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Abstract

Biological function can rarely be attributed to an individual molecule; instead, it emerges at
the system level through complex interactions involving proteins, DNA, RNA, metabolites, and
other components. Similarly, disease can be understood as an emergent property derived from
a deviation of regular interaction, influenced by external factors such as diet and stress. The
advent of a!ordable and e"cient high-throughput sequencing methods at an unprecedented scale
has facilitated the investigation of disease states on many biological levels. Researchers can now
study a disease based on multiple "omic" information layers, encompassing the complete set
of gene expressions, methylations, genetic variants, and more. These layers allow for complex
descriptions of biological processes. However, with the advancement of experimental techniques
come challenges for computational tools to e!ectively utilize the wealth of available molecular
patient data, recognize patterns, and draw conclusions, to advance the understanding of disease
and develop innovative treatments.

To unravel the complex interaction patterns of heterogeneous biological entities, network biol-
ogy has gained substantial attention. This interdisciplinary field combines life sciences, graph the-
ory, and machine learning to provide deeper insights into biological systems. Biological networks
naturally model biological entities as nodes and their relations as edges, such as protein-protein
interaction networks describing physical interactions, and gene regulatory networks detailing
causal relationships. Analysis and modeling techniques ranging from traditional network analy-
sis methods and recent advances in graph-based machine and deep learning have already yielded
substantial successes in biology to uncover disease-driving genes and detect gene modules.

The contributions of this thesis are three-fold: I extend and develop new frameworks to 1)
integrate and 2) embed sequencing data across multiple omic layers, and to 3) predict missing
interactions in complex heterogeneous biological networks. Specifically, this thesis introduces
a multi-omic integration framework that leverages prior information, instead of analyzing each
omic layer separately. The framework statistically selects features by modeling each response
feature based on its multi-omic explanatory variables, thereby establishing a heterogeneous net-
work. Applying the method to a patient cohort, key disease-modulating factors in major depres-
sive disorder were found through node centrality measurements. Next, to delineate pathogenic
mechanisms in complex COVID-19 infectious disease, this thesis presents a two-step network
representation learning framework first to integrate and then embed all nodes into a latent space
to e"ciently explore the relationships between biological entities of genes, tissues, diseases, co-
morbidities, and genetically predisposed risks in COVID-19. Finally, this thesis contributes to
closing gaps in our understanding of health and disease by developing BioKGC, an extension
of a path representation learning algorithm, to predict missing links in biomedical knowledge
graphs. Applications of BioKGC include predicting links to propose novel gene functions and
repurposing of drugs as new therapeutic opportunities.
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Zusammenfassung

Biologische Funktionen lassen sich nur selten auf ein einzelnes Molekül zurückführen; stattdessen
entstehen die Eigenschaften auf der Systemebene in komplexen Interaktionen von Proteinen,
DNA, RNA, Metaboliten und mehr. In ähnlicher Weise kann Krankheit als Eigenschaft des
gesamten Systems verstanden werden, die sich aus einer Abweichung von der regulären Interak-
tion ergibt und durch externe Faktoren wie Ernährung und Stress beeinflusst wird. Mit dem
Aufkommen kostengünstiger und e"zienter Hochdurchsatz-Sequenzierungsmethoden in einem
noch nie dagewesenen Ausmaß kann die Untersuchung eines Krankheitszustands nun auf vielen
biologischen Ebenen erleichtert werden, indem mehrere "omic" Informationsebenen untersucht
werden. Dabei beschreibt jede "omic"-Schicht den vollständigen Satz von Genexpressionen,
Methylierungen, genetischen Varianten usw., was komplexe Beschreibungen von Prozessen er-
möglicht. Mit den Fortschritten bei den experimentellen Techniken wachsen jedoch auch die Her-
ausforderungen für Computer basierte Analyse Methoden, die die Fülle der verfügbaren moleku-
laren Patientendaten nutzen und Muster erkennen können, um das Verständnis von Krankheiten
zu verbessern und neue Behandlungen zu entwickeln.

Für die Analyse komplexer Interaktionsmuster heterogener biologischer Einheiten hat die
Netzwerkbiologie als interdisziplinäres Gebiet, das auf Biowissenschaften, Graphentheorie und
maschinellem Lernen basiert, besonders viel Aufmerksamkeit erlangt. Biologische Netzwerke
modellieren biologische Einheiten als Knoten und ihre Beziehungen als Kanten, wie z. B. Protein-
Protein-Interaktionsnetzwerke, die physikalische Interaktionen beschreiben, und genregulatorische
Netzwerke, die kausale Beziehungen detaillieren. Die Netzwerkanalyse mit traditionellen Meth-
oden und die neuesten Fortschritte im Bereich des maschinellen Graphenlernens haben in der
Biologie bereits viel Erfolg gehabt, um krankheitsverursachende Gene aufzudecken oder Gen-
module zu erkennen. Diese Doktorarbeit baut auf Prinzipien und Methoden aus diesem Bereich
auf, um biologische Prozesse ganzheitlich mit allen omic-Schichten zu beschreiben und fehlende
Interaktionen in komplexen heterogenen biologischen Netzwerken vorherzusagen.

Im Einzelnen wird in dieser Arbeit ein Rahmen für die Integration von Multi-Omics einge-
führt, der alle Informationen für eine ganzheitliche Analyse nutzt, anstatt jede Omic-Schicht
einzeln zu analysieren. Der Rahmen basiert auf der statistischen Auswahl von Merkmalen
durch die Modellierung jedes Antwortmerkmals in Abhängigkeit von seinen multi-omic erklären-
den Variablen, wodurch ein heterogenes Netzwerk entsteht. Anschließend wurden die wichtig-
sten krankheitsmodulierenden Faktoren bei major depressive disorder anhand von Messungen
der Knotenzentralität ermittelt. Um die pathogenen Mechanismen der komplexen Infektion-
skrankheit COVID-19 zu beschreiben, wird in dieser Arbeit ein zweistufiger framework für
das Lernen von Netzwerkrepräsentationen vorgestellt, um zunächst alle multi-omic Informatio-
nen zu integrieren und dann in einen latenten Raum einzubetten, um die Beziehungen zwis-
chen biologischen Einheiten von Genen, Geweben, Krankheiten, Komorbiditäten und genetisch
prädisponierten Risiken bei COVID-19 e"zient zu untersuchen. Schließlich trägt diese Ar-
beit dazu bei, Lücken in unserem Verständnis von Gesundheit und Krankheit zu schließen,
indem fehlende, aber wahre Verbindungen in biomedizinischen Wissensgraphen vorhergesagt
werden, indem eine Methode zum Erlernen von Pfaddarstellungen angepasst und vorgeschlagen
wird. Zu den Anwendungen gehören die Vorhersage von Verbindungen, um neue Genfunktionen
vorzuschlagen und Medikamente als therapeutische Möglichkeiten neu zu positionieren.
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Chapter 1

Introduction

Life, defined by the ability to breathe, eat, grow, move, reproduce, and sense, originated at least
3.7 billion years ago on our planet [Rosing, 1999]. While the earliest life forms were microbes,
evolution has led to the emergence of many di!erent organisms [Darwin, 1859]. As humans
have always been curious about themselves and their surroundings, biology has developed as the
empirical study of living organisms and their processes. It has revealed that life is organized
into di!erent hierarchical levels of biospheres, ecosystems, populations, individuals, organs, cells,
molecules, and atoms [Urry et al., 2019]. Starting from atoms, new properties emerge with each
higher organizational level [Urry et al., 2019]. The field of systems biology has been established,
examining the regular arrangement of components that interact with one another, giving rise to
the properties of an entire system [Kitano, 2002, Tavassoly et al., 2018].

At the individual level, health and disease are defined by the interplay of internal factors, such
as molecules, cells, and organs, and influenced by external factors, such as diet and environ-
mental cues [Mitchell, 2012]. In order to study health and disease, one possible research focus
has been laid on the molecular level, studying the various interactions of biomolecules, such as
deoxyribonucleic acid (DNA), ribonucleic acid (RNA), proteins, and metabolites, and their func-
tions. For example, it has been shown that specific modifications to the accessibility of DNA are
associated with expression changes of head and neck cancer-driving and growth factors [Kelley
et al., 2017]. Ren et al. [2016] uncovered the association of metabolites with a loss of tumor
suppressor genes in prostate cancer. As another example, for the neurodegenerative disorder
Alzheimer’s disease (AD), mutations in genes, such as amyloid protein precursor are thought to
be responsible for the increase and aggregation of the amyloid ω peptide in the brain [Lanoiselée
et al., 2017], characteristic of the pathogeny of AD. Further, changes in the gene expression
profiles are observed in patients, such as the upregulation of inflammation markers, e.g. tumor
necrosis factor [Lima Giacobbo et al., 2019, Wang et al., 2015], while changes on the epigenetic
level, such as through chromatin accessibility, help to explain how environmental factors change
gene expression, including diet, stress, aging [Tecalco-Cruz et al., 2020]. In addition, oxygen and
glucose hypometabolism in AD leads to changes in metabolites in the brain, such as reduced
ATP availability for DNA repair processes or depletion of substrates for histone acetylation and
subsequent transcriptional repression [Ardanaz et al., 2022, Bano et al., 2023, Bradshaw, 2021,
Wu et al., 2023]. This shows that systems biology investigating health and disease is inherently
interdisciplinary and complex [Burggren et al., 2017].
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2 CHAPTER 1. INTRODUCTION

To make sense of this biological complexity and delineate the interactions, the more data we can
use, the better. This has become feasible as better, faster, cheaper data collection techniques
have become available and data is generated on an unprecedented scale. Sequencing the entire
genome, epigenome, transcriptome, proteome, and metabolome has become feasible. Indeed, we
can use all this "omic" information to comprehensively study a disease to facilitate understanding,
identify biomarkers that are characteristic of diseases, and propose treatment options [Civelek
and Lusis, 2014, Schadt, 2009, Yan et al., 2017]. However, at the same time, analyzing this
wealth of data is challenging.

Network science, the study of complex networks, has gained popularity in modeling problems in
diverse disciplines, such as social interactions, computer networks, language or politics [Ducruet
and Beauguitte, 2014, Siew et al., 2019, Strogatz, 2001, Ward et al., 2011]. Rooted in discrete
mathematics and building on methods from various disciplines, it describes the complex inter-
actions of distinct elements (nodes, vertices or entities) mediated via their connections (edges
or relations) [Barabási and Pósfai, 2016, Börner et al., 2007, Lewis and Lewis, 2009]. Network
biology has naturally emerged as an essential topic area due to its ability to model the rich
interactions between biological entities. Network analysis strategies have since been successfully
applied to visualize [Shannon et al., 2003] and analyze [Barabasi and Oltvai, 2004, Lancichinetti
et al., 2009] biological problems. They are based on the observation that biological molecules
almost always act together rather than alone, such as in signaling pathways. Among the popular
biological networks are gene regulatory networks, metabolic networks [Jeong et al., 2000, Ravasz
et al., 2002], protein-protein interaction (PPI) networks [Rolland et al., 2014, Schwikowski et al.,
2000], and drug-disease-gene networks [Huttlin et al., 2017].

1.1 Open challenges

Network biology is a fast-evolving field, due to the wide range of possibilities for application.
With the improvement of theoretical foundations, methods and computational resources, the
capabilities of network biology to model more and more complex interrelationships between
entities has increased. However, still, many open challenges remain. Among many, the following
details some important topics that will be addressed in this thesis:

(i) Dynamic nature of biological systems: Many available biological interaction networks
are constructed by aggregating information across the scientific literature. These static
networks oftentimes depict all possible interaction, e.g. between proteins that have been
found over experimental screens. However, biological systems are dynamic and can vary
depending on tissue or disease context. Thus, it is necessary to construct condition-specific
networks that accurately depict the actual interactions within the system of study.

(ii) Integrating diverse data types into networks: The availability of high-throughput
sequencing techniques allows the characterization of complex biological processes and dis-
eases at a systems level. However, integrating diverse information, such as genomic, pro-
teomic, metabolomic, and transcriptomic information (in general "omic" data), into a
comprehensive network remains challenging. Main di"culties are the high dimensionality
and heterogeneous data sources which vary in formats, scales and sequencing technique
reliability.



1.2. CONTRIBUTIONS OF THIS THESIS 3

(iii) E!ciently exploring complex networks: While network biology is powerful in eluci-
dating the interactions of di!erent molecular entities, another open question after network
construction is how to e"ciently explore and analyze these complex heterogeneous net-
works, intending to understand the interplay of factors and recurring network patterns and
identify key players.

(iv) Incomplete interactions: Despite the e!ort of vast amount of experiments, biological
interaction networks remain incomplete. These gaps in molecular interaction could lead to
misleading conclusions. At the same time, closing gaps in our knowledge is essential, for
instance, to explore gene function or disease treatment with drugs.

(v) Disregard of specific relations: Tools that operate on biological networks usually do
not take the specific molecular interactions into account. Instead, they model relationships
as homogeneous undirected edges. Taking the specific relation type into account o!ers
more opportunities in modeling biological systems.

(vi) Interpretability: In the analysis of networks, interpretability is of high importance. Espe-
cially in biology, there is a need to understand why a prediction has been made to verify for
biological plausibility and guide the way for new hypothesis generation. However, making
sense of predictions to validate its credibility in biological networks is still a challenge.

1.2 Contributions of this thesis

With the rise of computational tools and, especially, with machine learning (ML) and deep
learning (DL), we are able to tackle some of the challenges of complex and heterogeneous bio-
logical networks to gain information and deduce knowledge. In this thesis, I have developed and
extended frameworks that (I) integrate various multi-omic patient/population data into hetero-
geneous networks, (II) e"ciently explore these complex networks using node embeddings, and
(III) close gaps in our biological understanding over link prediction:

(I) Multi-omic network inference: In the first contribution of establishing a framework
for integrating multi-omic information, challenges (i) and (ii) are addressed, by creating
a condition-specific network based on heterogeneous quantitative sequencing data of a
Major Depressive Disorder (MDD) cohort. The framework relies on regularized regression
approaches coupled with leveraging a prior network to deal with the issue of high data
dimensionality. The model statistically selects explanatory features to predict a response
variable, thereby establishing a heterogeneous network.

(II) Multi-omic network embedding: The second contribution recognizes the limitations
of classical network analysis and addresses the challenges (i), (ii), and (iii) by e"ciently
exploring a complex multi-modal network derived from a population cohort to investigate
the pathogenic mechanism of COVID-19 using network representation learning. The net-
work nodes are projected to latent space to explore the relationships between tissue, gene,
genetic predisposition, and phenotypes and elucidate the heterogeneous node context of
COVID-19 genes.



4 CHAPTER 1. INTRODUCTION

(III) Biomedical knowledge graph completion: Last but not least, the third contribution
addresses the challenges (iv), (v) and (vi) to close gaps in biological knowledge by pre-
dicting missing but true links in biomedical knowledge graphs by explicitly modeling the
specific relation type between entities. Applications are the proposal of gene functions and
treatments of diseases via drugs. An extension of a path-representation learning algorithm
was established that allows to interpret findings, to verify predictions on their biological
plausibility.

These contributions are part of scientific articles that have already been peer-reviewed and pub-
lished, are currently under peer review, or are in preparation. Consequently, parts of this thesis
are based on or closely aligned with the content of my following publications. Whenever the
similarity between the text or images is nearly identical, the original publication is cited accord-
ingly.:

• Ogris C., Hu, Y., Arloth, J., & Müller, N. Versatile knowledge guided network
inference method for prioritizing key regulatory factors in multi-omics data.
Scientific Reports, 2021

• Hu, Y., Rehawi, G., Moyon, L., Gerstner, N., Ogris, C., Bittner, F., Marsico, A., and
Mueller, N.S. Network embedding across multiple tissues and data modalities
elucidates the context of host factors important for COVID-19 infection. Fron-
tiers in Genetics, 2022

• Hu, Y., Oleshko, S., Firmani, S., Zhu, Z., Cheng, H., Ulmer, M., Arnold, M., Colomé-
Tatché, M., Tang, J., Xhonneux, S., and Marsico, A.. Path-based reasoning for
biomedical knowledge graphs with BioPathNet., biorxiv, 2024

Other contributions from my doctoral research that are not directly used in this thesis are:

• Horlacher, M., Oleshko, S., Hu, Y., Ghanbari, M., Elorduy Vergara, E., Müller, N.S.,
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1.3 Thesis outline

This thesis is structured as follows: the remainder of the introduction details the relevant state
of knowledge, as well as the essential scientific questions in the network biology research area. The
background and motivation are given for each of the three contributions to the network biology
field. Specifically, Section 1.4 details the need for a holistic view of biological systems, such as for
the disease Major Depressive Disorder (MDD), and introduces method categories for multi-omic
integration, focussing on selecting statistically relevant features. In Section 1.5, the complex
disease pathology of Coronavirus disease 2019 (COVID-19) is presented, which calls for e"cient
analysis of integrated multi-omic data using network embeddings. Section 1.6 examines the
need for an automated framework to predict links in biomedical networks, such as for functional
annotation and drug repurposing. Further, it reviews the landscape of methods and finally calls
for path representation learning for link prediction. Each introduction is wrapped up with a
summary of the goals.

Next, in the material and methods chapter, the first four sections present the theoretical
background. Section 2.1 introduces the basics of biological sequencing data that have become
available for study through the latest technological advances, providing a comprehensive un-
derstanding of the foundation of our research. Sections 2.2, 2.3 and 2.4 further introduce the
fundamentals of ML and DL, and graph ML, upon which the contributions of this thesis are
built. Then, Section 2.5 discusses the methodological concept for integrating data from various
sources into a multi-omic network based on statistical models leveraging prior information. They
are followed by the specific material and methods used for the application of the method to a
Major Depressive Disorder (MDD) patient cohort to identify key players in disease mediation.
Section 2.6 presents the inference and embedding of a multi-modal network into latent space for
e"cient analysis of relationships between biological entities, such as genes and diseases. Then,
it details the application to a pre-pandemic population cohort to contextualize COVID-19 genes
in its multi-modal space, including clinical phenotypes, genomics, and transcriptomics across
multiple tissues. Section 2.7 discusses adapting and using a path-based link prediction method
for biomedical KGs to infer missing links. Subsequently, the application for the prediction of
links between genes and pathways for functional annotation, and drugs and diseases for drug
repurposing is presented.

In the following chapter, I present the most important results from each conducted study. First,
the resulting multi-omic network derived from a quantitative patient MDD cohort is described.
This is followed by a comparison to a two-omic integration technique. In addition, according
to a centrality measure, the top 20 most important nodes are evaluated in their roles in MDD
(Section 3.1). Second, for the contextualization of COVID-19 genes, the data from the population
cohort with regard to genetic predisposition and comorbidities are explored at the beginning.
Then, the latent space that results from the network inference and embedding framework is
evaluated in its robustness, as well as in its meaningfulness based on tissue and disease-specific
genes. Further, established host factors from various public experimental and patient data sources
are investigated in their multi-modal context (Section 3.2). Third, the results of the application of
the path representation learning tool for functional annotation and drug repurposing is presented,
introducing novel insights. I show superior performance compared to embedding-based methods
in the functional annotation task and on par and higher performance compared to the state-of-art
tailored method for zero-shot drug repurposing, such as acute lymphoblastic leukemia, gastric
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cancer and Alzheimer’s disease. Examples of the interpretability tool to validate predictions in
their biological plausibility are presented (Section 3.3).

In the discussion chapter, each contribution is summarized, and ideas for future methodological
advancements and extensions are discussed for each of the three contributions (Sections 4.1, 4.2
and 4.3). This is followed by a cross-topic conclusion that discusses the potential and outlook of
network biology in general (Section 4.4).
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1.4 Network inference for multi-omic integration

In order to describe a complex biological system holistically, integrative approaches that analyze
multi-omic data jointly are imperative (description of data modalities in Section 2.1). Multi-
omic integration combines various sequencing techniques to study the interrelationship between
biological entities giving rise to a disease. It is an active field of research with many e!orts in
method development, ranging from dimensionality reduction to feature selection (FS). Using the
latter, such as in regularized regression (Section 2.2.3), the problem of high dimensionality can
be tackled simultanously. Especially powerful are approaches that represent biological entities
from multi-omic data as nodes in a interconnected network. This section is based on and partly
identical to Ogris et al. [2021].

1.4.1 Disease complexity of Major Depressive Disorder (MDD)

Mendelian diseases have a simple genetic basis, primarily a single gene mutation. In contrast,
complex diseases arise from the combined e!ects of multiple genetic and environmental factors
[Spataro et al., 2017]. Multiple genes or proteins may contribute to the risk of disease develop-
ment, with multiple genetic variations increasing or decreasing the risk. Environmental factors,
such as lifestyle, diet, and adverse life events, may also contribute significantly to disease devel-
opment. The interplay of these internal and external factors may further govern the development
of a complex disease. MDD has a lifetime prevalence of 17–20 % and is an example of a complex
disease [Kessler et al., 2005, Otte et al., 2016].

Genetic factors explain about 40% of MDD risk, with the remainder explained by individual-
specific environmental exposures [Kendler et al., 2006]. Interestingly, genetic variations can
modulate sensitivity and resilience to the long-term e!ects of adverse life events [Kendler, 2013]
and modulate stress-induced gene expression, increasing MDD risk [Arloth et al., 2015b]

Therefore, research on complex diseases involves studying many di!erent levels of information to
identify the risk factors and their interplay, with the goal of prevention, detection, or treatment.
With technological advances enabling the generation of vast amounts of sequence data from dif-
ferent biological levels, as introduced in Section 2.1, it is now possible to provide complementary
views to understand a biological problem holistically, necessitating multi-omic analysis methods.

1.4.2 Multi-omic integration: Advantages and challenges

The simultaneous analysis of multiple types of biological data allows a comprehensive understand-
ing of a complex system. Data modalities might include genomic, transcriptomic, methylomic,
and phenotype information for each individual. This integration allows the investigation of how
these biological entities interact and work together, leading to the system’s functioning or mal-
functioning. This way, robust results supported by di!erent strands of evidence can be derived,
complemented by findings unique to a specific data modality. Another advantage is reducing
noise, which might arise from biological, experimental, and technical sources.

It is vital to analyze this convoluted mixture of di!erent biological signals. However, the joint
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analysis of multi-omic data presents many challenges. Therefore, one of the main goals of joint
multi-omic analysis is to deconvolute this mixture and understand the underlying biological
signals contributing to the overall state of the biological system.

1.4.3 Two-omic integration: Expression quantitative trait loci (eQTL)

One of the first steps towards an integrative analysis of more than one omic was the establishment
of eQTL analysis, discovering genetic variations, such as SNPs, associated with gene expression
variations. In other words, these genetic loci influence gene expression and can be regarded as
regulatory variants, providing a deeper understanding of the molecular mechanisms underlying
traits and diseases [Nica and Dermitzakis, 2013]. Many eQTL studies have been conducted, such
as to investigate gene expression in the blood [Võsa et al., 2021] or tissues [Lonsdale et al., 2013].

expression = ε+

∑

k

ωk → covariatek + ϑ → genotype (1.1)

In its simplest form, eQTL analysis involves using a standard additive linear model (Section
2.2.2) to explain expression levels based on genetic variation and covariates [Shabalin, 2012].
Multiple testing is accounted for by correcting the resulting p-value for the false discovery rate
(FDR) using the Benjamini–Hochberg procedure. A distinction is also made between cis and
trans eQTLs, which depends on the distance between the regulatory variant and the gene of
interest. Cis regulatory variants are proximal to the gene, whereas trans variants are distal.

The same principle exists not only between SNPs and genes but also between methylation sites
and genes. An expression quantitative trait methylation (eQTM) analysis seeks to uncover
regulatory methylation sites [Kim et al., 2020].

1.4.4 Methods of multi-omic integration: Feature extraction vs. Feature
selection

With e"cient omic sequencing techniques, the number of studied features increases while the
number of samples generally remains constant. When profiling the entire set of expressed genes
and methylation sites, thousands of variables (p) might be measured from only a few hundred
patients (n). This problem is called the curse of dimensionality, with p ↑ n increasing the prob-
lem of overfitting. However, the gain in information could outweigh the curse of dimensionality.
In these cases, dimension reduction techniques are commonly employed [Mirza et al., 2019].

The most prominent methods for dimension reduction are feature extraction (FE) and feature
selection (FS). FE aims to project from the high to a lower-dimensional space, such as via
PCA [F.R.S., 1901] (Section 2.2.1.1). For multi-omic integration, popular methods include joint
negative matrix factorization [Zhang et al., 2012] and multi-omics factor analysis (MOFA) [Arge-
laguet et al., 2018]. For example, MOFA decomposes the data matrices from di!erent omics into
a low-dimensional representation of samples and measurements. The inferred feature factors are
linear combinations of the original features. This prevents the identification of the most relevant
measured biological signal. Thus, one major downside of these latent representations is their low
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interpretability.

In contrast, FS aims to reduce the high number of features into a smaller set of relevant variables,
such as via LASSO [Tibshirani, 1996], elastic net [Zou and Hastie, 2005] (Section 2.2.3), and
stability selection [Meinshausen and Buehlmann, 2009], where FS is an integral part of the
model building process. In each model, the most relevant omic features are retained, e.g. to
describe the expression of one gene. Meng et al. [2016] provide a good overview of dimension
reduction algorithms and their applications in multi-omic integration.

Simultaneously, network analysis (Section 2.4) poses an important tool to understanding the in-
teractions of biological entities that are involved in complex interactions essential for maintaining
life in living systems [Tavassoly et al., 2018, Urry et al., 2019]. A method that operates on FS
and then incorporates the selected features from the multi-omic spaces into a network would,
thus, be valuable to capture complex interplay in disease and e.g. identify key players. During
my Ph.D. studies, I contributed to a newly proposed integration method that finds relevant fea-
tures in high multi-omic space and assembles them into networks to understand their complex
interplay. In Section 2.5, I present the details of the method and its application to studying a
cohort of patients with MDD.
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1.5 Network inference and embedding to elucidate multi-modal

node context for e!cient analysis

As demonstrated in the previous section, multi-modal networks are essential to understanding
the complex interactions in biological systems, such as in the psychiatric diseases of depression
(Section 2.5). However, analyzing these networks with classical network analysis tools has be-
come di"cult as they become increasingly complex. Mining these networks to extract meaningful
associations is important for understanding the underlying biological mechanisms. Here, graph
representation approaches (Section 2.4.3) that generate node embeddings (i.e., representations
of nodes as numerical vectors that reflect the network topology) have shown great promise for
analyzing biomedical networks. The embedding space is optimized to learn the meaningful simi-
larities and associations of the nodes in the network, aiming to preserve the proximity between a
node and its neighborhood, and thus capturing its context. The interrogation of the embedding
space is especially powerful for evaluating the relationship between nodes, characterizing the
multi-modal context of any node in the network, such as existing diseases, phenotypes, genetic
variations, and gene expression across a wide range of tissues. This section is based on and partly
identical to Hu et al. [2022].

1.5.1 Disease complexity of COVID-19 caused by SARS-CoV2

The coronavirus strain called severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is
the main cause of COVID-19, a respiratory illness that caused the most devastating pandemic in
recent history. After infection, most people experience symptoms such as shortness of breath, sore
throat, cough, diarrhea, nausea, and fever. In severe cases, the disease progresses to a critical lung
condition that leads to insu"cient oxygen levels in the blood, named acute respiratory distress
syndrome [Tay et al., 2020]. While respiratory system is primarily a!ected, numerous other
tissues also exhibit a viral load [Demichev, 2021]. Consequently, studies have highlighted the
impact of COVID-19 on various systems, such as the neurological, cardiovascular, hepatobiliary,
and renal systems [Gupta et al., 2020]. Fatal cases of COVID-19 were recently associated with
kidney and liver failure, further highlighting the crucial role of several chronic diseases in patient
mortality [Elezkurtaj et al., 2021]. Other diseases associated with mortality from COVID-19
were alcohol and nicotine abuse, obesity, cerebrovascular disease, ischemic heart disease, chronic
obstructive pulmonary disease (COPD) and arterial hypertension [Elezkurtaj et al., 2021]. Lung
damage caused by a SARS-CoV-2 infection was associated with mortality rates but strongly
predisposed by preexisting diseases (comorbidities).

Host genetics potentially contribute to COVID-19 pathogenesis with genetic loci found to be
associated with an increased susceptibility to severe cases of COVID-19 [Group, 2020]. To
explore the genetic component, the COVID-19 Host Genetics Initiative undertook a large-scale
international e!ort, conducting GWASs that uncovered SNPs that were correlated with COVID-
19 severity [The COVID-19 Host Genetics Initiative, 2020]. Collectively, these studies revealed
that host antiviral defense mechanisms are a!ected by the genetic background, highlighting the
diverse impact of the disease on various tissues and individuals. Understanding this complexity
is crucial in the context of human diversity.
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Alongside GWAS, functional experimental assays conducted in cell lines have provided insights
into the molecular mechanisms involved in the response to SARS-CoV-2 infections. These studies
investigated the host-virus interactions through ribonucleoprotein capture and immunoprecipita-
tion [Gordon et al., 2020, Lee et al., 2021] to identify host factors that interact with viral proteins
physically.

1.5.2 Need for holistic study using multi-omic data

Moreover, clustered regularly interspaced short palindromic repeats (CRISPR) studies have iden-
tified crucial SARS-CoV-2 infection host factors [Schneider et al., 2021, Wu et al., 2021]. Another
valuable resource for understanding the viral response arises from quantifying di!erentially ex-
pressed genes, proteins, metabolites, and lipids in whole blood samples between COVID-19 cases
and controls [Demichev, 2021, Di et al., 2020, D’Alessandro et al., 2020, Geyer et al., 2021,
Messner et al., 2020, Overmyer et al., 2021, Shen et al., 2020, Wu et al., 2021]. While many
studies have explored di!erent aspects of SARS-CoV-2 infection, an integrated view is still lack-
ing, especially the integration of the e!ects of infection across multiple tissues. Montaldo et al.
[2021] recognized the significance of multi-omic studies in identifying pathogenic mechanisms
underlying COVID-19 development based on a review of the domain literature.

Looking at the methods used for multi-omic data integration range include maximizing the
correlation between layers of omic information [Singh et al., 2019] to multi-omic factor analysis
performed in an unsupervised fashion [Argelaguet et al., 2018] to network inference [Ogris et al.,
2021]. KiMONo, which belongs to the last group of methods, will be discussed in Section 2.5.
In summary, KiMONo leverages prior information from existing biological networks to reduce
high-dimensional input data and models every gene individually using a regularized linear model,
such as a sparse-group LASSO. Then, the features selected from KiMONo’s statistical models
are aggregated into a network of di!erent modalities by linking the explanatory variables to
their modeled gene. However, the resulting multi-modal network is often highly complex, posing
challenges for analysis using traditional network analysis tools such as degree and betweenness
measures or module detection algorithms [Nelson et al., 2019].

1.5.3 Network embedding for e!cient analysis of complex heterogeneous net-
work

Graph representation learning methods have shown great promise in analyzing complex biomed-
ical networks to mine meaningful associations from the network [Li et al., 2021, Nelson et al.,
2019, Su et al., 2020], and have already been used for drug repurposing and predicting tissue-
specific gene functions [Zitnik and Leskovec, 2017] and microRNA-disease associations [Li et al.,
2017a]. These approaches optimize the geometry of the embedding space to capture meaning-
ful similarities or associations between nodes within a given network, which can be used for
downstream analysis using standard ML methods. Nelson et al. [2019] systematically compared
classical network analysis strategies with graph representation approaches in network alignment,
community detection, function prediction, network denoising, and pharmacogenomics. While
they found that performance depended on the specific task and the metrics used for evaluation,
they concluded that network embedding approaches have many advantages, including compu-
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tational e"ciency, especially for large and complex graphs, and robustness to inherent noise in
biological networks.

Their greatest advantage is the continuous representation in vector space, allowing for vector
operations and intuitive distance measures so that the optimized space can be used to infer
relationships between nodes. For example, to investigate the multi-modal context of each node
of interest, such as between genes and genetic risk scores or genes and tissues.

