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L I S T O F F I G U R E S

Figure 1.1 The general goal of drug development is the identi�cation of a drug

that can treat a certain disease(A) . In drug repurposing ( DR), only

drugs and pharmacoactive components, that are already known,

are screened to identify such links. (B) In a network-based setting,

the disease-gene association layer and the drug-target interaction

layer can be combined, to identify shared genetic links between

existing drugs and known disorders. (C) Multiple reasons limit

the power of direct disease-gene-drug link analysis. Firstly, most, if

not all of them, are already well researched. Secondly, traditional

disease de�nitions do not �t to the systems medicine approach and

the genetic background might not be fully known, both leading

to inadequate disease genes. Using the protein–protein interaction

(PPI) layer in between drugs and diseases can help to buffer these

issues and identify the disease modules that de�ne the mechanistic

basis of the disorder which can be targeted by one or multiple drugs

(D) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

Figure 1.2 The network-based drug repurposing ( DR) work�ow commonly

consists of four distinct steps: I) Disease associated genes are identi-

�ed, e.g., through differential gene expression analysis, knowledge

annotated in databases or knowledge graphs, expert knowledge, or

any other way. II) The disease genes are taken as input for disease

module detection, where specialized algorithms attempt to identify

more genes within the same context. The goal is to include genes

that either were missing from the initial gene set through method-

ological limitations or a lack of knowledge and to recruit additional

potential drug targets indirectly affecting the disease genes. III)

Given the disease module, drug prioritization algorithms create a

ranked list of drug candidates. IV) In order to �lter out unreliable

predictions, in silico validation can be employed on modules and

drug candidate results. Statistical and annotation-based approaches

are the most common ones to estimate result quality, apart from

analytical validation of the results by including external sources

about disease genes and drug indications. . . . . . . . . . . . . . . . . 23
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Figure 1.3 Summary overview of the network-based drug repurposing ( DR)

work�ow in A) and which steps are covered by the presented pub-

lications in B). A) For a more nuanced depiction, step I) , II) , and IV)

have annotated sub-categories presenting different solutions to the

presented steps. In II) “Network integration” relates to enabling dis-

ease mechanism exploration by integrating gene information with

network data, enabling connection-based assessments. “Detection

algorithms” then speci�cally hints towards purposefully integrated

functions and algorithms assisting this mechanism identi�cation

step leveraging the network information. In B) this �ne-grained

split is utilized to highlight intrinsic capabilities of the presented

tools as solid lines, and the expanded and available functionalities

through synergistic integration of others of the presented projects.

NeEDL and the Epistasis Disease Atlas provide a novel solution

for de novodisease gene identi�cation based on network-medicine

assumptions and provides a user interface (UI ) for interactive explo-

ration of results, integrated with network information. The referral

to Drugst.One expands the on-site functions with the whole chain

of network-based drug repurposing ( DR) functionalities, from dis-

ease module detection to drug prioritization. DIGEST provides

the missing in silico validation tools for generated disease modules.

NeDRex-Web is separated from the other three solutions to highlight

the effort of it being a fully integrated and self-suf�cient end-to-end

solution attached only to the NeDRex infrastructure, in contrast to

the other published projects. . . . . . . . . . . . . . . . . . . . . . . . . 36

Figure 2.1 The NeDRex-Web work�ow (Reprinted from publication A [250],

©2024 IEEE): NeDRex-Web covers all steps of the network-based

drug repurposing ( DR) pipeline end-to-end. (A) Users start an analy-

sis by selecting a starting point, e.g. �nding genes that represent a

disease and analyze them.(B) For this, users can decide between ex-

ploring freely through manual network �ltering and guided network

link analysis steps, or by applying network medicine algorithms. (C)

Detailed and informative result overviews provide researchers with

options for additional steps, such as the in silico validation of results,

exploration through the interactive network explorer, the export or

consultation of linked resources for external follow-ups or simply

(D) the option to iteratively deepen or re�ne their hypothesis. All

generated results are stored for the user in their personal history. . . 41

vi
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Figure 2.2 Drugst.One (Reprinted from publication B [251] with permission

from Oxford University Press): Drugst.One can help to transform

any existing website (A) dealing with some list of genes or proteins

by adding drug repurposing ( DR) features. (B) With as little as three

lines of code, two imports and the use of the <drugst-one> tag in

the html body for actually rendering the component, Drugst.One

provides a full suite of easy to use and highly customizable function-

alities for (C) simple context exploration of annotated information,

network-driven analyses, disease mechanotyping, drug prioritiza-

tion and in general disease mechanism or drug repurposing ( DR)

hypothesis generation. . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

Figure 3.1 NeEDL and EpistasisDiseaseAtlas (Reprinted from publication C

with permission from Oxford University Press): To be able to assess

mutation combinations that could explain complex phenotypes with

a depth and statistical signi�cance that has been unseen before,

NeEDL provides a heuristic approach based on the combination of

network medicine information with local-search-driven epistatic in-

teraction set re�nement. So-called single nucleotide polymorphism

(SNP)-single nucleotide polymorphism ( SNP) interaction networks

are created on biological information, such as protein–protein inter-

actions (PPIs) combined with the single nucleotide polymorphisms

(SNPs) association to genes, to limit the searchable space of the

local-search algorithm. Local-search was prepared and implemented

to not only run on traditional binary hardware but also quantum

computing ( QC) hardware, preparing for once it is readily avail-

able. Results are stored and provided through the Epistasis Disease

Atlass (EDAs), a �rst-of-its-kind online resource for promising hu-

man epistatic interaction sets, options for re�nement, and the direct

possibility to start drug repurposing (DR) analyses. . . . . . . . . . . 64

Figure 4.1 DIGEST (Reprinted from publication D [273] with permission from

Oxford University Press): Overview of in silico validation functions

provided. (a) Gene or disease sets, clusterings, or subnetworks can

(b) be evaluated with or without a reference to compare to regard-

ing their functional and genetic coherence, respectively. For this,

information from NeDRex, KEGG, Gene Ontology, and others is

integrated allowing the support of multiple identi�er ( ID) spaces,

the functional and genetic annotation, and the establishment of a

background signal for empirical p-value calculation. (c) Results are

persistently reachable through a stable URL and present options to

deeply analyze the composition of the input selection of diseases

or genes based on their functional annotation to assess mechanistic

hypotheses and re�ne or expand the search for additional evaluation. 87
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Figure 5.1 Webtool Reach: Cumulative Unique Interactions: Apache vhost

logs are processed by splitting all tools into individual logs (where

necessary), applying some �lters to remove non-genuine requests

as far as possible, and then plotting unique Internet Protocol ( IP)

interactions aggregated over all components of each tool (A) and

split into the individual components statistics, where possible, (B)

over time. The colors are in line with Figure 1.3, where purple

corresponds to Drugst.One related services, turquoise to NeDRex-

Web, red to the Epistasis Disease Atlas (EDA) and blue to DIGEST.

The tools in gray are 23 other publicly hosted web tools on the

same web server for comparison. In July 2023 the server was �rst

set up, hence no older logs exist, even though some tools predate

this timepoint. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Figure 5.2 Webtool Usage: Monthly Total Requests (Hits): Logged requests

serve as a proxy for general continued interest and recurring usage.

This �gure highlights the absolute monthly usage statistics (in num-

ber of requests logged) as a proxy for general continued interest

in and usage of the tool, regardless of it being new or recurrent

users: (A) Aggregated monthly hits per tool, showing Drugst.One's

steadily high request volume. (B) Component-speci�c monthly hits,

revealing the high traf�c levels sustained by backends and APIs

compared to front-facing websites. . . . . . . . . . . . . . . . . . . . . 106

Figure A.1 Web Tool Reach: Cumulative Unique Interactions - Un�ltered: This

�gure was created equivalently to Figure 5.1, but the completely

un�ltered server logs were used as source of the statistics. . . . . . . 137

Figure A.2 Web Tool Usage: Monthly Total Requests (Hits) - Un�ltered: This

�gure was created equivalently to Figure 5.2, but the completely

un�ltered server logs were used as source of the statistics. . . . . . . 137
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A B S T R A C T

Finalizing the �rst human genome assembly in 2003 gave rise to the hope that diseases,

even complex ones, would �nally become fundamentally understandable and treatable.

