Mixed |basal_A Primary |breast ma |ATCC 1644 None |IDC Ductal Breast Breast
CA 7 0885 ER2neg [2322 | BREAST|11 001 ; ;
1 n al 7 le Carcinoma Carcinoma
ACH- |PT- Com CVCL . Fe EFM192 . Invasive
BR EFM- _|SIDMO Adhere Metastati |pleural_ef ERpos_H |ACC 1290 MF-001- Invasive Breast
00011|gkpbq EFM192A merci 181 [BRCA Adult HER2_amp X ma |DSMZ A_BREAS 1187 None [BRCA . Breast Breast
CA 192A 1002 nt fusion ER2pos [258 798 018 Carcinoma )
7 p al 2 le T Carcinoma
ACH- |PT- Com CVCL . Fe Breast Invasive [Invasive
BR _|SIDMO Adhere . Metastati |pleural_ef ERpos_H |HTB-  [T47D_BR|9059 MF-001-
00014(9Wkx (T-47D [T47D merci _055 (IDC Adult luminal X ma [ATCC 1286 None (IDC Ductal Breast Breast
CA 0097 nt fusion ER2neg (133 EAST 45 045 . )
7 WwW al 3 le Carcinoma Carcinoma
ACH- |PT- Com CVCL Fe Breast Invasive [Invasive
BR HCC159 _|SIDmO Suspen . ERneg_H|CRL-  [HCC1599|7497 MF-001-
00019(ZerhV HCC1599 merci 125 (IDC Adult | basal_A Primary |breast ma |ATCC 1264 None |IDC Ductal Breast Breast
CA 9 0877 sion ER2neg [2331 | _BREAST|13 001 i i
6 q al 6 le Carcinoma Carcinoma
ACH- |PT- Com CVCL . Fe . Invasive
BR _|SIDMO Adhere Metastati |pleural_ef ERneg_H [ACC CAL120_ (9068 MF-002- Invasive Breast
00021|y6Had [CAL-120|CAL120 merci 110 [BRCA Adult basal_B X ma |DSMZ 1748 None [BRCA . Breast Breast
CA N c | 0940 nt fusion | ER2neg [459 BREAST |26 001 Carcinoma Carci
a e arcinoma

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S14 in Supplementary_Tables.xIsx,

accessible through the following URL: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 15 CRISPR CERES scores.

Cancer type Gene CERES (<-0.5)
BRCA NSF -2.25949
ov NSF -2.23229
COADREAD CSNK2B -1.06132
COADREAD PPIL1 -0.65935
PRAD DNAIJC17 -1.19169
PRAD MCL1 -0.64906
PRAD PPA2 -0.52177
PRAD PSMB4 -2.49275
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Table A5. 16 Drugged proteins identified in cancer risk proteins.

Cancers rsID lead variant Gene_Name Name Drug IDs

BRCA rs12048493 CTSS Cathepsin S DB12010

PRAD rs116349314 CTSS Cathepsin S DB12010

PRAD rs78132593 CTSS Cathepsin S DB12010

BRCA rs1057941 PKLR Pyruvate kinase PKLR DB00119; DB16236

PRAD rs56103503 PKLR Pyruvate kinase PKLR DB00119; DB16236

BRCA rs4602255 ANXA4 Annexin A4 DB00591; DB09130

BRCA rs31864 IL12B Interleukin-12 subunit beta DB05679

BRCA rs31864 IL12B Interleukin-12 subunit beta DB05679; DB14004; DB14762

BRCA rs11065822 ALDH2 Aldehyde dehydrogenase, mitochondrial DB00157; DB00536; DB00822

COADREAD rs3858704 ALDH2 Aldehyde dehydrogenase, mitochondrial DB00157; DB00536; DB00822

BRCA rs148509105 NAGLU Alpha-N-acetylglucosaminidase DB00141

BRCA rs78378222 ATP1B2 Sodium/potassium-transporting ATPase subunit beta-2 DB09020

PRAD rs78378222 ATP1B2 Sodium/potassium-transporting ATPase subunit beta-2 DB09020

BRCA rs1469713 NCAN Neurocan core protein DB08818

BRCA rs56344893 PLAUR Urokinase plasminogen activator surface receptor DB00013; DB00031

COADREAD rs11579545 HSPG2 Basement membrane-specific heparan sulfate proteoglycan core protein DB00039