GeneWalk pioneered the prioritization of important connected nodes [Ietswaart et al., 2021],
specifically in the context of genes and their biological gene ontology (GO) terms. The low-
dimensional embedding space was learned from random walks over the heterogeneous network
using the DeepWalk algorithm [Perozzi et al., 2014].

A list of di!erentially expressed genes is used as the input for network construction. A biological
database is queried to obtain interactions between genes, and only nodes overlapping with the
input gene list are retained. The network is then enriched with annotated GO terms, resulting in a
heterogeneous network of genes and GO terms connected by unweighted edges. The unsupervised
learning step applies the DeepWalk algorithm, using random walks to learn low-dimensional
embeddings for nodes (Section 2.4.3.1). These embeddings capture the relationships between
genes and their connected GO terms, enabling an informative characterization of the biological
context.

Node embedding vectors are then used to calculate the cosine similarity score between nodes (Eq.
1.2) in the high-dimensional vector space, reflecting the similarity between genes and GO terms.
Finally, the significance of the GO terms for genes is assessed by comparing similarity scores to
a null distribution. Networks are randomized while preserving the node-degree distribution, and
empirical p-values for GO terms are assigned based on comparing similarity scores with the null
distribution.

cos(ϖ) =
A ·B

↓A↓2 ↓B↓2
(1.2)

The authors illustrated that this unsupervised representation learning algorithm’s low-dimensional
embedding enabled a characterization of each gene using it’s annotated terms that were more
informative in underlying specific biological context.

Recognizing both the need for an integrate multi-omic (or more generally multi-modal) view
of the complex disease COVID-19 caused by the virus SARS-CoV2 and the potential of graph
representation learning, we used ideas similar to GeneWalk to embed a heterogeneous condition-
specific network which was derived from quantitative sequencing data of a population cohort to
e"ciently explore the relationships between entities in the context of COVID-19. I introduce
the established two-step framework in Section 2.6 and detail the application to the case study of
COVID-19.



1.6. MODELING NETWORK BIOLOGY AS RELATIONAL GRAPHS FOR LINK PREDICTION13

1.6 Modeling network biology as relational graphs for link pre-

diction

As outlined in Sections 2.5 and 2.6, multi-omic networks are powerful in depicting the interactions
in biological systems. However, while the edges in these networks are only of one type (statistical
association), in reality they may represent di!erent relationships, such as physical interaction or
of causal regulatory nature. This calls for the need to model the specific interactions between
biological entities explicitly. Knowledge Graphs (KG) achieve this by encoding entities and their
relationships as triplets, such as ("gene" – "involved in" – "cellular pathway", or "drug" – "treats"
– "disease"). However, these KGs like our knowledge, despite scientific studies and consortia
e!orts, remains incomplete. Closing gaps in our knowledge, such as predicting the unknown
function of genes or drug treatments, is of high importance. In the field of KG Completion which
deals with the inference of missing yet true links, many techniques exist. While KG Embedding
methods (Section 2.4.5) achieve good performances, one downside is the lack of interpretability
of these models to guide verification and validation. In contrast, path representation learning
(Section 2.4.6.3) has shown great promise in achieving higher performances and visualizing the
most important paths of a prediction. This section is based on and partly identical to Hu et al.
[2024].

1.6.1 Need for automated framework to close gaps in knowedge for functional
annotation and drug repurposing

Edges in biological networks denote co-regulation or causal relationships (regulatory networks)
[Karlebach and Shamir, 2008, Smith et al., 2007], physical interactions (in protein-protein inter-
action networks (PPI)) [Safari-Alighiarloo et al., 2014, Walhout and Vidal, 2001], or associations
of genes with diseases (disease gene networks) [Goh et al., 2007, Piñero et al., 2020], among
others. Even though a vast amount of high-throughput experiments have been conducted, many
molecular interactions are not discovered, leaving gaps in our knowledge and biological networks
incomplete. As wet lab experiments are bound to high time and energy investments, computa-
tional methods that perform link prediction (LP) based on the network topology have gained in
importance to infer missing but potential associations between biological entities [Musawi et al.,
2023]. The applications of LP in network biology reveals hidden connections between biological
entities and facilitate the discovery e.g. of biomarkers and protein interactions [Abbas et al., 2021,
Kumar et al., 2020, Wang et al., 2020].

Further of importance is the annotation of genes with thte functional role. It entails charac-
terizing a gene regarding its biological function, molecular activities, and regulatory behaviors.
The sheer number of genes and the expanding understanding of their roles in health and dis-
ease renders manual annotation via experimentation laborious and costly. In addition, diseases
disrupt normal cellular behavior by a!ecting dozens of proteins and their interplay within the
underlying biological network, changing the interactome [Huttlin et al., 2017]. In the best case,
therapeutic drug treatment restores the intended molecular function and, thus, ameliorates the
disease [Ruiz et al., 2021]. Consequently, automated annotation and drug prediction grounded
in existing knowledge holds the potential for significant impact.



14 CHAPTER 1. INTRODUCTION

1.6.2 Homogeneous link prediction in biological graphs

One of simplest ways of LP between unconnected nodes is the usage of similarity metrics from
traditional graph analysis, such as Personlized PageRank, Jaccard or Katz index [Jaccard, 1901,
Katz, 1953, Page et al., 1999] in undirected graphs. These metrics have found successful appli-
cation for the predicting associations between disease and gene [Iván and Grolmusz, 2011], and
disease and drug [Lu et al., 2017], solely based on the topological similarity between nodes (Sec-
tion 2.4.2.2). However, representation learning has shown higher expressiveness to capture the
nuances and complexity of a node in a graph and thus have been discussed as a central method
to network analysis [Nelson et al., 2019] (Section 2.4.3). Embeddings, low-dimensional vectors,
are learned to represent each node in the network through shallow and deep non-linear trans-
formation. The embeddings should summarize their graph position as well as the local graph
neighborhood, so that geometric relations in the latent space correspond to graph relations. As
an example, OhmNet predicts tissue-specific gene functions by learning embeddings via biased
random walks (Section 2.4.3.1 on DeepWalk Perozzi et al. [2014]) for nodes in a multi-layer hier-
archical network, where each layer represents the interaction of genes in di!erent tissues [Zitnik
and Leskovec, 2017]. Genes were then annotated with GO terms using a cosine similarity metric.

1.6.3 Heterogeneous link prediction in biological knowledge graphs

Early biological graphs do not capture the semantics of associations, e.g. in a PPI network uni-
relational associations do not capture the distinctions between interaction types such as inhibition
and activation. Thus, recent e!orts have turned to heterogeneous multi-relational networks to
better represent biological complexities, which are known as knowledge graphs (KGs),(Section
2.4.4). A KG is represented in triplet format, detailing the connection between a head h entity
via the relation r to the tail t entity as ↔h, r, t↗ with the entities and relations of di!erent types.
During KG Completion (KGC) the relation r is modeled specifically and missing links in the
knowledge base are predicted like question answering given a query p(?|h, r) to predict the t

entity given the source node h and a specific relation r.

1.6.3.1 Node representation learning

For this task, KG embedding (KGE) methods (Section 2.4.5) have found great success, where the
semantics of the triplets constrain the latent space. Node embeddings are randomly initialized
and iteratively updated by optimizing a loss function to maximize the score for positive triplets
and minimize that of negative triplets [Bordes et al., 2013]. In the embeddings space, TransE
models the t as a linear transformation of h and r, while DistMult uses a dot product [Bordes
et al., 2013, Yang et al., 2015]. Unlike the earlier methods, an encoder-decoder approach allows
end-to-end training without prior graph feature extraction (e.g., over a random walk followed by
a similarity metric). [Mohamed et al., 2021] benchmarked KGE methods on drug target interac-
tions and tissue-specific protein functions, showing similar and higher predictive performances.

Graph deep neural architectures possess higher expressivity by aggregating node messages from
neighbors to update the node’s representation with representative methods such as Graph Con-
volutional Networks (GCNs) [Kipf and Welling, 2016] (Section 2.3.4.2), Graph Autoencoders
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(GAEs) [Kipf and Welling, 2017] and GraphSAGE [Hamilton et al., 2017a]. Thus, as an improve-
ment over KGEs, Relational Graph Convolutional Network (R-GCN) which is GCN operates
on the multi-relational KGs by aggregating transformed feature vectors from the k -hop neigh-
borhood separately for each relation type and subsequently uses the DistMult decoder to score
labeled edges. Schlichtkrull et al. [2017] (Section 2.4.6.2).

1.6.3.2 State of the art method for drug repurposing

The models above perform LP on biomedical KGs compiled from various research e!orts, with
BioGRID, KEGG, and PathwayCommons as examples (Section 2.1.5). PathwayCommons unifies
a range of di!erent databases and details gene and protein interaction information with specific
relations, such as "interacts-with," "in-complex-with," "controls-expression-of," and "controls-
state-change-of" [Cerami et al., 2010, Demir et al., 2010, Rodchenkov et al., 2020]. Of particular
note is PrimeKG [Chandak et al., 2023] (Section 2.1.5), a precision medicine KG designed ex-
plicitly to predict links between drugs and diseases. It incorporates over 120,000 nodes from 10
major biological levels of proteins, pathways, exposures, phenotypes, diseases, and drugs, detail-
ing over four million relations. The fine-grained information about drugs and diseases, divided
into contraindications and indications, makes PrimeKG an especially useful resource for
drug repurposing. One state-of-the-art method based on node embeddings that predicts links
between drugs and diseases is TxGNN. The authors attempted drug repurposing based on the
protein interactome using a zero-shot prediction method, with little molecular characterization
and no available information on treatment options. Huang et al. [2023] demonstrated the power
of their model, TxGNN, using the PrimeKG dataset.

TxGNN uses a graph representation learning framework to embed the entities into a latent space
optimized to reflect the geometry of the biomedical KG, focusing on diseases and their drug
treatment candidates. The framework consists of these three important modules: 1) An encoder
embeds the heterogeneous nodes of the graph, such as genes, pathways, diseases, and drugs, into
a latent space constrained by the geometry of the KG. 2) A decoder with a metric learning
module enriches the embeddings of zero-shot diseases with those from well-known diseases to
make meaningful predictions for diseases with little molecular characterization and no known
drug treatments. Given the embedding of a drug and a disease, TxGNN transforms them into
a prediction about the relationship, such as indication and contraindication. 3) To learn the
embeddings, training is conducted, first pre-training on all relationships in the KG and then
fine-tuning the drug and disease edges.

R-GCN encoder The node embeddings are encoded following the R-GCN scheme (Section
2.4.6.2). First, the embeddings Xu for each node i are Xavier uniform initialized [Glorot and
Bengio, 2010] during training. Next, for every layer in the message passing of the GNN (Section
2.4.6), messages are first passed, then aggregated, and used to update the node’s embedding. The
embeddings of the previous layer h

(k→1)
u separately for each relation r are applied to a matrix

W
(k)
r,M , thus obtaining the MESSAGE: m

(k)
r,u = W

(k)
r,Mh

(k→1)
u .. Next, the function AGGREGATE

average the incoming messages from each node vu from the neighboring nodes Nr(u): m
(k)
N(u) =

1
|Nr(k)|

∑
v↑Nr(u)m

(k)
r,u. Finally, the node’s embedding from the previous layer is updated by the

UPDATE function of the MPNN h
(k)
u = h

(k→1)
u +

∑
r↑TR

m
(k)
N(u). After k layers of propagation,

the final embeddings for each node is obtained.
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DistMult decoder The prediction likelihood of a given disease and drug embedding and the
trained weight vector for each relation of interest is defined following the DistMult [Yang et al.,
2015] (Section 2.4.5) interaction likelihood: pu,v,r =

1
1+exp(→

∑
(huwrhv))

.

Metric learning model Each disease’s signature embedding is generated based on its connec-
tivity to other biological entities, such as proteins and exposures. The normalized dot product
is calculated to obtain the similarities between two diseases, which can be understood as the
amount of molecular entities shared. In the next step, the embeddings of zero-shot diseases
are updated via auxiliary embedding, generated by recombining all similar diseases based on
their degree. The more the disease has been characterized, the less it will rely on the auxiliary
embedding.

1.6.3.3 Path representation learning

However, despite achieving good performances, disadvantages of LP methods using node em-
beddings are the low interpretability and the lack of capability to handle the inductive settings,
whereby a graph with new nodes are supplied for inference. Thus, researchers have started to
develop general and flexible LP representation learning frameworks based on path between two
nodes. Zhang et al. [2023] mark a first application of this concept to prediction synthetic lethality
(SL) gene partners. The authors introduce KR4SL, a GNN models with attention mechanism,
leveraging a KG consisting of 24 relation types between 11 biological entities. Further, Neural
Bellman-Ford Network (NBFNet) [Zhu et al., 2021] represents the paths of a node pair as the
sum of paths, where each path is the product of edge representations (Section 2.4.6.3). A GNN
with learned operators for e"cient path formulation solutions is employed which is scalable to
large graphs with low time complexity. NBFNet achieves better performance compared to node
embedding methods and further o!ers the possibility of interpretability by visualizing important
paths used for prediction. This in turn facilitates the verification of biological plausibility.

Seeing the advantages of path-representation learning, including higher performances and better
interpretability, a framework using the principal and adapted to biomedical KG would, thus, be
valuable for applications, such as functional annotation and drug repurposing. In Section 2.7, I
present BioKGC, which is built upon NBFNet and adapted to biomedical needs for the prediction
missing but true links. We benchmark the method thoroughly against node embedding based
methods and especially TxGNN for drug repurposing.



Chapter 2

Material and Methods

In this chapter, I present the methods I (co-)developed for multi-omic integration, embedding
and link prediction in biological knowledge graphs. For this aim, the first four sections present
the theoretical background, from the basics of biological sequencing data that have become
available for study through the latest technological advances (Section 2.1) over fundamentals of
ML (Section 2.2) and DL (Section 2.3), to graph ML (Section 2.4). The contributions to network
biology builds upon these background sections.

Section 2.5 presents the methodological framework for integrating data from multiple sources
into a multi-omic network, utilizing statistical models that incorporate prior knowledge. This is
followed by a detailed explanation of the materials and methods employed to apply this approach
to an MDD patient cohort, aiming to identify key mediators of the disease.

Section 2.6 presents the inference and embedding of a multi-modal network into latent space,
enabling e"cient analysis of relationships between biological entities, such as genes and diseases.
Subsequently, it details the application of this method to a pre-pandemic population cohort,
contextualizing COVID-19 genes within a multi-modal space that includes clinical phenotypes,
genomics, and transcriptomics across various tissues.

Section 2.7 discusses the adaptation and application of a path-based link prediction method for
biomedical KGs to infer missing links. This method is then applied to predict links between
genes and pathways for functional annotation, as well as between drugs and diseases for drug
repurposing.

2.1 Biological Background

For the study of living organisms and their processes, biological data is meticulously collected
and analyzed to synthesize hypotheses and knowledge. There are di!erent ways of collecting
data. Observations are made in animal and human behavioral studies to gain insights into
instincts and learning. Experiments are conducted to understand the impact of interference
or di!erential treatment in ecological conservation. Simulations are run to model behavior and
predict future viral spread. In systems biology specifically, a wealth of molecular data is collected
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to investigate health and diseases. These may include complementary information, such as an
individual’s genetic makeup, expressed genes, DNA modifications, and characteristics, such as
age, body mass index (BMI), and sex. In addition, prior knowledge in the form of PPI networks
is leveraged to inform the analysis and prediction.

Advances in modern sequencing techniques have enabled the large-scale, cost-e"cient collection
of such data. Multi-omic integration refers to combining data from multiple "omics" layers
(i.e., di!erent levels of biological organization) to study biological systems holistically [Santiago-
Rodriguez and Hollister, 2021, Subramanian et al., 2020]. The task and challenge of data science
in biology is to analyze this complex aggregate data to deduce patterns, test hypotheses, and
predict behavior. While Section 2.2 introduces the methods used for the analysis, this section
focuses on the fundamentals of each "omic" layer and the relevance to disease, followed by the
experimental sequencing techniques. Further information about the fundamentals of biology can
be found in Urry et al. [2019].

2.1.1 Genomics: DNA

The genome of an organism constitutes all of its genetic information. DNA has established itself
as the information storage medium in most archaea, bacteria, plants, and animals due to its high
stability. It is a double-stranded helix comprised of sequences of nucleotides. Each nucleotide
consists of a sugar molecule, a phosphate group, and one of four bases: adenine (A), cytosine (C),
guanine (G), and thymine (T). Nucleotides opposite one another in the helix are covalently bound
via the 5’ phosphate group of one and the 3’ OH group of the other, forming the sugar-phosphate
backbone of the DNA molecule. Among the bases, A pairs with T and C pairs with G, forming
two and three hydrogen bonds, respectively, allowing the DNA to form a double helix. The human
genome comprises roughly 6.3 gigabase pairs (Gbp) of DNA, but only around 1.5% of encode for
19,969 proteins. About twice as much DNA comprises non-coding RNA (ncRNA) genes, such as
long noncoding RNAs (lncRNAs). There are also regulatory segments and introns, in addition
to many sequences whose function remains to be discovered. Furthermore, significant segments
of the genome contain gene duplications (6.61%), such as pseudogenes with limited function, as
well as repeats (53.94%), once believed to be "junk DNA" [Nurk et al., 2022]. Many functions
in gene regulation and disease have been discovered for both [Bustos et al., 2023, Jurka et al.,
2007].

An individual’s genome is inherited from both parents and is identical across all tissues. Germline
mutations occur with a rate of 10→8 per nucleotide site per generation, resulting in around 100 de
novo mutations in each newborn [Lynch, 2016]. It has been estimated that our genetics determine
up to 80% of our susceptibility to and development of a disease, depending on its nature [Jackson
et al., 2018, Klebanov, 2018, Sookoian and Pirola, 2017]. Thus, genetic predisposition plays a
significant role in disease mediation. In addition, somatic mutations occur many orders more
frequently than germline mutations during an individual’s life, with one of many consequences
being cancer [Lynch, 2016].

The methods for sequencing such extensive information started with Sanger sequencing in 1977
and now predominately involves next-generation sequencing (NGS) with its capabilities for mas-
sive parallel sequencing [Crossley et al., 2020, Quail et al., 2008, Sanger et al., 1977]. Goodwin
et al. [2016] reviewed the di!erent NGS approaches. Only mutations, called single nucleotide
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polymorphisms (SNPs) and insertion and deletions of single or multiple base pairs that deviate
from a reference genome, are stored for e"ciency. One dominant data format is the variant call
format, which describes the polymorphism’s position in the reference genome and its reference
and alternative alleles. Due to the nature of inheritance, various factors complicate working
with DNA data. For example, corrections often must be applied at the cohort level to account
for population structure or at the SNP level to account for linkage disequilibrium (LD), where
neighboring alleles are correlated with one another [Reich et al., 2001, Sul et al., 2018].

2.1.2 Transcriptomics: RNA

The DNA segments that encode genes are synthesized into RNA through a process called tran-
scription, which is performed by a multiunit enzyme called RNA polymerase. The entirety of the
RNA products constitute the transcriptome. Unlike DNA, RNA is a single-stranded molecule in
which ribose replaces deoxyribose and uracil (U) replaces the T nucleotide. Out of the roughly
20k protein-coding gene segments, more than four times the number of messenger RNA (mRNA)
transcripts can be created due to post-transcriptional alternative exon splicing [Ryu et al., 2015].

A healthy cell state is characterized by coordinated gene expression, controlled via transcription
factors, co-factors, and chromatin remodeling (see Section 2.1.3 for more information). Diseases
arise due to a disturbance in cellular processes [Lee and Young, 2013]. In addition, gene expression
constitutes the first response to internal and environmental cues. Extracellular signals activate
signaling cascades, ultimately modulating transcription factors to mediate downstream gene
regulation within the cell [Kabir et al., 2018]. Notably, ncRNAs, which are not translated into
proteins, including microRNAs and lncRNAs, help to regulate gene expression, post-transcription
modification, translation, protein degradation, and chromatin remodeling, among other processes
[Kla! et al., 1996, Valencia-Sanchez et al., 2006, Wang et al., 2021b]. In summary, gene products
play significant roles in health and diseases, where key disease genes are often di!erentially
expressed.

Modern NGS technologies can be used to quantify gene expression. A complementary DNA
library is created via reverse transcription of a sample’s expressed RNAs before NGS amplifi-
cation and sequencing. Not only can the presence and quantity of a transcript be determined,
but post-transcriptional modifications and alternative exon splicing, among others, can also be
profiled [Kukurba and Montgomery, 2015, Wang et al., 2009]. The data matrix can be used for
analysis after quality control and normalization of expression values. Due to its high accessibil-
ity and informativeness about a sample’s state due to both genetics and the environment, the
transcriptome is one of the most studied information layers in biological systems.

2.1.3 Epigenomics: Methylation

Between the slow-changing DNA and the quick gene expression response, the epigenome governs
the mid-term modification of inheritance that alters gene expression. Epigenetics describes mod-
ifications not to the DNA itself, but "on top" of it. They include the modifications of histone
complexes around which the DNA is wrapped and the methylation of cytosine at a cytosine-
guanine (CpG) site in the DNA. CpG sites are observed with less frequency than expected based
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on the CG content of a human genome, commonly believed to be due to the high mutation rate.
CpG islands are characterized by a CG content of more than 55% and are often found in gene
promotors. The methylation of these CpG sites leads to gene expression repression that is not
easily changed by cell division [Newell-Price et al., 2000, Takai and Jones, 2002].

Most epigenetic marks are obtained throughout the life of an organism, contributing to X-
chromosome inactivation, response to environmental cues, and the di!erentiation of totipotent
zygote cells into specific cell types through the activation and repression of specific genes [Feil
and Fraga, 2012, Gendrel and Heard, 2014, Meissner, 2010]. However, some epigenetic changes
can also be passed on to an o!spring through transgenerational inheritance. In plants, these
changes can prepare generations of o!spring for dry climates. In humans, evidence suggests
the inheritance of susceptibility to diseases such as cancer and obesity [Da Cruz et al., 2020,
Fitz-James and Cavalli, 2022, Zheng et al., 2017]. Twin studies investigating the general e!ect
of epigenetics on disease have been especially helpful, where individuals share the same genetic
background but di!er in their epigenetic profile, resulting in diseases such as cancer, autoimmune
disorders, and depression [Javierre et al., 2010, Kaminsky et al., 2009, Mf, 2005, Penner-Goeke
and Binder, 2019].

Standard sequencing techniques are chromatin immunoprecipitation and bisulfite sequencing.
In the latter, double-stranded DNA is denaturalized into single strands and then treated with
sodium bisulfite. While methylated cytosine is immune to bisulfite treatment, unmethylated
cytosine is converted into uracil and is detected as thymine in subsequent polymerase chain
reaction sequencing [Li and Tollefsbol, 2011].

2.1.4 Phenotypes: Sex, age, BMI, and comorbidities

Another layer of information that should be included in understanding health and disease is
phenotypic data, such as age, sex, and BMI. The risk of diseases increases as tissue and organ
functioning decreases with age, possibly due to diverse stressors, such as telomere erosion, reactive
oxygen, DNA damage, and epigenetic stress [Childs et al., 2015]. Furthermore, some diseases
have a sex prevalence. For example, there is a higher rate of neurodegenerative diseases in
females or inherited via the sex chromosomes, such as in the case of X inactive specific transcript
(XIST ) [Loomes et al., 2017, Vegeto et al., 2020]. BMI also contributes to diseases such as
cardiovascular or infectious diseases, including Coronavirus disease 2019 (COVID-19) [Kalligeros
et al., 2020]. All of these phenotypic information are necessary to understand the disease and
predict its further development. Other important information is the pre-existing diseases, called
comorbidities, which can be associated with increased risk for developing a severe disease [Russell
et al., 2023].

2.1.5 Biological interaction databases

When working with quantitative data derived from a patient cohort, it is highly beneficial to
incorporate prior qualitative information, leveraging the accumulated knowledge from the sci-
entific community. Relational databases that summarize the knowledge about the interaction
of di!erent biological entities are of high importance (more details on relational networks and
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knowledge graphs in Section 2.4.4).

BioGRID is an example of a database that comprehensively curates protein-chemical, PPI, and
other interactions [Oughtred et al., 2021, Stark et al., 2006]. The PPI comprises genetic and
physical interactions derived from low- and high-throughput experiments. Indirect genetic in-
teractions are captured via experimental evidence, such as dosage lethality, where the increased
dosage of one gene causes the death of cells with a mutation in another gene. In contrast, di-
rect interactions are measured in physical interaction experiments, such as two-hybrid or a"nity
capture-mass spectrometry, often involving bait and prey proteins. A detailed breakdown of
all experimental systems can be found at wiki.thebiogrid.org. Similarly, PathwayCommons is
another resource integrating sources detailing interactions between proteins and small molecules
with a particular focus on their involvement in pathways and detailed interaction type, such
as in-complex-with, controls-expression-of, or controls-state-change-of [Cerami et al.,
2010, Demir et al., 2010, Rodchenkov et al., 2020].

A third example, PrimeKG, was built for precision medicine, going beyond protein interactions to
incorporate further biological entities at ten major levels, such as anatomy, exposure, phenotype,
and especially drugs and diseases, from 20 databases, including Disease ontology [Schriml et al.,
2019], DisGeNET [Piñero et al., 2020], Orphanet [Weinreich et al., 2008], and DrugBank [Wishart
et al., 2018]. The relationships detailed in PrimeKG include those between pathway-gene,
exposure-disease, drug-gene, and especially drug-disease, broken down into contraindication,
indication, and off-label use. Further details about the entities, relationships, and sources
can be found in the PrimeKG article [Chandak et al., 2023].

2.1.6 Towards a holistic understanding of biological systems

In the nature and nurture model, genetics and environment together determine the development
of diseases, which manifest at various biological levels [Day, 2000, Deedwania, 2004]. For a
holistic understanding, multi-omic research focuses on the comprehensive set of molecules, such
as measuring and analysing the genome in combination with transcriptome, epigenome and
phenotypic information to shed light on the molecular underpinnings of diseases and the interplay
of factors [Hasin et al., 2017]. In this endeavour, the knowledge accumulated by the scientific
community in the form of biological networks can guide biomedical research in contextualizing
and verifying results and generating hypotheses about disease mechanisms. This thesis used
these databases as priors to inform the integration of multi-omic information during multi-omic
network inference (Section 2.5 and 2.6), as well as direct input into ML frameworks to derive
new links between entities (Section 2.7) closing gaps in our knowledge about biological systems.

2.2 Fundamentals of Machine Learning (ML)

ML and DL have become essential tools for analyzing complex data and making predictions
in various scientific disciplines in the age of abundant data generated by modern measurement
techniques and increasing computational power. In biology, the advances in these computational
methods play a critical role in improving our understanding of the drivers behind biological
processes, ultimately contributing to improvements in science and healthcare. This Section

https://wiki.thebiogrid.org/doku.php/experimental_systems
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will introduce key concepts in ML (Section 2.2) and DL (Section 2.3) that are applied and
compared in this thesis. Then, it will present the fundamental concepts and notation of graph
representation learning, reviewing classical graph analysis, graph embeddings, and graph neural
networks (GNNs) used throughout this thesis (Section 2.4). The significance of methods for
the modeling and analysis of biological data will be described in each section, especially in the
section on graph ML (Section 2.4), focusing on network biology.

There are generally two popular approaches to studying any system. Mechanistic modeling
represents causal processes and interactions within a system with usually simplified mathematical
formulations [Ingalls, 2013]. This approach to modeling a system relies on a deep understanding
of the underlying behavior of the system. In contrast, ML models are built on the principle
that algorithms learn patterns through data, automatically adjusting internal parameters and
improving performance. Thus, less domain expertise is required in ML. ML has been defined as
a computer-based process whose performance improves with experience in a given task [Kitano,
2002, Mitchell, 1997]. However, the downside of ML compared to mechanistic models is their
data-hungry nature and decreasing interpretability with increasing complexity. Baker et al. [2018]
compares mechanistic modeling and ML comprehensively, especially in biological applications.
ML is applied to many biological research questions due to advantages such as using structured
and unstructured data and handling complex and large datasets [Greener et al., 2022].

ML can be broadly separated into supervised and unsupervised learning, which di!er in their
requirements and ingredients. In supervised learning, each data point has a label or value (more
generally, a behavior), and the objective is to learn a model that can predict the behavior of the
data. In unsupervised learning, such a behavior is missing, and the main objective is to uncover
the underlying patterns, structures, or relationships in the data, such as to separate them into
groups or clusters. The following section on unsupervised learning will touch upon representation
learning that attempts to uncover underlying data patterns, with a straightforward linear model,
principal component analysis (PCA), as an example. Then, supervised learning will be discussed
in more depth, detailing linear to non-linear models and their optimization and evaluation. For
more in-depth information on statistical learning and ML, please see Hastie et al. [2009], James
et al. [2013], Murphy [2022]

2.2.1 Unsupervised learning

Unsupervised learning has several objectives, ranging from uncovering the underlying structure
to anomaly detection to dimensionality reduction. It applies to many problems, such as in-
vestigating the semantic relationship between words or detecting fraud outliers. In biology,
unsupervised learning can be applied for data exploratory purposes, patient stratification into
treatment groups, or multi-omic integration to summarize data in fewer representative features.
Standard algorithms for grouping are k-means or hierarchical clustering. Linear PCA or non-
linear t-distributed stochastic neighbor embedding (tSNE) and uniform manifold approximation
and projection (UMPA) are often used for dimensionality reduction.
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2.2.1.1 PCA

PCA is a simple and widely used algorithm for dimensionality reduction that Pearson introduced
in 1901 [F.R.S., 1901]. It aims to achieve lossy compression; that is, to minimize the memory
needed to store the data with as little loss of precision as possible. Specifically, the aim is
to replace many correlated variables with a smaller set of uncorrelated latent variables while
explaining the bulk of the variance in the data. This reduction is especially important for
biology since there are typically many highly correlated features. Reduced dimensionality can
help with computational e"ciency, visualization, and noise reduction.

The new uncorrelated latent variables are called principal components (PCs). The PCs are
orthogonal, with the first explaining the greatest amount of variance, followed by the second,
and so on. The number of PCs identified is typically limited using a cuto! for the percentage
of variance in the data they collectively explain (e.g., 80%). The PCs are obtained through
an eigendecomposition of the data covariance matrix, which is equivalent to the singular value
decomposition (SVD) of the data matrix after normalization and centering. In SVD, a matrix is
decomposed into singular vectors and singular values,

X = USV
T
, (2.1)

where U is a n → n orthogonal matrix, S is a n → p rectangular non-negative diagonal matrix,
and V is a p→ p orthogonal matrix. U and V represent the left and right singular vectors of X.
The diagonal entries Sii are unique until permutation and are called the singular values of X
and are directly proportional to the standard deviations of the m singular vectors. The matrix
V is called the loadings matrix or the principal directions/axes, with each column containing the
linear combination of coe"cients for each PC. The latter are given by

F = XV = USV
T
V = US.

This matrix factorization successfully uncovers the structure underlying the data and simulta-
neously achieves a dimensionality reduction via lossy compression by selecting the top k PCs
that cumulatively explain a given amount of the variance. There are many dimension-reduction
techniques besides PCA.

2.2.2 Supervised learning: Linear models

Linear regression is a simple statistical learning approach from the supervised learning field. It
is used to model and predict a quantitative response Y from a single predictor variable X, as in

Y = ω0 + ω1X + ϱ, (2.2)

or in the multi-variate setting when there is more than one predictor variable, as in

Y = ω0 +

p∑

j=i

ωjxj + ϱ, (2.3)
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Figure 2.1: Illustration of the two major tasks in ML: A) linear regression representative for
regression task and B) binary classification representative for label prediction.

where ϱ is the error term. The assumption is that there is approximately a linear relationship
between the predictors and the response. Furthermore, other assumptions and requirements
include the independence of errors with homoscedasticity and normality of residuals. The coe"-
cients ω are unknown and must be estimated such that the linear model fits the observed data.
In other words, we want an intercept ω0 and slopes (ω1, ωn, . . . , ωp) so that the resulting line is
as close to the observed data points as possible.