Yet, nearly a quarter-century into the postgenomic era, humanity is still far from achieving

universal treatment adequacy. A fundamental “translational gap” remains, leaving patients

of many disorders, especially complex conditions, underserved due to outdated disease

de�nitions, limited causal understanding of diseases, a lack of actionable biomarkers, and

a critical ef�ciency crisis in de novodrug development. Today, bringing a new compound

to market requires over a decade of research and investments exceeding $1 billion. One

major reason for these immense costs is that approximately 90% of drug candidates fail in

clinical trials. While drug repurposing ( DR), the identi�cation of new therapeutic options

for existing drugs, offers a cost-effective alternative, historical successes have largely been

serendipitous. To move beyond accidental discoveries and enable a targeted approach to

underserved conditions, it is essential to elucidate the mechanistic background of diseases

for precise targeting with drugs. Systems medicine provides an adequate, conceptual

paradigm for this holistic view of the human organism. A practical computational

implementation of systems medicine is called network medicine, abstracting biological

entities and their complex relationships into a graph of nodes and edges to allow for

the systematic analysis of molecular interplay and associated relations. Through this

framework, network medicine identi�es disease modules, i.e. functional units of multiple

genes involved in a disorder, to prioritize therapeutic candidates and uncover the systemic

perturbations driving complex phenotypes.

However, the potential of network-based DR is hindered by three primary bottlenecks

that prevent the translation of computational hypotheses into clinical reality. First, a lack

of democratization persists because existing network tools are often too complex or

fragmented for domain experts –such as clinicians and pharmacologists– to use effectively.

Second, aseed gene knowledge gap remains; inconsistent disease de�nitions and the

“missing heritability” of complex traits can make it dif�cult to identify appropriate genetic

starting points for network analyses. Finally, an in silico validation gap exists, as the �eld

lacks robust, quanti�able metrics to assess the mechanistic relevance of identi�ed disease

modules and repurposing hypotheses before moving to expensive experimental veri�cation.

This thesis addresses these three open challenges by presenting four novel, synergistic

software solutions that together cover the entire in silico network-driven DR value chain

while prioritizing accessibility and integrability. NEeDL provides a network medicine-

founded framework for identifying higher-order epistatic interactions from genome-wide

association study (GWAS) data for both classical binary and emerging quantum computing

x
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(QC) architectures. Through the associated Epistasis Disease Atlas ( EDA ) NEeDL results

for eight complex disorders are made publicly available, making it the �rst epistasis

candidate set resource and offering a novel source of disease-associated genes from

genetic data. NeDRex-Web offers a fully functional, browser-based environment for deep

network-driven mechanism exploration and drug prioritization, eliminating the technical

barriers of standalone software for interactions with the NeDRex database and adding

functionalities like facilitating tissue-speci�c analyses. Drugst.One is –predominantly–

a plug-and-play JavaScript solution that enables any biomedical platform to integrate

a comprehensive kit of network medicine and DR tools with minimal code, greatly

increasing the distribution of these methods. Finally, DIGEST introduces a novel statistical

approach for the in silico validation of disease modules, using functional and genetic

coherence metrics to increase the con�dence in computational �ndings.

These projects facilitate the democratization of network medicine by providing intuitive,

web-native interfaces. By collectively covering the full network-driven work�ow from seed

gene identi�cation to statistical validation, these tools allow domain experts to harvest their

expert knowledge in identifying DR candidates. At the same time, this work signi�cantly

lowers the entry barrier for network-driven research, hopefully accelerating the transition

from in silico hypothesis to real-world patient bene�t.
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K U R Z Z U S A M M E N FA S S U N G

Die Fertigstellung des ersten menschlichen Genom-Assemblys im Jahr 2003 weckte die

Hoffnung, dass Krankheiten, selbst komplexe, endlich grundlegend verstehbar und heilbar

werden würden. Doch fast ein Vierteljahrhundert nach Beginn der postgenomischen Ära ist

die Menschheit noch weit von einer �ächendeckenden adäquaten Gesundheitsversorgung

entfernt. Es besteht weiterhin eine fundamentale „translationale Lücke“, die dazu

führt, dass viele Patienten, insbesondere komplexer Erkrankungen, aufgrund veralteter

Krankheitsde�nitionen, eines begrenzten kausalen Verständnisses von Krankheiten,

eines Mangels an klinisch nutzbaren Biomarkern und einer kritischen Ef�zienzkrise

in der De-novo-Arzneimittelentwicklung unterversorgt bleiben. Heute erfordert die

Markteinführung eines neuen Wirkstoffs über ein Jahrzehnt Forschung und Investitionen

von mehr als einer Milliarde US-Dollar. Ein Hauptgrund für diese immensen Kosten

ist, dass etwa 90 % der Wirkstoffkandidaten in klinischen Studien scheitern. Während

das Drug Repurposing ( DR) – die Identi�zierung neuer therapeutischer Optionen für

bestehende Medikamente – eine kostengünstige Alternative bietet, beruhten historische

Erfolge bisher weitgehend auf Zufallsfunden. Um über zufällige Entdeckungen hinaus-

zugehen und einen gezielten Ansatz für unterversorgte Krankheiten zu ermöglichen,

ist es unerlässlich, den mechanistischen Hintergrund von Krankheiten aufzuklären,

um diese präzise mit Wirkstoffen adressieren zu können. Die Systemmedizin bietet

hierfür ein geeignetes konzeptionelles Paradigma für eine ganzheitliche Betrachtung

des menschlichen Organismus. Eine praktische computergestützte Implementierung der

Systemmedizin ist die Netzwerkmedizin, die biologische Entitäten und ihre komplexen

Beziehungen in einem Graphen aus Knoten und Kanten abstrahiert, um eine systematische

Analyse molekularer Wechselwirkungen und zugehöriger Beziehungen zu ermöglichen. In

diesem Rahmen identi�ziert die Netzwerkmedizin Krankheitsmodule – d. h. funktionelle

Einheiten von mehreren Genen, die an einer Krankheit beteiligt sind —, um therapeutische

Kandidaten zu priorisieren und die systemischen Störungen aufzudecken, die komplexen

Phänotypen zugrunde liegen.

Das Potenzial des netzwerkgestützten Drug Repurposing ( DR) wird jedoch durch drei

zentrale Engpässe behindert, welche die Übertragung computergestützter Hypothesen

in die klinische Realität verhindern. Erstens gibt es einen Mangel an Demokratisierung ,

da bestehende Netzwerk-Tools für Fachexperten – wie Kliniker und Pharmakologen –

oft zu komplex oder verteilt sind, um sie effektiv nutzen zu können. Zweitens besteht

eine sogenannte„Seed-Gene“ Wissenslücke ; inkonsistente Krankheitsde�nitionen und

die „Missing Heritability“ komplexer Merkmale erschweren es, geeignete genetische

Ausgangspunkte für Netzwerkanalysen zu identi�zieren. Schließlich gibt es eine In-silico -

Validierungslücke , da es dem Feld an robusten, quanti�zierbaren Metriken fehlt, um die

xii
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mechanistische Relevanz identi�zierter Krankheitsmodule und Repurposing-Hypothesen

zu bewerten, bevor diese einer kostspieligen experimentellen Veri�zierung unterzogen

werden.

Diese Dissertation adressiert diese drei offenen Herausforderungen durch die

Vorstellung von vier neuen, synergetischen Softwarelösungen, die gemeinsam die

gesamte In-silico-Wertschöpfungskette des netzwerkbasierten DR abdecken und dabei

Barrierefreiheit und Integrierbarkeit priorisieren. NEeDL bietet ein auf der Netzwerk-

medizin basierendes Framework zur Identi�zierung epistatischer Interaktionen höherer

Ordnung aus GWAS-Daten, sowohl für klassische binäre als auch für aufstrebende

Quantencomputing-Architekturen. Über den zugehörigen EpistasisDiseaseAtlas ( EDA )

werden NEeDL-Ergebnisse für acht komplexe Krankheiten öffentlich zugänglich gemacht,

was ihn zur ersten Ressource für Epistasie-Kandidatensätze macht und eine neuartige

Quelle krankheitsassoziierter Gene aus genetischen Daten bietet.NeDRex-Web bietet eine

voll funktionsfähige, browserbasierte Umgebung für die tiefgehende netzwerkgestützte

Mechanismus-Exploration und Wirkstoff-Priorisierung. Es beseitigt die technischen

Barrieren eigenständiger Software für die Interaktion mit der NeDRex-Datenbank und

bietet Funktionen wie die Erleichterung gewebespezi�scher Analysen. Drugst.One ist

allem voran eine Plug-and-Play-JavaScript-Lösung, die es jeder biomedizinischen Plattform

ermöglicht, ein umfassendes Kit an Netzwerkmedizin- und Drug-Repurposing-Tools

mit minimalem Code-Aufwand zu integrieren, was die Verbreitung dieser Methoden

erheblich steigert. Schließlich führt DIGEST einen neuen statistischen Ansatz für

die In-silico-Validierung von Krankheitsmodulen ein, der funktionelle und genetische

Kohärenzmetriken nutzt, um das Vertrauen in computergestützte Ergebnisse zu stärken.