COADREAD rs12137525 c1QC Complement C1q subcomponent subunit C DB00002; DB00110; DB00112; DB01593; DB09130; DB14487; DB14533; DB14548; DBO0005
COADREAD rs6426749 c1QC Complement C1q subcomponent subunit C DB00002; DB00110; DB00112; DB01593; DB09130; DB14487; DB14533; DB14548; DBO0005
COADREAD rs2001732 ITIH3 Inter-alpha-trypsin inhibitor heavy chain H3 DB01593; DB14487; DB14533; DB14548
COADREAD rs2581817 ITIH3 Inter-alpha-trypsin inhibitor heavy chain H3 DB01593; DB14487; DB14533; DB14548
COADREAD rs2001732 ITIH4 Inter-alpha-trypsin inhibitor heavy chain H4 DB01593; DB14487; DB14533; DB14548
COADREAD rs2581817 ITIH1 Inter-alpha-trypsin inhibitor heavy chain H1 DB01593; DB14487; DB14533; DB14548
COADREAD rs2578155 HPGDS Hematopoietic prostaglandin D synthase DB00143; DB00755

COADREAD rs2578155 HPGDS Hematopoietic prostaglandin D synthase DB03310; DB03619

PRAD rs12510147 HPGDS Hematopoietic prostaglandin D synthase DB00143; DB00755

PRAD rs12510147 HPGDS Hematopoietic prostaglandin D synthase DB03310; DB03619

COADREAD rs2302275 CSF1R Macrophage colony-stimulating factor 1 receptor DB00619; DB01268; DB12010; DB12147; DB12978

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S16 in Supplementary_Tables.xIsx,

accessible through the following URL: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 17 Druggable proteins identified in cancer risk proteins.

Cancers rsID lead variant Gene_Name Name Drug IDs

BRCA rs4602255 ANTXR1 Anthrax toxin receptor 1 DB05945

BRCA rs62070949 NSF Vesicle-fusing ATPase DB01902

ov rs76147580 NSF Vesicle-fusing ATPase DB01902

BRCA rs8105994 COMP Cartilage oligomeric matrix protein DB01373

COADREAD rs61776719 INPP5B Type Il inositol 1,4,5-trisphosphate 5-phosphatase | DB03158

COADREAD rs9271363 CSNK2B Casein kinase Il subunit beta DB00171; DB04216

COADREAD rs16878812 CLPS Colipase DB02451; DB04233; DB08222

COADREAD rs9470361 CLPS Colipase DB02451; DB04233; DB08222

COADREAD rs6933790 TREM1 Triggering receptor expressed on myeloid cells 1 DB01694

COADREAD rs10817106 PTGR1 Prostaglandin reductase 1 DB03461; DB04066; DB07177

COADREAD rs11557154 PRSS3 Trypsin-3 DB02308; DB02541; DB02585; DB03127; DB03129; DB03637; DB04109; DB04369

COADREAD rs12268849 NT5C2 Cytosolic purine 5'-nucleotidase DB00171; DB06408

Lung rs7902587 NT5C2 Cytosolic purine 5'-nucleotidase DB00171; DB06408

PRAD rs4522108 NT5C2 Cytosolic purine 5'-nucleotidase DB00171; DB06408

COADREAD rs1250569 SFTPD Pulmonary surfactant-associated protein D DB02379

Lung rs55781567 CTSH Pro-cathepsin H DB02140; DB03120; DB04126; DB08526

ov 1s115478735 ABO Histo-blood group ABO system transferase DB02196; DB03435; DB03501; DB03772; DB04141; DB04678; DB04679; DB04680; DB04681; DB07341;
DB07357; DB07378; DB07633

PAAD 1559723 ABO Histo-blood group ABO system transferase DB02196; DB03435; DB03501; DB03772; DB04141; DB04678; DB04679; DB04680; DB04681; DB07341;
DB07357; DB07378; DB07633

PRAD rs78132593 PSMB4 Proteasome subunit beta type-4 DB08515

PRAD rs112647335 ACAT2 Acetyl-CoA acetyltransferase, cytosolic DB01915; DB01992

PRAD rs4522108 ARL3 ADP-ribosylation factor-like protein 3 DB03814; DB04315

PRAD rs4522108 ARL3 ADP-ribosylation factor-like protein 3 DB03814; DB04315

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S17 in Supplementary_Tables.xlsx,

accessible through the following URL.: https://github.com/theLongLab/Proteomics/tree/main/data
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Table A5. 18 Enrichment results for cancer risk proteins in ATC.