Predicting Y for the i
th observation, denoted as ŷi, is achieved using the estimated coe"cients in

the linear regression model ŷi = ω̂0 + ω̂1xi, where xi represents the i
th value of the independent

variable X. The estimates can be obtained by minimizing ϱ
2, also called the residual sum of

squares (RSS).

RSS(ω) =

n∑

i=1

(yi ↘ ω0 ↘
p∑

j=i

ωj(xij))
2
= e

2
1 + e

2
2 + · · ·+ e

2
n (2.4)

as function of ω.

2.2.3 Regularized linear models

Like model selection, regularization aims to identify the best model complexity for the data. In
regularized linear models, such as ridge regression and least absolute shrinkage and selection op-
erator (LASSO), parameters are selected via regularization techniques based on hyperparameters
to manage complexity. The notion is that only a small subset of parameters (q out of p) are
relevant. These methods fall under shrinkage techniques, wherein all p predictors are included,
but coe"cient estimates are controlled, reducing variance and preventing overfitting, thereby
improving generalization. Importantly, regularization combats the curse of dimensionality, prov-
ing particularly valuable when the number of parameters is higher than the number of samples,
p ↑ n. This feature is essential in biology, specifically in multi-omic analysis, when there are
tens or hundreds of samples but close to thousands or tens of thousands of measured variables,
where it would be very advantageous to select the most essential parameters.
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Figure 2.2: Ridge regression: ς2 regularization with an illustration of the A) contours of the constraint
function (red circle) and least squared error (blue ellipses) and B) decrease of the coe!cients as the
shrinkage penalty φ increases, but never reaching precisely zero. (Adapted from Hastie et al. [2009])

2.2.3.1 Ridge regression: ς2 regularization

Ridge regression and LASSO are very similar. In the case of ridge regression [Hoerl and Kennard,
1970], the term that is minimized for least squares ( 2.4) is expanded by a penalty term acting
on the coe"cient estimates, giving us

RSS + φ

p∑

j=1

ω
2
j , (2.5)

where φ ≃ 0 is a hyperparameter, called the shrinkage penalty, that controls the strength of
the penalty. Ridge regression reduces to least squares estimates when φ = 0. However, higher
penalties are applied when φ gets larger, and the coe"cient estimates are pushed towards zero
(Fig. 2.2). Therefore, the estimates shrink with higher φ. Ridge regression produces a new set of
coe"cient estimates ω̂ω for each value of φ. Then, the ideal set of estimates is selected based on
cross-validation, which provides the best trade-o! between variance and bias (see Section 2.2.6.1
for more information). Ridge regression is also referred to as ς2 regularization since the penalty
is applied via the ς2 norm ||ω||2 =

√∑p
j=i ω

2
j .

2.2.3.2 LASSO: l1 regularization

Ridge regression only shrinks the coe"cients towards zero while including all parameters in the
final model and never setting them to precisely zero, which might be disadvantageous for model
interpretability. This limitation is addressed by the LASSO [Tibshirani, 1996]. Here, the quantity
that is being minimized is the following, where only the penalty term is replaced by the l1 norm
||ω||1 =

∑
|ωj |:

RSS + φ

p∑

j=1

|ωj |. (2.6)
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Figure 2.3: LASSO regression: ς1 regularization with an illustration of the A) contours of the constraint
function (red circle) and least squared error (blue ellipses) and B) decrease of the coe!cients as the
shrinkage penalty φ increases, reaching precisely zero with su!ciently large φ. (Adapted from Hastie
et al. [2009])

Now, coe"cients will be pushed towards zero and even set to precisely zero when φ is su"ciently
large (Figure 2.3). LASSO will produce sparse models, which only consider a subset of variables.
These models select one from multiple collinear features, which provides the advantage of lower
complexity and, thus, better interpretability. There are many other regularization techniques
besides the two most popular ones. For example, elastic net regression can be understood as
a mixture of these two, combining shrinkage and sparsity-inducing properties [Zou and Hastie,
2005]. Group LASSO [Yuan and Lin, 2006] and sparse-group LASSO [Simon et al., 2013], which
further apply a shrinkage (deactivation) on groups of features, are discussed in detail in Section
2.5.

2.2.4 Logistic regression

Logistic regression transforms linear models into non-linear models. Contrary to its name, the
main task is not regression but classification (in the simplest form) into binary classes (Figure
2.4). The posterior probabilities of these classes are modeled over linear functions and ensured
to sum to one, remaining within [0, 1], by passing the linear transformation of the data X with a
weight matrix W (referred to as coe"cient estimates ω in linear regression) through a non-linear
activation function ↼.

F (x) = ↼(XW + b), (2.7)

with the sigmoid activation function given by ↼(z) =
1

1+e→z , which converts the output of the
linear regression equation into probability values between 0 and 1. The loss function that is to
be minimized is

l(W ) =

N∑

i=1

{yi log(xiw)↘ (1↘ yi) log(1↘ xiw)}. (2.8)
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Figure 2.4: Logistic regression: A) Classification task of separating data points into two distinct classes,
for instance, B) by using logistic regression - linear transformation followed by a non-linear activation
function.

2.2.5 Model optimization

Optimization is the process of finding the best solutions from possible options. When optimizing
ML models, we aim to minimize or maximize a specific objective or loss function. Generally,
there are closed-form solutions and iterative numerical optimization strategies. While finding the
best solution analytically over a closed-form solution is sometimes possible, iterative numerical
approximations are more often feasible.

2.2.5.1 Maximum likelihood estimation

Besides minimizing the least squares, another popular method is maximum likelihood estima-
tion, assuming the most reasonable values for the ω are those with the highest probability for
the observed sample. This optimization procedure is used when building probabilistic models,
assuming a parametric for the distribution of y|x. The objective is to minimize the di!erence
between the observed and assumed distribution as measured by the Kullbach-Leibler divergence.
When solving the linear model, least squares and maximum likelihood estimation are equivalent
when the error is distributed as ϱ ⇐ N (0, ↼

2
), yielding

L(ω) = ↘N

2
log(2↽)↘N log ↼

1

2↼2

N∑

i=1

(yi ↘ ω(xi))
2
.

.

While there is also a closed-form solution to linear regression, given by ω = (X
T
X)

→1
X

T
y, the

calculation can be expensive when inverting X
T
X, especially in multivariate cases. Therefore,

gradient descent, especially popular for DL, can be more favorable when the calculations are
performed using parallelization across multiple processors.
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2.2.5.2 Gradient-based optimization

2.2.5.2.1 First-order derivatives

Consider a function f : Rk ⇒ R, f(x) = y, k ≃ 1. If it exists, its derivative, denoted f
↓
(x) or

dy
dx(x) ⇑ Rk, gives the infinitesimal slope of the function at the point x and is informative of how
changes in the inputs a!ect the outputs y. When the inputs are vector-valued, k ≃ 1, we can
derive the partial derivatives εf

εxi
(x), quantifying how f changes when only one of the variables,

xi, is increased. The gradient is a vector of all the partial derivatives, denoted as ⇓xf(x). The
gradient of a function is zero, f ↓

(x) = 0, when a stationary point is reached. Minima, maxima,
and saddle points all satisfy this condition. In a local minimum, f(x) is lower than all surrounding
points, and gradient descent cannot further decrease the function by making infinitesimal steps.
In a global minimum, f(x) is not only the lowest value in the direct neighborhood but also its
lowest global value. In optimization, we wish to minimize the loss function by iteratively moving
the parameters according to the gradient, which is called gradient descent Cauchy and others
[1847]. The new points proposed according to gradient descent are x

↓
= x↘ ϱ⇓xf(x), with ϱ as

the learning rate.

2.2.5.2.2 Second-order derivatives

In addition to first-order derivatives (summarized as first-order optimization algorithms), second-
order derivatives can also be applied, leveraging the function’s curvature or momentum [Nocedal
and Wright, 1999]. We can quickly determine whether a stationary point is a minimum, maxi-
mum, or saddle point using the second derivative, such as when examining the Hessian matrix.
There may also be cases where the derivative decreases rapidly in one direction but slowly in
another. Gradient descent algorithms are unaware of this distinction and will not preferentially
explore the direction with the higher absolute derivative. Therefore, the step size might over-
shoot in one direction but be too conservative in another. An approach that considers this is
Newton’s method, which uses the Hessian matrix. Newton’s method approximates the function
near a specific point using a second-order Taylor series expansion, and this equation needs only
to be applied once to converge to the minimum of a convex function. Newton’s method (2.9) may
need to be applied multiple times when dealing with non-convex functions that can be locally
approximated as quadratic minima. However, it will converge to the critical point much faster
than gradient descent.

x⇔ = x
(0) ↘H(f)(x

(0)
)
→1⇓xf(x

(0)
) (2.9)

2.2.5.2.3 Example linear regression

Gradient ascent and descent are iterative optimization algorithms that find the extreme points
of a function, such as the minima or maxima of a di!erentiable function. The starting point
for the ω coe"cients is randomly initialized, the function’s gradient is then calculated, and ω

is updated towards the direction with the steepest ascent or descent. The procedure is iterated
until the convergence criteria are met.
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No closed-form solution exists for logistic regression, and optimization can be performed over
maximum-likelihood estimates like for linear regression. However, it is di"cult to obtain an
analytical solution due to the non-linear activation function. Thus, in most cases, gradient
descent algorithms can be applied to derive the solution e"ciently.

2.2.6 Model evaluation with performance metrics

2.2.6.1 Variance: Bias trade-o"

When evaluating models, it is important to consider the trade-o! between bias and variance
(Figure 2.5A). Two competing properties of statistical learning methods govern the U-shape of
mean squared error (MSE) curves. The expected MSE on the test x0 can be decomposed into a
bias, variance, and an error term:

E(y0 ↘ ωx0)
2
= V ar(ωx0) + [Bias(ωx0)]

2
+ V ar(ϱ) (2.10)

It would return the average test MSE if ŷ were repeatedly estimated using many training sets,
tested at x0. While the irreducible error ϱ cannot be controlled, we want to find a model with
low variance and bias. Variance refers to the amount the predictions that change if estimation is
performed on di!erent training datasets. If the variance is great, small changes in the training
data yield large changes in the predictions. Bias refers to errors produced when a simpler model
models a complex question.

Figure 2.5: Trade-o! between variance and bias: A) Relationship between the model complexity
and total error made and B) underfitting (left), overfitting (middle) and a good fit (right). (Adapted
from Hastie et al. [2009])

The complexity of a model, which is generally the number of predictor variables in linear re-
gression or the number of parameters, is directly linked to these two terms. Overfitting occurs
when the model is complex and accommodates every data point well. However, since many
parameters are used, noise and random fluctuations are captured rather than the underlying
relationship between variables (Figure 2.5B). This issue will lead to poor generalization since
the model essentially memorized the training data, leading to poor predictions. In contrast, un-
derfitting occurs when the model does not capture the underlying relationship adequately. The
model is oversimplified, producing overly generalized predictions due to poor predictive powers.
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The more complex a model, the higher the variance and the lower the bias, with the relative
changes of these two parameters governing the MSE change. Their balance leads to the most
favorable statistical learning model with the smallest MSE and the best generalization property
to unseen data (Figure 2.5A).

2.2.6.2 Performance

The model’s accuracy can be assessed using the MSE, which is RSS divided by the number of
samples, and the variance explained R

2, quantifying its quality-of-fit in linear models. They are
measures of the error or loss of the model. However, the commonly used metrics in classification
are accuracy, area under the receiver operating characteristic curve (AUROC), and area under
the precision-recall curve (AUPRC). While the loss can be investigated, accuracy measures the
fraction of correctly predicted data points and is more meaningful in assessing performance.
However, it depends heavily on the threshold when assigning the probabilities to the di!erent
classes. Thus, metrics that summarize the area under the curve are helpful when the threshold is
set over the range of probabilities and the integral is calculated. They provide more information
about the strengths and weaknesses of the model by assessing its accuracy over all thresholds.
The AUROC provides the area under the curve for balanced classes, and the AUPRC is more
meaningful for imbalanced classes. The baseline in AUPRC of a random classifier defaults to the
class distribution.

2.3 Fundamentals of Deep Learning (DL)

As part of ML, DL was inspired by the functioning and structure of the human brain. The first
artificial neural networks were modeled according to biological neural networks to simulate how
humans process data. A few decades after its first invention, DL is now a highly relevant field of
artificial intelligence (AI) to help process images (computer vision), understand and generate text
(natural language processing), and make decisions (robotics and finance), and learns especially
well from data such as images, text, audio, and graphs. The impact of DL in biology and
biomedical research has also increased. Its applications include identifying tumors in medical
images [Afshar et al., 2018], predicting protein binding to RNA [Horlacher et al., 2023], and
classifying disease genes [Schulte-Sasse et al., 2021]. This section will review the fundamentals
of neural networks, how they are optimized, and how domain knowledge is integrated. For more
in-depth information, please see Goodfellow et al. [2016].

2.3.1 Neural networks

The perceptron was first introduced by Rosenblatt [1962] in the late 1950s to model the neurons
of the brain. Like neurons in the brain, the perceptron receives signals from input sources and
is activated when the signal XW is above the threshold ↘b:

F (x) = ↼(XW + b) (2.11)
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It only deviates from logistic regression by replacing the sigmoid function with the Heaviside step
function. Since the latter is not di!erentiable, gradient-based optimization methods cannot be
used. However, the notion of a perceptron learning algorithm, randomly initiating weights and
updating them according to the mistakes a model makes in its predictions, has had a massive
impact. If the prediction is correct, no changes are applied; however, if the prediction is incorrect,
the weights are updated in a direction to make the answers more likely. However, the persistent
challenge of addressing many problems remains, including a strictly non-linear problem such as
XOR, which involves learning to compute the exclusive OR of binary inputs within a function
[Minsky and Papert, 1969]. To overcome this limitation, multilayer perceptrons (MLPs) were
invented, a series of multiple perceptrons stacked on top of one another, and the Heaviside step
function was replaced by a di!erentiable activation function. Common activation functions now
include the rectified linear unit (ReLU) [Glorot et al., 2011] and its variations [Hendrycks and
Gimpel, 2016, Maas et al., 2013]. The theorem states that an MLP, also called a feedforward
neural network, is a universal approximator, meaning that it can closely approximate any con-
tinuous function with minimal error when su"ciently complex [Hornik et al., 1989]. Specifically,
the hidden units zl at each layer l

(i) are obtained by applying a linear transformation to the
hidden units from the previous layer l

(i→1) and then passing the result through an activation
function ↼ element by element:

zl = fl(zl→1) = ↼(bl +Wlzl→1) (2.12)

These can be repeated recursively to create more complex functions of L layers with fl(z) as the
function at layer l:

f(X,W ) = fL(fL→1(. . . (f1(x)) . . . )). (2.13)

2.3.2 Optimization

Neural networks are usually optimized using gradient-based approaches, using the concepts in-
troduced in Section 2.2.5.2. The objective is to minimize the loss function to improve the model.
Finding the global minimum is di"cult due to the non-convex nature of complex loss functions
due to their non-linearity. However, the global minimum is not of interest since the objective
is to find good generalization properties (to discourage overfitting) at a low point. Instead, the
training process can be stopped early by checking the validation error to find suitable param-
eterization. Optimizing DL models does not di!er from training any other models discussed
above, with the added complication that gradients are computed using back-propagation and its
generalizations.

The cost function of an ML model is composed of the sum of the errors of all training examples,
with the negative log-likelihood given by:

J(ϖ) =
1

n

n∑

i=1

L(x
i
, y

(i)
, ϖ), (2.14)

with the loss function L(x, y, ϖ) = ↘ log p(y|x; ϖ). The derivatives must be computed across all
training examples to derive the gradients, making one gradient descent step very expensive.
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To overcome this, Rosenblatt [1962] used stochastic gradient descent (SGD), based on the insight
that the gradient can be considered as an expectation over data points, which a small sample
set, such as a minibatch of m samples, drawn uniformly from the training set can approximate.
The model’s weights can then be updated by:

ϖ ↖ ϖ ↘ ϱ
1

m

m∑

i=1

⇓ϑL(x
(i)
, y

(i)
, ϖ), (2.15)

ϖ ↖ ϖ ↘ ϱg (2.16)

where m ↙ n and ϱ is the learning rate. There are m samples in one minibatch, and updating
based on all minibatches represents one epoch. Another important factor is that the standard
error of the mean of n samples is ↼/

∝
n, which yields less than linear returns with increasing

samples. Therefore, many optimization algorithms would converge much faster by computing
many approximate gradients than by slowly computing exact gradients.

Equation 2.15 is used to update the parameters of each layer, with their gradients derived by a
recursive procedure called back-propagation [Rumelhart et al., 1986]. There are many extensions
of SDG to improve the convergence, including using momentum [Polyak, 1964], various initializa-
tion strategies (e.g., normalized or sparse initialization) [He et al., 2015], second-order gradients
(e.g., Newton’s Method as briefly touched on in 2.2.5.2.2) [Martens and Grosse, 2015], and adap-
tive learning rates (e.g., AdaGrad [Duchi et al., 2011], RMSProp [Tieleman and Geo!rey Hinton,
2012], or Adam [Kingma and Ba, 2017]).

2.3.3 Strategies to overcome overfitting

Due to the high parameterization, neural networks generally face overfitting issues (see Section
2.2.6.1). There are a few strategies to counteract this. Weight decay applies l2 regularization to
network parameters [Loshchilov and Hutter, 2019], like in ridge regression (Section 2.2.3.1). In
contrast, dropout randomly deactivates a portion of nodes in each layer before proceeding to the
next layer, preventing the network from relying too heavily on specific pathways in the network
[Srivastava et al., 2014]. Another way to reduce a model’s variance is to introduce relational
inductive bias [Battaglia et al., 2018].

2.3.4 Relational inductive bias

MLPs are the simplest types of neural networks that learn increasing abstract concepts along the
layers to provide a final prediction output. While an MLP can approximate any function given a
su"cient number of parameters [Hornik et al., 1989], it can be beneficial to use domain knowledge
to introduce inductive bias into the network architecture, thus restraining the representational
power to a domain of interest, gaining parametric e"ciency, and improving generalization. The
learning is biased towards structured representations by allowing the algorithm to prioritize
one solution over the other [Battaglia et al., 2018]. This approach is crucial for images or the
biological domain when learning from sequences or graphs. The relations are all-to-all in a fully
connected network since each node in layer l ↘ 1 is connected to each node in layer l; thus, all
nodes in the previous layer can interact to control the output (Eq. 2.11). The inductive bias is
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higher for convolutional (CNN) and GNNs.

2.3.4.1 CNNs

CNNs were introduced to fields such as computer vision, audio processing, and time series [Lecun
et al., 1998], and in biology for sequences [Budach and Marsico, 2018]. They are useful for
identifying local patterns regardless of their positions in the grid-like input. CNNs are based on
the operations of convolution and pooling. In the so-called convolution operation, much smaller
kernels or filters are slid over an input (e.g., an image) to perform element-wise multiplication
or summation and thus generate a feature map (Eq. 2.17). After applying several convolutions
in parallel, the linear transformations are passed through a non-linear activation function, such
as ReLU. Finally, a pooling function is applied, which summarizes the nearby outputs for a
specific position, such as max pooling. CNNs are based on the principles of sparse interactions
(locally in a filter) and parameter sharing (of learnable filter parameters), resulting in equivariant
representations.

F
conv

(xij) = ↼(

K∑

(k=1)

xi+k→1wjk + b) (2.17)

In CNNs, locality and translation invariance are imposed as important relational inductive biases.
Locality is assumed, meaning that pixels close to one another in an image are related, while those
further apart are not or less related. Translation invariance refers to the fact that features can be
translated (e.g., rotated or shifted) but still be recognized by the model. While local invariance
is achieved by applying convolutional filters across the image, translation invariance results from
pooling operations.

2.3.4.2 Graph CNNs (GCNs)

GCNs are generalizations from CNNs to non-regular grids. As introduced by Kipf and Welling
[2017], they operate on graphs and aggregate node features according to the neighbors of a node
in the graph:

F
graphconv

(X) = ↼(D
→ 1

2 ÃD
→ 1

2WX
T
+ b), (2.18)

where D is the normalized graph laplacian and Ã the adjacency matrix with added self-connections.
While the convolutional operation is applied locally in CNNs, the node features are now aggre-
gated from the neighbors of the graph, resulting in a relational inductive bias based on the
graph structure. However, GCNs maintain the same translation invariance assumption as CNNs,
namely that the detection of the pattern matters, not its exact location. The general GNN
framework and message passing will be discussed in detail in Section 2.4.6.1.

Besides the mentioned architectures, other impactful models exist (but are not of great interest
for this thesis), such as long-short term memory networks [Hochreiter and Schmidhuber, 1997]
and transformers [Vaswani et al., 2017] for text processing, U-Nets [Ronneberger et al., 2015]
for image segmentation, and generative di!usion models [Ho et al., 2020] for images, graphs and
more.
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2.4 Fundamentals of Graph ML

The origins of graph theory trace back to 1735 when the Swiss mathematician Leonhard Euler
addressed the Königsberg Bridge Problem. This challenge involved finding a route through the
city of Königsberg, crossing each of its seven bridges exactly once. Euler’s solution introduced
the use of graphs in mathematics, conceptualizing the city’s geography as a network of nodes
(landmasses) and edges (bridges), laying the foundations of graph theory [Alexanderson, 2006,
Euler, 1741]. Research on graphs led to the development of many graph algorithms, especially in
the twentieth century, such as depth-first search and breadth-first search [Cormen et al., 2022].
Another example is the Bellman-Ford algorithm for finding the shortest path from a source node
to all other nodes [Bellman, 1958, Ford, 1956, Shimbel, 1954].

The versatility of (theoretical) graphs to represent and solve a wide range of problems resulted
in the analysis of diverse (real world) networks [Barabási and Pósfai, 2016, Strogatz, 2001].
Examples include 1) social networks consisting of users and their diverse friendship, following, and
collaboration relationships [Newman, 2001, Scott, 1992, Wasserman and Faust, 1994, Watts and
Strogatz, 1998], 2) the internet as a technological network [Albert et al., 1999, Broder et al., 2000,
Faloutsos et al., 1999], and 3) biological neural networks, food webs, and metabolic networks [Fell
and Wagner, 2000, Jeong et al., 2000, Williams and Martinez, 2000]. Many algorithms have been
developed to provide insights into the structure of various types of networks, with the overarching
goal of understanding complex systems for improved decision-making or optimization.

This section will first discuss graph theory (2.4.1) and its classical graph analysis strategies
(2.4.2), and then move on to node representation learning (2.4.3), methods for link prediction
using node embeddings (2.4.4), and path representation learning (2.4.6). See Barabási and Pósfai
[2016], Hamilton [2020] for a more detailed description. Each subsection will also investigate how
graphs are used to analyze biological data, from discovering key players to elucidating the context
of nodes to link prediction in biomedical KGs.

2.4.1 Graph theory

A graph G = (V,E) is defined by its sets of nodes V and edges E, where an edge e = (u, v) ⇑ E

leads from node u to v with u, v ⇑ V . Common ways to represent graphs are edge lists or
adjacency matrices A ⇑ RN↔N with N = #V :

Au,v =

{
1, if (u, v) ⇑ E

0, otherwise
(2.19)

If the edges are undirected (as opposed to directed) (Figure 2.6), the direction of an edge is not
important, (u, v) ′ (v, u), and the adjacency matrix used to represent the graph is symmetric.
Furthermore, when the entries in the adjacency matrix entries are real-world or normalized
values instead of binary 0 or 1, the graph is regarded as a weighted network. These edge features
may reflect the strength of interactions between two nodes. In addition, di!erent edge types
f : E ⇒ R might occur, where R is the set of types that exist. Graphs can also be classified
into heterogeneous networks (as opposed to homogeneous) when multiple node types are present.
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Figure 2.6: Example of a biological network: PPI derived from yeast-two hybrid screens with
undirected and homogeneous edges.

Furthermore, graphs can have node features of scalar values or vectors associated with nodes,
reflecting some node properties. Another important concept in graph theory is the path that
is a distinct sequence of nodes joined by a distinct sequence of edges. They are essential for
the understanding of the connectedness of the graph. Relatedly, communities are local densely
connected subgraphs in a network with all members reachable through other members of the
same community. As an extreme, a clique is a set of nodes such that every two nodes in the
clique are connected by a unique edge, forming a complete graph of interconnectedness. While
strong communities satisfy the constraint that every node has more links within the community
than towards the rest of the graph, weak communities only need to possess in total more internal
than external links, allowing for individual nodes to violate the constraint.

Biological networks are of various types. As an example, PPI networks (mentioned in Sec-
tion 2.1.5) that detail the physical interaction between proteins derived from experiments are
undirected with the symmetrical relationship of "interaction". Other networks capture nodes
of various types (such as proteins, pathways, diseases, or drugs) as well as edges of various
types (such as phosphorylation, cellular function of, disease protein or indication).
Here, edges usually satisfy the constraint that certain edges only occur between certain node
types, as is the case when proteins are connected by PPIs, where functional annotation occurs
between proteins and pathways or treatments between drugs and diseases. In this thesis, Sec-
tion 2.5 and 2.6 deal with undirected heterogeneous networks in terms of nodes, and Section 2.7
with directed heterogeneous networks in terms of nodes and edges. It is assumed that biological
networks—like many real-world networks—typically follow the scale-free property with hubs and
a skewed degree distribution with a heavy tail. They are also assumed to follow the small-world
assumption, where, despite the seeming complexity of a large network, any two nodes are actually
not far apart from one another in the network [Strogatz, 2001].

2.4.2 Classical network analysis

Common graph tasks include classifying nodes, classifying graph levels, predicting relations be-
tween nodes, and detecting clusters [Hamilton, 2020]. Before modern DL graph approaches,
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various classical graph learning strategies were developed and are still in use today [Ashtiani
et al., 2018]. This section will review the classical approaches before moving on to modern
methods relying on representation learning.

2.4.2.1 Node classification

One fundamental task in network analysis is classifying nodes regarding their importance or
property. In social networks, we can identify nodes that are important or influential to the en-
tire graph. For example, the position of the Medici family in the network of fifteenth-century
Florentine marriages revealed them to be powerful [Freeman, 1978, Padgett and Ansell, 1993].
In computational biology, we might be interested in identifying essential key players in dis-
ease, health, or protein interactions [Ashtiani et al., 2018] or classifying genes by their disease
involvement, such as in cancer [Schulte-Sasse et al., 2021].

There are useful statistics characterizing the nodes in a graph to determine a node’s impor-
tance. Node-level statistics include degree and centrality. Degree examines the number of edges
connecting a specific node, denoted as u, to other nodes in the set V :

du =

∑

v↑V
A[u, v] (2.20)

The degree of a node thus quantifies its number of neighbors. In a directed graph, the distinction
is made between incoming and outgoing edges. It is calculated by summing over the respective
rows or columns of A.

While the degree is informative about a node’s number of neighbors, centrality provides a dif-
ferent view of a node’s role in the graph. One popular measure of the overall connectedness is
the eigenvector centrality, which ranks nodes according to the likelihood of being visited on an
infinitely long random walk. Another is betweenness, which focuses further on occupying pivotal
positions in the connectivity of networks. It is calculated as

bu =

∑

u ↗=v ↗=w

↼uw(v)

↼uw
(2.21)

where ↼uw is the total number of shortest paths between nodes u and w and ↼uw(v) is the number
of shortest paths between u and w that pass through node v. Therefore, betweenness measures
how often a node lies on the shortest path between other nodes, exhibiting a key position in the
flow of information in the network. More information can be found in Newman [2018].

In the biological setting, other measures that have been evaluated by Koschützki and Schreiber
[2008] in their role to identify key regulators in transcriptional control networks of Escherichia coli
are closeness centrality (reciprocal sum of length of shortest paths), Katz centrality (eigenvector
centrality taking into account non-direct neighbors) [Katz, 1953], PageRank (importance based
on the number and importance of incoming edges) [Page et al., 1999] and motif-based centralities
[Koschützki et al., 2007]. The authors showed that more than 50 % of the important global
regulators were retrieved in the 2% of predicted ranked genes. Interestingly, while all metrics
measure centrality, each covers di!erent information, with correlations among them sometimes
dropping as low as 0.14.
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2.4.2.2 Link prediction

Another important task in network analysis is predicting links between two nodes that are not
currently present, but could be true or relevant. In social networks, link prediction can uncover
potential friendships between users [Liben-Nowell and Kleinberg, 2003]. Inferring missing links in
networks built on co-authorship and institutional connections might identify future collaborations
[Wang and Sukthankar, 2014]. In biology, link prediction is performed, e.g., to infer interactions
between proteins for regulatory prediction or between drugs and diseases for the uncovering of
new therapeutic opportunities [Musawi et al., 2023]. The wide range of applications makes
predicting the likelihood of a connection based on the structure and pattern of the existing links
important.

Several methods have traditionally been used to determine the existence of an edge between two
nodes, including computing similarities based on the overlap of the local neighborhood (Sorensen
and Jaccard index [Jaccard, 1901, Sørensen, 1948] and global overlap measures (Katz index and
improvement thereof [Katz, 1953, Lü and Zhou, 2011]). While the former considers the overlap of
common neighbors, the latter takes the number of paths of any length (compared to the expected
number) between a pair of nodes. A third category of methods relies on random walks, such
as the extension of PageRank named the personalized page rank (PPR) [Page et al., 1999]. It
provides the probability for a random walk starting at source node u and ending at target node
v, which, intuitively, measures the bidirectional importance between two nodes. By summing
the PPR scores obtained from node u to v and vice versa, the similarity metric can reflect how
likely it is to move between them and, thus, how likely a link is to exist.

In biology, the PPR has found application in the analysis of metabolic and protein networks
[Iván and Grolmusz, 2011]. The PR algorithm was personalized to 13 selected proteins with high
expression levels in plasma, and the authors recovered highly related proteins from a total of over
27k proteins. Other studies have studied the benefit of using similarity indices, such as common
neighbors, Jaccard or Katz index, for drug repositioning [Lu et al., 2017].

2.4.2.3 Clustering on graphs

Another way to extract information from a network is a fundamental technique called clustering,
which aims to uncover patterns and structures with a higher local density than a randomly wired
network [Barabási and Pósfai, 2016]. Characterizing a network through its modules, which are
sets of highly interconnected nodes, could reveal joint properties, mechanics, or functions. In
social networks, clustering revealed groups of people that interact more frequently with each
other than with others outside of the group [Handcock et al., 2007, Mishra et al., 2007]. In
the analysis of biological networks, modules uncovered in protein networks corresponded to
protein complexes that physically interact or are active in the same signaling pathway [Alcalá-
Corona et al., 2021, Girvan and Newman, 2002, Hintze and Adami, 2008].

We will examine some fundamentals of spectral graph theory to identify clusters of nodes in a
graph. The graph Laplacian transforms the adjacency matrix A and holds useful mathematical
properties:

L = D ↘A, (2.22)
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where D is the degree matrix. For example, the number of eigenvectors with an eigenvalue of 0
corresponds to the number of connected components in the graph, which is a set of nodes linked
through edges and paths. The eigenvector indicates which nodes are in the connected component.
The symmetric normalized Laplacian used by GCNs already appeared in Section 2.3.4.2.

Lnormalized = D
→ 1

2LD
→ 1

2 (2.23)

Clustering based on the connected component is trivial. According to the Rayleigh-Ritz theorem,
we can use the second-smallest eigenvector of L to cluster within a connected component, which
provides a continuous approximation to discrete optimal cluster assignment, minimizing cross-
cluster edges. Ravasz and Barabási [2003] and Newman and Girvan [2004] proposed methods
for community detection that are based on hierarchical clustering with a similarity matrix as
a foundation. They use agglomerative and divisive algorithms, respectively, by either merging
nodes into the same community when a high similarity is observed or removing nodes in low
similarity. Other algorithms, based on random walks include Louvain [Blondel et al., 2008],
Infomap [Rosvall and Bergstrom, 2011] alongside with Label propagation [Raghavan et al., 2007]
and Walktrap [Pons and Latapy, 2005].