Zusammengenommen fördern diese Projekte die Demokratisierung der Netzwerkme-

dizin durch intuitive, webbasierte Schnittstellen. Indem sie gemeinsam den gesamten

Work�ow von der Identi�zierung der Seed-Gene bis zur statistischen Validierung abde-

cken, ermöglichen diese Tools es Fachexperten, ihr Fachwissen bei der Identi�zierung von

DR-Kandidaten voll auszuschöpfen. Gleichzeitig senkt diese Arbeit die Einstiegshürde für

die netzwerkgestützte Forschung erheblich und beschleunigt hoffentlich den Übergang

von der In-silico-Hypothese zum realen Nutzen für den Patienten.
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I watch the shadows fall on horizons we echo
We are the difference

A congregation of like-minded hues and separation
An introversion of life

Am I broken, lost, battered, and tossed?
I was the one on the outside

Searching for peace I would never �nd
Black roses loom in the dark

Never to fall apart (To fall apart)
We were perfectly sewn over imperfect bones
We made a home in the shadow of madness

— lorna shore

"In Darkness" (2025)

Written by A. O'Connor, W. Ramos, and Lorna Shore
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1
I N T R O D U C T I O N

According to data from the World Health Organization ( WHO ), at the start of the 21st century

non-communicable diseases, diseases not transmissible between individuals, were responsible for

60% of global deaths, increasing to 70% just over a decade later [1, 2]. This trend persists despite

the milestone assembly of the human genome in 2003, which many believed would lead us into an

era of near-universal treatability [3, 4]. In the years since, the anticipated clarity of the post-genomic

era has been replaced by an appreciation for the immense complexity of human biology, proving

that genetic information is only one piece of a much larger mechanistic puzzle. With advancements

in understanding this complexity of the human organism and with next-generation and now

third-generation sequencing machines broadly available, genetics and genomics has undoubtedly

had a sizable impact on medical research since [5, 6]. Still, nearly a quarter of a century into

genetic and genomic research, immense limitations remain with regard to the causal de�nition of

many diseases and, thus, the availability of effective treatment options. For example, recently, the

long-standing theory of amyloid beta being causal and therefore the best target to treat Alzheimer's

disease was challenged, with the impact on the research �eld still being assessed [7, 8]. But it

is possible that this misinterpretation of correlation as causality slowed down the research for

effective treatments for this neurodegenerative disorder [7].

In general, de novodrug development requires more time and resources than ever before, giving

the impression that all “trivial” diseases and therapeutics have been identi�ed [9]. At the same

time, commonly prescribed therapeutics suffer from low ef�cacy and a high number needed to

treat (NNT ), a measure of the number of people who must be given a drug for one person to

bene�t from it [10–12]. Even though NNTs are a gross simpli�cation of a complex situation, they

reveal a fundamental problem in how diseases are currently understood and de�ned, and how

these de�nitions are used to prescribe drugs that may have limited or no effect on the disease or, if

anything, the symptom [13].

This thesis will assess how drug repurposing ( DR), i.e. identifying new applications for already

existing drugs, can help overcome or at least mitigate the current drug development crisis by

democratizing DR research. It will speci�cally show how combining DR with systems and network

medicine can help to elucidate the molecular mechanisms of disorders to �nd drugs that act on

these mechanisms. Knowledge of the molecular mechanism targeted by a drug further allows

clinicians to screen patients for speci�c, treatable perturbations and to avoid administering the

drug to those where the perturbation is absent. All of these approaches and their consequences

have the power to lower the observed high NNT . The focus of this thesis is to provide accessible

and integrated tools to the community, enabling not only computational specialists but especially

clinical experts, like pharmacologists, to contribute to the computational search for new drug

1
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1.1 the grand challenge : a crisis in drug development 2

potential.

To this end, this �rst chapters details the current issues and challenges of drug development

before introducing how systems and network medicine paradigms can help to approach these

problems. As a practical solution, mechanism-focused DR is introduced, including the underlying

concepts and computational tools that can help address these shortcomings. This chapter of the

thesis concludes by presenting the open challenges that must be addressed to realize this potential

and the speci�c steps taken as part of this doctoral research to move the �eld forward.

1.1 the grand challenge : a crisis in drug development

Despite the promise of the genomic era drug development faces a crisis of ef�ciency. It has never

been more resource consuming than now to develop a new therapeutic option for a speci�c

condition by identifying a previously unused chemical molecule or creating a completely new

compound. Typically, 10—15 years and $1.0—$2.6 billion are required from starting research on a

new target to drug approval [14, 15]. The U.S. Food and Drug Administration ( FDA) outlines the

required steps from start to approval, excluding the post-market safety monitoring, as: 1. Discovery

and Development of a new drug; 2. Preclinical Research, establishing basic drug safety in lab

and/or animal models; 3. Clinical Research, testing the drug in clinical trials; 4. FDA Review for

potential approval of the drug [16]. The “Clinical Trial Phases” of the “Clinical Research” step

(3) are the main hurdle for most efforts: Phase 1, establishing the safety and dosage of the drug

in healthy humans; Phase 2, establishing ef�cacy and side effects in diseased patients; Phase 3,

further studying the ef�cacy and identifying and adverse reactions in a larger patient group [17].

According to the FDA the amount of drugs not making it to the next phase of trials is 30%, 67%,

and 65–70%, respectively, collectively causing more than 90% of drug candidates to be dropped

some time during this clinical research step. The reasons can include issues concerning drug

delivery, dosing feasibility, and other translational roadblocks from initial preclinical successes

to trial ef�cacy [18, 19]. In the current drug development pipeline, drugs that show high ef�cacy,

meaning strong performance in controlled clinical trial settings, often fail to show the same level of

effectiveness in real-world clinical practice [20].

A major reason for this lack of effectiveness is that many drugs target surrogate markers

and treat symptoms yet fail to treat the actual disease. For example, many drugs focusing on

poorly understood conditions, like psychiatric, neurological, or pain-related disorders, achieve

only symptomatic or progression-altering treatment [21–24]. They can temporarily improve the

quality of life of patients or slow disease progression, but do not address the underlying disorder

[25]. Realistically, complete cure can often not be expected except in many infectious and some

cancer-related diseases with currently existing knowledge and techniques [26, 27]. While targeted

gene therapy holds the promise of curative treatment for a growing number of conditions, effective

disease management to reduce disease burden for patients remains the current standard of care

and the best especially medication can achieve [28–30].

Trials often measure drug ef�cacy based on surrogate markers that may not directly correlate

with disease progression or perceived severity [10]. A study has shown on a list of 41 drugs, that

in only around 15% of the cases approved drugs have associated genetic markers allowing for

strati�cation of highly-responding groups, hence, highly-effective treatment [13]. Of those, only
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1.1 the grand challenge : a crisis in drug development 3

around 50% are estimated to qualify for patient strati�cation [13]. In many other cases, conditions

might be multifactorial and too complex to expect high effect sizes from simple genetic markers

[31]. While 41 drugs are hardly representative it quanti�es the general issue.

Even if drugs appear to show potential in early trials, failures before reaching the market, or the

lack of effectiveness in real-world patients, can often be linked to trial design [32, 33]. The reliance

on animal models, currently already decreasing, leads to issues in translation to humans, as the

response to drugs or the actual condition can vary greatly between humans and other animals

[33–35]. However, even simple trials and approval processes are lagging behind in acknowledging

and accounting for sex differences, even though pharmacodynamic differences between biologically

male and female patients are well established in many disorders [36]. After passing all required

clinical trials, the drug needs to be proven to have a large enough effect on a given condition,

with a small effect size being suf�cient in case no other medication for a serious condition exists [37].