#Group|GroupName BRCA COADREAD Lung oV PAAD PRAD
OddsRatio  |FisherExactP |OddsRatio  |FisherExactP |OddsRatio|FisherExactP|OddsRatio|FisherExactP|OddsRatio|FisherExactP|OddsRatio  |FisherExactP
AO01 STOMATOLOGICAL PREPARATIONS 0 1 10.99450549|0.098972284|0 1 0 1 0 1 0 1
A02 DRUGS FOR ACID RELATED DISORDERS 0 1 0 1 0 1 0 1 0 1 0 1
AO03  [DRUGS FOR FUNCTIONAL GASTROINTESTINAL DISORDERS 0 1 0 1 0 1 0 1 0 1 0 1
AO4 ANTIEMETICS AND ANTINAUSEANTS 0 1 0 1 0 1 0 1 0 1 0 1
AO5 BILE AND LIVER THERAPY 0 1 0 1 0 1 0 1 0 1 0 1
AO6  [DRUGS FOR CONSTIPATION 0 1 0 1 0 1 0 1 0 1 0 1
AO07 ANTIDIARRHEALS, INTESTINAL ANTIINFLAMMATORY/ANTIINFECTIVE AGENTS|0 1 0 1 0 1 0 1 0 1 0 1
A08 ANTIOBESITY PREPARATIONS, EXCL. DIET PRODUCTS 0 1 0 1 0 1 0 1 0 1 0 1
A09  [DIGESTIVES, INCL. ENZYMES 0 1 0 1 0 1 0 1 0 1 0 1
A10 DRUGS USED IN DIABETES 0 1 0 1 0 1 0 1 0 1 0 1
All VITAMINS 0 1 0 1 0 1 0 1 0 1 0 1
Al2 MINERAL SUPPLEMENTS 0 1 0 1 0 1 0 1 0 1 0 1
Al4 ANABOLIC AGENTS FOR SYSTEMIC USE 0 1 0 1 0 1 0 1 0 1 0 1
Al6 OTHER ALIMENTARY TRACT AND METABOLISM PRODUCTS 0 1 0 1 0 1 0 1 0 1 0 1
BO1  |ANTITHROMBOTIC AGENTS 11.03888889|0.104668266(0 1 0 1 0 1 0 1 10.29090909|0.022245647
B02 ANTIHEMORRHAGICS 0 1 0 1 0 1 0 1 0 1 12.83974359(0.086323265
B0O3 ANTIANEMIC PREPARATIONS 0 1 0 1 0 1 0 1 0 1 0 1
BO5 BLOOD SUBSTITUTES AND PERFUSION SOLUTIONS 0 1 0 1 0 1 0 1 0 1 0 1
BO6 OTHER HEMATOLOGICAL AGENTS 0 1 0 1 0 1 0 1 0 1 0 1
co1 CARDIAC THERAPY 5.194666667|0.204947137|0 1 0 1 0 1 0 1 4.771498771(0.082715698
Cc02 ANTIHYPERTENSIVES 0 1 0 1 0 1 0 1 0 1 0 1
co3 DIURETICS 0 1 0 1 0 1 0 1 0 1 0 1
co4 PERIPHERAL VASODILATORS 0 1 0 1 0 1 0 1 0 1 0 1

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S18 in Supplementary_Tables.xIsx,

accessible through the following URL.: https://github.com/th el.ongLab/Proteomics/tree/main/data .
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Table A5. 19 Enrichment results for cancer risk proteins in ICD10.