In biology, it has been postulated in networks of processes theory that modularity is necessary
to attain the sophisticated degree of organization seen in living systems [Clarke and Mittenthal,
1992]. Apart from finding protein modules involved in the same signaling pathway, the identifi-
cation of diseases subnetworks or cancer driver discovery in multi-network communities has also
been of focus [Barabási et al., 2011, Cantini et al., 2015, Ghiassian et al., 2015, Menche et al.,
2015].

2.4.3 Node representation learning

Encode Nodes

ENC(v)

ENC(u)
u

v

zv

zu

Figure 2.7: Projecting nodes of a network into an embedding space which is optimized so that the
distances in the latent space is reflective of the node’s position in the network (Adapted from Hamilton
[2020])

In addition to traditional network analysis methods summarizing network properties into hand-
engineered statistics, learned representations can adapt by learning from data, providing greater
flexibility. Graph embeddings have gained importance as a technique to project nodes onto
a latent space, enabling more e"cient analysis of complex networks. The primary objective of
learning node embeddings is to summarize information about a node’s position and the structure
of its local neighborhood into a low-dimensional vector (Figure 2.7). The aim is to capture the
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graph’s relationships as geometric relations within this latent space [Ho! et al., 2002]. Then,
the resulting embeddings can be used for subsequent tasks, such as investigating node similarity,
cluster detection, or prediction of links. In the application of network embedding to biological
problems, network embedding has been shown to be advantageous for a range of problems from
the prediction of functions, network denoising, and pharmacogenomics [Nelson et al., 2019].

embedding

Decode 
Neighborhood

Encode Nodes

zu

Figure 2.8: Encoder and Decoder approach in network representation learning where the
encoder learns a representation of a node u given by a low-dimensional vector zu and the decoder uses
the embedding to reconstruct the local neighborhood. (Adapted from Hamilton [2020])

A useful way of thinking about learning node embeddings is applying the encoder-decoder concept.
The encoder is responsible for projecting a node v ⇑ V into d dimensional latent space, obtaining
the embedding zv ⇑ Rd. Then, the decoder takes the embeddings to reconstruct some graph
characteristics, such as the neighborhood N(v) of node v (Figure 2.8). Popular decoders use
embeddings from two nodes to predict their relationship or similarity. The similarity function
S defines which type of relationship the algorithm captures, such as connection or shared local
neighborhood. The optimization is performed, such as using SGD (Section 2.15) to minimize the
reconstruction loss,

L =

∑

(u,v)↑V

l(DEC(zu, zv), S[u, v]), (2.24)

so that the latent space captures the similarity between the nodes:

DEC(ENC(u), ENC(v)) = DEC(zu, zv) ∞ S[u, v]. (2.25)

Matrix factorization approaches can be used to learn a low-dimensional approximation of the
similarity matrix S. For example, Laplacian eigenmaps (LE) build on the idea of spectral cluster-
ing (Section 2.4.2.3, [Belkin and Niyogi, 2003]) and use a decoder based on L2-distance between
node embeddings. Intuitively, the model penalizes similar nodes in the graph whose embeddings
are far apart. If the similarity is constructed satisfying the properties of the Laplacian matrix,
then embeddings generated by minimizing Eq. 2.24 are identical to the spectral clustering solu-
tion. As an extension, some studies have used a dot-product in the decoder DEC(zu, zv) = z

T
u zv,

assuming this product approximates the similarity, such as the overlap of the local neighborhood
[Ahmed et al., 2013, Cao et al., 2015, Ou et al., 2016]. Their loss function can be minimized
using factorization algorithms, such as SVD, which is why they are called matrix-factorization
approaches.

Li et al. [2021], Nelson et al. [2019], Su et al. [2020] along with Jaiswar et al. [2022] give an excellent
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overview of (mostly shallow) biological network embedding techniques and applications.
For instance, MuNK outperforms traditional approaches in terms of time and performance in
the task of network alignment comparing networks across species and finding correspondence of
proteins [Fan et al., 2017a]. Another example is OhmNet which learns embeddings to predict
tissue-specific gene functions in a multi-layer hierarchical network, where each layer represents
the interaction of genes in di!erent tissues [Zitnik and Leskovec, 2017]. Embeddings of Mashup
are obtained by applying matrix factorization method on a di!used network and used in the
prediction of protein function [Cho et al., 2016].

2.4.3.1 Random walk-based shallow embeddings

While DeepWalk [Perozzi et al., 2014], as an example of a random walk-based embedding method,
also uses the notion of the inner-product decoder as above, it uses a stochastic rather than a
deterministic measure of node similarity (e.g., the adjacency matrix or Laplacian). Specifically,
the embedding is optimized to produce similar embeddings if two nodes co-occur on random
walks. The goal of the decoder is to reconstruct the probability of visiting the node v starting
from node u on a T -long random walk:

Dec(zu, zv) ∞ Dec(zu, zv) ∞ Dec(zu, zv) ∞ PT (v|u). (2.26)

DeepWalk starts by generating random walks, which are a succession of random nodes across the
network in predefined lengths. Then, these node sequences are input to a shallow neural network
to predict a target node based on the surrounding nodes [Mikolov et al., 2013a,b]. Finally, after
training, the embeddings of each node are the weights of the hidden layer of the neural network,
which can be used for subsequent tasks. This network embedding approach and others, such as
node2vec [Grover and Leskovec, 2016], were inspired by the natural language processing field.
In word2vec, the concept is to create word embeddings that reflect the semantic relationship.
Good reviews detailing the state-of-the-art in network embedding are e.g. Zhang et al. [2018]
and Amara et al. [2021] conducted. In Section 2.6, we use random walks over a multi-omic
network to learn node embeddings in order to characterize a node in its multi-model context of
tissues, genes, genetic predisposition, and phenotypes.

2.4.3.2 Relationship of network embedding methods and matrix factorization

This separation into random walk-based and matrix factorization methods might be arbitrary
since Qiu et al. [2018] showed that many network embedding frameworks are closely related to
and can indeed be unified into matrix factorization frameworks with closed forms. Large-scale
Information Network Embedding - LINE [Tang et al., 2015b] can be understood as a special case
of DeepWalk [Perozzi et al., 2014], which performs a low-rank transformation of the normalized
graph Laplacian. Furthermore, Predictive Text Embedding PTE [Tang et al., 2015a] jointly
factorizes multiple graph Laplacians. The network embeddings provided by node2vec [Grover
and Leskovec, 2016] are related to the stationary distribution and transition probability tensor
of a second-order random walk.
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2.4.4 Relational prediction in Knowledge Graphs (KGs)

Another important task is predicting links in a graph. Specifically, we will be dealing with
graphs containing relations of multiple types, also known as knowledge graphs (KGs) (Figure
2.9). While ontologies and semantic databases have existed before, the term KG was coined
by Google in 2012 [Singhal, 2012]. KGs have since been formally described by others, such
as Ehrlinger and Wöß [2016], referring to an abstract framework to structure information to
derive new knowledge by applying a reasoner. The reasoner infers missing links based on the
information already present in the database, known as Knowledge Graph Completing (KGC),
and relies on explicitly modeling relations between entities [Nickel et al., 2016]. Classical KGs
include Freebase, Wikipedia, DBpedia, YAGO, and the Google Knowledge Graph [Färber et al.,
2017, Krause et al., 2016, Mika et al., 2014, Paulheim, 2017].
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Figure 2.9: Di!erent types of networks: A) Undirected homogenous network detailing PPI between
proteins. B) Representation of knowledge in a directed heterogeneous network, where the Knowledge
Graph (KG) is given as triplets ↔h, r, t↗, such as ↔koala, eats, eucalyptus↗. Di"erent node types and
relation types exist. Knowledge Graph Completion (KGC) is the prediction of missing but true links
given a query p(?|h, r), such as p(?|kangaroo, is).

The main distinction between KGs and other graphs discussed previously is the modeling of the
specific relations between entities. KGs are given by KG = (V,R), with V as the set of vertices
or entities and R as the type of relationship. We can then interpret that a particular fact or
relation r ⇑ R holds between head node h ⇑ V and tail node t ⇑ V , which is expressed as triples
of the form ↔h, r, t↗. In the task of completing KG known as KGC, the meaning and context of
the entities and the relationships within a graph are used to predict missing triplets or facts to
draw inferences and conclusions. Questions are answered in the form of a query p(?|h, r) to make
informed decisions about the possibility of t, based on the existing knowledge in the graph.

KGs in biology include the previously introduced biological networks of BioGRID, Pathway-
Commons and PrimeKG (Section 2.1.5). For instance, BioGRID elucidates the indirect and
direct physical interaction between proteins as PPIs. PathwayCommons further includes infor-
mation on the involvement of biological entities in cellular pathways. Lastly, PrimeKG accumu-
lates the relationship of proteins, functions, diseases, and drugs. Other such compiled resources
include UniProt [Consortium, 2022], Gene Ontology [Aleksander et al., 2023, Ashburner et al.,
2000], DrugBank [Law et al., 2014] and many others. Further references and reviews of databases
are given in Bonner et al. [2022], Lam et al. [2023], Mohamed et al. [2021]. KGC methods have
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Figure 2.10: Illustration of Knowledge Graph Embedding (KGE) methods: A) While in the
TransE model, the tail node t is modeled as a linear transformation of the head node h by the relation
r, B) in RotatE, t is a rotation of h by r in complex space. The discrepancy between the prediction and
the actual t is minimized during training to generate a meaningful embedding space (adapted from Sun
et al. [2019]).

gained rapid development as well as improvement, and so has the incentive to use these methods
with origins in computer science in the prediction of missing yet true links in the biological do-
main. Applications are predicting the interactions of drugs and targets [Mohamed et al., 2019],
polypharmaceutical side e!ects [Zitnik et al., 2018] or tissue-specific protein functions [Zitnik
and Leskovec, 2017].

There are several di!erent approaches for predicting links, including two groups of methods
using node representations and another using path representations. Among the embedding-
based methods are Knowledge Graph Embeddings (KGE), which expand on the node embedding
approaches above, and GCN-based methods. Path-based methods use message-passing neural
networks to derive embeddings representing paths instead of nodes.

2.4.5 Relational prediction with KG Embedding methods

The prediction of multi-relations can also be regarded as a reconstruction task using the described
encoder-decoder framework. Instead of only considering the embeddings of two nodes, h and t,
the decoder now also considers a relation type r. For one of the simplest models, TransE [Bordes
et al., 2013] (Figure 2.10A), the decoder is defined as:

DEC(h, r, t) = ↘||zh + rϖ ↘ zt||, (2.27)

with r ⇑ Rd as a learnable vector of the relation r ⇑ R and usually L1 or L2 norm. The decoder
outputs the likelihood that the edge r between h and t exists and is proportional to the distance
between the embeddings of t and h after translation according to the relation embedding of rϖ.
The embeddings with the RESCAL model are learned by minimizing the loss function

L =

∑

h↑V

∑

t↑V

∑

r↑R
||DEC(h, r, t)↘A[h, r, t]||2

=

∑

h↑V

∑

t↑V

∑

r↑R
||↘ ||zh + rϖ ↘ zt||↘A[h, r, t]||2,



2.4. FUNDAMENTALS OF GRAPH ML 43

where the multirelational adjacency graph is given by A ⇑ R
|V |↔|R|↔|V |, which reconstructs the

local multirelational neighborhood information. Minimizing this loss function is not trivial since
the nested sum is very expensive to compute. Furthermore, the MSE loss is unsuitable for
reconstructing the binary adjacency matrix, which is closer to a classification case. In practice,
the loss function can be the cross-entropy loss derived from logistic regression (Eq. 2.8). The log-
likelihood of a correct prediction is given by log(↼(DEC(zh, r, zt))) and of an incorrect prediction
is given by Evn ⇐ pt,h(V )[log(↼(↘(DEC(zh), r, zt)))], with the latter approximated from a set of
negative samples Pn,h sampled from Pn,h(V ):

L =

∑

(h,r,t)↑E

↘ log(↼(DEC(zh, r, zt)))↘
∑

tn↑Pn,h

[log(↘DEC(zu), r, ztn)))]. (2.28)

A hinge loss can also be applied directly using the scores from the decoder. The objective is to
produce higher scores for true pairs than for false pairs. If all scores for true pairs are indeed
higher by at least a margin !, then the loss will be 0:

L =

∑

(h,r,t)↑E

∑

tn↑Pn,h

max(0,↘DEC(zh, r, zt) +DEC(zh, r, zt↑) +!) (2.29)

This contrastive learning scheme allows the model to learn similarities between pairs from the
same class and dissimilarities between pairs from di!erent classes. In practice, negative triplets
are sampled by either perturbing t or h, yielding ↔h, r, t↓↗ and ↔h↓, r, t↗, respectively [Galárraga
et al., 2013]. Sampling good negative samples is essential for all KG reasoning methods to rank
missing yet true links highly.

Table 2.1: Scoring functions (i.e., decoders) used in KGE models and the logical patterns that can be
captured.

Model Scoring Function/
Decoder Symmetry Anti

symmetry Inversion Composition Reference

TransE ↘↓zh + r ↘ zt↓ ↭ ↭ ↭ Bordes et al. [2013]

TransX ↘↓gr,1(zh) + r ↘ gr,2(zt)↓ ↭
Wang et al. [2014]

Nguyen et al. [2016a]
Ji et al. [2015]

DistMult ↔zh, r, zt↗ ↭ Yang et al. [2015]
ComplEx Re(↔zh, r, zt↗) ↭ ↭ ↭ Trouillon et al. [2016]
RotatE ↘↓h ∈ r ↘ t↓ ↭ ↭ ↭ ↭ Sun et al. [2019]

Many other KGEs exist that di!er mostly in their decoders (Table 2.1). Further extensions
of TransE use di!erent translation schemes, collectively referred to as TransX [Ji et al., 2015,
Nguyen et al., 2016a, Wang et al., 2014]. Here, gr,i depends on the relation r, which is trained to
transform the entity embeddings before the translation operation. For example, TransH defines
the decoder as ↘↓(zh ↘ w

T
r zhwr) + r ↘ (zh ↘ w

T
r ztwr)↓. Furthermore, the scoring function of

DistMult is the dot product between the vector embeddings of h, r, and t [Yang et al., 2015]. In
contrast, RotatE uses rotation in the complex plane [Sun et al., 2019] (Figure 2.10B).

KG reasoning methods can learn a range of di!erent logical patterns in relations, including
symmetry, inversion, and compositionality. Due to the linear translation of embeddings, TransE
can model hierarchical structures such as those found in tissue, disease, or Gene Ontology. While
DistMult only models symmetrical relationships where the scores for triplets ↔h, r, t↗ and ↔t, r, h↗
are the same, ComplEX represents the entities as complex conjugates and is capable of modelling
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asymmetrical relations. RotatE on the other hand, models a range of relations. Each model
learns specific patterns due to its decoder (Table 2.1). In biology, Mohamed et al. [2021] have
examined the capabilities of DistMult and ComplEx alongside other KGE methods in three tasks
of drug target interaction, polypharmacy and tissue gene functional prediction.

2.4.6 Relational prediction with Graph Neural Networks

GCNs were introduced in Section 2.3.4.2 and can be considered convolutions on the graph struc-
ture that incorporate node features to generate node embeddings [Kipf and Welling, 2017].
However, another way to understand GNNs is using the general message passing neural net-
work (MPNN) framework consisting of three main functions: MESSAGE, AGGREGATE, and
UPDATE function [Gilmer et al., 2017]. We will review the basics of message passing before
moving on to the specific application of link prediction with GNNs.

2.4.6.1 Fundamentals of MPNNs

In MPNNs, messages are propagated between nodes in a graph, with node embeddings primarily
updated by aggregating messages from neighboring nodes and the current node. At the start,
each node has an initial embedding h

(0), which can be randomly initialized, or are the node
features themselves. Then, in each message passing step (i.e., at each layer k), the initial or
hidden embedding h

(k→1)
u of each node u is updated with the aggregated messages from the node’s

neighborhood N(u). Specifically, three components are key in the message passing framework: 1)
the MESSAGE operator generates messages hv for each node in the neighborhood N(u), then 2)
the AGGREGATE operator collects the embeddings of each node over the edges and combines
them into a single unified signal m(k→1)

N(u) and finally 3) the UPDATE operator renews the current

node h
(k)
u using its state from the layer before h

(k→1)
u in conjunction with the unified messages

from the neighbors m
(k→1)
N(u) :

h
(k)
u = UPDATE(h

(k→1)
u ,AGGREGATE(MESSAGE({h(k→1)

v , ∋v ⇑ N(u)})))
= UPDATE(h

(k→1)
u ,AGGREGATE(m

(k)
v , ∋v ⇑ N(u)))

= UPDATE(h
(k→1)
u ,m

(k→1)
N(u) )

(2.30)

This process is performed iteratively over multiple layers, with each layer corresponding to a
single message-passing step. The notion is that after k steps of message passing, the node
embeddings capture information about all features within their k-hop neighborhood. The gener-
alized formation of an MPNN allows the understanding of a wide range of GNNs with di!erent
MESSAGE, AGGREGATE, and UPDATE functions.

MESSAGE functions generate the messages that are to be passed through the edges to neighbor-
ing nodes. The message of one node v takes the form mv = MESSAGE

(k)
(h

(k→1)
v ). In the most

simple form, the function is an identity matrix so that the messages correspond to the node’s
embedding mv = I

k
h
(k→1)
v . Another example of a generated message is the multiplication of the

node’s embedding with a weight matrix mv = W
(k)

h
(k→1)
v .
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Figure 2.11: Message passing neural network consisting of the the message, aggregation and
update function: Illustration of how the target node’s A embedding is updated by the messages that
are passed and aggregated from the nodes in the neighborhood NA which in turn aggregate messages
from their neighbors. This example shows a 2-layer message passing model. (Adapted from Hamilton
[2020])

AGGREGATE functions summarize the information from the nodes of the graph neighborhood
and has been the object of research and development. Their expressiveness di!ers in distinguish-
ing nodes in di!erent local graph structures [Xu et al., 2019] and empirical evidence found that
the choice of the aggregation operator is crucial to the performance of the GNN in di!erent tasks
[Hamilton et al., 2017a, You et al., 2020]. Aggregation function include sum, max, mean, and
symmetric normalization [Kipf and Welling, 2017] (Table 2.2). For instance, while the mean ag-
gregator learns the neighborhood distribution, the max can identify the most striking node, and
the sum captures information such as the node degree. However, there are scenarios where each
of them performs poorly in di!erentiating node neighborhoods [Corso et al., 2020]. Principal
Neighborhood Aggregation (PNA) uses multiple such aggregators and learns how to scale and
balance the influences of each in a degree-based way for optimal learning [Corso et al., 2020]. An-
other important aggregation function is based on attention, weighting each neighbor’s influence
on the aggregation [Vaswani et al., 2017], yielding graph attention networks [Veli#kovi$ et al.,
2018]. The rational is that not every node is equally important and the attention mechanism
allows to focus on the small yet informative part that can be learned through training. Graph-
SAGE introduces another complex transformation of the neighbor features through am MLP
[Hamilton et al., 2017a].

UPDATE functions can be as simple as a linear combination of the neighbors and self-embedding
but can also take more complicated forms (Table 2.3), especially to combat the phenomenon
of over-smoothing. This happens when the number of layers is increased, but the informa-
tion on local structures is lost simultaneously when the embeddings approach a near-uniform
distribution. In other words, node-specific information is "washed out" with increasing itera-
tions of message passing, when the node neighbors dominate the updated node representation.
Here, skip connections can help, by concatenating the embeddings of the base update function
UPDATEbase(h

(k→1)
u ,mN(u)) with the embedding of a node from the previous layer h(k→1)

u [Hamil-
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Table 2.2: Aggregation functions of MPNN framework detailing how the messages from the neighbors are
combined into mN(u), ranging from a simple sum, mean to more complex functions based on attention
or the scaling of di"erent aggregators.

Name Aggregation functions Reference
Sum mN(u) =

∑
v→N(u) hv

Max mN(u) = maxv→N(u) hv

Average mN(u) =

∑
v→N(u) hv

|N(u)|
Symmetric Normalization mN(u) =

∑
v→N(u)

hv∝
|N(u)||N(v)|

Kipf and Welling [2017]

Set Aggregator h
(k)
u = MLPω(

∑
v→N (u) MLPε(hv)) Zaheer et al. [2017]

Neighborhood Attention mN(u) =
∑

v→N (u) εu,vhv
Veli#kovi$ et al. [2018]
Vaswani et al. [2017] ,

Principal Neighborhood
Aggregation

multiple aggregators
with degree-scalers Corso et al. [2020]

ton et al., 2017b]. Next, interpolation can be used which element-wise multiplicates the output
from the base update with ε1 and the previous representation with ε2 [Pham et al., 2017]. It can
be understood as an interpolation, as ε2 = 1↘ ε1 ⇑ [0, 1]

d where the embeddings are balanced,
with the exact parameters e.g. learned during training. Jumping knowledge connections concate-
nate not only the information from the previous layers, but for the final layer the embeddings
from all previous layers are utilized [Xu et al., 2018]. Further, there are gated updates in gated
GNNs [Li et al., 2017b] or edge and graph-level features that can be leveraged in Battaglia et al.
[2018].

Table 2.3: Update functions of MPNN framework detailing how the aggregated messages from the neigh-
bors of the current layer mN(u) and self-embedding of the last layer h(k↑1)

u are used to update the current
embedding h

(k)
u . Good update functions combat the issue of over-smoothing.

Name Update functions Ref
Sum h

(k)
u = h

(k↑1)
u +mN(u)

Skip
connection h

(k)
u = UPDATEbase(h

(k↑1)
u ,mN(u))△ h

(k↑1)
u Hamilton et al. [2017b]

Interpolation h
(k)
u = ε1 ∈UPDATEbase(h

(k↑1)
u ,mN(u)) + ε2 ▽ h

(k↑1)
u Pham et al. [2017]

Gated updates h
(k)
u = GRU(h

(k↑1)
u ,m

(k)
N(u)) Li et al. [2017b]

Residual
connections zu = fJK(h

(0)
u △ h

(1)
u △ ...△ h

(K)
u ) Xu et al. [2018]

2.4.6.1.1 Important properties

of the MPNN are permutation invariance of the graph-level representation and permutation
equivariance of node representations to node order. While the former means that the function is
independent of the arbitrary ordering of the rows and columns of the adjacency matrix, the latter
refers to the fact that the output is permuted consistently to the permutation of the adjacency
matrix. These two properties must be satisfied for graph learning. Non-linearity, such as ReLU
or Sigmoid, adds to the expressiveness of the network and can be added in the MESSAGE or
AGGREGATE function.
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2.4.6.2 Relational Prediction with GCNs

For the specific task of link prediction using node embeddings, we now consider more complex
GNN encoders, as in Section 2.4.5. There is the challenge of accommodating di!erent relation
types. For example, the relational graph convolutional network (R-GCN) separately aggregates
the information for each relation type ⇀ ⇑ R, using a di!erent transformation matrix W for each
relation type and edge direction [Schlichtkrull et al., 2017], where the AGGREGATE function
summarizing the incoming messages from neighboring nodes takes the form:

m
(k)
N(u) =

∑

(ϖ↑R)

∑

v↑N(u)

Wϖhv

fn(N(u), N(v))
(2.31)

Another improvement made to combat the drastic increase in parameters is the sharing of param-
eters. The model learns an embedding for each relation and a shared tensor across all relations.
Like with KGE, the decoder takes two node embeddings and produces a score for a potential
edge using the DistMult factorization as a scoring function, then the loss is calculated with for
each positive and synthetically generated negative. Other methods based on GCNs include Vari-
ational Graph Auto-Encoders [Kipf and Welling, 2016] and Composition-based Multi-Relational
Graph Convolutional (CompGCN) Networks [Vashishth et al., 2020]. GCN approaches for link
prediction exhibit improved predictive performance compared to KGEs due to the complex GNN
encoder.

GNN encoders and R-GCN specifically for relational prediction has already found application
in computational biology, such as the previously mentioned multi-drug side e!ect prediction
[Zitnik et al., 2018]. Another recent application is the repurposing of non-pharmacological inter-
ventions (NPI) in Alzheimer’s disease (AD) [Xiao et al., 2024]. The authors constructed a AD
specific KG and evaluated KGE methods alongside R-GCN and CompGCN in the retrieval of
interventions to prevent AD belonging to the category of complementary and integrative health
as well as dietary supplements and found the best performance for R-GCN, followed closely by
one of the simplest KGE method, TransE.

However, one drawback of all embedding based methods is that they are limited to predicting
links within the training graph (known as a transductive setting as opppossed to the inductive
setting). Since these methods rely on learning embeddings for each entity, all entities must be
known at training. Further, interpretability on node embeddings could be more robust, making
it di"cult to understand why a given prediction was made based on two embeddings. These two
disadvantages are lessened with path-based reasoning techniques.

2.4.6.3 Relational prediction with path-based reasoning techniques

Instead of using node representation for the prediction of missing links, this class of methods
focuses on path representations. While some methods are based on the principals of reinforcement
learning generating relational paths from the query to the answer node, such as DeepPath,
MINERVA, RNNLogic and M-Walk [Das et al., 2018, Qu et al., 2021, Shen et al., 2018, Xiong
et al., 2017], RED-GNN and Neural Bellman-Ford network (NBFNet) were at the forefront to
learn path representations with GNNs [Zhang and Yao, 2022, Zhu et al., 2021]. These methods
combine the advantages of traditional methods based on paths with the high expressiveness of
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Figure 2.12: NBFNet learns the path representation: of the source node (blue) - target node
(orange) pair as the generalized sum of all paths, where each path is the generalized product. (Adapted
from and curtesy of Zhaocheng Zhu)

GNNs to automatically extract important features derived from the local neighborhood, yielding
high model performance and interpretability alongside the capability of inductive reasoning. In
biology, GNN path representation learning frameworks have been applied to predict synthetic
lethality gene pairs when perturbed will lead to cell death, which is useful in the treatment of
cancer by selectively killing cancer without harming normal cells [Zhang et al., 2023].

NBFNet computes a representation for pairs of nodes hq(h, t) by considering all paths between
h and t for the relational prediction q. Importantly, NBFNet learns the likelihood from the
entity t tail conditionally given a query consisting of the query node h and the query relation
r, as p(t|h, r) = ↼(f(hq(h, t))), where f(.) is a feed-forward neural network and ↼(.) is the
sigmoid function. NBFNet also augments ↔h, r, t↗ with the reverse triplet ↔t, r→1

, h↗. Given
that in a similar way, the conditional likelihood of the head entity h can be formulated by
p(h|t, r→1

) = ↼(f(hq→1(t, h))).

Like before, the negative log-likelihood of the loss function is minimized during training to
penalize negatively predicted relations for true positive triplets and vice versa. While positive
samples are given by the triplets of the graph, negative samples must be generated according to
partial completeness assumption [Galárraga et al., 2013] by corrupting either the tail or head in
the positive triplet ↔h, r, t↗, yielding ↔h↓, r, t↗ or ↔h, r, t↓↗. For simplicity, the negative sample is
represented as ↔h↓, r, t↓↗. The loss function is given as:

L = ↘ log p(h, r, t)↘
n∑

i=1

1

n
log(1↘ p(h

↓
i, r, t

↓
i)), (2.32)

where n is the number of negative samples for each positive sample, and (h
↓
i, r, t

↓
i) presents the

i
th negative sample.

The authors of NBFNet define the pair representation hr as the generalized sum of all paths,
where each path is the generalized product of edge representations in the path (Figure 2.12).
As detailed in Section 2.4.2, many successful network analysis algorithms rely on path metrics,
such as the Katz index, personalized PageRank, or Bellman-Ford algorithm. The authors show
that these algorithms are special cases of the pair representation with di!erent summation and
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multiplication operators. NBFNet has three components: the INDICATOR function initializes
the representation at each node, the MESSAGE function learns the multiplication, and the
AGGREGATE function is the summation operator.

The performance of models is evaluated by computing the rank of positive triplets ↔h, r, t↗
found in the test set against all negative triplets ↔h, r, t↓↗ that do not appear in the KG, adhering
to the filtered ranking protocol proposed by Bordes et al. [2013]. For the reverse relation r

→1, pos-
itive triplets in the form ↔t, r, h↗ are evaluated against corresponding negative triplets ↔t, r→1

, h↗.
This method provides a rigorous evaluation, requiring the model to assign high ranks to positive
samples. The evaluation metrics include mean rank (MR), mean reciprocal rank (MRR), and
hits at k (Hits@k). The MR metric is determined by averaging the ranks q of positive samples
among the negatives, where lower values indicate better performance, with an optimal value of
1.

MR =
1

|Q|
∑

q↑Q
q (2.33)

MRR is computed as the average of the reciprocal ranks, 1
q , which reduces the impact of outliers,

such as few triplets ranked very low. MRR values fall within the range [0, 1], where higher values
indicate better model performance.

MRR =
1

|Q|
∑

q↑Q

1

q
(2.34)

The Hits@k metric measures the likelihood that the correct predictions appear within the top
k ranked triplets. It can also be interpreted as the proportion of positive triplets present in the
top k predictions, making it equivalent to Recall@k. Similar to MRR, its values lie within the
range [0, 1], with higher values indicating higher model performance.

H@k =

∣∣{q ⇑ Q : q < k}
∣∣

∣∣Q
∣∣ (2.35)

Model selection during training is usually achieved on the highest validation MRR.

2.4.6.3.1 Framework NBFNet

is constructed such that di!erent MESSAGE (TransE, DistMult, and RotatE) and AGGREGATE

(sum, mean, max, and principal neighborhood aggregation [PNA]) functions can be used [Corso
et al., 2020]. Furthermore, the number of layers and the dimension of the hidden layers can be
tuned. NBFNet is instantiated with six layers with 32 hidden units, ReLU as the activation
function, and the feed-forward neural network f(.) set to two-layer MLPs with 32 hidden units.
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2.5 Statistical learning framework for multi-omics network infer-

ence using KiMONo to prioritize key regulatory factors in

MDD

In this Section, I will present a framework for multi-omic integration based on network inferences
approaches that utilize regularized regression. For a holistic understanding of the complex inter-
play of biological entities (Section 1.4), we create a condition-specific network which is derived
from patient cohort data. This Section is based for the most part on my following second-author
publication [Ogris et al., 2021]. In this publication, jointly with Christoph Ogris as project
lead, we developed a network inference multi-omic integration method, named KiMONo. My
unique contribution was the application of KiMONo on the data from a major depressive dis-
order (MDD) patient cohort, and the systematic comparison of the results to a state-of-the-art
two-omic integration method (expression quantitative trait loci [eQTL]). The robustness analysis
of the method under increasing noise and decreasing sample sizes, as well as its application to
cancer profiling in The Cancer Genome Atlas [Weinstein, 2013], was performed by Christoph
Ogris, and therefore is not reported in this section. Janine Knauer-Arloth, Annalisa Marsico and
Nikola Müller provided supervision and scientific discussion.