The current landscape reveals an inherent tension in regulatory oversight. On one hand, stricter

approval guidelines are imperative to ensure patient safety and the approval of only effective

treatments. Simultaneously, as approval processes have become more stringent, many established

therapies remain in use. Unless they cause major complications like thalidomide did, many older

drugs stay on the market even if they wouldn't meet today's regulatory requirements [38]. Aspirin,

for example, could fail the latest safety regulations. For an over-the-counter drug, its 1% risk of

gastrointestinal bleeding is very high relative to its comparatively low effectiveness when measured

against other non-steroidal anti-in�ammatory drugs like ibuprofen [39]. Recent studies highlight

the ineffectiveness of paracetamol in the treatment of low back pain, going against clinical care

recommendations and disease management guidelines [40]. Similarly, digoxin, a drug historically

used in treating cardiovascular disorders, shows a reduction in hospitalizations but carries a high

risk of overdose [41, 42].

So, while these drugs remain in use, the same stringent guidelines necessary for patient safety

can simultaneously hamper signi�cant progress in bringing new, affordable, and effective drugs

to patients. This is especially true for more precision-oriented medications focusing on causal

treatments of underserved conditions [22, 43]. The most extreme case of neglected conditions are

rare diseases. While more than 200 million people are estimated to live with a rare disease, each

individual disease affects a small part of the population, depending on the de�nition, fewer than

200,000 or even 2,000 people [44, 45]. Naturally, investing billions of dollars into developing a

drug for a rare disease where, in the eyes of a pro�t-oriented company, “worst case” only 2,000

people are affected and paying for a remedy is not of highest interest [25]. Especially not, when

additional regulatory hurdles complicate the approval of such DR drugs and no adequate return

of investment can be expected [46, 47]. Even �nancial incentives designed to address this gap,

such as the Orphan Drug Act, have had limited success. While the Orphan Drug Act led to the

development and patenting of drugs targeting rare diseases, the extended market exclusivity it

grants often limits affordability during the initial seven-year period, meaning even if the act incen-

tivizes development of new orphan drugs, it is not directed to the primary bene�t of patients [48, 49].

All these issues accumulate and negatively in�uence clinical outcomes. Because the molecular

understanding of how a medication acts on a disorder is often missing, well-founded biomarkers

that could differentiate responders from non-responders cannot be identi�ed [50]. This means
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1.2 mechanism -focused drug repurposing as a strategic solution 4

initial selection of medication is heavily based on the symptoms instead of a balanced and holistic

view of the patient's condition through molecular patient strati�cation methods. Medication is

then adjusted if it fails to improve the condition or its symptoms [31, 51]. This “trial-and-error”

approach leads to an unreasonably high NNT for common drugs, which are often overprescribed,

helping only a small fraction of patients while exposing the majority to the risk of adverse drug

reactions [10]. For example, the ten drugs generating the highest gross revenue in the US have an

NNT between four (Humira, Enbrel, Remicade for treating arthritis, psoriasis, and Crohn's disease,

respectively) and 20 (Crestor, Advair Diskus for high cholesterol and asthma, respectively), or even

25 (Nexium against heartburn) [12].

The root cause of these issues is mostly a lack of molecular understanding of disease-drug rela-

tionships, limiting not only the future possibility of personalized medicine but also the effectiveness

of targeted medicine today. Fully personalized medicine with individually tailored solutions is

already possible on a small scale for certain groups of disorders, but affordability remains a big

hurdle [52–54]. So-called “precision medicine” has the potential to serve as an intermediate step

by enabling precise patient strati�cation and treatment selection for common conditions, if, in

addition to causal and effective treatment solutions, availability and affordability of the treatments

are addressed. Current drug development pipelines do not need to be fully discarded, but could be

signi�cantly improved by incorporating this causal-relationship level to improve translation from

preclinical models and clinical trials to real-world treatment effectiveness.

1.2 mechanism -focused drug repurposing as a strategic solution

Drug repurposing ( DR; also called drug repositioning, and more rarely drug redirecting or

drug repro�ling) attempts to address the issues of long drug development times, availability,

and affordability by identifying new indications for already researched and known chemical

compounds. Drugs can be already indicated and approved for other conditions, all trials so far

might have failed, or the drug has been withdrawn from its original use case, but information about

them has been gathered before. Reusing already investigated drugs helps to reduce development

pipeline times from 10–15 to 3–12 years and promises a cost reduction of 60%—90% in comparison

to developing a novel drug from scratch [55–58]. Speci�cally, certain steps in the drug-to-market

process can be skipped, as baseline information about dosage and safety pro�les in healthy humans

might already have been established in earlier attempts. This can allow the approval efforts of a DR

candidate to start with Phase 2 clinical trials [59]. Translational success rates can also be higher,

as established safety pro�les and existing pharmacokinetic and toxicologic data help to exclude

unsuitable candidates early in the process [60, 61]. Overall, DR can be seen as a complementary

approach to traditional drug development, utilizing all available information and compounds to

bring suitable treatment candidates to underserved conditions.

DR is not a new idea. There are many well-known historic examples where a new purpose for an

existing drug was found. For instance, galantamine was identi�ed in the 1950s as an anti-paralytic

agent for myopathies but is now one of the few drugs used to treat Alzheimer's disease [62]. In

1961, thalidomide was withdrawn from its original indication as a sedative for pregnant women

due to severe effects on embryonic development, yet it is now used to treat patients with multiple

myeloma [63] and leprosy [64]. A very prominent example is sildena�l, better known as Viagra,

which was originally used for the treatment of cardiovascular issues such as angina pectoris
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[65]. Similarly, the desirable side effect of hair growth promotion induced by minoxidil created a

new purpose for this antihypertensive drug [66, 67]. Recently, the appetite reduction effects of

semaglutide, marketed �rst as Ozempic and approved for diabetes management, caused mass

off-label use of the drug for weight-loss purposes, leading to shortages for patients depending on it

[68]. As a result, semaglutide was tried and approved with higher dosage under the name Wegovy

as a weight-loss drug for speci�c cases of obesity [69]. While many more examples of successfully

repurposed drugs exist, the key difference is that compared to the modern approach these historical

discoveries were largely serendipitous, occurring mostly without a prior understanding of the

drug's mode of action and without deliberate searching for them.

The transition to purpose-driven DR could help address several unmet medical needs, such as

�nding effective treatment options for the hundreds of millions of people worldwide living with a

rare disease [25, 45]. Complex multifactorial diseases require novel, yet-unidenti�ed treatments or

combination therapies [70, 71]. Understanding or at least identifying the molecular cause and the

underlying disease mechanism, is a �rst step to inform ways to target the disease directly instead of

its symptoms [30]. Similarly, infectious disease outbreaks like COVID-19 have reminded humanity

that newly emerging pathogens require rapid therapeutic responses, especially for vulnerable

groups. DR has the potential to facilitate all that, by making the search for novel and targeted

treatments more affordable whenever resources are limited [72–75]. For pharmaceutical companies

DR can even offer opportunities to prolong patent life and market exclusivity for certain drug

applications [76, 77]. Thus, mechanistically driven DR provides a powerful potential to reduce the

burden on healthcare systems, identify more and new causative treatment options, and mitigate the

current drug development crisis, if adequate methodologies are used.

1.3 systems and network medicine as methodological foundations

The following sections detail the methodological foundations on which mechanism-based DR can

be built. The discussion will lead from high-level paradigms to the practical data resources. It

begins by introducing systems medicineto establish the conceptual framework of viewing diseases

holistically. It then explains how network medicineserves as the computational implementation

of these principles. Subsequently, the chapter covers the fundamentals of biological networksand

provides a critical assessment of the data sources required to build them. This includes an analysis of

both general-purpose databases and datasetsand those speci�cally oriented towards DR, highlighting

the inherent challenges and limitations within these foundational resources. Finally, this critical

perspective culminates in an examination of current network medicine-driven approaches, which serves

to identify the speci�c potential of publicly available tools and their limitations upon which the

subsequent motivation for this dissertation is built.