HG BRCA COADREAD Lung oV PAAD PRAD
rou
GroupName OddsRati | FisherExac i FisherExact | OddsRati | FisherExac | OddsRati | FisherExac | OddsRati | FisherExac . FisherExact
p OddsRatio OddsRatio
o tP P o tP o tP o tP P
AOO- N . )
A9 Intestinal infectious diseases 0 1 0 1 0 1 0 1 0 1 0 1
A15- .
Tuberculosis 0 1 0 1 0 1 0 1 0 1 0 1
A19
A20- . . . .
A28 Certain zoonotic bacterial diseases 0 1 0 1 0 1 0 1 0 1 0 1
A30- -
A9 Other bacterial diseases 0 1 0 1 0 1 0 1 0 1 0 1
A50- Infections with a predominantly sexual mode of
o 0 1 0 1 0 1 0 1 0 1 0 1
Ab4 transmission
A65- ) :
AGO Other spirochaetal diseases 0 1 0 1 0 1 0 1 0 1 0 1
A70- ] ]
A74 Other diseases caused by chlamydiae 0 1 0 1 0 1 0 1 0 1 0 1
A75- ] ]
Rickettsioses 0 1 0 1 0 1 0 1 0 1 0 1
A79
A80- o X
ASS Viral infections of the central nervous system 0 1 0 1 0 1 0 1 0 1 0 1
A92- . X X
A9 Arthropod-borne viral fevers and viral haemorrhagic fevers 0 1 0 1 0 1 0 1 0 1 0 1
BOO- Viral infections characterized by skin and mucous
] 0 1 0 1 0 1 0 1 0 1 0 1
B09 membrane lesions
B15- . .
Viral hepatitis 0 1 0 1 0 1 0 1 0 1 0 1
B19
B20- . L. X i
824 Human immunodeficiency virus (HIV) disease 0 1 0 1 0 1 0 1 0 1 0 1
B25- o
Other viral diseases 0 1 0 1 0 1 0 1 0 1 0 1
B34
B35-
Mycoses 0 1 0 1 0 1 0 1 0 1 0 1
B49
B50- X 1.6844405 0.4674285 1.8257575 0.4428312
Protozoal diseases 0 1 0 1 0 1 0 1
B64 59 17 76 87

The table provides a subset of the data from the comprehensive table. For complete details, please refer to Table S19 in Supplementary_Tables.xIsx,

accessible through the following URL: https://github.com/th elLonglLab/Proteomics/tree/main/data .
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B. Figures

a Binary b Quantitative

ILMM likelihood ratio statistic

T T T

0 5 10 15 0 5 10 15
Chi-squared statistic

Figure B2. 1 QQ plots of the chi-squared (df = 1) statistic against the ILMM likelihood ratio statistic under the null hypothesis.

a. binary random phenotype (0 or 1); b. quantitative phenotype randomly sampled from a standard normal distribution (mean = 0 and sd = 1).
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Figure B2. 2 Distribution of chi-squared (df = 1) statistic and the likelihood ratio statistic under the null hypothesis.
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Figure B2. 3 QQ plots of the uniform p-values against the likelihood ratio p-values estimated by chi-squared distribution (df=1) under the null hypothesis.

a. binary random phenotype (0 or 1); b. quantitative phenotype randomly sampled from standard normal distribution.
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Figure B2. 4 Actual values of r2 and D' for top 50 interacting regions associated with both ASD and gene expressions in the GTEx brain tissues.
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A All genes B Critical genes
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Figure B3. 1 Pathway Critical indexes of genes in six cancers.

(A) Distribution of pathway Critical indexes for all genes in the corresponding pathways. (B) Distribution of pathway Critical indexes for Critical genes in the corresponding pathways.

186



test_PearsonR valid_loss valid_PearsonR

Step Step Step

Steps

Figure B4. 1 Transfer learning metrics.

Pearson correlation in (A) test and (B) validation datasets and (C) the loss function in validation datasets.
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Figure B4. 2 TL model architecture.
The TL model is segmented into five distinct blocks, each composed of multiple layers. The output shapes, excluding the batch dimensions, are denoted by tuples situated to the right of each
block. 'L' stands for the number of transformers and is equivalent to 11, while 'C' denotes the number of channels, amounting to 1,536. The TL model is characterized by a single output head,

fine-tuned to cater to its designated TF tracks.
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Figure B5. 1 Flowchart for characterizing independent risk signals in six cancer types.
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C. Notes

Appendix Note C2.1: Mathematical formulations.

Our model to be solved is:

= + + (1)
Where (o, 2 ), (0, 2 ),and (0, 2). istheidentity matrix. is a Genomic Relationship Matrix (GRM) calculated using the whole genome
variants: = % , where s the centralized and standardized genotype matrix and is the number of variants in whole genome. is a local GRM calculated using

regional genetic variants instead of whole genome-wide, defined by integrating the marginal effects of each region and an interaction effect using the component-wise product

between selected significant genetic variants. The details of are presented below ( is the sample size):

The genotype matrices of these two regions are denoted by ; ( 1 x )and , ( ,x )respectively. For each region, we selecttop SNPs based on their marginal effect

(assessed by EMMAX), denoting as ; and , (bothare x in dimension < (1, 2).