• Ogris C., Hu, Y., Arloth, J., & Müller N. Versatile knowledge guided network infer-
ence method for prioritizing key regulatory factors in multi-omics data. Scientific
Reports, 2021

2.5.1 Network inference

Our contribution towards integrating multi-omic data lies in the construction of a framework,
named KiMONo (knowledge-guided multi-omics network inference) to uncover statistical depen-
dencies across di!erent omic data types (Section 1.4) and assemble their interplay into a network
(Fig 2.13). Here, the preselection of features before inference allowed us to reduce the inference
complexity, for which we leveraged prior knowledge of biological mechanisms. This prior knowl-
edge was based on existing experimentally verified interactions such as PPIs (Section 2.1.5). We
used the biological interactions as undirected edges. Next, linear multivariate regularized re-
gression models (Section 2.2.3) were used to retain statistical dependencies with sparse-group
LASSO penalty [Simon et al., 2013] based on the principal of FS (Section 1.4) to minimize the
following error term:

min
ϱ

1

2
||y ↘

m∑

l=1

X
(l)
ω
(l)||22 + (1↘ ε)φ

m∑

l=1

X
(l)√

p(l)||ω(l)||2 + εφ||ω||1,

where ε is the strength of regularization [0, 1], and ω
(l), p(l), and X(l) are the coe"cients, length

of the coe"cients, and matrix of the lth group of omics. Using the sparse-group LASSO, two
types of penalties were used to induce two types of sparsity. The first acted on all groups
(i.e., omic layers) and is called the "group-wise" sparsity. The second acted on each feature
within a group (i.e., omic layer). This approach allowed for a flexible framework to determine
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Figure 2.13: Steps in the workflow of KiMONo: our method integrates prior knowledge in the form
of known biological interactions and multiple omic data sources to construct a comprehensive multi-omic
network of interconnected features. 1: KiMONo accepts input data that can comprise various types of
omic data along with prior biological knowledge. This prior knowledge is provided as a list of known
associations between the input features. 2: Using prior knowledge, KiMONo performs a prior-based
preliminary selection of omic features and creates an input matrix X for each gene. 3: KiMONo builds
a regression model for each gene using a sparse-group LASSO regression approach. In this model, gene
expression is the dependent variable (y), and the previously selected matrix X is the input. 4: All gene
models are combined to generate a multi-level omic network. This network encompasses features from all
input sources, representing them as nodes, and establishes links between them based on the non-negative
regression coe!cients derived from the models. (From Ogris et al. [2021]

the importance of each omic group and its component features. In the final step, all retained
features with a coe"cient |ω| > 0.01 were connected to their dependent variable y to form a
multi-omic network.

The performance of each gene model was assessed using the R
2 measurement, which represents

the percentage of variance in the regressed variable (i.e., gene expression) that can be explained
by the regressors (i.e., multi-omic features). It was calculated as R

2
= ESS/TSS, where the

explained sum of squares is given by ESS =
∑

(ỹ↘ y)
2, and the total sum of squares by TSS =∑

(ỹ↘y)
2. Here, ỹ, y, and y are the predicted, mean, and measured (true) gene expression. Thus,

R
2
= [0, 1] measures the goodness of fit for every gene model, with values closer to 1 indicating a

better fit (Section 2.2.2). The tool can be found at https://github.com/cellmapslab/kimono).

2.5.2 Network analysis

In our analysis, we treated all retained features from multiple levels as undirected edges. This
transformation allowed us to generalize the complex directed network into a more simplified

https://github.com/cellmapslab/kimono


52 CHAPTER 2. MATERIAL AND METHODS

representation resembling a single-layer association network. To assess whether the generalized
network structure conformed to the typical characteristics of biological networks, such as being
scale-free, we tested the goodness of fit of the distribution of edges to the power law [Simon
et al., 2013]. We also used betweenness centrality as a metric to estimate the significance of
nodes within this network. Centrality was calculated as (v) =

∑ ςuw(v)
ςuw

, where ↼uw(v) was the
shortest path between nodes u and w, passing through node v, reflecting its importance in the
overall network (Section 2.4.2.1).

2.5.3 Case study: Integrating multi-omic data for a MDD patient cohort

We showcase our network integration method, KiMONo, using a cohort of patients with MDD.
While e!orts have been made to understand the pathomechanism of the psychiatry disease MDD,
translating the findings into clinical practice has been limited [Kapur et al., 2012]. While most
prior studies have focused on analyzing a single omic level, such as genome-wide association
studies (GWAS) [Anderson et al., 2020, Arloth et al., 2015b], studying multiple omics is relatively
new. However, comprehending multi-omic cross-talk would advance understanding of the disease
phenotype. Therefore, our study focused on integrating di!erent data modalities into a regulatory
network to examine their interplay and identify important markers.

2.5.3.1 Data availability

The study cohort comprised 289 Caucasian individuals: 129 patients with MDD and 160 healthy
controls. The recruitment methods and additional characterization of the MDD group have been
previously described by Arloth et al. [2015b], Zannas et al. [2015]. Data for three omic layers
(transcriptome, methylome, and genotype) and clinical data were collected from a subset of 107
of the 289 individuals, including 33 females and 74 males, distributed among 64 controls and
43 patients. The omic data preprocessing has been comprehensively described by Arloth et al.
[2015b], Zannas et al. [2015].

2.5.3.2 Leveraging prior information

Prior information was used to perform the preselection of features and yielded the input for
the regularized regression models. Here, we made a distinction between first- and second-
order connections. To establish the prior knowledge of first-order connections, we used the
Re-Annotator pipeline [Arloth et al., 2015a] with RefSeq build GRCh37 (hg19) of the human
reference genome to annotate gene expression probes and gene symbols. In addition, we used
Bismark [Felix Krueger, 2011] to realign the methylome CpG site probes and transcriptome gene
symbols to specific sequence positions. Moreover, we established associations between genes and
SNPs within a 10 kbp distance and methylation sites within a 500 kbp distance. Second-order
connections were formed between genes using a "guilt-by-association" approach, leveraging data
from the BioGRID database [Oughtred et al., 2021, Stark et al., 2006]. Furthermore, we con-
nected genes to their associated methylation sites, forming second-order linked methylation sites.
These associated genes, methylation sites and SNPs were then used as input for sparse group
lasso feature selection in the regularized linear regression models.
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2.5.3.3 Generation of a heterogeneous MDD network

For each of the genes, we first performed the feature pre-selection to determine all associated
genes, methylation sites, SNPs of first- and second-order associations. Then, alongside with all
clinical/phenotypic information of sex, age and BMI, regularized models were calculated, with
the gene as response variable y and the preselected features as X. After sparse group lasso model
fitting, quality cuto! were applied to models with R

2
> 0.1 and to features with a higher absolute

coe"cient ω > |0.02|. To generate the multi-omic network the retained multi-omic features were
connected to the response gene variable. Iteratively, this process was applied to all genes. Then,
upon obtaining the multi-omic network, the centrality measured as betweenness of each node
was calculated.

2.5.3.4 Comparison with a pairwise omic integration tool

The eQTLs (Section 1.4.3) are identified by testing the correlation between the expression of a
gene and proximal (cis-regulation) or distal (genome-wide; trans-regulation) genetic variants. In
contrast, our method implicitly calculates both pairwise and multivariate eQTLs while imposing
a genomic distance cuto! for linking variants and gene expression. For the MDD dataset, we
used both methods to detect eQTL and eQTM genes. We used the MatrixEQTL [Shabalin, 2012]
(version 2.3) pairwise analysis tool to retrieve these genes, with 10 or 500 kbp window around
the gene of interest, respectively. Moreover, we corrected for covariates on the expressed genes,
considering factors such as BMI, age, sex, and diagnostic status, with a significance threshold set
at FDR < 0.05. In the context of KiMONo, the identification of eQTL and eQTM genes relied on
the inferred cross-layer interactions between genes, methylation sites, and SNPs. We considered
results robustly inferred when the models exhibited R

2 values of ≃ 0.1 and corresponding cross-
layer associations of ≃ 0.2.
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2.6 ML framework for multi-modal network inference and embed-

ding to contextualize COVID-19 genes

While previous method solves the integration of multi-omic data, this section describes a frame-
work I developed to first integrate multi-modal data into a network, then embed the nodes into
latent space for e"cient analysis (Section 1.5). We applied it to contextualize COVID-19 genes in
its multi-modal space using a pre-pandemic population cohort. It is based on and partly identical
to the following first-author publication [Hu et al., 2022]. In this publication, I conceptualized
and designed the study and the framework, supervised by Annalisa Marsico, Nikola Müller, and
Janine Knauer-Arloth. Further, I implemented the method and analyzed the results with Ghalia
Rehawi, supported by Nathalie Gerstner and Florian Bittner.

• Hu, Y., Rehawi, G., Moyon, L., Gerstner, N., Ogris, C., Bittner, F., Marsico, A., and
Mueller, N.S.. Network embedding across multiple tissues and data modalities
elucidates the context of host factors important for COVID-19 infection. Fron-
tiers in Genetics, 2022

2.6.1 Network inference and embedding

Our two-step approach for investigating the similarities between multi-modal data initially con-
structs a multi-modal network and then projects the nodes into a low-dimensional continuous
embedding space that captures graph topology and relationships between nodes. These vector
representation of nodes enable similarity computation for e"cient analysis of a complex heteroge-
neous network (Section 1.5.3 and background Section 2.4.3). We used KiMONo to generate the
multi-omic network by statistically selecting features that contribute to predicting each gene’s
expression pattern (detailed in Section 2.5 above). KiMONo’s FS process operates on both
modality groups (e.g., genes and phenotype) and their component features. The features se-
lected by the sparse-group LASSO model were incorporated into the network as nodes linked to
the modeled gene node. We constructed a multi-modal network from all the KiMONo statistical
models by connecting all the modeled features with their corresponding explanatory variables
(Figure 2.14B). Stability selection was conducted over 30 runs to ensure the reliability of the
selected features. Features were retained if selected in more than 70% of the runs, thus consider-
ing only robustly selected features. Default filtering steps were also applied to the inferred gene
models. Connections with an R

2 value greater than 0.01 and an absolute mean ω coe"cient
larger than 0.01 after filtering were retained to reduce noisy connections and ensure the inclusion
of high-quality models.

In the second step of our ML framework, we learn the low-dimensional node embeddings of the
multi-modal network using the embedding method following GeneWalk [Ietswaart et al., 2021]
(Section 1.5.3 and method background 2.4.3.1). This method is based on DeepWalk [Perozzi
et al., 2014], which starts by generating sequences of nodes through unbiased random walks
across the network (Figure 2.14C). A random walk is a stochastic process with random variable
starting at the target node x1 = v and x2 = u uniformly chosen from the neighbors of v. This
process of selecting neighbors is repeated until a predefined length for a random walk is reached.
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Figure 2.14: Network inference and embedding: A two-step ML framework comprising multi-omic
network inference followed by embedding for e!cient investigation in continuous low-dimensional space.
A) Data was obtained from the GTEx consortium, consisting of gene expression in many tissues, phe-
notypic attributes (sex, age, and BMI), diagnostic information, technical and biological covariates, and
polygenic risk scores (PRS) indicating a genetic predisposition to specific diseases. B) After multi-modal
data integration, KiMONo inferred a comprehensive multi-tissue network. C) Then, embeddings of the
obtained network are learned using an adapted GeneWalk method which is based on the results from
random walks across the network. D) The embedding of a node is its weight in the hidden layer and
can be explored using nearest neighbor methods, such as cosine similarity scores. The embedding space
is validated using (E) tissue-specific expression patterns and (F) delineating the multi-modal context of
previously identified genes essential to COVID-19. (From Hu et al. [2022])
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The sequences of nodes in a random walk can be thought as analogous to the words of a sentences.
Next, a neural network consisting of one layer is trained to predict the target node v given the
neighboring nodes uj in the random walk sequence. This scheme follows the SkipGram model
[Mikolov et al., 2013a,b] that maximizes the co-occurrence probability on a random walk:

Pr(ui→w, ui→1, ui+1, ...ui+w|ENC(vi)) =

j=i+w∏

j = i→ w
j ↗= i

Pr(uj |ENC(vi)) (2.36)

with window size w, determining the truncated length of the random walk can be adjusted to
include larger or smaller neighborhoods and capture di!erent hops of neighboring node pairs.
The probability distribution of nodes is approximated using hierarchical softmax or a negative
sampling scheme [Mikolov et al., 2013a,b, Perozzi et al., 2014]. After completed training, the
weights of the hidden layer of the neural network represent the embeddings of nodes ENC(v) =

zv, corresponding to a lookup table. These embeddings represent the node’s position in the
low-dimensional space (Figure 2.14D and method background Section 2.4.3). We determine the
proximity between two nodes in the embedding space using similarity scores, i.e. computing the
cosine similarity between their embedding vectors.

The ML framework was implemented in R and Python and is freely available at https://github.
com/cellmapslab/embed_multimodalNet.

2.6.2 Case study: E!cient contexualization COVID-19 related genes

Given the complex nature of COVID-19 and the diverse factors such as genetics, general risk, and
comorbidities contributing to its di!erent manifestations (Section 1.5.1), we aimed to develop a
comprehensive multi-modal perspective, focusing mainly on genetics and comorbidities, across
the whole body. We projected the multi-omic data into a joint embedding space to e"ciently
explore the relationships between di!erent modalities. However, there was limited large-scale
COVID-19 data encompassing clinical phenotypes, genomics, and transcriptomics across vari-
ous tissues, restricting the full exploitation of multi-omics data integration methods to establish
a global multi-tissue and cross-individual perspective of the disease. Therefore, we leveraged
the Genotype-Tissue Expression (GTEx) consortium data spanning a population cohort that
included comprehensive multi-omics across tissues and phenotyping data predating the COVID-
19 outbreak [Carithers et al., 2015]. Here, we adopted a di!erent perspective to comprehend
the complexity in symptoms, a!ected tissues, and genetic variations on the individual level in
the molecular response to COVID-19. To achieve this, we developed a novel strategy that com-
bines network inference and embedding to inspect this pre-pandemic population data to uncover
patterns. We then used this knowledge to gain a broader understanding of the significance of
host factors in COVID-19, considering their known associations with other existing diseases,
phenotypes, genetic variations, and gene expression across diverse tissues from GTEx.

In the first step, we computed polygenic risk scores (PRSs) given SNPs that reflected the genetic
susceptibility to develop a specific disease. To achieve this, we made use of GWAS summary
statistics for various diseases linked to COVID-19, including pneumological, cardiovascular, and
metabolic diseases. Next, we used KiMONo to integrate gene expression across tisses, the previ-

https://github.com/cellmapslab/embed_multimodalNet
https://github.com/cellmapslab/embed_multimodalNet
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ously calculated PRSs with phenotype and disease states (considered comorbidities for COVID-
19) to construct a multi-modal network. Next, we employed a graph embedding method inspired
by the DeepWalk algorithm [Perozzi et al., 2014], which utilizes shallow neural networks to gen-
erate embeddings for individual nodes. The embeddings summarize the associations between
nodes in the multi-modal network as a single similarity value for each node pair, enabling ef-
ficient exploration and interpretation of the complex network. Furthermore, we contextualized
genes in their multi-modal space that were identified in diverse experimental studies related to
COVDI-19. The described genes originated from CRISPR Schneider et al. [2021], Wei et al.
[2021], GWAS [The COVID-19 Host Genetics Initiative, 2020], patient omics data derived from
blood serum and plasma [Demichev, 2021, Di et al., 2020, D’Alessandro et al., 2020, Geyer et al.,
2021, Messner et al., 2020, Overmyer et al., 2021, Shen et al., 2020, Wu et al., 2021] and physical
binding experiments [Gordon et al., 2020, Lee et al., 2021]. This approach enabled us to elucidate
the connections between known COVID-19 disease states, genes, tissues and genetic risks, collec-
tively called the multi-modal context. Using our statistical framework combining inferring and
embedding multi-omic networks, we obtained insight surpassing traditional network statistics,
providing a comprehensive understanding of known COVID-19 genes in the context of multiple
modalities.

2.6.2.1 PRS computation

We used data on 984 individuals from the GTEx consortium, which included phenotypic in-
formation, gene expression, and genomic variations (SNPs) (Figure 2.14A). PRSs were used to
quantify the genetic predisposition for developing specific diseases. We computed these scores
using GWAS summary statistics for a range of diseases, including MDD and type II diabetes
(T2D), and three studies on COVID-19 susceptibility, hospitalization and severity [The COVID-
19 Host Genetics Initiative, 2020]. Supplementary Table S1 lists the GWAS source. Then, we
lifted the individual-level genotype data from build GRCh38 to GRCh37/hg19 of the reference
genome using the LiftOverPlink tool [Shaun Purcell, 2019] to align with the GWAS summary
statistics. This process resulted in 1,119,899 SNPs that were successfully mapped and used to
calculate 27 PRSs for 866 individuals. The PRS-CS tool [Ge et al., 2019] was used for PRS
prediction, which implements a Bayesian regression approach with continuous shrinkage of SNP
e!ect sizes. The method uses an external LD reference panel to take correlation among nearby
SNPs into account, which was the European LD reference panel based on data from the 1000
Genomes Project [Ge et al., 2019] in our case. The determination of the global shrinkage param-
eter, ⇁, which is essential for adjusting e!ect sizes was set based on the degree of polygenicity of
each disease and sample size, as it depends on the sparseness of the genetic architecture of a trait
[Ge et al., 2019]: (1) Traits with large GWAS sample sizes (≃ 250, 000), the ⇁ parameter was
chosen to be the value estimated from the data using a fully Bayesian approach. (2) Polygenic
traits with sample sizes < 250,000 and not more than 100 significant SNPs (p ̸ 5e ↘ 8) were
considered to have low polygenicity. The ⇁ parameter was set to 1e ↘ 4 for these traits. (3)
Traits with sample sizes less than 250,000 and more than 100 significant SNPs (p ̸ 5e↘ 8) were
considered highly polygenic. The ⇁ parameter was set to 1e↘ 2 for these traits. Finally, we used
PLINK2 (PLINK v2; Chang et al. [2015], Shaun Purcell [2019]) to calculate the overall risk for
various diseases and traits for each individual in the GTEx dataset.
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2.6.2.2 GTEx data processing

The GTEx consortium obtained gene expression measurements across various tissues and sub-
tissues. To reduce sex-specific e!ects, we filtered the genes to exclude those on the X and Y
chromosomes, in accordance to previous studies [Melé et al., 2015, Saha et al., 2017]. Mito-
chondrial genes, which are under di!erent transcriptional control, were also excluded from the
analysis. Further, we filtered out genes with low expression, retaining only those with a mini-
mum of 0.1 transcripts per million (TPM) in at least 80% of samples. Furthermore, genes were
considered if present in the BioGrid PPI database [Oughtred et al., 2019]. Regarding sample
selection, we excluded samples originating from reproductive system tissues, such as the uterus,
ovary, testis and prostate, to minimize biases between sexes and tissues with insu"cient sample
sizes (n < 100). Ultimately, out of the initial 56,200 genes 7,251 passed the filtering process, as
did 44 sub-tissues from 30 di!erent tissues (Supplementary Figure 4.1).

Technical covariates at the tissue level included sequencing platform, polymerase chain reaction-
based sequencing mode, PC genotyping components, and probabilistic estimation of expression
residual (PEER) factors [Stegle et al., 2010] that address technical sequencing conditions as
confounding factors. For the calculation of the PEER factors, PCA is performed to decompose
data variations attributed to factors such as batch e!ects and genotyping components while
considering the phylogenetic relationship among individuals. Tissues were one-hot encoded for
each gene expression sample for network inference. Cultured fibroblast samples were used as
the reference in the sparse-group LASSO model due to their distinctiveness from other tissue
groups. In addition, phenotypic information, including BMI, sex, age, and disease states, such as
ischemic heart disease, renal failure, MDD and liver disease were binary encoded. These features
constituted the input for the network inference using KiMONo. In total, the study comprised
13,486 samples from 793 individuals with existing diseases (n = 12), phenotypes (n = 3), gene
expressions (n = 7251), tissues (n = 44), calculated PRSs (n = 27) and covariates (n = 78)
available.

2.6.2.3 Multi-modal COVID-19 population cohort network

For each gene i, we incorporated the gene expression of its direct interaction partners as additional
predictors, a fundamental aspect of the KiMONo approach. We used the BioGrid PPI database
containing experimentally validated interactions to preselect gene-gene (G-G) interactions, as
well as a ’all-against-all’ prior for phenotypes, disease states, phenotypic information and tissues
as input for each gene (no explicit prior filtering). Reverse models were computed by modeling the
values of the non-gene features based on all the previously selected genes to prevent statistical bias
toward edges between network nodes without prior information. Only the most important genes,
ranked by their absolute ω values (top 30%), were kept to ensure consistent edge magnitudes
between G-G and gene-non-gene interactions.

To determine the robust similarity between a query node and other nodes, we considered a node
robustly similar if it appeared in the top 1,000 most similar nodes in at least 80 of the 100
embedding runs. We then ranked the associated robust nodes of each query node based on their
maximum similarity score to provide a multi-modal contextualization for the genes, allowing us
to explore the relationships between COVID-19-associated genes and other nodes, such as tissues
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or diseases.

We conducted a grid search to determine the optimal parameters using a smaller network, limited
explicitly to brain samples, which will be named the "brain network." We tuned window size with
options w = [2, 3] to defining positive examples, the dimension of the embedding with options
d = [4, 8, 16, 32] during training. We chose the set of parameters with the highest variance in the
similarity distribution among 10,000 randomly sampled nodes. The highest variance indicates
that the network’s nodes contain the most informative content while not overfitting the data.
The determined embedding parameters were a window size of 2 and an embedding dimension of
16.

Then, to capture the variability introduced by the stochastic walk samples, we embedded the
entire network 100 times, resulting in 100 distinct sets of vector embeddings.

In all 100 of these embedding spaces, we examined the relationships between nodes by identifying
those with the highest cosine similarity scores to a specific query node of interest, such as a disease
or comorbidity node. For each query node, we specifically extracted the top 1,000 most similar
nodes based on the cosine similarity score across all 100 embedding runs.

2.6.2.4 Tissue enrichment analysis

When examining tissue enrichment, genes with a tissue-specific preference or expression would be
expected to be closer to the corresponding tissue node than to the nodes representing other tissues
(Figure 2.14E and F). To validate our approach, we compared the mean similarity scores of the
topmost similar and least similar genes to tissue nodes across 100 embedding runs, considering
di!erent numbers of genes (50, 100, 200, 300, and 500). We validated the tissue specificity using
genes with tissue-enhanced expression data in the Human Protein Atlas [Uhlen et al., 2015]. For
instance, to validate the relationship with the brain, we searched the web server (proteinatlas.org
) with the query "tissue_category_rna: brain; tissue enhanced AND sort_by: tissue specific
score."

To validate our approach, we specifically focused on the liver and brain tissues since they had
the most samples, as well as, tissue-enhanced genes in the Human Protein Atlas. To assess the
enrichment of tissue-enhanced genes, we calculated the odds ratio by comparing the presence of
tissue enhancement within the set of genes that were most similar to the tissue node versus the
set of least similar genes. We compared the expression levels of genes within the GTEx dataset in
the most similar tissue with the levels observed in other tissues to validate their tissue specificity.

2.6.2.5 The multi-modal context of COVID-19–related host factors

Datasets were collected and compiled from fourd di!erent experimental techniques that were
related to COVID-19, in order to study the multi-modal context of disease associated genes to
shed light on the disease pathology. We investigated the context of genes from the following four
types of lists. Our focus was on disease states, tissues, and PRS in the proximity in the embedding
space of these SARS-CoV-2/COVID19–associated proteins, genes, and genetic variants. In this
case, instead of selecting the top 1,000 nodes as previous, we set a threshold for the similarity

proteinatlas.org
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score (>0.65) to allow for a greater neighborhood in the latent space and include more non-gene
nodes. This adjustment was necessary because nodes close to COVID-19 genes were primarily
other gene nodes. Nodes that exceeded this threshold were represented in similarity-based graphs,
visualizing the similarity of disease states, tissues and PRS to the genes identified in the literature.
These graphs specifically included genes close to nodes associated with COVID-19 susceptibility,
severity, and hospitalization. This approach allowed us to focus on genetic relevance for further
analysis.

2.6.2.5.1 Genetical factors

The full summary statistics of COVID-19 GWAS (excluding the 23andMe data) were obtained
for build GRCh38 of the human reference genome (released on June 6, 2021). Significant SNPs
(p ̸ 1e↘ 3) were identified based on comparisons of very severe cases versus the general popula-
tion (A1), hospitalization versus non-hospitalization (B1), and hospitalization versus the general
population (B2) [The COVID-19 Host Genetics Initiative, 2020]. The significant SNPs were
mapped to genes using release 101 of the ENSEMBL gene annotations using the knowing01
Explore software. This analysis identified 515, 663, and 475 genes for the A1, B1, and B2
comparisons, respectively.

2.6.2.5.2 Host-viral direct interactions

Physical interaction studies were conducted using ribonucleoprotein capture and immunoprecip-
itation methods [Gordon et al., 2020, Lee et al., 2021] to explore viral-host interactions. The
ribonucleoprotein capture experiment focused on the "SARS-CoV-2 RNA interactome," which in-
cluded 109 proteins [Lee et al., 2021]. The immunoprecipitation experiment used high-confidence
scoring criteria, including a mass spectrometry interaction statistic (MiST) score ̸ 0.7, a sig-
nificance analysis of interactome express (SAINTexpress) Bayesian false-discovery rate (BFDR)
̸ 0.05, and an average spectral count ̸ 2 [Gordon et al., 2020].

2.6.2.5.3 CRISPR screens

A set of genes was also derived from CRISPR studies that identified host factors essential for
SARS-CoV-2 infection [Schneider et al., 2021, Stephenson et al., 2021]. The top 20 anti-viral and
pro-viral genes were selected and ranked based on the mean z -score in the Cas0-v2 conditions
[Wei et al., 2021]. Also, hits that were significant from Huh-7.5 37°C SARS-CoV-2 experiments
were included [Schneider et al., 2021].

2.6.2.5.4 Previously identified multi-omic factors

Eight studies were screened for multi-omics data from patients. Regulated proteins from pro-
teomics studies were identified using a lax significance cuto! (adjusted p < 0.1) unless otherwise
specified due to a low hits overall. Geyer et al. [2021] provided pairwise comparisons of three
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time points (first day of sampling, day of highest signal, and negative test for SARS-CoV-2) us-
ing sera from 262 in-patients. [Shen et al., 2020] provided comparisons of three groups (healthy,
non-severe, and severe COVID-19) using sera from 19 individuals. [D’Alessandro et al., 2020]
provided comparisons between controls and patients with varying COVID-19 severities using
sera from 38 individuals, using a less strict filtering criterion of p < 0.05 due to the absence of
information regarding multiple testing correction. [Messner et al., 2020] used sera from 104 pa-
tients with di!erent severities in COVID-19 identifying biomarkers without applying additional
filtering.

Using a discovery cohort of 33 individuals, 90 proteins di!erentially regulated between control
and COVID-19 patient sera were extracted without applying any additional cuto! [Di et al.,
2020].

In a study by [Demichev, 2021], proteomics blood plasma data from 139 inpatients were correlated
with diagnostic parameters (n = 86) and associated with disease severity using a lax-adjusted
cuto! (p < 0.1). Two additional multi-omic studies were included and applied rigorous cuto!
criteria on the transcriptome data.The first study focused on COVID-19 patients (n = 231)
without comorbidities and performed pairwise comparisons among asymptomatic, mild, and
severe cases using serum proteomics, applying a relaxed adjusted cuto! (p < 0.1), and whole-
blood next-generation RNA sequencing (RNA-seq), applying a stringent gene cuto! (adjusted
p < 1e ↘ 10) [Wu et al., 2021]. The second study used data from 128 individuals to assess the
association between disease state and ICU care Overmyer et al. [2021]. They analyzed leukocyte
transcriptomics (adjusted p < 1e↘ 10) data, plasma proteomics (adjusted p < 0.1) and the ICU
→ COVID-19 interaction for both omics (adjusted p < 0.1).
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2.7 DL path-representation learning for link prediction using BioKGC

for functional annotation and drug repurposing

The previous methods dealt with the integration of multi-omic data and the embedding thereof.
The method of this section takes specific relationships between biological entities into account
and aims at the prediction of missing links. In this Section, I will present a path-based reasoning
tool, Biomedical KG Completion (BioKGC), which I developed together with the authors of
the general path-based reasoning tool NBFNet. This section is based for the most part on the
following first-author manuscript [Hu et al., 2024]. In the manuscripts, I conceptualized and
designed the study in collaboration with Sophie Xhonneux and Zhaocheng Zhu from the Mila-
Quebec AI Institute under the supervision of Annalisa Marsico and Jian Tang. I implemented
the biomedical requirements, adapting NBFNet, with Sophie Xhonneux and Zhaocheng Zhu. I
analyzed the results with Sophie Xhonneux, Samuele Firmani, and svitlana Oleshko with support
from Maria Ulmer. Not detailed here are the further applications involving the prediction of
synthetic lethality gene pairs and target prediction of lncRNA regulation performed by Svitlana
Oleshko and Hui Cheng.

• Hu, Y., Oleshko, S., Firmani, S., Zhu, Z., Cheng, H., Ulmer, M., Arnold, M., Colomé-
Tatché, M., Tang, J., Xhonneux, S., and Marsico, A.. Path-based reasoning for
biomedical knowledge graphs with BioKGC., bioarxiv, 2024

2.7.1 BioKGC and adaptations to biomedical KGs

In order to determine the relationship between a query node (blue) and an answer (orange) node
in KGs which is important for biomedical applications (Section 1.6 and method background
2.4.4), links can generally be predicted in two ways: KG node embedding and path embedding
methods (Figure 2.15A). In the former, the embedding space is constrained to one-hop relations
during training (by minimizing the distance between the transformation of h by r, while inference
is typically performed over multi-hops (Section 2.4.5). The latter considers all multi-hop paths
between two nodes during training and inference of a given length (e.g. k = 6) (Section 2.4.6.3).
We introduce BioKGC, a path-based reasoning method adapted from NBFNet [Zhu et al., 2021]
to predict links in biomedical KGs. NBFNet evaluates all potential tail entities by ranking them
based on their probability of forming a valid triplet with a specified head entity and relation
(the query). To consider all paths e"ciently, NBFNet leverages the generalized Bellman-Ford
shortest path algorithm [Baras and Theodorakopoulos, 2010] with e"cient computation due to
dynamic programming. It is a single source node-dependent framework that computes pairwise
relationships from the source node to all target nodes using message passing (Figure 2.15B).

Specifically, the representation of a path is given by:

h
(0)
q (h, t) ↖ q(h = t) (2.37)

h
(k)
q (h, t) ↖




⊕

(x,r,t)↑V

h
(k→1)
q (h, t)⊗ wq(x, r, t)



△ h
(0)
q (h, t) (2.38)
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where wq(x, r, t) represents the edge e = (x, r, t) with relation type r, and the boundary condition
outputs 1 if h = t and 0 otherwise. Thus, NBFNet computes the pair representation h

(t)
q (h, t)

for the query, consisting of the node h and the relation r, to all nodes t ⇑ V in parallel.

Fitting into the MPNN framework (Section 2.4.6.1), NBFNet can be defined as:

h
(0)
k ↖ INDICATOR(h, t, q) (2.39)

h
(t)
k ↖ AGGREGATE

(
{MESSAGE(h

(k→1)
x , wq(x, r, t) | (x, r, t) ⇑ V } ∀ {h(0)t }

)
(2.40)

where MESSAGE is ⊗, and AGGREGATE is △. These path representations are fed to a MLP
to learn positive and negative relationships between nodes in a supervised manner, minimizing
the negative log-likelihood of the loss function. More background and details can be found in
Section 2.4.6.3.

Biological KGs (Section 2.1.5) di!er from classical KGs in two important ways: 1) they specifi-
cally aim to predict links between a small subset of nodes, such as gene-pathway or drug-disease
relations and 2) they contain more noise, with potentially false relations due to experimental
errors, or irrelevant relations for the specific prediction task. Many KGC methods, such as KG
embedding (Section 2.4.5), are poorly suited for this scenario due to their sensitivity to noise and
uniform treatment of all triplets. Our key adaptions for BioKGC are 1) considering node-types
during negative sampling and 2) utilizing a background regulatory graph (BRG) only for message
passing while supervising on another set of edges. Both aspects are consistent with the specific
requirements and characteristics of biomedical KGs.

Negative sampling is a key aspect of training in KGC methods. To enable good predictive
performance, we must simultaneously assign a high score to true triplets (h, r, t) and a low
score to false triplets, sampled by perturbing either h or t. Since some triplets are more easily
distinguished as false than others, the negative samples must be su"ciently di"cult for the
model to learn a good decision boundary. By considering the node type of our negative samples,
we dramatically reduce the sample space (i.e., sampling negative t’ only from the same node
type of t). This reduction ensures that the negative samples remain challenging enough to drive
further improvements in the model’s performance. Another adaptation we made to better suit
the biomedical KG reasoning scenario is to include a BRG for predicting links of interest. Any
background knowledge can be used here, such as a PPI detailing the regulatory relationships
between proteins. Prediction can be made without, or more knowledge can be supplied in form
of a BRG which is only used for message passing (Figure 2.15C). For example, in predicting a
link between nodes h and t, the graph between type 1 and 2 nodes can be used (without BRG),
yielding one path such as given in Figure 2.15D. Otherwise, a BRG is included making use of a
graph that comprises relations between type node 2 and 3 (Figure 2.15E). The tool can be found
at https://github.com/emyyue/BioPathNet.