1.3.1 Systems Medicine

A central idea of modern medical research is systems medicine, with the concept of investigating

the human organism as one system, viewing tissues and organs as connected units rather than

distinct entities. Systems medicine is the scienti�c foundation for a concept called P4 medicine. P4

medicine describes the clinical implications of systems medicine and a vision for healthcare that

is predictive, preventive, personalized, and participatory rather than trying to treat disorders

the same way in every patient or even outright protect against potential diseases in the �rst place
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[78]. Systems medicine lies the foundation to achieve this healthcare revolution, by aiming to

identify and treat conditions correctly, that until now have not been suf�ciently understood or

gone ill-diagnosed. Reasons for diagnostic challenges may include a main symptom occurring in a

certain organ resulting in the condition being classi�ed as organ-speci�c, yet there might be other

affected organs and the cause might not even be found in one organ alone. This is comparable to

classifying carbon monoxide poisoning as a lung-related issue, which presumably was the case

before the molecular cause was studied and described throughout the 18th and 19th centuries [79].

Therefore, systems medicine's focus lies on identifying systemic causes and �nding treatments

whenever possible for disorders that are caused by behavioural, environmental, and/or genetic

factors, causing microbiological perturbations in multiple organs, tissues, or even the whole

organism. This of course is not the case for every known disease, yet can help advance in the

understanding and potential treatment of until now underserved diseases.

To prevent and predict diseases with personalized impact on a large scale, as P4 medicine

envisions it, systems medicine relies on data-driven approaches to understand or at least uncover

the link between genotype and phenotype. While the central dogma of molecular biology describes

how genetic information is translated into functional proteins, the complexity of regulatory

mechanisms means that a systemic genetic fault does not always produce a systemic effect.

Through processes like differential gene expression, a defective protein may only be expressed in

speci�c tissues or at speci�c times [80–82]. Consequently, the resulting phenotype can be highly

organ-speci�c, such as an enlarged liver in glycogen storage disease type I, which results from a

defective glucose-6-phosphatase or glucose-6-translocase, in type Ia or Ib respectively, even though

the underlying genetic cause is present in every cell of the organism [83]. On the other hand, in

cases of purely genetic disorders, essential mechanisms can be impacted through a single mutation

causing systemic effects. In monogenic cases of autoimmune disorders like monogenic lupus, a

systemic autoin�ammatory disease, autoimmunity and in�ammation can affect multiple organs like

skin, the central nervous system, eyes, and more [84, 85]. Even environmentally induced changes

to an organism often only show very local effects. Mouse models have in many cases shown

tissue-speci�c responses when exposed to toxins like arsenic, lead, polluted air, and others [86].

A signi�cant hurdle for systems medicine is the general use of non-causal disease de�nitions.

As these classi�cations often predate modern genetic research, diseases are frequently named

for observable symptoms (e.g., hypertension), the affected organ (e.g., hepatitis), an eponym

(e.g., Parkinson's disease), or a geographical origin (e.g., Lyme disease), rather than relating

to their underlying cause. This limited precision means a single disease name can describe

a phenotype caused by multiple distinct molecular disorders, thereby lacking the necessary

granularity for cause-driven research [87, 88]. Consequently, even modern classi�cation systems like

the International Classi�cation of Diseases ( ICD) often retain this symptomatic and organ-based

structure to serve practical healthcare logistics, such as insurance billing and specialist referrals.

Given the underlying structure of current healthcare systems that are not yet ful�lling the P4

goals, this way of working is fully understandable and in many cases wanted and even bene�cial.

Patients with similar diseases are aggregated with specialists which increases the chance of them

having seen this or a very similar case throughout their professional life, in turn increasing the

chance of successful treatment. So while healthcare institutions are sitting on a treasure trove of

data, building on such non-mechanistic de�nitions limits the new insights possible to extract from
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it, with regard to research of disease causes.

Alongside the non-mechanistical de�nitions of diseases, systems medicine is facing additional

data-related challenges. More and more medical and omics data is generated and subsequently new

and larger datasets become available. Omics is the umbrella term for any analysis including results

of our genome sequence, like genomics, proteomics, metabolomics, and others. Harmonizing,

aggregating, connecting, or integrating all that data is not straightforward, as e.g. each genomics

and proteomics dataset individually might require different sorts of pre-processing like batch

effect corrections, based on the used method of data generation [31, 89]. Further, there is no clear

consensus of how to name certain conditions or which disease classi�cation system of the plethora

of available ones to use, yet the choice can have a large impact on the quality of the integrated

information and details can be lost in noise upon translation e.g. from ICD to the more mechanistic

OMIM [90]. This makes it hard to retrieve conditions-speci�c case and control samples in suf�cient

quality allowing to differentiate between the foreground and background signal in the data and

derive a mechanistic description of the condition or identifying several mechanistic subtypes

having the same phenotype altogether.

In summary, when researching diseases on an omics level, like systems medicine is attempting,

many of these existing disease de�nitions can contribute to diluting any available signal in the data

[90]. Additionally, gaps in the causal understanding or mechanistic de�nition of diseases leads to

the observed high NNT and low effectiveness in clinical treatment. This can be due to either lacking

the molecular or genetic understanding of the disorder entirely or due to the current understanding

being a combination of molecular causes of multiple subtypes and thus lacking precision [91, 92].

The lack of suf�cient understanding is exempli�ed in diseases like type 1 diabetes, where the known

genetic foundation cannot fully explain observed heritability patterns [93, 94]. Through large-scale

genome-wide association study (GWAS) studies thousands of mutations can be screened and

evaluated for their association, yet knowledge gaps remain. It is intuitive to assume that complex

diseases can arise from a very speci�c combination of mutations. In fact, this effect has been called

epistasis since many years and it assumes that a speci�c set of mutations has to co-occur to cause a

speci�c phenotype and explain its heritability patterns, with only one of the mutations not present

destroying most of the signal again [95, 96]. The hope exists that epistatic effects can explain complex

diseases, shining a new light onto the cause and potential treatments, but to this day detecting

epistatic effects is a very complex problem. On the other end of disease complexity, especially in

rare diseases with very distinct genetic mutations a high agreement between symptom-based

diagnosis and genetics-based strati�cation can be observed. Yet even here, the big hope that

system medicine brings is that with more mechanistic de�nitions of diseases medicine could

move to more precise ways of identifying treatment options and thus heavily reducing the NNT [92].

Even though systems medicine is pushing a more systemic view on organisms, the scope matters

when looking for speci�c molecular explanations. A tissue-level examination of a disease can

still be preferable to the system-level, as tissue, cell type, or even cellular compartment speci�c

processes dictate the actual molecular processes taking place. Further, not all regions in our body

can be addressed in the same way by drugs, as for example the blood brain barrier in a healthy

individual only allows certain molecules to pass into the brain [97]. These layers of complexity

necessitate a computational framework that can abstract these intricate relationships into a tractable

and analyzable model.
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1.3.2 Network Medicine

Network medicine resembles a computational application of systems medicine and aims to

mitigate data integration challenges. Molecular biological or clinical data are abstracted into simple

relationships between entities, like disorders, genes, proteins, and drugs. The relationships are

modeled as links (edges) between different entities (nodes). Edges can hold speci�c information

about the link, whereas nodes describe the speci�c entity.

The foundational concept of network medicine was introduced by Goh et al.[98] with the creation

of the diseasome, a comprehensive map of human disorders and their shared genetic roots. This

pioneering work mapped the relationships between diseases by linking those that have common

genetic associations. The resulting human disease network revealed not only expected clusters

of similar diseases but, more signi�cantly, uncovered surprising connections between disorders

that appeared symptomatically unrelated. This suggested that seemingly distinct and generally

unrelated conditions could share underlying genetic or mechanistic pathways. The human disease

network demonstrated that a network perspective could generate novel hypotheses about disease

relationships, establishing the core principles of the emerging �eld of network medicine [99, 100].

Using this approach, integrating extensive available knowledge into networks such as interactions

between proteins, genes that encode for proteins, drugs that target proteins, genes that are

associated with diseases, and drugs that are indicated for diseases allows us to explore the

drug-disease space. Particularly, discovering transitive links between drugs and disorders through

shared genes can highlight potential causal drug candidates.