We define = ( 1, 2, 1x2), Where 1,, is defined as below: we first forman 2 x  matrix (  is the number of selected SNPs, and is the sample size) in which the
( x( =-1)+ )throw (where =12,... ; = 1.2,... isthe component-wise multiplication product of the -th selected SNP vector in region 1 (i.e., the throwin ;)

and the th selected SNP vector in region 2 (i.e., the throwin ).

Here is the definition of component-wise multiplication: Assume one is given two vectors = ( 1, 2,..., ) =(1, 2,.-» ), andone constructs a third vector =
(1, 20.-» ),whose elements are givenby = x .Incase when sample size = 5,ifthe -thSNPin ;, denotedby , ,is(0,1,0,2,0), thSNPin ,, denoted by , ,
is (1,0,0,1,0), then the product of the component-wise multiplication ; », =(0x1,1x0,0x0,2%x 1, 0x0)=(000.20).

By removing the rows with all zeros in the above 2 x  matrix, we form ;.,, the component-wise multiplication term reflects the non-linear interactions between the two

regions. The dimensions of willbe ( ;+ ,+ )x ,where isthe number of multiplication lines that is smaller than 2 (due to the removal of all-zero rows). The

selection of is subject to the users, although we assigned = 5 in our data analysis.
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2

The variance component parameters, 2 is genome-wide variants jointly explain phenotypic variance, a.k.a. a genetic variance component. Similarly, is the phenotypic

variance explained by genetic variants in focal interacting regions, and 2 is the phenotypic variance explained by factors other than genetics. Detailed procedures to estimate

2and 2

are presented below.

Step 1: estimating the genetic variance component 2

First, we controlled the population structure through solving 2 to remove the correlation between individuals. We use , a centered , to regress on the random term

and errors as follows:

= + (2)
_ 1 0
where = - , isthe average of |, (0, 2 ),and (0, 2).The eigen-decomposition of is = 1 where =] ] is a matrix of
0
2
eigenvalues. A new parameter = — is defined so that (0, 2( + )).The estimated variance components for 2, 2 are therefore written in the following
equations.
1 2
~2 =
=y —— (3)
L C+ )
- 2
~2 =
==y — (4)
L C+ )
Where = , is the eigen value, " can be estimated by solving the non-linear equation below through Newton-Raphson method.
2
1
2 2 - =0 (5)
(S (¢ 2 7 )
Ce=tC+ ) ]
2
In Newton-Raphson method, welet ( )= _;[ > - +l )], then by repeating the process: ,;= - ,(( )), until| ;- |< 1 0% wecan

(3o + 92

+ )
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approximately solve the equation, yielding an estimate of ~ (the variance ratio). Then we can calculate the estimates of ~ 2 and " 2. Then the decorrelation matrix~ can

be formed:
N -1
=(? 4722 (6)
Proof of the soundness of the decorrelation procedure
In equation (2) =+
()= 2 + 2
- 2 + 2
= (2 +2)
_1
The following derivation justifiesthat = ( 2 + 2) 2  will lead to the desired property that ( )=
( )= ()
= (% +2?)
1 —=
=(7 o+ )7 (P ) ()T
_1 -1
=(2 +2)y2 (2 +2) (2% 4+ 2)°
1 -1
:(2 + 2)2(2 + 2)(2 + 2)2
_( 2 + 2)0

Hence multiplying the decorrelation matric  to  can control the population stratification by removing the correlation between individuals.

Step 2: solving the local variance component 2

After getting the decorrelation matrix ~  from step 1, we applied this matrixto ,andget =" . So, equation (1) can be reformat to equation (7) as below, where

2 using low-rank trick proposed by FaST-LMM.

= + (7)

(0, 2 ). The next step was to solve

For details, please refer to the original paper of FaST-LMM 2.
192



Step 3. Estimating the P-value for a pair of regions

As discussed in the main text, for the significant level of a pair of potentially interacting regions, which is indeed a likelihood ratio, the usual asymptotic chi-squared distribution
of the likelihood ratio tests under the null is inaccurate because the parameter is on the boundary of the parameter space (Drikvandi et al. (2013); Wood (2013)). As a result,
we have demonstrated that our likelihood ratio /  is more conservative than the standard chi-squared test statistic, which ensures the safe use of this approximation. The

calculation of this standard likelihood ratio p-value is described below:
The p-value calculation is based on a generalized likelihood ratio test, and is approximately estimated through the chi-squared distribution with the degree of freedom =1.