2.7.2 Model evaluation metrics

We used KGC metrics to measure the performance of BioKGC and all other models for compari-
son. These typically include MR (Equation 2.33), MRR (Equation 2.34), and Hits@k (Equation
2.35), as detailed in the background Section (Section 2.4.6.3). These metrics are ranking-based

https://github.com/emyyue/BioPathNet
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Figure 2.15: Link prediction in biological KGs. A) KGC can be performed by learning node and
path representations. B) As a path-based method, BioKGC is a single source node-dependent framework
that computes pairwise relationships from the source node to all target nodes using message passing. The
computed output for each node is the path representation from the source to the target node. These are
parsed to an MLP to learn positive and negative relationships between nodes in a supervised manner
(not shown). C) As an extension of NBFNet, the BioKGC model developed explicitly for biomedical KGs
considers two edge types: training and message-passing. A BRG with more knowledge can be leveraged
for message passing on top of the training edges. Furthermore, node types can be defined for improved
negative sampling. Examples of paths used for prediction between query and answer nodes (D) without
and (E) with a BRG. (Adapted from and curtesy of Zhaocheng Zhu and adapted from Hu et al. [2024])
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and quantify the method’s ability to rank positive triplets among all candidate triplets or, in the
filtered ranking protocol, among all negative triplets [Bordes et al., 2013]. The metrics Hits@k

and Recall@k provide the proportion of ground truth positive triplets in the top k predictions.

The MR is calculated by taking the average of the ranks of all positive triplets and, therefore,
treats all ranks linearly. The MRR ranges between [0, 1] and is the average of the reciprocal
ranks, which is 1 divided by the ranks. The reciprocal rank decreases non-linearly as the positive
triplets move down the ranking list. Thus, greater emphasis is placed on the correctness of the
top predictions, and a higher MRR means that a model can consistently rank positive triplets
higher, even though some triplets may be ranked poorly. Conversely, if the MR of positive
triplets is poor, the general model might perform well, but the metric is skewed by triplets with
very poor rankings. Models are usually evaluated and selected based on the best MRR, allowing
the model to prioritize ranking many triplets in the top predictions rather than improving some
triplets with poor rankings.

The other evaluation metrics used were not specific to the KGC field based on ranking but
rather commonly known metrics in ML and DL. Commonly in KGC the conditional probability
is modeled, i.e. the probability of the tail entity given the head entity h and the relation r.
However, there are cases where it is reasonable to evaluate the the joint probability p(h, t,
and r). To ensure consistency with the model we compared against, we employed AUPRC to
summarize precision and recall across various probability thresholds. Additionally, we evaluated
specificity and F1 score at a fixed probability threshold of 0.5 in the second part of the analysis
(Section 2.2.6.2).

2.7.3 Visualization

Compared to embedding-based methods, one advantage of BioKGC as a path representation
learning method is its ability to visualize the most important paths for each prediction. For the
paths between a given query and its predicted answer entity, we use the prediction gradient to
assign an importance score to each path. The local landscape of the model is approximated with
a linear model over the set of paths, with the weights computed by the partial derivative of the
path prediction. Concretely, path importances is estimated as the sum of the edge importances
derived via auto-di!erentiation [Zhu et al., 2021].

P1, P2, ..., Pk = top↘ kP↑Puv

∂p(u, q, v)

∂P
(2.41)

In the visualization plot, we selected the top 10 most important paths ranked by gradients,
with edge width representing the frequency of edge appearances across paths. Additionally,
highlighted in red is the path with the highest weight, and nodes are colored by their node type.
This level of interpretability allows predictions to be evaluated for their biological plausibility,
facilitating hypothesis generation or validation in laboratory experiments.
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2.7.4 Case studies: Functional annotation and drug repurposing

To demonstrate the capabilities of BioKGC to perform link prediction biomedical KGs, we applied
our method to two di!erent tasks. While the first task of functional annotation presents a proof-
of-concept, zero-shot drug repurposing marks a more di"cult real-life application scenario.

2.7.4.1 Functional annotation

As a proof-of-concept that KGC methods are useful for predicting links in biomedical KGs
based on the already present information, we applied BioKGC to the functional annotation
task, retrieving connections between cellular pathways and genes. For this task the KG we
used consisted of a BRG and the functional annotations themselves. First, we obtained the
BRG detailing the regulatory relationships between genes and chemicals from Pathway Com-
mons [Cerami et al., 2010, Demir et al., 2010, Rodchenkov et al., 2020] in a simple interaction
format given as triplets (node1, relationType, node2) (PathwayCommons12.All.hgnc.sif.gz)
from www.pathwaycommons.org. Second, we downloaded the KEGG functional annotations
(CPDB_pathways_genes.tab) from ConsensusPathDB (http://cpdb.molgen.mpg.de/) working
with gene symbols (HUGO Gene Nomenclature Committee) [Kamburov et al., 2009, 2011].

During data preprocessing, underrepresented KEGG pathways that denote fewer than 10 anno-
tations per gene were removed. Of the combined graph of BRG and KGG, we retained only the
largest connected component, which led to the removal of 11 nodes that were part of smaller
components containing only 2–3 nodes. Lastly, triplets were excluded if they contained genes
present in the validation or test set but not available as supervision and message passing nodes
during training. Our model, BioKGC, was trained on 70% of the P-G triplets. Validation was
performed on 10% and testing on 20% of the P-G triplets. Two scenarios were considered, once
making use of the underlying BRG and once without as additional message-passing graph. When
the BRG was not used, triplets containing genes present in the validation or test but not the
supervision training set were excluded.

We further benchmarked BioKGC against three KGE methods (TransE, DistMult, and RotatE,
Section 2.4.5) and R-GCN (Section 2.4.6.2, which uses a GCN for message passing to learn node
embeddings. To investigate the robustness, we ran each method with five di!erent seeds and
reported the mean ± standard deviation. We visualized the most important paths as a local sub-
graph to understand how the predictions were made. To exemplify how BioKGC works for this ap-
plication, Figure 3.10A shows that we can use the path function⇒ interacts with⇒phosphorylates
over the nodes a and b to predict that the pathway h is likely to be a functional annotation of
the gene c.

2.7.4.2 Drug-disease prediction

After conducting a proof-of-concept and completing the KEGG knowledge base, we turned to
an especially challenging link prediction scenario. In the second part of our study, we evalu-
ated BioKGC’s performance against TxGNN, a state-of-the-art model for drug repurposing in
the zero-shot prediction setting. The PrimeKG database was used, which was assembled from

http://cpdb.molgen.mpg.de/
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various sources, combining databases on genes, gene function, diseases, drugs, and phenotypes
[Chandak et al., 2023] (Figure 3.11A). training, validation, and testing sets were created using
TxGNN’s native code that mimics a zero-shot prediction setting. Triplets containing the relation
types indication, contraindication, and o!-label use for a certain disease area were removed from
training, alongside 95% of remaining connections to phenotypes or proteins [Huang et al., 2023].
The authors deviced these splits to mimic diseases with little molecular characterization and no
known treatments. We used five zero-shot disease areas of adrenal gland, anemia, cardiovascular,
cell proliferation, and mental health.

Next, TxGNN constructs the reverse edges, making the graph undirected. However, we excluded
the reverse relations, as BioKGC inherently generates reverse triplets during the reasoning pro-
cess. Furthermore, TxGNN consists of a pre-training and a fine-tuning phase. During the former,
all triplets are used for learning. During the latter, only triplets containing the drug-disease rela-
tions indication, contraindications, and o!-label use are used. BioKGC does not divide in these
two phases, instead non-drug-disease relations (i.e. BRG) are used for message passing and drug-
disease triplets are considered for supervision. We considered following hyperparameters searches
for our model based on the performance (i.e. MRR) on the validation set: aggregator function
= {sum, pna}, adversarial temperature = {0.5, 1, 2, 5}, parameters dependent = {yes, no}, and
number of negative samples = {32, 64, 128} and number of hidden layers = {2, 4, 6, 8}. Following
the example of TxGNN and ensuring robustness, five seeds in data split were used. Results were
reported as mean ± standard deviation of performance metrics.

We evaluated our models against TxGNN regarding AUPRC, specificity, F1 score, and Recall@k,
which are native to TxGNN’s code base. TxGNN computes AUPRC using two distinct strategies.
The first, referred to as AUPRC 1:1, compares each positive ground truth item against one negative
sampled from the list of drugs within a disease area. This metric captures the model’s ability
to di!erentiate a positive item from a randomly selected negative in a direct comparison. The
second strategy, referred to simply as AUPRC, considers all positive and negative ground truth
items across the dataset. Unlike AUPRC 1:1, this approach evaluates the model’s ability to
distinguish positives and negatives in a comprehensive manner, accounting for class imbalance
providing a balanced assessment of recall and precision. We predominantly used the latter, as
it better reflects real-world scenarios where identifying therapeutic opportunities from a set of
drugs is critical.

After a quantitative evaluation, we investigated the top therapie options for acute lymphoblastic
leukemia (ALL), gastric cancer, and lymphoma within the cell proliferation split and examined
known and unknown predictions. We discovered that the data split obtained over TxGNN only
exhibits a near-zero shot setting, as treatments for some related diseases remain. Refining the
inference graph in a small experiment, we excluded triplets of related diseases by removing
disease whose node name could be matched by searching the string tumor, lymphosarcoma,
neoplasm, teratoma, leukemia, cancer, cytoma, lymphoma, or carcinoma. This way we examined
the paths the model relied on when disease similarity is excluded from predictions, with the
goal of uncovering novel biological insights. Next, we illustrated the open-world assumption in
biomedical KGs, calculating the MRR@k (MRR at top k predictions) for lymphoma before and
after considering treatments for specific lymphoma subtypes, such as ALL, Hodgkin’s lymphoma,
and primary central nervous system lymphoma.

We additionally created a custom data split using TxGNN’s disease_eval code to assess perfor-
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mance in predicting drugs for the neurodegenerative disorder Alzheimer’s disease (AD). Given
the devastating nature of AD and the limited understanding of its causes and treatment options,
we evaluated the model’s predictions with expert input to better understand the strengths and
limitations of BioKGC.



Chapter 3

Results

In this chapter, I will detail the results from the three methods and application to biological
problems. First, the focus will be on identifying key players in the complex disease MDD using
KiMONo (Section 1.4 and 2.5). This section is based on and partly identical to Ogris et al. [2021].
Second, after the integration of multi-omic data, we will explore the embedding of nodes from
multi-modal network to e"ciently contextualize COVID-19 related genes (Section 1.5 2.6). This
section is based on and partly identical to Hu et al. [2022]. Third, coming to the task of link
prediction, we will model the specific relationships between nodes explicitly to learn from existing
knowledge to predict missing but true links in the functional annotation and drug repurposing
task (Section 1.6 and 2.7). This section is based on and partly identical to Hu et al. [2024].

3.1 Analysis of multi-omic network identified key players in the

complex disease MDD

To obtain an integrated view of the complex disease MDD, we used the data from a patient
cohort with controls to establish a multi-omic network (Section 2.5).

3.1.1 MDD patient cohort derived multi-omic network

We applied KiMONo to a cohort of 107 individuals, comprising both healthy controls and patients.
This dataset featured 4,247,909 imputed SNPs, 12,418 transcripts, and 320,481 methylation sites
(after excluding those with the lowest variance [i.e., the lowest 25%]). We also incorporated
clinical factors, including BMI, age, sex, diagnostic status, and cell type composition, into our
network inference process.

Ensuring the quality of the selected features, we applied filters for the coe"cients ω within the
range of ↘0.02 to 0.02 and R

2 values less than 0.1. Consequently, the MDD network comprised
9, 943 gene models, with a median R

2 value of 0.184. Notably, a few models exhibited very high
R

2 values exceeding 0.75. Within this network, we identified 7, 837 methylation sites and 3, 749

SNPs as first-order links, and 5, 336 gene transcripts and 4, 351 methylation sites as second-order

69
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links. Additionally, all biological covariates were observed throughout the entire network (Figure
3.1A, B).

Figure 3.1: Characterization of the major depressive disorder (MDD) multi-omic network and
comparison to two-omic integration method: A) The performance of the inferred disease network
on MDD of all gene models (n = 9943) after filtering for ↘0.02 < ω < 0.02 and R

2
< 0.1. B) The features

retained after regularization derived from the omic levels comprising first-order links (methylation sites
and SNPs) and second-order links (methylation sites, SNPs, gene expression, and clinical features). C)
The numbers of eQTL and eQTM genes identified by matrixEQLT and KiMONo. (From Ogris et al.
[2021])

3.1.2 Information gain of multi-variate models compared to two-level omic
integration technique eQTL and eQTM

We used pairwise models to identify eQTL and eQTM genes to benchmark against state-of-the-
art techniques. We then contrasted these findings with those of the KiMONo approach. Using
identical proximity constraints for MatrixEQTL and KiMONo, we identified 873 and 660 eQTL
genes, respectively, with an overlap of 301 genes (Figure 3.1C). Furthermore, we identified 695
eQTM genes shared between the two methods, with 1910 unique genes identified by MatrixEQTL,
surpassing the 1210 identified by KiMONo (Figure 3.1D). Notably, most overlapping genes and
those exclusively identified by KiMONo were modeled using multivariate models, incorporating
information not only from genetic predisposition but also other omics layers such as methylation,
SNPs, and gene expression.
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3.1.3 Top most important genes capture MDD disease genes

The top 20 genes, ranked by the importance measure, betweenness, performed better than the
average model. Their R

2 values ranged between 0.202 and 0.798, with the median at 0.525. In
contrast, the average R

2 across all models was 0.539 (Figure 3.2A). The features the regularized
regression models selected encompassed information from various omic-data levels, including
methylation sites, SNPs, clinical features and gene expression. Furthermore, the top 20 hits
consistently featured methylation sites with long-distance e!ects, gene expression linked via
indirect connections, and biological information (Figure 3.2B).

Figure 3.2: Top 20 most important nodes and putative multi-omic interplay with SLC39A11:
A) The performance of the top 20 models, ranked by the betweenness centrality measure, on MDD after
filtering for ↘0.02 < ω < 0.02 and R

2
< 0.1. B) The composition of retained features (in %) after

regularization derived from the di"erent omic levels. The putative interplay between gene expression and
(C) SNPs and (D) methylation sites identified with KiMONo; the dotted line represents a correlation of
1. (From Ogris et al. [2021])

The e!ectiveness of our approach became apparent when we examined the connections uniquely
retrieved by KiMONo rather than by the pairwise models of MatrixEQTL. When residual e!ects
were removed across all other features in the multi-omic models, we could clearly show connec-
tions between the expression of solute carrier family 39 member 11 (SLC39A11 ) on chromosome
17 and the SNP rs1493550 and the methylation site cg26124719, both of which are located within
one of its introns (Figure 3.2C and D).

Half of the top 10 hits had previously been associated with depression or pathways involved in
the pathogenesis of MDD or related bipolar disorder (BP) (Table 3.1). The most significantly
enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway was endocytosis, with
an FDR value of 4.832e→8, which is crucial in synaptic plasticity and has been identified as a key
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Table 3.1: The top 10 genes ranked by their betweenness, as a measure of importance and influence in
the condition-specific multi-omic network generated by KiMONo, and evidence for their involvement in
MDD and BP. (From Ogris et al. [2021])

Rank Gene symbol Gene name Location MDD BP References

1 FHL1 Four and a half LIM do-
mains 1

chrX:136,146,702–
136,211,359

- -

2 NCK2 NCK adaptor protein 2 chr2:105,744,912–
105,894,274

- -

3 MTOR Mechanistic target of Ra-
pamycin kinase

chr1:11,106,531–
11,262,557

Yes - [Abelaira et al.,
2014, Ignácio,
2016]

4 CEP170 Centrosomal protein 170 chr1:243,124,428–
243,255,406

- -

5 PRKCZ Protein kinase C zeta chr1:2,050,411–2,185,395 - Yes [Hapak et al.,
2019, Kan-
daswamy et al.,
2012]

6 EIF3M Eukaryotic translation ini-
tiation factor 3 subunit M

chr11:32,583,767–32,606,2 Yes - [Terracciano,
2010, Varinthra
and Liu, 2019]

7 EIF6 Eukaryotic translation ini-
tiation factor 6

chr20:35,278,906–
35,284,985

- -

8 VPS35 Vacuolar protein sorting-
associated protein 35

chr16:46,656,132–
46,689,518

Yes - [Wang, 2012]

9 SAP130 Spliceosome-associated
protein 130

chr2:127,941,217–
128,028,120

Maybe - [Relja et al., 2018]

10 KLHDC4 Kelch domain containing 4 chr16:87,696,485–
87,765,997

Yes - [Relja et al.,
2018, Roberson-
Nay et al., 2018]

component in developing stress-related disorders such as MDD [Duman et al., 2016, Hua, 2013].
The second most important pathway was autophagy (FDR = 2.606e

→6), which is essential for
the central nervous system. One study has indicated the influence of antidepressant treatments
on autophagy [Gassen and Rein, 2019]. Additionally, axon guidance (FDR = 1.054e

→3
) was

identified as a significant risk factor for MDD. Stress can impact brain structure and function,
contributing to this connection [Breen, 2018, Engle, 2010].



3.2. EMBEDDING MULTI-MODAL NETWORK EMBEDDING CONTEXTUALIZED COVID-19 GENES73

RPL6

FGF2

ageLung

Muscle_Skeletal

Pituitary PRS_asthma

PRS_diabetes2

PRS_pneumonia

PRS_drinking

PRS_COPD

diabetes1

diabetes2

pneumonia

RPL7

RPS3

RPS11

RPS9

ILF2

HNRNPUA B

Figure 3.3: Example of a KiMONo’s gene model selected features over 30 runs of stability selection:
RPL6, with a R

2 of 0.912 and the beta coe!cient of features, given as output table from sparse group
lasso and B) the statistical associations displayed as edges between RPL6 and its explanatory variables
from di"erent modalities of genes, phenotypes, tissues, disease states and PRS. (From Hu et al. [2022])

3.2 Embedding multi-modal network embedding contextualized

COVID-19 genes

After the comprehensive view of disease pathology of MDD using multi-omic integration methods
for the identification of most important genes, we turn to the disease COVID-19 and analyze the
relationships between entities over multi-omic embeddings. COVID-19 a!ects multiple organs
and causes symptoms related to diverse tissues, such as liver, lung, hematological neurological,
heart and kidney diseases. To gain insights into these multi-modal characteristics, we used the
prepandemic GTEx cohort, which comprises nearly 1,000 individuals and encompasses various
disease diagnoses, referred to as comorbidities in the context of SARS-CoV-2 infection. We
applied our novel ML framework that constructs a multi-modal network and embeds the nodes
into a low-dimensional space, evaluated it in its biological plausibility and revealed the multi-
modal context of COVID-19 genes (Section 2.6).

3.2.1 Disease state and PRS capture di"erential information

Using our novel framework, we successfully integrated data from various modalities, including
phenotypes, gene expression profiles from 43 tissues, genetic risks, and existing disease diagnoses.
We calculated PRSs for individuals in the GTEx dataset with available genotypes using a genome-
wide scoring approach to capture the genetic risk associated with disease development. We
computed PRSs for 24 GWAS studies on diseases and traits that are known or suspected to be
associated with an increased risk of severe COVID-19. PRSs were also calculated based on three
COVID-19 GWAS studies.

We analyzed correlations to explore the relationships between disease states, PRSs, and pheno-
types. High correlations existed between the PRSs of some diseases, such as schizophrenia with
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Figure 3.4: Characterization of the GTEx multi-modal network: Embedding of the multi-modal
network of 13,486 samples from 793 individuals in the GTEx population cohort, consisting of the data
modalities gene expression and PRS, COVID-19 comorbidities, phenotypes, and tissues. A) The perfor-
mance of sparse-group LASSO models from KiMONo, expressed as R

2 (the variance explained). The
number of (B) nodes and (C) edges of the inferred network. D) The subnetwork of the complete multi-
modal network. E) Full network embedding (one representative run out of 100) shown as a PCA plot
with obesity, COVID-19, and cancer (PRS), CDK5 (gene), brain cortex (tissue), and age (phenotype)
highlighted. F) Similarity scores for one node of interest (brain cortex) against all others plotted across
100 runs. Nodes with high similarity exhibit low variance, as given by the marginal density plot to the
right. G) Variance of all non-gene nodes similarity. (From Hu et al. [2022])
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Figure 3.5: Hyperparameter search for network embedding over grid search, on a smaller
brain network: A) Distribution of similarity scores between 10,000 random node pairs (window size =
2, embedding dimensionality = 16), variance = 0.080. B) Variance of 10,000 random node pairs across
di"erent hyperparameter settings: window size = [2,3] and dimensionality of embedding = [4, 8,16, 32]
over 10 embedding repetitions. Gray overlay indicates deviation from normal distribution of similarity
scores and thus, discarded for hyperparameter search. (From Hu et al. [2022])

BP (0.97), MDD (0.62), and coronary artery disease (0.53). The PRSs were also correlated for
COVID-19 severity (0.76), T2D with type I diabetes (T1D) (0.38), hypertension (0.46) and stroke
(0.24). However, weak correlations existed between actual disease states (as provided by GTEx)
and genetic risk (PRS). For example, the correlations between T2D and diseases such as renal
failure, hypertension, and clinical factor age were 0.22, 0.35, and 0.25, respectively. Similarly,
the correlations between T1D, asthma, and hypertension with their respective actual disease
states were also weak (0.19, 0.09, and 0.14, respectively). Indeed, the weak correlation between
genetic risk (as measured by PRS) and disease status highlights the importance of integrating
complementary information into disease studies. While the PRS captures the genetic risk for
developing a disease, the real-world development is also influenced by external environmental
factors.

The multi-modal GTEx data was integrated using KiMONo’s inference algorithm. Figure 3.3
provides an example of a single gene model. Models were filtered based on performance, ω values,
and stability selection. Out of all 7,251 gene models, 7,236 with 461,216 edges were retained after
filtering. Reverse models were run, and statistically significant associations were retained. The
median R

2 value for all models was 0.52 (Figure 3.4A). The resulting network consisted of
phenotypes (n = 3), genes (n = 7, 202), covariates (n = 77), diseases (n = 12), tissues (n = 43)
and PRS (n = 27) (Figure 3.4B). Genes were the most common node type in the network, and
the most common edge types were between genes and tissue variables (n = 62, 902), genes and
covariates (n = 44, 965), genes and other genes (n = 18, 521), genes and PRS (n = 11, 613),
genes and disease states (n = 10, 553), and genes and phenotypes (n = 2, 817) (Figure 3.4C).

To determine the best parameters for the embedding process in the multi-modal network, we
conducted a grid search on a smaller brain network. The optimal parameters for the models
were a window size w of 2 for defining positive examples and an embedding dimensionality d of
16. We evaluated the performance of these parameters by measuring the normally distributed
variance, which exhibited the highest value (mean = 0.080) across 10 repetitions (Figure 3.5A).
This finding reflected that the selected parameters captured the maximum information content
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without overfitting the data. To account for the variability in stochastic random walks, we
performed network embedding 100 times using these optimal parameters in the multi-modal
network inference with KiMONo.

To visualize the 16-dimensional embedding space in a simplified manner, we chose one random
run out of 100 and subjected it to a PCA. The nodes were then plotted in the two-dimensional
space defined by the first and second PCs. The combined variance explained by these two
components was only 20.17%, as the number of dimensions d was optimized for in hyperparameter
search (Figure 3.4D). The genes were spread throughout the PCA plot, well embedded among
other modalities. Some diseases and PRS showed high values along PC1, including the PRSs
for COVID-19, obesity, and renal failure, whereas the PRSs for cancer and several tissues had
lower PC1 values (Figure 3.4E). It is important to note that while linear PCA cannot fully
capture the nonlinear nature of the embedding space, it provides an approximation of the space.
Additionally, we computed the maximum similarity score between the node brain cortex tissue
and all others across the 100 runs. We observed that the topmost similar nodes are robust with
little variance across runs (similarity score > 0.65) (Figure 3.4F). Furthermore, low variances in
similarity scores between non-gene and all other nodes showed another aspect of robustness of
the embedding space (Figure 3.4G).

3.2.2 Evaluation of embedding space

In order to verify the plausibility of the embedding space, upon which we base the further analysis
of the COVID-19 related genes and their multi-modal context (Section 3.2.3), we first conducted
three checks. The first is based on the ability of the embedding space to recapitulate tissue
specific genes in the proximity of tissue nodes (Section 3.2.2.1). The second check verifies the
context around disease states (Section 3.2.2.2) and thirdly, we investigated the PRS associated
genes (Section 3.2.2.3).

3.2.2.1 Evaluation based on tissue specific genes

To validate the obtained embedding space of our multi-modal network, we analyzed the extent to
which similarity scores between gene nodes and tissue nodes reflected established tissue-specific
gene expression patterns. We accomplished this by comparing the similarity scores of genes with
the brain tissue node and identifying the most and least similar genes. We then compared these
sets of genes with those previously reported to exhibit enhanced expression in brain tissues in The
Human Protein Atlas database. The set of most similar genes had a higher frequency of genes
known to be functionally relevant in the brain than compared to the set of least similar genes.
The odds ratio of enrichment was 4.33-fold higher within the most similar nodes than within the
least similar nodes when considering the top and bottom 200 nodes (mtop = 20, mbottom = 5,
chi-square test p↘value = 0.0038), and reached 12.24-fold when considering the top and bottom
100 nodes (mtop = 11, mbottom = 1, chi-square test p ↘ value = 0.0074) (Figure 3.6A). This
trend was also observed for other tissues, such as the liver, which had many samples in the
GTEx dataset and a substantial number of genes with tissue-enhanced expression (Figure 3.6A).
Furthermore, brain-specific genes was confirmed by their enhanced expression values within the
GTEx dataset (Figure 3.6B). To illustrate the embedding space with the brain cortex tissue node
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Figure 3.6: Identification of tissue-associated genes in multi-modal network embedding: A)
Tissue-enhanced genes enrichment in the brain and liver within the top n most similar genes compared to
the bottom n least similar genes, as measured by their mean cosine similarity score across 100 embedding
runs. B) Higher median expression in the GTEx dataset of 50 genes within the top 500 most similar nodes
in brain tissues. C) Embeddings from one representative run of all nodes of the multi-modal network with
nodes with high similarity to the "brain cortex" node highlighted. D) Zoom in on the embedding space
around the "brain cortex" node with the 15 top most similar nodes highlighted. E) The most similar
nodes ranking for "brain frontal cortex BA9" and "brain cortex" summarized over 100 embedding runs.
1-hop neighbors are highlighted in dark blue, and 3-hop neighbors in light blue. (From Hu et al. [2022])
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as center, we visualized the entire embedding from a single run using the first and second PCs of
a PCA (Figure 3.6C) and then concentrate only on most similar nodes in the local embedding
space (Figure 3.6D).

Here, we found the major histocompatibility complex, class II, DR alpha (HLA-DRA) gene in
close proximity to the brain cortex. As indicated by a prior study [Fan et al., 2017b], the gene
exhibited elevated expression in gliomas. Similarly, the brain frontal cortex BA9 node was among
the most similar. To illustrate the application of similarity scores in contextualizing genes and
other factors, we extracted the top nodes for both brain cortex and brain frontal cortex from
100 embedding runs, ranked based on maximum similarity score (Figure 3.6E). Previous studies
have annotated the top genes in both brain regions associated with mental diseases or involved in
brain functionality. Notably, the identified nodes included Ras-related dexamethasone-induced 1
(RASD1 ), encoding a GTPase which is overexpressed as a protein in the frontal cortex [Fishilevich
et al., 2016] and associated with the nitric oxide synthase 1 (NOS1/nNOS ) signaling pathway
at neuronal synapses. Interestingly, despite being a 3-hop neighbor in the KiMONo multi-modal
network rather than a direct neighbor, RASD1 exhibited high similarity to the brain frontal
cortex node (similarity score = 0.84). This observation highlights the network embedding’s
ability to capture relevant, non-linear relationships between nodes, even when relatively distant
in the underlying network.

3.2.2.2 Evaluation based on context of known diseases - comorbidities

We extend to illustrate evaluation of the embedding space by delving deeper into the associations
to nodes related to selected diseases and PRSs. For example, ischemic heart disease exhibited
the closest proximity to hypertension, COPD, and cerebrovascular disease (Figure 3.7A). Among
the genes and neighboring nodes within 1-hop and 2-hop distances in the underlying network, we
identified minichromosome maintenance complex component 5 (MCM5 ), chromatin licensing and
DNA replication factor 1 (CDT1 ), and cAMP-responsive element-binding protein 1 (CREB1 ).
These genes have been previously associated with ischemic heart disease. Notably, CREB1
has been recognized as a robust genetic predictor for heart rate response, functioning during
cardiac memory and contraction [Haidar et al., 2020, Rankinen et al., 2010, Urbanek et al.,
2005]. Moreover, among the top 15 most similar nodes, we discovered nodes related to heart
failure (genetic predisposition, i.e. PRS) and predisposition for COVID-19 hospitalization.

Interestingly, the disease node representing MDD was located amidst gene nodes in the PCA,
and no other node modalities appeared in the top 15 most similar nodes (Figure S3.7B). The
genes with the highest similarity to MDD included mammalian STE20-like kinase-1 (MST1 ),
a kinase that promotes apoptosis, and aryl hydrocarbon receptor nuclear translocator like 2
(ARNTL2 ), which is involved in circadian clock regulation and associated with suicide risk in
MDD via three GWAS. Additionally, among the most similar genes was cytochrome P450 family
2 subfamily E member 1 (CYP2E1 ) being an important protein in the microsomal oxidation
system. Mutual pathomechanisms in MDD and nonalcoholic fatty liver disease was evaluated by
Shao et al. [2021], highlighting their role in mediating and promoting each other’s progression.

As another example, T2D exhibited high similarities to T1D, pneumonia, and the tissue tibial
artery (Figure 3.7C). Genes within 1- to 3-hop distances from the T2D node have been previ-
ously described in the literature and associated with T2D. They include fibroblast growth factor
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Figure 3.7: Visualization of embedding space and top similar nodes of comorbidities A) is-
chemic heart disease, B) major depression, C) Diabetes Type II and D) pneumonia. (From Hu et al.
[2022])
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receptor 1 (FGFR1 ), microtubule nucleation factor (TPX2 ), RNA helicase and ATPase (UPF1 ),
and Huntingtin (HTT ) [Hall et al., 2019, Li et al., 2020, Montojo et al., 2017, Tani et al., 2012].

Investigating a last example of disease states, we focus on pneumonia as a known pathology of
COVID-19 (Figure 3.7D). Here, acute pneumonia, T1D, T2D, and the tibial artery were among
the nodes with the highest similarities. It has been established that patients with diabetes
have an increased risk of pneumonia [Ehrlich et al., 2009, Vardakas et al., 2007]. Furthermore,
we found that neutrophil cytosolic factor 1 (NCF1 ), encoding a component of the NADPH
oxidase complex, which further has been associated with fibrosis, inflammation, and pneumonia
[Zamakhchari et al., 2016]. Additionally, annexin A1 (ANXA1 ), which functions in the innate
and adaptive immune responses, has been identified as a regulator of the inflammatory response.
Interestingly, ANXA1 has also been proposed to be a prognostic biomarker for COVID-19, with
its decrease observed in severe cases [Machado et al., 2020].