Essential for network medicine is thus the integration of diverse data types into a single network,

which comes with fewer problems than integrating the original experimental data all together,

yet is still impacted by the previously discussed disagreement between many common disease

classi�cation systems [90].

The ultimate potential of network medicine lies in its ability to construct an abstracted, simpli�ed

model of the complex biological systems that run life. This abstraction is not intended to be a

perfect representation of molecular reality. Its strength lies in representing relevant information

with suf�cient �delity to make complex systems tractable. The primary goal is to generate novel,

testable hypotheses by identifying meaningful patterns and connections within this network

context. This means that it is crucial to recognize, however, that these in silico �ndings are not

conclusions in themselves. Their interpretation and the investigation of their biological meaning,

cause, and impact requires subsequent and rigorous validation using other appropriately selected

methods, ultimately including experimental veri�cation.

1.3.2.1 Biological Networks

As biological networks form the basis of network medicine and the work presented in this thesis,

understanding how biological networks are constructed and what information they can represent is

fundamental.
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Network structures, regardless of the �eld of application, can be formally described as a graph

G = ( V, E)

, where V is a set of nodes, also known as vertices, describing all the different entities or objects in

a network and E is a set of edges connecting the nodes.

Networks are usually referred to as homogeneous networkswhen they only have one type of nodes

and edges. In contrast, heterogeneous networks(or non-homogeneous networks) are those where V can

be partitioned into distinct classes or types of nodes [101]. Each type usually comes with a distinct

set of attributes. For example, the starting network of the diseasome project was heterogeneous,

consisting of disorder and gene node types. The �nal projection, the human disease network itself,

is a homogeneous network as only disorder nodes and the edges between them remain.

In most cases where biological networks are used to extract new knowledge heterogeneous

networks are used. In modern bioinformatics, complex, multi-relational heterogeneous networks

are often referred to as biomedical knowledge graph ( KG). Within the scope of this thesis, the terms

“heterogeneous network” and “knowledge graph” will be used interchangeably. The individual

layers that make up these KGs can be broken down into two types of nodes and one connecting

edge type. The information layer used for the diseasome was merely the disease-gene association

layer, linking disorders and genes with an edge representing information about known association.

The following nodes and information layers are the most relevant ones for this thesis, but naturally

many more exist:

Nodes:

• Diseases:A disease (or disorder) node describes a unique pathological condition, often based

on some existing disease classi�cation system.

• Genes: Gene nodes depict the approximately 20,000—25,000 units of genetic information that

encode human proteins. Mutations in these genes can therefore alter the resulting protein

structure or affect its expression levels.

• Proteins: Proteins are the functional machinery of the cell and are associated with speci�c

functions under particular conditions. Critically, they are also the direct molecular targets for

the vast majority of therapeutic drugs, forming the primary bridge between pharmacology

and cellular function.

• Drugs: Drug nodes represent pharmacoactive molecules that exert an effect on the human

system, typically by acting on proteins to modulate their function.

Edges:

• Protein-Protein Interactions ( PPI): A PPI represents a physical or functional interaction

between two proteins, thus also often called the interactome. The de�nition of an interaction

can range from a stable protein complex to a transient association, and the evidence can vary

from experimental validation to computational prediction. This de�nition-level ambiguity

introduces uncertainty into other networks upon integration, with profound implications

for analysis. Further, PPIs evidence-basis can be split into the direct, physical binding events

between two proteins (often detected by methods like yeast two-hybrid), and co-complex

interactions, which includes proteins that are stable members of the same multi-protein
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complex (often detected by af�nity puri�cation-mass spectrometry). Thus, when analyzing

connected components in the interactome the interpretation depends heavily on which types

of interactions are being considered. This issue will be discussed further in the context of

source databases (Section 1.3.2.2). While the term interactome can include not onlyPPIs but

also interactions of proteins with, e.g. ligands and small molecules, the terms interactome

and PPI are used interchangeably in this thesis.

• Drug-Target Interactions: A drug-target interaction describes which drug acts on which

protein. This can include details about the mode of action, such as inhibition or activation.

• Disease-Gene Associations: A disease-gene association refers to a relationship between a

gene and a disease, implying that alterations in the sequence of a gene or its regulation are

linked to the observed phenotype classifying as the disorder. These associations often stem

from GWAS, differential expression analysis, or other omics-driven methods. It is crucial to

acknowledge that these associations can carry varying levels of evidence and potential biases.

For instance, associations fromGWAS often identify statistically linked variants, while causal

genes and mechanisms remain unknown. Associations from differential expression analysis

are correlational and may re�ect downstream effects rather than primary causes.

• Disease-Drug Indications: A drug-disease indication represents a known, investigational, or

approved treatment option, where an edge signals that a drug has a bene�cial effect on a

disease. Knowledge sources are not exclusively clinical research but can include off-label use

reports.

• Gene-Protein Coding: This information layer links genes to the proteins they encode. It is

fundamental for integrating disparate data types, for example, to connect a protein-based

drug-target interaction layer with a gene-based disease association layer. For simplicity, this

translation will often be handled implicitly in this thesis.

As mentioned, nodes and edges can have attributes that store additional information about the

speci�cs of an entity or a relationship, respectively. These attributes can be numeric, for example,

to store weights representing binding af�nities in a drug-target interaction layer or quanti�-

able effects on expression, which allows for rapid searching and ranking based on speci�c properties.

While this work focuses mainly on non-weighted edges and considers edge directionality only

implicitly, both represent important properties that edges can encode. In gene regulatory networks,

for example, the directionality of an edge is critical as it represents that one entity regulates another,

a relationship that does not necessarily hold true for the inverse direction. Binding af�nities of

drugs to their targets or gene and protein expression information in diseased cases could be

represented as edge weights rather than edge properties and exploited further.

1.3.2.2 Databases and Datasets

Numerous databases exist that contain the knowledge relevant for the nodes and edges described

previously. These resources can be broadly categorized by their level of data aggregation. Primary

data sources consist of scienti�c publications and raw experimental data, which form the basis for

the information found in secondary data sources. Tertiary data sources, in turn, can be classi�ed

as aggregating information from a mix of primary and secondary sources. This section will

focus on prominent secondary and tertiary databases, �rst examining those that provide speci�c

[ September 17, 2026 at 9:57 – ]



1.3 systems and network medicine as methodological foundations 11

information layers, such as node de�nitions or edge types, before discussing clearly tertiary,

integrated, multi-layer KGs in a subsequent subsection.

It is critical to consider the de�nitions and evidence criteria upon which a database builds

its information collection process, as the meaning and reliability of the extracted data can

change signi�cantly from one source to another. For instance, the de�nition of a PPI can differ

dramatically. A database like BioGRID [102], which aggregates experimentally veri�ed interactions

from individual publications, provides a different view of the interactome than STRING [103],

which integrates experimental data with computationally predicted interactions and text-mining

evidence. This distinction is not trivial; it has fundamental effects on the network's topology and

the biological interpretation of any analysis performed on it. This variance must be taken into

account when merging information layers into a large heterogeneous biological network and when

interpreting the knowledge extracted from it.

Nodes

Selecting databases for node information is often guided by a central consideration: the choice of

the main identi�er ( ID) space for each node type. This choice is a foundational methodological

decision, particularly for diseases, as different disease categorization systems were built for different

purposes. Examples of commonly used sources and ID spaces can be found in Table 1.1. The

ICD, for example, is an administrative classi�cation optimized for billing and epidemiology, often

grouping diseases by clinical presentation rather than molecular cause. In contrast, OMIM provides

a mechanistically oriented catalog of genetic disorders but has limited coverage of complex diseases.

This creates a signi�cant challenge for data integration. The implications of this decision can range

from small, as in the case of drug nodes, where mapping between ID spaces of different drug ID

spaces is close to 1:1, to extremely impactful on downstream results, as it is the case for disease

nodes. This is due to the different ways diseases can be de�ned or classi�ed, making some disease

classi�cation systems incompatible regarding how much information is lost when translating from

one ID space to another, which often follows an n:m mapping scheme [90]. A selection of relevant

resources providing information for different node types within network medicine can be found in

Table 1.1.

Table 1.1: Common resources for nodes in network medicine; lexicographically ordered by database
name.

Database Node Type Description

ChEMBL

[104]

Drug ChEMBL stores information about small bioactive molecules

including structure and bioactivity information.