In step 1, we decomposed the variance into two components: 2 and 2 by solving the regression equation (2) and we denoted the likelihood of observing the phenotype

based on these two parameters as L1. In step 2, we utilized a low-rank trick proposed by FaST-LMM to further decompose the variance into three components 2, 2 and

2
and we denoted L2 as the likelihood of observing the phenotype based on these three parameters. Finally, we constructed a general likelihood ratio test to test the goodness

of fit of the aforementioned two sets of parameters. The likelihood-ratio test statistic is expressed in the form of log likelihood ratio,

/= -2 [—QS(())],QOiasubeﬁ),t (8)

2

where () is the likelihood function. Here, Q) contains two parameters 2, 2 and Qcontains three parameters 2, 2 and 2. Generally, multiplying by -2 ensures that this

test statistic converges asymptotically to a chi-square distribution with the degree of freedom = 1 under the null hypothesis.
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Appendix Note C2.2: Details of running ILMM, EMMAX, SKAT

ILMM and EMMAX 2 methods are all implemented in Jawamix5 % 4. More details can be found in the user manual in the GitHub (https://github.com/thelLongLab/Jawamix5) for

reference.
1. Convert genotype file from .csv format to .hdf5 format
a. Command line: java—Xmx4g —jar /path/to/jawamix5.jar import -ig genotype.csv -o genotype.hdf5
b. Parameters:
i. -ig: input genotype file in plain text (.CSV format)
ii. -o0:outputin HDF5 in format
c. Input file: genotype.csv
d. Output file: genotype.hdf5
2. Generate the genetic relationship matrices (GRM) based on input genotype file
a. Command line: java —Xmx4g —jar /path/to/jawamix5.jar kinship -ig genotype.hdf5 -0 genotype.kin
b. Parameters:
i. -ig: input genotype file in HDF5 format
ii. -o0:the output file prefix
c. Input file: genotype.hdf5
d. Output files:
i. genotype.kin.rescaled.IBS
3. Run ILMM method
a. Command line: java —Xmx4g —jar /path/to/jawamix5.jar compoundX -ig super_csv_adj.hdf5 -ip pheno_0_1_adj.tsv -ik_g super_csv_adj.RRM.RRM
-0 ILMM_res / -ic hic_info.txt -emres EMMAX.0_AFFECTION.top -m 5
-index 0
b. Parameters:
i. -ig: input genotype file in HDF5 format
ii. -ip: phenotype file
iii. -ik_g: the global genetic relationship matrices file

iv. -0:output folder
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V. -ic:input regions
vi. -emres: emmax result file
vii. -m: number of SNPs selected from each region for interaction
viii. -index: phenotype index
c. Inputfiles:
i. genotype.hdf5
ii. phenotype.tsv
iii. genotype.kin.rescaled.IBS
iv. hic_info.txt (three columns separated by tab, an example listed below)
#header: Index Regionl(chr; start; end) Region2
#content: CO  1;840000;850000 1,890000;900000
d. Output file:
i. JILMM_res/xxx.csv
4. Run EMMAX method
a. Command line: java—Xmx4g —jar /path/to/jawamix5.jar emmax -ig genotype.hdf5 -ip phenotype.tsv -o ./EMMAX_res/ -ik genotype.kin.rescaled.IBS -p 0.05
b. Parameters:
i. -ig: input genotype file in HDF5 format
ii. -ip: phenotype file
iii. -o:output folder
iv. -ik: genetic relationship matrices file generated by function “kinship” or other user defined method
v. -p: Bonferroni correction, variants whose p-values above 0.05/number of tests will not be written to the file.
c. Input file:
i. genotype.hdf5
ii. phenotype.tsv
iii. genotype.kin.rescaled.IBS
d. Output file:

i. JEMMAX_res/xxx.top
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SKAT 56 was download as an R package (https://cran.r-project.org/web/packages/SKAT/index.html) and the p-values for regions were obtained by first computing the

parameters and residuals for SKAT using following command line a).

a) >> obj<-SKAT_Null_Model(y ~ 1, out_type="D"), where y denotes phenotype matrix, out_type="D” means the phenotype is dichotomous.
To perform the association studies between the SNPs set and the phenotype, we used the command line b)

>> res_p_value <- SKAT(x, obj)$p.value. Here, obj is generated by either a) or b) and x refers to genotype matrix for all SNPs in the SNPs set. “res_p_value” is the p-value for

a tested SNP set associated with phenotype y. Please refer to the manual of SKAT for more details.
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