3.2.2.3 Evaluation based on known diseases - PRS

Next, we examined the nodes most closely associated with each PRS, which captures the genetic
predisposition to a particular disease. This analysis aimed to identify the network elements most
relevant to the genetic risk factors underlying our data. We observed that the top 15 nodes of
each PRS often consisted of other PRS nodes. This inflated similarity could be attributed to
the higher correlation among PRS nodes, as we had previously quantified before the embedding
process (Figure 4.2). For example, when examining the node representing chronic kidney disease,
12 of the 15 most similar nodes were PRS for diseases including from Crohn’s disease, coronary
artery disease and COPD (Figure S3.8A). These diseases are known to be comorbidities of
COVID-19 [Cai et al., 2013, Chen and Liao, 2016, Demir et al., 2014].

For the chronic kidney disease node the closest nodes were the genes scavenger receptor cysteine-
rich type 1 protein M130 (CD163 ), glutathione S-transferase Mu 3 (GSTM3 ), and ribosomal
protein S10 (RPS10 ). They were located within 1-hop, 1-hop, and 2-hop distances respectively.
These genes have been identified as significant developmental factors of renal tissue carcinomas
or have been recognized as biomarkers for inflammation [Mejia-Vilet et al., 2020, Serin et al.,
2021, Tan et al., 2013].

For the cancer PRS, ornithine decarboxylase 1 (ODC1 ), identified as a 3-hop neighbor, emerged
as the most similar gene. Previous research by Kim et al. [2017] suggested ODC1 as a poten-
tial therapeutic target for endometrial cancer due to its frequent overexpression and its role in
promoting cell proliferation. Additionally, other closely related nodes included the PRS for lung
cancer, with a similarity score of 0.83 and alcohol abuse 0.79 (Figure 3.8B).

Regarding the schizophrenia PRS, it showed the highest similarity to the PRSs for MDD, BP,
COVID-19, and obesity (Figure 3.8C). Indeed, the relationship between mental disorders and
COVID-19 has gained attention, with studies reporting the highest odds ratios for susceptibility
and mortality among individuals with severe mental disorders [Fond et al., 2021, Liu et al., 2021,
Wang et al., 2021a]. This vulnerable group has been suggested to have lower immune function
and worse resilience. This section has demonstrated how the similarity score can be used to
contextualize disease states and PRS enabling the identification of disease-associated factors and
genes
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Figure 3.8: Visualization of embedding space and top similar nodes of PRS A) chronic kidney
disease, B) cancer and C) schizophrenia. (From Hu et al. [2022])

3.2.3 Uncovering novel dependencies between COVID-19 and tissues, PRS,
and COVID-19 comorbidities

After demonstrating the framework’s ability to capture both tissue-specific and disease-specific
genes and their associations, our next aim was to gain insights into host factors critical for
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Figure 3.9: Multi-modal context of established host factors crucial for COVID-19 derived
from diverse public experimental and patient data sources: Represented as a network, nodes
in this context encompass tissues, PRSs, and COVID-19 comorbidities. An edge between two nodes
was established when the similarity score within the embedding space exceeded 0.65 and demonstrated
robust identification in 80 of 100 run repetitions. Similarity networks were constructed based on genes
derived from (A) GWAS studies [The COVID-19 Host Genetics Initiative, 2020] and (B) CRISPR studies
Schneider et al. [2021], Wei et al. [2021]. Additionally, (C) physical interaction experiments, including
ribonucleoprotein capture and immunoprecipitation [Gordon et al., 2020, Lee et al., 2021], and (D) patient
data from whole blood samples [Demichev, 2021, Di et al., 2020, D’Alessandro et al., 2020, Geyer et al.,
2021, Messner et al., 2020, Overmyer et al., 2021, Shen et al., 2020, Wu et al., 2021] further contributed
to the comprehensive understanding of this multi-modal context. (From Hu et al. [2022])
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COVID-19 within the complex multi-modal context of the GTEx cohort data. To achieve this,
we curated genes from various sources, including GWAS, CRISPR, physical interaction studies,
and multiomics patient data. Then we explored the proximity of these gene sets in the embed-
ding space. We represented the top associations of these genes with tissues, PRS, and diseases
(considered COVID-19 comorbidities) as similarity graphs. The links were retained when two
nodes passed the similarity score threshold of >0.65. We also emphasized the multi-modal con-
text of genes linked to at least one of the three COVID-19 genetic predispositions: susceptibility,
severity, or hospitalization.

First, we will detail the similarity network of genes obtained from GWAS studies (Figure 3.9A).
Various ribosomal subunits and factors, including 60S ribosomal protein L7a (RPL7A), 40S ribo-
somal protein S10 (RPS10 ), 60S ribosomal protein L14 (RPL14 ), and 60S ribosomal protein L24
(RPL24 ) showed connections to numerous PRS. RPS10 was also linked to comorbidities such as
cerebrovascular disease, COPD, and renal failure. Evidence suggests that viral NSP1 may block
the ribosomal protein entry channel during infection, and thus prohibiting mRNA translation
[Simeoni et al., 2021]. Another notable group of proteins consisted of proteasome components, in-
cluding proteasome 26S subunit, non-ATPase 1 (PSMD1 ); proteasome 26S subunit, non-ATPase
3 (PSMD3 ); and proteasome 20S subunit alpha 1 (PSMA1 ).

In the embedding, PSMA1 was closely associated to renal failure and adipose tissue and it
has been reported to help maintain protein homeostasis via the ATP-dependent degradation
of ubiquitinated proteins, including those of coronaviruses [Tiwari et al., 2021]. Another gene,
Ring finger and CHY zinc finger domain containing 1 (RCHY1 ), was associated with di!erent
comorbidities, including cerebrovascular disease, COPD, renal failure, ischemic heart disease,
pneumonia, and liver disease and with PRS for psoriasis, coronary artery disease and heart
failure. The gene was derived from a GWAS study comparing hospitalized versus non-hospitalized
COVID-19 cases. Similarly, our graph connected it to both the PRS of COVID-19 and COVID-
19 hospitalization. RCHY1 is involved in the histone deacetylase 1 (HDAC1), E3-dependent
ubiquitination and proteasomal degradation of proteins such as tumor protein 53 (TP53), and
cyclin-dependent kinase inhibitor 1B (CDKN1B). It helps to regulate expression and cell cycle
progression. While ribosomes and proteases were connected to many genetic risks, RCHY1
exhibited similarities with various developed diseases known to be comorbidities of COVID-19.

The genes proteasome 26S subunit, ATPase 2 (PSMC2 ) and proteasome 20S subunit Alpha
4 (PSMA4 ) were associated with diverse PRS for diseases from heart failure to MDD (Figure
3.9B), which were identified by a CRISPR study [Schneider et al., 2021]. In addition, identified
by Wei et al. [2021], tumor necrosis factor receptor-associated factor 3 (TRAF3 ), was associated
with renal failure and COPD. Previous studies have implicated TRAF3 in signal transduction
to activate immune and antiviral responses.

A member of the SWI/SNF family involved in ATP-dependent chromatin remodeling com-
plexes (SWI/SNF-related, matrix-associated, actin-dependent regulator of chromatin, subfamily
a, member 5 [SMARCA5 ]) and small ribosomal protein S6 (RPS6 ) were associated with hos-
pitalization risk with COVID-19, as identified by Wei et al. [2021] and Schneider et al. [2021],
respectively. These genes were also linked to comorbidities such as ischemic heart disease and
pneumonia occurring in the a!ected patients. Another focus of Gupta and Nayak (2021) was
SWI/SNF-related, matrix-associated, actin-dependent regulator of chromatin, subfamily a, mem-
ber 4 (SMARCA4 ), which is a paralog being the catalytic subunit of the SWI/SNF remodeling
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complex, thus helping to regulate chromatin structure.

Regarding viral interactions, large ribosomal subunits from the 40S and 60S proteins were found
to interact with viral factors physically. Ribosomal protein L30 (RPL30 ) and ribosomal protein
L21 (RPL21 ), identified by Lee et al. [2021], exhibited strong connections to various diseases
(Figure 3.9C). RPL30 was connected to many PRS, including all three COVID-19 genetic risk
nodes. In contrast, RPL21 had additional connections to the comorbidity of ischemic heart
disease, often occuring in hospitalized patients with COVID-19.

The genes cullin (CUL2 ) and DNA (cytosine-5)-methyltransferase 1 (DNMT1 ), identified by
Gordon et al. [2020], exhibited functions in DNA methylation, maintaining methylation patterns
and marking proteins for degradation via ubiquitination, respectively.

Finally, we focus on the similarity graph of genes accumulated from the eight studies on serum
or plasma-derived proteome and transcriptome patient data. In four studies, we observed close
similarity and, thus, connections to genes and proteins. Among them, eight genes encoded
proteasome subunits. These genes exhibited frequent connections to diseases such as MDD,
schizophrenia, heart failure, smoking and Crohn’s disease. Proteasome 26S subunit, ATPase 1
(PSMC1 ), PSMC2, and PSMA4 were also associated with adipose tissue and the risk of severe
COVID-19.

Furthermore, we identified 11 ribosome subunits (seven RPL, three RPS, and one RNF) that
exhibited connections to various PRS, predominantly linked to heart failure, MDD, and obesity.

Protein tyrosine phosphatase non-receptor type 6 (PTPN6 ) exhibited associations with one
COVID-19 node and the most diseases (n = 7), ranging from COPD to hypertension and cere-
brovascular disease. The cellular processes it regulates include cell growth and oncogenic trans-
formation. It has been observed to be expressed in B cells during severe COVID-19 [Stephenson
et al., 2021]. Cytoskeleton genes were tubulin beta class I (TUBB), encoding beta-tubulin, and
spectrin alpha, non-erythrocytic 1 (SPTAN1 ), encoding a sca!olding protein. SPTAN1’s multi-
omic context proved interesting since it was connected to pneumonia and T2D as comorbidities
and the tibial artery as a tissue.

Several genes identified across serum and plasma patient data were associated with the cellular
response to DNA damage and repair. They included RAD51 recombinase (RAD51 ), bloom
syndrome RecQ-like helicase (BLM ), Erb-B2 receptor tyrosine kinase 2 (ERBB2 ), and mediator
of DNA damage checkpoint 1 (MDC1 ). The last gene belongs to the epidermal growth factor
receptor family of receptor tyrosine kinases and has been previously associated with the cytokine
release storm and SARSCoV-2 infection severity [Khitan et al., 2022]. This gene has gained
particular interest in its correlation with obesity and gut microbiome in COVID-19 patients.

We also examined the tissue-specific context of COVID-19–associated genes identified in blood,
with a focus on samples from severe patients, regardless of their additional associations with
genetic predispositions. Brain-related tissues such as the nucleus accumbens basal ganglia, sub-
stantia nigra, and spinal cord were among the most frequently associated tissues, followed by the
tibial artery, small intestine, and pituitary (Table 3.2). Potentially triggering cellular processes
associated with neurodegeneration and worsening conditions such as Parkinsonism, SARS-CoV-2
has been found in the substantia nigra during the acute infection phase, where it preferentially
targets dopaminergic neurons [Bouali-Benazzouz and Benazzouz, 2021]. Lehmann et al. [2021]
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described that the small intestine was also impacted in COVID-19 patients. Furthermore, [Frara
et al., 2021] documented poorer outcomes in patients with pituitary dysfunction, particularly
those exhibiting abnormal endocrine phenotypes such as diabetes and hypopituitarism. COVID-
19 patients also exhibited worse outcomes with thrombosis in the tibial arteries [Singh et al.,
2021].

Table 3.2: Tissue context of known COVID-19 genes derived from di"erent study types of GWAS,
CRISPR, Physical interaction and patient cohorts, detailed in counts and percentage of all tissues. (From
Hu et al. [2022])

Tissue Count Proportion of
all tissues [%]

GWAS Brain spinal cord cervical c-1 27 4.6
Breast mammary tissue 22 3.75
Brain frontal cortex BA9 22 3.75
Cells EBV-transformed lymphocytes 22 3.75
Heart atrial appendage 22 3.75

CRISPR Brain nucleus accumbens basal ganglia 4 6.56
Artery tibial 4 6.56
Adipose subcutaneous 4 6.56
Brain anterior cingulate cortex BA24 3 4.92
Breast mammary tissue 3 4.92

Physical interaction Brain substantia nigra 9 8.11
Pituitary 8 7.21
Small intestine terminal ileum 5 4.5
Pancreas 5 4.5
Adipose visceral omentum 5 4.5

Patient Brain spinal cord cervical c-1 142 4.33
Breast mammary tissue 127 3.88
Stomach 126 3.85
Pituitary 122 3.72
Cells EBV-transformed lymphocytes 118 3.6
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3.3 Path representations predicted novel links in biomedical KGs

Moving from multi-omic integration and embedding towards the explicit modeling of relationships
between biological entities, we applied our method BioKGC with adaptation to the specifics of
biomedical KGs to the two tasks of function annotation and drug repurposing (Section 2.7). We
show how make use of existing knowledge from both fields to establish true but missing links,
which can be used for hypothesis generation and provide interpretability.

3.3.1 Functional annotation

For P-G prediction in the functional annotation task, the BRG we created contained G-G,
chemical-gene (C-G), and chemical-chemical (C-C) interactions. It consisted of 30,885 nodes,
of which 19,554 were genes and 11,331 were small molecules. The BRG comprised 1,884,146
relations of 13 unique types (Table 3.4), including interactions such as controls phosphorylation
of, interacts with and chemical a!ects (Table 3.3). After data preprocessing that removed KEGG
pathways with little annotation and disconnected components in the joint graph, 321 of the initial
333 KEGG pathways were retained. For example, "circadian rhythm" was connected to 8,000
genes (P-G), consisting of 32,367 (of 32,494 initial) assignments. After splitting the supervision
edges, we obtained 22, 702 for training, 3, 243 for validation, and 6, 487 for testing (Table 3.3).

In a direct comparison of KGE methods, graph convolutions and BioKGC, our path-based rea-
soning method, outperformed all other methods, with an average MRR over five model seeds of
0.457 versus an average of 0.371 for KGE and 0.338 for R-GCN in the setting without the BRG.
For the Hits@k metric, informative about the proportion of ground truth items captured in the
top k predictions, RotatE scored 56.9% in the top 10, compared to 62.7% for BioKGC (Figure
3.11B). When the BRG was leveraged for its biological regulations in message passing, the per-
formance increased only for R-GCN and BioKGC. While the MRR improved from 0.338 to 0.344

for R-GCN, it increased from 0.457 to 0.546 for BioKGC, an 18.3% gain in performance. Within
the top 10 predictions, BioKGC could capture 72.5% of the ground truth positives compared
to only 52.6% for R-GCN (Figure 3.11C). Interestingly, KGE methods could not leverage the
additional information provided by the BRG. Rather than being advantageous for the prediction,
performance decreased most severely for the TransE model (from 0.373 to 0.309). When examin-
ing each method with five di!erent model seeds, the MRR standard deviation ranged from 0.001

to 0.008, indicating robust predictions for all methods.

Besides its better performance, another advantage of BioKGC over the embedding-based meth-
ods is its accessible interpretability, visualizing the most important paths for a given prediction.
We used our interpretability tool to explore the most important paths for the predictions. The
visualization plot highlights the top 10 most significant paths, ranked by their gradient values.
The edge width in the plot represents the frequency with which each edge appears across these
paths, providing an intuitive representation of their relative importance. Furthermore, the most
important path is highlighted in red, and nodes are colored by their type. For example, we
observed the most important path for the functional prediction of cryptochrome circadian reg-
ulator 1 (CRY1 ) to the Circadian rhythm to be: CRY1 in complex with ⇒ period circadian
regulator 3 (PER3 ) interacts with ⇒ basic helix-loop-helix ARNT like 1 (BMAL1/ARNTL)
before feeding into the function of the circadian rhythm pathway (Figure 3.10D). The essential
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Table 3.3: Summary of the functional annotation dataset: Number of nodes, edges, and relation types in
the BRG constructed from Pathway Commons, as well as training, validation, and testing sets obtained
from KEGG. (Adapted from Hu et al. [2024])

Number
of nodes

Number
of edges

Number
of relations

BRG 30,885 1,884,146 13
Training 7,070 22,702 1

Validation 2,348 3,243 1
Testing 3,533 6,487 1
Total
count 31,410 1,916,513 14

A

B

gene

chemical
pathway
query/
answer

phosphorylates

int
era

cts
 w

ith

affects

int
era

cts
 w

ith controls

expression

complex

function

function

co
m

pl
ex

function

function?

interacts withfunction

in 
co

mple
x w

ith

B

Schema of Functional Annotation KG

Functional annotation without BRG with BRG

Visualization of 10 most
influential paths for annotation 
of Circadian rhythm for CRY1

function?
function?

C

D

Figure 3.10: Benchmarking of KG completion algorithms for functional annotation. A) Il-
lustration of BioKGC leveraging a BRG consisting of genes, chemicals, and cellular pathways and their
relations for predicting the functions of genes with their cellular pathway. Functional annotation perfor-
mance with di"erent KG completion methods, from classical KGE to GCN-based to path-based BioKGC,
for link prediction (B) without and (C) with the BRG. D) Visualization of gradients on paths that were
important for predicting the link between CRY1 and circadian rhythm. The top 10 paths are shown,
with edge width reflecting edge weight, and the path with the highest weight colored red. (Adapted from
Hu et al. [2024])

clock circadian regulator (CLOCK) and transcription factors controlling the cellular circadian
rhythm ARNTL, upregulate the expression of PER3 and cryptochrome circadian regulator 2
(CRY2 ) [Gekakis et al., 1998, Olkkonen et al., 2017]. In turn, they form heterodimers to repress
the expression of the former, creating a negative feedback loop [Gri"n et al., 1999, Kume et al.,
1999].
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Table 3.4: Detailed breakdown of the relation types in the functional annotation dataset: Number of edges
per relation type in the BRG, training, validation, and testing sets. (Adapted from Hu et al. [2024])

Relation Count
BRG Controls-transport-of-chemical 3,741

Reacts-with 4,063
Controls-transport-of 7,899

Used-to-produce 14,747
Controls-phosphorylation-of 17,660

Controls-production-of 21,262
Consumption-controlled-by 22,659

Controls-expression-of 125,860
Catalysis-precedes 147,948

In-complex-with 191,275
Controls-state-change-of 191,548

Interacts-with 517,390
Chemical-a"ects 618,094

Train KEGG pathway 22,702

Valid KEGG pathway 3,227

Test KEGG pathway 6,438

3.3.2 Drug repurposing

After the proof-of-concept that BioKGC can be used to reason on biomedical KGs with good
results, we turned to a more challenging task of zero-shot prediction of drugs for diseases. Here,
we utilized the PrimeKG database, which encompasses 129,375 nodes across 10 distinct node
classes and 8,100,498 edges representing 27 di!erent types of relationships. The node and edge
relations are summarized in Huang et al. [2023].

After removing reverse relations to adapt for BioKGC, ⇐5.7 million directed edges were used
solely for message passing in the BioKGC model in each prediction setting (Table 3.5). These
connections were not drug-disease edges but rather represented protein-protein or disease-disease
relationships. In contrast, only edges between drugs and diseases, i.e. indication, contraindica-
tions, and o!-label use, were used for message passing and supervision. On average, there were
⇐33,000 and ⇐4,000 edges in the training and validation sets, respectively, in the five examined
disease areas: adrenal gland, anemia, cardiovascular, cell proliferation, and mental health-related.
The number of testing edges varied greatly between the disease areas. While there were only
303 and 33 were present in the adrenal gland disease area, there were 1,047 and 999 contraindi-
cations and indications in the cell proliferation split. These di!erences stem from the number of
diseases within each area (Table 3.5) and can probably also be attributed to the nature of biases
in research.

For each disease area, we evaluated the performance of TxGNN and BioKGC in predicting the
ground truth drugs given the disease and the relation contraindication and indications. We
achieved higher AUPRCs for two of the five disease areas for contraindication and all disease ar-
eas for indication (Figure 3.11C). The di!erence ! in AUPRC was calculated as BioKGC minus
TxGNN; thus, a positive ! indicates the BioKGC model performed better. In the contraindica-
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Table 3.5: The number of diseases per disease area and the number of edges used for the BRG, training,
validation, and testing. (Adapted from Hu et al. [2024])

Disease area Number of
diseases BRG Training Validation Testing

(contraindication)
Testing

(indication)
Adrenal gland 6 5,728,452 33,063 4,723 303 33

Anemia 19 5,705,775 33,715 4,817 752 88
Cardiovascular 111 5,695,332 30,930 4,419 4,215 453

Cell proliferation 201 5,689,920 33,102 4,729 1,047 999
Mental health 60 5,690,512 33,443 4,778 1,567 355

tion prediction task, TxGNN performed better for The adrenal gland, cardiovascular, and mental
health disease areas with ! of ↘4.6, ↘0.2 and ↘2.0 percentage points. In contrast, BioKGC
performed better for anemia and cell proliferation with ! of 4.8 and 9.0. All !s were positive
in the indication prediction task, ranging from 5.9 to 22.6 percentage points (Figure 3.11D).

3.3.2.1 Cell proliferation split

A detailed breakdown of both models’ specificity, F1 score, and Recall@k is illustrated for the
cell proliferation disease area (Figure 3.11E). Both models perform well in rating true negative
items as negative, with BioKGC exhibiting only slightly higher specificity in the indication
setting (0.981 vs. 0.996). The F1 score, which symmetrically represents a model’s precision
and sensitivity, was 0.330 for TxGNN and 0.415 for BioKGC in the contraindication setting,
and 0.183 and 0.393 in the indication setting, respectively. We observed greater performance
increases for indication than for contraindication for cell proliferation and all other disease areas.
However, the higher variance for BioKGC than for TxGNN is also of interest.

In the cell proliferation split, 178 diseases were identified with known indications, averaging 5.58

indications per disease. For 60 of the 178 diseases, all known treatments were prioritized in
the top 10 predictions out of over 7,000 drug candidates. The metric Recall@k describes the
top k predictions in a single number.It reflects the proportion of all ground truth items that
are included within the top k predictions. For example, at k = 20, the Recall@k for indication
over across all diseases was 0.619 for BioKGC, indicating that 61.9% of ground truth drugs were
included within the top 20 ranked predictions. In contrast, Recall@k was 0.539 for TxGNN.
Therefore, BioKGC consistently outperformed TxGNN for low ks (Figure 3.11E) and is equal to
TxGNN for k = 100 (data not shown).

To provide a single performance metric, the AUPRC was calculated as the average across con-
traindications and indications for each disease area (Table 3.7). For cell proliferation, the di!er-
ence was 0.556↘0.437 = 0.119, indicating that BioKGC outperformed TxGNN by 0.119/0.437 =

27.3%. Similarly, the increase was 17.1%, 14.1%, 25.9%, and 16.9% for adrenal gland, anemia,
cardiovascular, and mental health. On average, BioKGC outperformed TxGNN by 20.2% over
all disease areas.

ALL in the cell proliferation split

After quantitatively evaluating the performances, we investigated individual predictions of dis-
eases within the cell proliferation split. ALL is a type of cancer that a!ects the blood and bone
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Figure 3.11: Comparison of BioKGC with the state-of-the-art TxGNN model for predicting
drug-disease relations in PrimeKG. A) Schema of the PrimeKG (left), a multi-modal KG for pre-
dicting relations between drug and disease, integrating 10 di"erent biological node types, such as protein,
disease, phenotype, anatomy, molecular function, drug, pathway, and exposure, with over five million re-
lations. B) Illustration of BioKGC leveraging paths between drugs and diseases for indication prediction.
C) Comparison of AUPRC performances in the zero-shot prediction scenario following the scheme from
TxGNN across five disease areas: adrenal gland, anemia, cardiovascular, cell proliferation, and mental
health. The AUPRC was computed by comparing all ground truth positive drugs against all ground truth
negative drugs for a given disease and then averaging metrics across all diseases within a disease area.
As defined by TxGNN, the zero-shot prediction scenario excludes all treatments for disease areas from
the training set and removes 95% of edges from a disease to surrounding biological entities, mirroring
little molecular characterization. D) Mean di"erences in AUPRC for each disease area were calculated to
compare BioKGC with TxGNN. This metric highlights the relative performance across di"erent disease
domains, with a positive ! reflecting higher performance. E) Performance metrics specifically for the
cell proliferation disease area. Recall@k represents the proportion of ground truth edges successfully
retrieved within the top k predictions. Top predictions of contraindication and indication for the disease
(F) ALL and (G) ovarian mucinous adenocarcinoma within the cell proliferation disease area. Known
treatments are included in the ground truth in PrimeKG. Visualization of gradients on paths important
for predicting (H) bosutinib for ALL and (I) orafenib for ovarian mucinous adenocarcinoma. The top
10 paths are shown, with edge width reflecting the edge weight, and the path with the greatest weight
colored red. (From Hu et al. [2024])

marrow, involving the abnormal di!erentiation and proliferation of lymphoid cells that enter the
bloodstream and interfere with the production of other blood cells and reduce the ability to fight
infections [Pui and Evans, 1998]. It is a complex disease with many factors contributing to its
development, from genetic syndromes, such as Down syndrome, to environmental factors, such
as viruses [Bielorai et al., 2013, Chessells et al., 2001, German, 1997, Sehgal et al., 2010, Shah
et al., 2013]. However, chromosomal aberrations are commonly observed, such as the transloca-
tion t(9;22) producing BCR-ABL1, a constitutively active tyrosine kinase with the phenotype
termed (Philadelphia) Ph-positive ALL [Terwilliger and Abdul-Hay, 2017].
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We used BioKGC to predict the drugs associated with ALL. We retrieved the only known con-
traindication, the drug alprostadil, which ranked first with a probability score of 0.727 (Figure
3.12A), and all 21 known indications within the top 34 predictions (Figure 3.11F). Investigating
the top indication predictions, we found the top three known treatments to be clofarabine (0.723),
teniposide (0.723), and methotrexate (0.720), and the top unknown treatments to be dasatinib
(0.724) and bosutinib (0.721) (Figure 3.11F).
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Figure 3.12: Contraindications and known treatments. The top contraindication predictions for
(A) ALL and (D) gastric cancer, and the visualization of important paths for the prediction of known
drug clofarabine for ALL using the (B) training graph and (C) modified graph removing similar diseases.
Similarly, visualization of the important paths for predicting capecitabine for gastric cancer using the (E)
training and (F) modified graphs. (Adapted from Hu et al. [2024])
Bosutinib is an unknown drug predicted to treat (indication) ALL with a probability score of
0.721 (Figure 3.11F left). With our interpretability tool, which identifies the most important
paths for a given prediction, we can focus on the local subgraph. Here, for the prediction of
indication bosutinib for ALL, the similarity to other (lymphoblastic) leukemia types was uncov-
ered along with important disease genes activation-induced cytidine deaminase (AICDA) and
double homeobox 4 (DUX4 ) [Messina et al., 2011, Tanaka et al., 2018, Zhang et al., 2016]. The
most important path was from the phenotype Ph+ ALL disease phenotype ⇒ the disease
chronic myelogenous leukemia, BCR-ALB1 positive disease phenotype ⇒ the gene BCR acti-
vator of RhoGEF and GTPase (BCR) ⇒ the drug Bosutinib via a drug protein relation (Figure
3.11F right). Indeed, bosutinib, initially approved in 2012 for the treatment of chronic myeloid
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leukemia, is now under investigation for its potential use in ALL [Knox et al., 2024, Mortlock
et al., 2017, Varallo-Rodriguez et al., 2015].

Clofarabine is an established treatment documented in the ground truth PrimeKG database.
For this prediction, the model identified the disease similarity between ALL and susceptibility to
lymphocytic leukemia and leveraged its link to the drug (Figure 3.12B). To investigate the paths
the model would select, we excluded links between similar diseases and drugs in the KG, ensuring
that disease similarity could not be leveraged for prediction. This time, important nodes that
were retrieved were the genes structural maintenance of chromosomes 1A (SMC1A), involved
in chromosome cohesion during cell division and DNA repair, and DNA polymerase alpha 1,
catalytic subunit (POLA1 ), part of the DNA polymerase alpha subunit (Figure 3.12C). Since
clofarabine is a purine nucleoside that is metabolized intracellularly to inhibit DNA synthesis
[Huguet et al., 2015, Knox et al., 2024], the model detected important components on its mode
of action.

Hypothesis generation with BioKGC for treating gastric cancer

To demonstrate the ability of BioKGC to generate hypotheses to test and evaluate in the labora-
tory, we focused on the example of gastric cancer. Like for ALL, contraindications and indications
were retrieved in the top ranks (all five contraindications were in the top 6, and five of the six
indications were in the top 5) (Figure 3.11G left). One of the drugs predicted for treating gastric
cancer was acitretin, an oral retinoid with a similar structure to vitamin A. It is an indication
for treating skin-related diseases, such as psoriasis, inhibiting excessive cell growth and kera-
tinization [Knox et al., 2024]. This drug has not been tested for treating gastric cancer, even
though there have been e!orts to combine acitretin with clarithromycin for treating cutaneous
squamous cell carcinoma due to its ability to induce apoptosis [Lin et al., 2009, Zhao et al., 2021].
Interestingly, in the interpretability plot, all paths from gastric cancer to the drug pass through
retinol-binding protein 1 (RBP1 ), annotated with the retinoic acid biosynthesis process (Figure
3.11G, right). Recent studies have also shown an involvement of the pathway for treating gastric
cancer and provided pre-clinical evidence that the use of all-trans retinoic acid (ATRA) might be
beneficial [Guarrera et al., 2023, Nguyen et al., 2016b]. Using the interpretability tool to visualize
important paths for predictions between drugs and diseases, researchers can easily verify their
plausibility and generate hypotheses that can be further assessed and perhaps validated in the
laboratory.

The open-world assumption in biomedical KGs

True to all KGC algorithms, the evaluation metrics of models are based on the closed-world
assumption and might not hold in real life. During evaluation, positive triplets in the testing
set are generally ranked against all negative triplets. However, when a large portion of the false
triplets are actually true (open-world assumption), the ranking-based metrics, such as MR and
MRR, report lower performances [Yang et al., 2022]. We believe that this might especially be
expected with biomedical KGs because of their high incompleteness, such as due to missing
research. For illustration, we focus on the example of the disease lymphoma, which has seven
contraindications and 20 indications. However, when we include all lymphoma-related diseases,
such as ALL, Hodgkin’s lymphoma, and primary central nervous system lymphoma, there are
eight contraindications and 70 indications. In the top 10 predictions for lymphoma, the ranks
of the known drugs (positive triplets) are lower when ranked against all negative triplets (e.g.,
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yielding an MRR of 0.16 for indications). However, when we correct the ground truth positives
to include drugs of specific lymphoma diseases, the ranks of the individual triplets rise, and
the MRR increases from 0.16 to 0.5 (Figure 3.11H). This illustrates a potential misalignment of
evaluation metrics with the power of the model.

3.3.2.2 Custom Alzheimer’s Disease (AD) split

AD is a devastating neurodegenerative disorder that is characterized by the accumulation of
extracellular amyloid beta and intracellular tau proteins in the brain. These neuropathological
changes manifest decades before any clinical symptoms emerge and ultimately lead to synapse loss
and brain atrophy, causing clinical symptoms of dementia, such as memory loss and behavioral
changes. Despite amyloid and tau being the central disease hallmarks, the exact pathogenic
mechanisms driving AD onset and progression remain poorly understood. Emerging evidence
suggests the involvement of additional pathways, such as immunoinflammation and bioenergetic
dysregulation [Batra et al., 2023, Bellenguez et al., 2022, Heppner et al., 2015], which may o!er
promising therapeutic targets. Presently, US Food and Drug Administration (FDA) has approved
only two disease-modifying treatments and five symptomatic therapies for Alzheimer’s disease
(AD), none of which provide a cure. To evaluate the potential of BioKGC in addressing complex
and heterogeneous diseases, we trained the model on a dataset split specifically designed for zero-
shot prediction, focusing on a custom-defined AD area split. Here, we used TxGNN code for
disease evaluation and excluded all treatments for AD and closely related diseases (Pick disease,
AD without neurofibrillary tangles, and Lewy body dementia and dementia) (Table 3.6). We
then investigated the top 20 drug predictions for AD.