Disease

Ontology

[105]

Disorder Disease Ontology (DO) aims to provide a semantics-based,

well-de�ned ontology of diseases for biomedical data integration

while linking to other existing disease classi�cation systems.

DrugBank

[106]

Drug A comprehensive database combining detailed drug data with

drug target, action, and interaction information.

Continued on next page...
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Table 1.1 continued from previous page

Database Node Type Description

DrugCentral

[107]

Drug A resource collecting drug information from regulatory agencies

such as the FDA, European Medicines Agency (EMA), and

Pharmaceuticals and Medical Devices Agency (PMDA) of Japan

Ensembl

[108]

Gene,

Protein

A genome platform providing annotation for genes, proteins, and

transcripts across multiple species.

ICD [109] Disorder A WHO-coordinated classi�cation system used globally for

health statistics, epidemiology, and clinical reimbursement.

MONDO

[110]

Disorder Mondo Disease Ontology: An ontology that harmonizes multiple

disease de�nitions by creating a coherent, logical structure of

disease relationships.

NCBI [111] Gene A comprehensive public repository for gene-speci�c information,

including sequence, function, and variation data.

OMIM [112] Disorder Online Mendelian Inheritance in Man: A comprehensive, curated

catalog of human genes and genetic disorders, focusing on

Mendelian inheritance.

SNOMED CT

[113]

Disorder A comprehensive, multilingual clinical terminology designed for

standardized use in electronic health records (EHRs).

UMLS [114] Disorder Uni�ed Medical Language System: A metathesaurus of clinical

and biomedical terminologies designed to enable interoperability

between systems.

UniProt [115] Protein A comprehensive, high-quality resource for protein sequence and

functional information.

Edges

As edges represent the relationships that enable network medicine, the choice of their source

has a profound impact on any subsequent analysis. Differences can be a matter of completeness.

DrugBank, for instance, contains more extensive drug-target interaction data than DrugCentral.

They can also be a matter of scope, as DisGeNET provides genetic associations for a broader range

of complex diseases than the Mendelian-focused OMIM. Furthermore, licensing models can play a

role; the more comprehensive nature of DrugBank and DisGeNET is supported by commercial

licenses, although both offer free academic access. The most signi�cant differences, however, are

often found in the evidence criteria for an interaction. For PPIs, the source of evidence can range

from computational prediction and text-mining to direct experimental validation. This variety in

de�nition leads to immense differences in the resulting PPI networks, affecting both their analytical

potential and inherent noise levels. A more extensive list of some commonly used sources and

differences between their origin of evidence for a relationship can be found in Table 1.2. This

underscores the importance of understanding the data source, as the validity of conclusions drawn

from the network depends on the nature of the evidence it represents.
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To clarify the standardized terms for the Main Evidence Types (ordered by occurrence) used in

Table 1.2, the following de�nitions apply:

• Integrated: Indicates that the database combines data from multiple sources and/or of

multiple evidence types into a cohesive resource. The speci�c types or methods are listed in

parentheses.

• Aggregation: Data collected and compiled from other secondary databases, no large transfor-

mational changes to data applied.

• Literature Curation: Data manually extracted from peer-reviewed scienti�c literature (primary

sources) by expert curators.

• Experimental: Data derived directly from laboratory experiments (primary sources e.g., yeast

two-hybrid, af�nity puri�cation-mass spectrometry).

• Prediction: Data generated by computational algorithms that predict relationships de novo

(e.g., based on protein structure, domain interactions, or sequence homology).

• Text-mining: Data automatically extracted from the text of scienti�c publications using

natural language processing techniques.

• Inference: Data derived through logical deduction from other data types, such as inferring

interactions via orthology mapping between species.

• Regulatory: Information sourced from of�cial regulatory agency �lings (e.g., from the FDA,

EMA, or PMDA). Special case of Aggregation.

• Sequence Data: Foundational data from genomic or proteomic sequencing efforts.

Table 1.2: Common resources for edges/relationships in network medicine; lexicographically sorted
by database name.

Database Edge Types Description Main Evidence Type(s)

APID [116] Protein-Protein-

Interaction

Provides PPI networks for over

400 species, focusing on

experimentally validated

physical interactions.

Integrated (Aggregation,

Experimental)

BioGRID

[102]

Protein-Protein-

Interaction

A repository of protein and

genetic interactions for all

major model organisms,

offering datasets with varying

levels of validation.

Integrated (Aggregation,

Literature Curation)

ChEMBL

[104]

Drug-Target-

Interaction

A database of bioactive

molecules with drug-like

properties, linking them to their

genomic and proteomic targets.

Literature Curation

Continued on next page...
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Table 1.2 continued from previous page

Database Edge Types Description Main Evidence Type(s)

CTD [117] Drug-Disease

Indication,

Disease-Gene

Associations

The comparative

toxicogenomics database:

Stores data on chemical-gene,

chemical-disease, and

gene-disease relationships,

using MeSH and OMIM

identi�ers.

Integrated (Literature

Curation, Aggregation,

Inference)

DGIdb [118] Drug-Target

Interaction

The Drug-Gene Interaction

Database aggregates drug-gene

interactions from multiple

curated sources.

Integrated (Literature

Curation, Aggregation)

DISEASES

[119]

Disease-Gene

Associations

A daily-updating resource for

disease-gene associations, with

con�dence scores assigned to

each relationship.

Integrated (Text-mining,

Literature Curation,

Experimental,

Aggregation)

DisGeNET

[120]

Disease-Gene

Associations

A comprehensive discovery

platform for exploring the

genetic basis of human diseases

and their associated variants.

Integrated (Aggregation,

Literature Curation,

Experimental, Inference)

DrugBank

[106]

Drug-Target

Interaction,

Drug-Disease

Indication

A comprehensive database

combining detailed drug data

with drug target, action, and

interaction information.

Integrated (Experimental,

Literature Curation,

Regulatory)

DrugCentral

[107]

Drug-Target

Interaction,

Drug-Disease

Indication

A resource for drug

information that also includes

data on veterinary applications.

Integrated (Aggregation,

Regulatory, Inference)

IID [121] Protein-Protein

Interaction

Integrated Interactions

Database contains human and

model organism interactions.

Integrated (Aggregation,

Experimental, Prediction)

IntAct [122] Protein-Protein

Interaction

An open-source database and

analysis toolkit for molecular

interaction data partially driven

by user-based data submission.

Integrated (Aggregation,

Experimental, Literature

Curation, Inference)

Continued on next page...
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Table 1.2 continued from previous page

Database Edge Types Description Main Evidence Type(s)

OMIM [112] Disease-Gene

Association

Online Mendelian Inheritance

in Man: A catalog of human

genes and genetic disorders,

with a focus on the relationship

between genotype and

phenotype.

Literature Curation

STRING

[103]

Protein-Protein

Interaction

A database of known and

predicted PPIs for thousands of

organisms.

Integrated (Aggregation,

Experimental,

Text-mining, Prediction)

UniProtKB

[115]

Gene-Protein

Coding

A comprehensive resource for

protein sequence and

functional information,

providing the mapping from

genes to proteins.

Integrated (Sequence

Data)

1.3.2.3 Integrated Network Databases for Drug Repurposing

Large integrated network databases represent a key class of tertiary data sources for network

medicine. They combine a multitude of node and edge types by aggregating information from tens

or even hundreds of mostly secondary data sources. For such a resource to be useful in DR, it must

contain drug and disease nodes and provide information layers that connect them. The nature

of the intermediate nodes and edges along these connection paths forms the basis from which

mechanistic hypotheses for DR can be derived. While frameworks like BioCypher make it easier

than ever to combine the previously discussed data sources for nodes and edges into a custom KG

by reusing community developed adapters, actively maintaining and updating one still remains a

larger task [123]. The following section highlights some of the most prominent integrated databases

relevant for DR.

OmniPath

OmniPath is an extensive resource that integrates information from more than 100 sources,

providing a comprehensive collection of protein interactions, gene regulatory networks, and

drug-target interactions [124]. Monthly updates from all resources ensure currency of information.

OmniPath allows users to explore this data in tabular format via a web interface 1, provides a

Cytoscape plugin and for programmatic access Python, and R-lang libraries.