Seven of the eight drugs included in PrimeKG and four of the seven FDA-approved treatments
for AD were successfully retrieved among the top 14 predictions (Figure 3.13A). These include
several cholinesterase inhibitors (ipidacrine, donepezil, tacrine, rivastigmine, and galantamine)
commonly used to reduce neuropsychiatric symptoms [Deardor! et al., 2015]. Epicriptine, a
nootropic drug with an undefined mechanism of action, and acetylcarnitine, which plays a func-
tional role in the ω-oxidation of fatty acids [Jones et al., 2010], were also identified. Among
the known drugs assigned low probability scores was pramiracetam, which ranked 344. This
drug is commonly used to address cognitive impairment linked to aging and dementia [Malykh
and Sadaie, 2010]; Additionally, FDA-approved treatments such as memantine (ranked 412), an
N -methyl-D-aspartate receptor antagonist [Deardor! et al., 2015], and the recently approved
monoclonal antibodies lecanemab (ranked 2250) and aducanumab (ranked 2216) were not as-
signed high probabilities [Budd Haeberlein et al., 2022, Van Dyck et al., 2023].

Of note, two drugs currently undergoing clinical trials appeared among the top 20 predicted
indications. One of them, nicotine, a nicotinic acetylcholine receptor agonist, is being evaluated
in a Phase II clinical trial (NCT02720445) for its potential to improve cognition. The second
was bupropion, an N -methyl-D-aspartate receptor antagonist, currently being tested as part of
the drug AXS-05 in two Phase III clinical trials (NCT05557409 and NCT04947553) [Cummings
et al., 2023] for its potential to alleviate agitation associated with with AD. An analysis of the
interpretability graphs reveals that both predictions are linked to the brain-derived neurotrophic
factor (BDNF ), a gene essential for synaptic maintenance and plasticity in the brain [Kowia%ski
et al., 2018] (Figure 3.13C). Synaptic plasticity is pivotal in AD [Styr and Slutsky, 2018], with
research indicating lower BDNF levels in both the blood [Ng et al., 2019] and brain [Wan et al.,
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2020] in patients with AD and linking higher brain BDNF levels with slower cognitive decline
[Buchman et al., 2016] in older adults. In addition, BDNF’s involvement in downregulated
pathways is underscored by analyses of brain gene co-expression networks (Padj = 6.93e ↘ 17,
adatlas.org [Wörheide et al., 2021]). Both predicted drugs, nicotine and bupropion, have demon-
strated an ability to elevate serum BDNF levels [Jamal et al., 2015, Tafseer et al., 2021], providing
a functional hypothesis for their mechanism in the context of AD.

Another promising candidate is everolimus which has been predicted with high probability, a
rapamycin analog and selective inhibitor of the mechanistic target of rapamycin kinase (MTOR)
signaling pathway. This pathway has been implicated in both normal and pathological aging
processes, positioning it as a promising target for therapeutic intervention, especially during the
early stages of the AD [Mannick and Lamming, 2023]. Rapamycin is currently being evaluated as
potential disease-modifying therapy in clinical trials, including a Phase II trial (NCT04629495)
and a Phase I trial (NCT04200911), both involving older adults with mild cognitive impairment
or early-stage AD [Cummings et al., 2023]. Furthermore, rapamycin exhibits beneficial e!ects on
tau and amyloid burden in AD mouse models [Kaeberlein and Galvan, 2019]. While structurally
similar to rapamycin, everolimus exhibits favorable clinical pharmacokinetics, including improved
bioavailability and tissue distribution [MacKeigan and Krueger, 2015]. As a result, everolimus
could be a promising candidate for targeting the hyperactivated MTOR pathway in AD.

Table 3.6: Zero-shot prediction scenario for AD: the diseases that were considered for this analysis and
number of indication and contraindication drugs in custom data split generated following the "disease
evaluation" code from TxGNN code. (Adapted from Hu et al. [2024])

Disease ID Number of contraindications Number of indications
AD 28780 56 8

AD without neurofibrillary tangles 83960 2 7
Lewy body dementia 29296 2 0

Pick disease 28473 27 7
Dementia 37573 28 3

Table 3.7: Performance in five di"erent disease areas. The median metrics are summarized as the average
across contraindications and indications. (Adapted from Hu et al. [2024])

Adrenal gland
Recall
@20

AP
@20

MRR
@20 F1 AUPRC

1:1 AUPRC

TxGNN 0.591 0.728 0.720 0.616 0.585 0.632
BioKGC 0.564 0.901 0.917 0.393 0.588 0.729

Anemia
Recall
@20

AP
@20

MRR
@20 F1 AUPRC

1:1 AUPRC

TxGNN 0.445 0.458 0.513 0.236 0.666 0.339
BioKGC 0.503 0.496 0.526 0.311 0.678 0.412

Cardiovascular
Recall
@20

AP
@20

MRR
@20 F1 AUPRC

1:1 AUPRC

TxGNN 0.102 0.173 0.198 0.059 0.604 0.108
BioKGC 0.17 0.230 0.253 0.075 0.613 0.139

Cell proliferation
Recall
@20

AP
@20

MRR
@20 F1 AUPRC

1:1 AUPRC

TxGNN 0.535 0.493 0.557 0.260 0.823 0.442
BioKGC 0.605 0.625 0.662 0.387 0.829 0.561

Mental health
Recall
@20

AP
@20

MRR
@20 F1 AUPRC

1:1 AUPRC

TxGNN 0.166 0.230 0.267 0.112 0.617 0.156
BioKGC 0.211 0.261 0.285 0.123 0.576 0.188

http://www.adatlas.org/?type=geneSymbol&ids=BDNF&cutoff=genome-wide&expansion=yes&expand_on=coexpression&distance=1&tissue_coreg=Brain%20Cortex&sample_coabun=brain&sample_mqtl=brain&sample_ggm=brain&sample_mwas=brain&layout=default&include_traits=no&self_loops=no
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Figure 3.13: BioKGC predictions in a custom data split for AD. The top predictions of contraindi-
cations and indications for custom AD. The data split was obtained using TxGNN’s disease evaluation
code. The ground truths were known treatments in PrimeKG. Visualization of the gradients on paths im-
portant for predicting (B) known tacrine and (C) unknown nicotine for AD. The top 10 paths are shown,
with edge width reflecting edge weight, and the path with the greatest weight colored red. (Adapted from
Hu et al. [2024])
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Chapter 4

Discussion and Outlook

Biological systems can naturally be modeled in networks with biological entities as nodes and
their interplay as edges. Especially the ability of network models to comprehensively capture
complex interactions is of importance to gain deeper understanding of the system, e.g. that give
rise to properties of health and disease. One of the main challenges in network biology revolves
around the integration of diverse data types, such as sequencing techniques and personal clinical
data, originated from patient and population cohorts, into so-called multi-omic or multi-model
networks that are specific to the disease system under study. Further, there is the need for e"cient
tools to explore these heterogeneous networks to elucidate the context of biological entities, such
as genes and diseases, and their interplay. In addition, research aims to predict links between
missing entities yet true, using accumulated knowledge from previous research to close gaps in
knowledge, coupled with good interpretability options to verify for biological plausibility.

In this thesis, I made contributions tackling all of these challenges in network biology. I co-
developed a multi-omic integration framework, KiMONo, to obtain a condition-specific network
derived from patient cohort data that retains statistical associations over regularized regression
(Section 2.5). Further, I proposed a node embedding based framework that utilizes random
walks and shallow embedding from the natural language processing field for e"cient exploration
of non-linear associations in these complex heterogeneous networks (Section 2.6). While these two
approaches model the interplay between biological entities as unimodal relations, there is great
potential in explicitly modeling the diverse relations. Distinction, e.g. between "activation" and
"inhibition" of a gene can be made, which is necessary to understand the underlying molecular
mechanism of action when performing knowledge completion. Thus, finally, I introduced a
graph neural network based tool to predict missing links in biomedical KGs, named BioKGC
(Section 2.7). In the following, each section is summarized and ideas for future methodological
improvements and extension are provided. This chapter is based on and partly identical to [Hu
et al., 2022, 2024, Ogris et al., 2021].

4.1 Summary of multi-omic integration and analysis of MDD

For the first part of this thesis, we proposed a method (KiMONo) that aids the joint analysis
of multiple levels of sequencing data by constructing a condition-specific network (introduced in

97
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Section 2.5). The framework integrates prior biological knowledge, reducing complexity through
feature preselection based on experimentally validated PPIs, and then uses statistical models
to identify dependencies using sparse-group LASSO penalty in a linear multivariate regularized
regression framework. After integrating di!erent data modalities, the resulting condition-specific
multi-omic network is analyzed using classical network statistics to identify important nodes.

To showcase the power of our KiMONo method, we applied it to the complex disease of MDD,
which is influenced by many internal and external factors (results in Section 3.1). We demon-
strated that KiMONo could identify a substantial portion of eQTL and eQTM genes (34.5%
and 26.7%, respectively) that were previously detected by MatrixEQTL using pairwise tests.
Moreover, when constructing regulatory networks with all features from various omic levels, we
uncovered additional associations that complemented the findings of MatrixEQTL. These associ-
ations only became apparent when considering the broader context of omic interconnections and
crosstalk. Notably, across all the top hits in the MDD dataset , we observed the relationships
to genes and methylation sites linked through second-order connections. For example, we identi-
fied the gene SLC39A11 as both an eQTL and an eQTM gene connected to the SNP rs1493550
and the methylation site cg26124719. Our findings emphasize KiMONo as a powerful approach
for uncovering these long-distance and indirect relationships while establishing comprehensive
regulatory networks. In addition to considering second-order links, we demonstrated the ad-
vantages of using multivariate models derived from diverse omic layers. These models revealed
intricate interactions between gene expression, genetics, and methylation patterns that remained
undiscovered by pairwise models. We could clarify these connections by carefully addressing and
accounting for the residual e!ects of all features except the one of primary interest.

In summary, we demonstrated that KiMONo is a versatile approach for generating fully inte-
grated and holistic multi-level networks, e!ectively capturing the data-supported interactions
across omics levels. Applying KiMONo to MDD revealed that central nodes within the inferred
multi-omics disease networks were essential to its pathophysiology. Therefore, the comprehen-
sive networks derived through KiMONo can be valuable tools for uncovering key regulators in
complex diseases.

Besides the systematic analysis of robustness regarding the noise levels in the data and sample
size, the framework was examined in detail regarding the missingness in the number of features
by Henao et al. [2022]. Here, the authors regarded the variance explained with varying degrees
of missingness in the features. Among the investigated models were a few that could deal
with missing data in random or block missingness, such as knnSGLasso, S(A)Lasso, G(A)Lasso,
HMLasso, CoCoLAsso, and BDCoCoLasso. More ideas for future work are discussed jointly with
the framework for network embedding (Section 2.6) in Section 4.2.2.

4.2 Summary and outlook for network embedding in biology

In Section 2.6, I introduced a framework combining network inference and embedding to e"-
ciently integrate and analyze multi-omic information. The first step of the framework relies on
the method KiMONo described previously (Section 2.5) to generate a multi-modal network. In
the second step, the network was embedding using random walks and a shallow learning approach
to obtain low-dimensional representation of each node, which can be used to e"ciently query the
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relationship between nodes as defined by vector similarity.

We used this framework to analyze COVID-19 genes using pre-pandemic population cohort data
from the GETx project, including expression data from diverse tissues and genomic and pheno-
typic information for over 900 patients across 50 tissues (results in Section 3.2). First, I created
a multi-modal network where genes were associated with other data modalities, such as tissues,
phenotypes, COVID-19 comorbidities, and PRS related to COVID-19 severity and hospitaliza-
tion, through multiple regression. Second, the network was embedded into a latent space and
each node was represented by a low-dimensional vector using DeepWalk. Third, we used this
representation to e"ciently analyze node relationships, linking COVID-19 genes to diseases and
tissues, assuming that associated nodes would be nearby within the embedding space and exhibit
high similarity scores. We found strong connections between COVID-19 genes and diseases such
as ischemic heart and cerebrovascular diseases. Notably, PTPN6 was associated with multiple
comorbidities and genetic predisposition to COVID-19, indicating its importance in severe cases.
Our approach contextualized COVID-19 genes within tissue and disease frameworks, highlighting
the significance of known and novel genes in disease severity.

In step one, the multi-modal network derived from the GTEx pre-COVID-19 population cohort
exhibited high quality, yielding high gene model performances, as evidenced by the R

2 values.
Additionally, we ensured the embeddings’ quality by optimizing the parameters to maximize the
variance of the resulting node pair cosine similarity distribution. The low standard deviation
of similarity scores between any two vectors across the 100 runs reflected the robustness of
the obtained embeddings, further validating the reliability of the embedding. We thoroughly
validated the network embedding, based on tissue and disease similarity. Tissue-specific genes
were significantly enriched in the set of genes with the k highest similarity scores to the respective
tissue compared to those with the k lowest (with k = [50 100, 200, 300, 400, 500]). Our method
successfully identified the most important factors for each tissue. Furthermore, the embedding
was validated by its ability to reproduce disease-related factors, including those associated with
ischemic heart disease, T2D, MDD, chronic kidney disease, and cancer. Interestingly, the top
similar nodes originated from the n-hop neighborhood in the initial KiMONo network.

This means our approach accomplished two essential tasks: (1) it prioritized significant factors
from the multitude of connections in the original network, and (2) it identified factors connected
over one, two, and three hops. With the embedding, we could examine the relationship between
any two nodes in the entire network context, not restricted to only directly connected nodes.
The information gained beyond the original network was attributed to the embedding’s training,
which considered sequences within random walks, e!ectively incorporating the larger context of
each node into the embedding process. This comprehensive approach enhances our understanding
of complex biological relationships and contributes valuable insights to disease research.

After proving the validity of the embedding space, we comprehensively explored the multi-modal
context of previously identified COVID-19 genes, uncovering patterns from di!erent experimental
types. Each experimental approach captured distinct information about the genes’ functions and
associations. For example, networks derived from genes identified through physical interaction
experiments shed light on the roles of ribosomal proteins. They highlighted ribosomal proteins’
roles, while CRISPR studies emphasized proteases and genes linked to COVID-19 comorbidi-
ties, such as SMARCA5 and TRAF3. Patient blood data showed associations with proteases,
ribosomes, DNA repair, ubiquitination, and cytoskeletal processes. PTPN6 stood out in the
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patient blood data, exhibiting associations with multiple comorbidities and playing a central
role in COVID-19 when other comorbidities, such as hypertension or COPD, were present. Our
analysis also revealed the involvement of various tissues, including the brain and small intestine,
in COVID-19.

The framework has certain limitations concerning the prior used to establish PPI links. We
analyzed around 7,000 genes mapped to the prior, but it could be extended to cover all human
protein-coding genes. Additionally, our PRS was limited to GWAS studies, focusing on diseases
most relevant to COVID-19. However, other diseases could be included in a cross-tissue cross-
disease cohort to expand the analysis.

The strength of our approach lies in the large cohort size, enabling contextualization of the
disease’s impact across di!erent tissues at a population level. The substantial number of samples
provided statistical power, particularly for brain tissues. Notably, our study represents the first
analysis of the genetic predisposition to COVID-19 using a pre-COVID-19 population cohort
encompassing multiple tissues while considering genetic predisposition, developed diseases, and
phenotypes. This comprehensive approach allowed us to understand the complex disease on
multiple layers, from genetics to comorbidities influenced by environmental factors, leveraging
complementary information.

4.2.1 Extension of embedding space validation

One challenge we faced was validating the embedding space for biological meaningfulness. In our
study, we successfully validated it over tissue and disease-specific genes. However, it might also be
achieved, for instance, over the strength of module detection of protein complexes [Forster et al.,
2021]. We advise researchers to define a way for embedding validation right in the beginning,
alongside study design.

4.2.2 Extension of network assembly methods

Alternative statistical models can be considered in addressing multicollinearity and non-linearity
in the data to improve network assembly. When features are correlated, least squares estimates
may be biased [Zou and Hastie, 2005], leading to poor performance in some biological contexts
[Sun et al., 2020]. Techniques such as principal component regression (PCR), which regresses
on uncorrelated PCs, can help handle multicollinearity [Jolli!e, 1986]. PCR can also be seen as
a dimensionality reduction method if only a subset of PCs with the highest variance are used.
Additionally, while sparse-group LASSO and PCR capture linear dependencies, non-linear models
can also be explored due to the complexity of biological systems. Random forest models can be
a simple alternative, allowing for network assembly by setting thresholds on feature importance
derived from permutation or impurity reduction [Breiman, 2001].
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4.2.3 Extension of embedding methods

While we used the DeepWalk algorithm [Perozzi et al., 2014] for network embedding, and it
captured meaningful relationships between nodes, there are extensions to the simple algorithm
that could be explored further. For example, in the case of node2vec [Grover and Leskovec,
2016], the random walks are biased towards breadth-first-search or depth-first-search, making it
possible to either focus more on the local neighborhood or sample from the global structure. Chen
et al. [2019] used this algorithm to identify oral cancer-related genes. Other node embedding
techniques exist besides node2vec (Section 2.4.3.2). Qiu et al. [2018] summarized and unified
them into the matrix factorization framework.

Two notable embedding methods are metapath2vec and metapath2vec++, developed to specifi-
cally tailor heterogeneous networks [Dong et al., 2017]. Instead of treating all node and edge types
identically in random walks, meta-paths predefine the traversal sequences through the network
regarding node and edge types. A meta path could be "genetic" - "gene expression" - "tissue" -
"disease state", enforcing the order of node types to visit. These metapath-based random walks
generate node embeddings in a heterogeneous skip-gram model to construct the heterogeneous
neighborhood. These methods could be especially meaningful in biomedical graphs that su!er
from modalities with di!erent information content and a highly biased number of nodes, albeit
with heavy usage of domain knowledge in defining meta paths. Besides network embedding
methods using shallow neural networks, there is also a range of graph DL methods, such as
GraphSAGE [Hamilton et al., 2017a].

4.3 Summary and outlook for KG reasoning

As detailed in Section 2.7, I introduced a method to perform link prediction in biomedical KGs,
closing gaps in our understanding of biological systems. While the previous frameworks oper-
ated on graphs that are based on one type of relation (statistical association obtained regularized
regression models), we now turn towards modeling the type of relations between entities in bio-
logical knowledge graphs explicitly. This allows for a more detailed investigation and prediction
of relations, such as to distinguish between "activation" and "inhibition" or "indication" and
"contraindication". Our model, BioKGC, was adapted from NBFNet, a message-passing GNN
which learns path representations between two nodes for the prediction of missing links, taking
specific relation types into account. BioKGC was adapted to suit the requirements of biomedical
KGs in sampling appropriate negative samples and the usage of background information inform-
ing predictions. I showcased the method on the proof-of-concept applications of predicting links
between genes and their functions for functional annotation and identifying therapeutic oppor-
tunities by linking drugs and diseases in a challenging zero-shot prediction scenario (results in
Section 3.3). Notably, I also illustrated the strength of BioKGC’s interpretability tool to visual-
ize important paths for a prediction, allowing for better understanding, uncovering training or
data biases, and evaluating the predictions for biological plausibility.
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4.3.1 Functional annotation

For the functional annotation task, which constitutes a proof-of-concept application of recon-
structing the KEGG pathway database, we benchmarked BioKGC against various methods,
including the classical KGE methods of TransE, DistMult, and RotatE. Furthermore, as a repre-
sentative of methods using a GCN, we compared BioKGC against R-GCN. In summary, BioKGC
outperformed KGE and R-GCN based on learning node embeddings for prediction. In the setting
without the BRG, the relative gain in performance was 23.2% over the average KGE model and
35.2% over R-GCN. Leveraging the BRG provided a relative gain of 69.9% and 58.7%, respec-
tively. Since all other methods could not e!ectively leverage the additional information supplied
over the underlying biological regulation for predicting the pathways and genes, BioKGC achieved
the best performance.

We hypothesize that BioKGC outperformed embedding methods due to its ability to prioritize
relational paths between entity groups of interest rather than treating each triplet (G-G, C-
G, C-C, P-G in our case) with equal importance, as embedding methods typically do. This
distinction becomes crucial when dealing with a KG containing appreciable noise. Here, the KG
may include additional triplets that may not prove helpful, such as those found in the BRG,
which contains numerous links not essential to our specific task. Remarkably, leveraging the
underlying BRG in BioKGC improved the prediction of gene functional annotations. Moreover,
BioKGC enabled us to visualize predictions by examining the gradients along the paths and
identifying the prediction’s most influential nodes and relations. This interpretability feature
allows results to be verified and explained, which embedding methods lack.

4.3.2 Drug repurposing

For a more exciting and challenging application of predicting drugs for treating diseases, we
applied BioKGC to a zero-shot prediction scenario defined by TxGNN, a state-of-the-art method
tailored to this application. Training the TxGNN model is divided into pre-training and fine-
tuning steps. During pre-training, all edges are used to learn node embeddings, giving equal
importance to all. However, only triplets with relations of interest (i.e. indication, contraindica-
tions, and o!-label use) are used during fine-tuning. This approach ensures extra focus on the
nodes of interest, especially drugs and diseases. In addition, disease nodes with little molecular
characterization are enhanced with a disease similarity auxiliary embedding in a gated manner,
depending on the degree of the nodes. In BioKGC, we made non-drug-disease triplets available to
the model as a BRG for message passing but not for supervision, allowing us to focus directly on
relations of interest. Furthermore, BioKGC did not require learning auxiliary embeddings to en-
hance the nodes. Provided some paths connect the disease entities and target drugs, meaningful
predictions could be made over the relations.

BioKGC outperformed TxGNN in all five zero-shot disease areas: adrenal gland, anemia, cardio-
vascular, cell proliferation, and mental health-related disease. The average performance increase
(AUPRC) across all areas was 20.2%, demonstrating the power of path-based reasoning meth-
ods, especially in predicting indications. In addition, BioKGC achieved higher Recall@k values
than TxGNN. Overall, 61.9% of the known treatments were recovered by BioKGC at k = 20,
while only 53.9% were recovered by TxGNN. In conclusion, our model was notably better at
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prioritizing positives among k-top predictions (especially at low k, such as k < 20).

Since prioritization is especially important in biology, using BioKGC, fewer predictions must be
verified for their biological plausibility in practice for hypothesis generation or experimental
validation. However, the variance in performance was slightly higher for BioKGC than for
TxGNN, likely due to more stable predictions when auxiliary node embeddings were supplied
over a disease similarity learning module in TxGNN. In addition, BioKGC relies on the exact
edges available to learn path representations after removing 95% of the edges of disease nodes to
other biological entities during the data split.

The interpretability tool based on gradients along the path provides insights into details of drug-
disease predictions, making validation (e.g., bosutinib for ALL) and the generation of hypotheses
possible (e.g., acitretin for gastric cancer or nicotine and bupropion for AD). We showed that
the BioKGC model retrieved the most important paths for the prediction, capturing meaningful
associations. Also notable is the supply of a new custom graph during inference. While the
BioKGC model learned similarities between diseases and relied on them for the prediction, we
provided a subgraph where similar diseases to ALL were removed during inference. Here, we dis-
covered that the most important path for the prediction passed through essential proteins in the
mode of action of the clofarabine, namely SMC1A and POLA1, related to DNA synthesis. Using
a di!erent graph during training and inference is another advantage of path-based compared to
embedding-based methods. This di!erence would be especially impactful in an inductive setting,
where a new graph with di!erent nodes is supplied. Our experiment providing a subgraph shows
the flexibility to elucidate the interpretability when excluding similar diseases and hints at the
potential of a fully inductive KG reasoning. The requirement is that all nodes for inference are
connected to the graph and no new relations appear in the prediction queries. We look forward
to benchmarking the fully inductive reasoning task in future studies.

4.3.3 Bias from training data and identification of most informative triplets

The limitations of BioKGC include the potential encoding of biases in the training data. The
AD example illustrated that almost all known treatments were retrieved in the top predictions.
However, many unknown but FDA-approved drugs in the PrimeKG database were not retrieved.
Upon investigation, none of these drugs (e.g., pramiracetam, memantine, and lecanemab) had
disease indications in the database. Thus, the model could not learn from their connections.
Consequently, none were recovered as potential treatments. While the predictions for the known
symptom-treating drugs were made through neuropsychiatric-related diseases, emphasis on the
molecular interaction may uncover more disease-modifying treatments. Future improvements
could exclude message passing over dominant relations such as indication but focus on molecular
interactions.

In our examples, BioKGC mostly retrieved nodes of the type "exposure," "phenotype," "gene,"
"disease," and "drug" with their relations in the local subgraph, such as "disease-disease,"
"disease-indication," and "disease-protein." They were most informative to the predictions. Fu-
ture work could focus on ablation studies to systematically evaluate informativeness, removing
triplets of one relation type at a time. Moreover, while the learned paths are meaningful and
su"cient for treatment prediction, little is revealed about the specifics of the molecular mode of
action, such as the subsequent signaling cascade after drug intake. Improvements can be made
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to the data used for training for further investigation of biomedical KG for drug prediction. We
propose 1) the sparsification and removal of certain dominant edges and uninteresting edges,
and 2) the addition of fine-grained information on the molecular interactions on the protein level,
such as replacing the PPIs with specific relations (e.g., from Biogrid detailing "phosphorylation,"
"ubiquitination," "upregulation," and "downregulation").

4.3.4 Misjudgement of model capacity under open-world assumption

A general note is that under the open-world assumption, the metrics reported to evaluate the
models’ performance might not be entirely consistent with their strength, which usually must
be measured on the complete KG. All known positive ground truth items are ranked against
unknown triplets in ranking-based performance metrics. However, some positive items missing in
the KG could rank higher than known test answers, making the rankings of the latter drop. When
recognizing correct answers, the performance might not increase proportionally with the strength
of model [Yang et al., 2022]. The authors investigated the degradation and inconsistency of the
performance metric MRR for cases of high incompleteness of the links in the KG. They discovered
that issues occur primarily when a correlation exists between missing links and certain entities.
These issues are relevant for biomedical KGs, where 1) there are many gaps in our knowledge
about biological processes, and 2) there is bias in the accumulated knowledge regarding specific
fields. Missing facts are not uniformly distributed but often related to certain entities or entity
types. For example, not all diseases have been studied uniformly, with some receiving more
attention than others, sometimes merely due to their prevalence or complexity.

4.3.5 Improvement of the biological regulatory graph

Future research could focus on tailoring the KG used for drug-disease prediction to include
more informative sources. Our interpretability tool revealed the model’s biases in leveraging
certain relation types for prediction. The most important paths traversed for treatment predic-
tion frequently led over similar diseases and their drug annotations. While these relations are
informative, they have limited explanatory power over the molecular drug e!ect. We counter-
acted this issue by removing similar diseases from the inference graph, uncovering the mode of
action of drugs. However, this issue of preferring drug-disease relations for prediction should be
addressed early on. We recommend training the model on edges with fewer drug-disease edges,
which can be achieved by augmenting the data or the model. In addition, fine-grained relations
(e.g., from the BioGRID Biochemical Activity panel, such as "phosphorylation", "methylation",
"sumoylation", "upregulation", and "downregulation") could replace generic relations such as
"protein-protein interaction" to fully detail the biological processes [Stark et al., 2006].

Another future perspective of KG reasoning is the use of condition-specific graphs. The KGs
we used detailed all possible interactions derived from a wealth of experiments and literature.
However, they are not specific. Instead, we suggest a tissue-specific co-expression graph, for
instance, to predict functions specific to each tissue. Alternatively, disease graphs built on
patient sequencing information could be used for personalized drug predictions. One e!ort to
create customized biomedical KGs has been initiated by BioCypher, harmonizing molecular
alongside ontology, genetics, tissue, patient, disease, and drug data [Lobentanzer et al., 2023].
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4.3.6 Future extensions from node features, hypergraphs, and graph founda-
tion models

Instead of sub-setting a KG to create a tissue-specific network, as proposed in the paragraph
above, another approach would be to use all nodes of the graph and introduce the tissue-specific
expression over the node features. This would allow the addition of experimental sequencing
data to further inform predictions. Another interesting future extension is the reasoning on
hypergraphs with edges connecting more than two nodes, such as the case with polypharmaceu-
tical e!ects when two drugs are used together, causing an unwanted e!ect. Lastly, reasoning
on biomedical KGs could generally be used to inform large language models to counteract the
generation of coherent yet factually incorrect outputs, especially in the biological domain [Pan
et al., 2023, Zhang et al., 2024].

Another interesting development is the rise of foundation models, which are trained on broad
data in a self-supervised manner and adapted to a range of specific tasks using transfer learning
[Bommasani et al., 2022]. They have applications in fields such as language, vision, and robotics.
Galkin et al. [2024] recently made the first e!ort in a graph foundation model for KG reasoning.
While inductive inference only generalizes to graphs with unseen nodes while maintaining the
same relation types, the authors showed how to transfer across graphs containing arbitrary entity
and relation vocabularies. Eventually, creating a foundation model for the biomedical domain
trained on the accumulated knowledge across fields would be useful for many specific downstream
tasks. A first e!ort towards foundation model in biomedical domain is given by BioBridge [Wang
et al., 2024], where the authors bridge unimodal learned models to unify into one model. This
model learns a transformation from one data space to another, facilitating multi-modal behaviour.

4.4 Conclusions

The contributions of this thesis showcase graph ML as a powerful tool to model and understand
biological data. Network biology is essential in integrating multiple omics data levels to uncover
intricate biological interactions and identify key players in complex diseases such as MDD. In
the first contribution of this thesis, we showed how to perform multi-omic integration retaining
statistical associations from multi-variate regularized regression models suitable for the p ↑ n

problem, where the number of variables (p) greatly exceeds the number of samples (n). This
contribution addressed the (i) and (ii) challenges of network biology (Section 1.1) by creating a
condition-specific network using KiMONo which was derived from a prior containing all possible
interactions based on heterogeneous patient data. Based on patient/population cohort quantita-
tive sequencing data, only statistically relevant relations between nodes are retained. Then, key
players in health and disease were uncovered over classical network analysis tools to identify the
most important genes for the complex disease, MDD.

The second contribution of this thesis addressed the challenges (i), (ii) and (iii) to analyze
integrated multi-modal data of condition-specific networks e"ciently. This was achieved using
network embedding techniques to capture meaningful biological relationships, thereby elucidating
the multi-omic context of the disease nodes, such as the heterogeneous disease, COVID-19. We
were able to prioritize significant factors from the multi-modal context of a node that were not
restricted to only the 1-hop neighborhood. We attribute this information gain beyond the original
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network to learning the embeddings based on random walks, which can incorporate a larger
context for each node in the embedding process. In addition, the direct similarity operations
directly based on nodes’ embeddings provide an e"cient and straightforward contextualization
of a biological entity, such as COVID-19-related genes, allowing the understanding of its multi-
modal role.

While the first two contributions modeled the statistical interactions between entities, the usage
of knowledge graphs and approaches to explicitly take diverse relations into account facilitates
the fine-grained understanding of interplay going beyond unimodal associations, thereby address-
ing the challenge (v). Reasoning on biomedical KGs that exhibit detailed relations, such as "in
complex with", "phosphorylation", "indication", accelerates research by learning from existing
knowledge to predict new links, fueling hypothesis generation on functional annotation and ther-
apeutics prediction, thereby addressing the challenge (iv) to complement incomplete knowledge.
Further, a mechanism of action can be proposed to uncover biases and verify biological plausi-
bility, addressing the challenge (vi) to improve interpretability. However, as discussed in Section
4.3, future work should include condition-specific networks, such as those derived from tissue or
disease specificity (challenge (i)).

In summary, graph ML is a powerful tool to model biomedical systems - to integrate hetero-
geneous data, embed entities meaningfully, and reason on KGs for new hypothesis generation -
that will continue to develop and substantially improve our understanding of complex biological
systems.
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Figure 4.1: Sample number per GTEx tissue subtype used for network inference. (From Hu et al.
[2022])
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Figure 4.2: Correlation of di!erent modalities derived from Polygenic Risk Scores (PRS) (blue),
comorbidities (purple) and phenotypes (orange), given as pearson correlation. (From Hu et al. [2022])
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