Het.io

While OmniPath provides an exhaustive repository of signaling pathways ideal for deep mechanistic

investigation, the Het.io KG was purpose-built for large-scale, systematic evaluation of drug-disease

pairs [125]. Het.io integrates high-quality information from 29 databases, covering 11 node and 24

1 https://omnipathdb.org

[ September 17, 2026 at 9:57 – ]



1.3 systems and network medicine as methodological foundations 16

edge types. Its web interface2 and Neo4j graph browser 3 are designed for path-based queries and

network queries, respectively. Multiple Python libraries exist for programmatic access. Originating

from Project Rephetio, this KG enabled the systematic computation of treatment probabilities for

over 200,000 drug-disease pairs [125].

OpenTargets

Backed by EMBL-EBI, P�zer, and other big organizations, the OpenTargets platform serves the

primary purpose of identifying and validating novel therapeutic targets [126]. Integrating over 40

data sources, its web user interface (UI)4, allows researchers to start with a disorder, identify its

most strongly associated genes, and then explore known drugs that target those gene products.

Programmatic access is provided via a GraphQL API.

NeDRex

Similarly, the NeDRex platform 5 and its underlying database, NeDRexDB, were designed with

a speci�c DR focus as part of the REPO-TRIAL [127] and later REPO4EU [128] project [129].

This weekly-updating resource, which is co-maintained by the author of this thesis, has grown

from 10 databases to 28, now comprising 11 node and 19 edge types. It provides multiple access

points, including a Neo4j browser for direct graph queries, a documented API 6 for computational

experts, and a Cytoscape plugin for users preferring a graphical interface. The NeDRex platform

is distinguished by its integration of drug-repurposing-speci�c algorithms, which are accessible

through the API and have been used to identify novel repurposing candidates [129].

While all these resources provide invaluable data repositories (and sometimes DR speci�c fea-

tures) their practical application in DR research is often limited by a reliance on generic interfaces

(e.g., a Neo4j browser) or expert-oriented standalone software (e.g., Cytoscape) requiring installation

and con�guration. These resources often lack either the speci�c functionalities tailored for repurpos-

ing work�ows or the intuitive, web-native UIs needed to lower the barrier to entry. Consequently, a

gap remains between the availability of integrated data and its accessibility to the domain experts,

such as clinicians and pharmacologists, who are best positioned to guide the discovery process.

This highlights a critical need for purpose-built, fully online tools integrating network visualization

and analysis, that are accessible to a broad scienti�c audience, and explicitly support DR research.

1.3.3 Network Medicine-based Drug Repurposing

The main goal in DR is to �nd relevant links between existing drugs and diseases (Figure 1.1(A)).

Following the systems medicine approach, this requires identifying the systemic or mechanistic

causes of a disease, such as genetic variants, and the systemic targets of available drugs, typically

2 https://het.io
3 https://neo4j.het.io
4 https://platform.opentargets.org
5 https://nedrex.net
6 https://api.nedrex.net
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proteins (Figure 1.1(B)). Drugs and diseases can be connected by their shared underlying genetic

mechanisms when integrating it with the information that proteins are encoded by genes. In

network medicine, this is translated into KGs containing drug-(protein-)target interactions and

disease-gene associations. Analyzing, direct causal relationships, such as a single drug targeting

a single protein encoded by a single mutated gene, causing a single phenotype, represent the

simplest cases and thus a logical consideration, those however are already well-studied [31].

A feasible starting point for novel DR hypothesis generation is the analysis of comorbidity data,

which describes the statistically signi�cant co-occurrence of two or more diseases in the same patient

on a population level [130–132]. Such co-occurrence may suggest that one disease is a risk factor for

the other, or that both share a common underlying cause [133]. With this information, known genetic

associations between comorbid disorders can be included as well as drugs that are known to treat

the disorders. This allows for the generation of hypotheses where drugs known to treat one disorder

might be transferable to a comorbid one [132, 134, 135]. In practice, however, this approach is often

limited by the nature of the available data. Comorbidity information is typically derived from clini-

cal records using classi�cation systems like the ICD, making it dif�cult to integrate with molecular

data (e.g., disease-gene associations) on a large scale without losing signi�cant signal and detail [90].

For polygenic and other complex, multifactorial diseases, the challenge is greater. These condi-

tions often arise not from single mutations, but from the impairment of multiple or entire molecular

pathways [31]. In these cases expanding the molecular background of drug-protein-gene-disorder

connections to drug-protein-protein-gene-disorder paths by adding a PPI layer, interaction and

regulatory effects on the omics level are better represented. While one could use the PPI to �nd tran-

sitive links between drugs and diseases (similar to the human disease network), simply projecting

all possible connections introduces signi�cant noise. Differentiating mechanistically relevant com-

binations from the vast number of irrelevant or even false positive paths becomes a serious challenge.

This challenge warrants the introduction of the idea of disease modules. This core concept of

network medicine states that the proteins associated with a speci�c disease are not randomly

scattered across the interactome. Instead, they tend to cluster in a localized, interconnected

neighborhood, forming a disease module that encapsulates the molecular mechanisms driving

the disorder [136, 137]. A perturbed disease module can manifest as the disease phenotype. Thus,

different perturbations to the same module or a change in environmental factors can lead to varied

phenotypes, even if the underlying molecular cause, and as such the potential molecular target for

effective treatment, remain the same [138, 139].

Crucially, this hypothesis provides a reasonable molecular explanation for the low effectiveness

and high NNT observed in clinical practice. When two molecularly distinct diseases contribute to,

or produce a similar or identical phenotype, they still may be driven by perturbations in entirely

separate disease modules. Treatment targeting one module would be ineffective for the other, even if

the symptoms appear identical. Prescribing medication based on phenotype alone would inevitably

lead to treatment failure in one of these patient groups, thus elevating the NNT.

Type 1 diabetes and maturity-onset diabetes of the young (MODY) pose such an example, where

only in 1974 it was identi�ed that the same diabetic symptoms are caused by two distinct disorders

[140]. In 1990 the causal difference was identi�ed. T1D is caused by an autoimmune reaction

destroying insulin producing beta cells and MODY arises from a mutated receptor gene responsible
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for the regulation of insulin release. Whereas T1D can be treated giving insulin injections, MODY

can be handled by using sulfonylureas [140]. Even worse, when misclassifying an infant with

Dravet Syndrome as standard epilepsy, standard sodium channel blocker treatment leads to

an increase in seizures, rather than a reduction [141]. This is caused by a mutation in SCN1A

responsible for sodium channels in inhibitory neurons, leading to a dysregulation of the nervous

system that can be further ampli�ed by mentioned treatment. This reason was only understood

after uncovering the genetic relationships [141, 142].

Therefore, a primary focus of network-driven DR is the identi�cation of disease modules to

uncover and understand disease-driving mechanisms [143]. The logical next step is to identify

drugs that speci�cally target these modules, creating a mechanistic link between a compound and

a therapeutic indication (Figure 1.1(C)). This task, however, is complicated by the fact that the

precise molecular mode of action for some approved drugs remains poorly understood [144]. To

compensate for gaps in knowledge and to explore alternative or indirect mechanistic relationships,

this also warrants the integration of a PPI layer.

The potential for DR is immense, especially once an accurate disease mechanism is identi�ed.

Mechanism-related units can be described as disease modules. Speci�c techniques for their

identi�cation will be discussed in Section 1.4.3.2 in detail, but range from manual curation to the

use of purpose-built algorithms, on top of existing knowledge or data. Once a disease mechanism is

clear, individual drugs targeting the module can be investigated (Figure 1.1(D)). Alternatively, drug

combination approaches or polypharmacology or polytarget can be employed, using a combination

of drugs or one single multi-target one, respectively, to target the mechanism from multiple angles

simultaneously [145, 146]. This can allow for lower individual drug dosages, potentially limiting

adverse side- and off-target effects while achieving a combined therapeutic impact on the condition

of interest.

1.4 potential and research gap in network -based repurposing

In the following, speci�c implementations of DR are discussed, to assess the state of the art and

highlight their limitations. Based on this, the motivation of this work will cover how the limitations

of current processes can be addressed and how this thesis contributes to that.

1.4.1 Drug Repurposing - The State of the Art

As introduced earlier, until recently DR research has been mostly serendipitous. This section aims

to give an outline of the current systematic and deliberate computational methods in this �eld

while highlighting the ongoing limitations.

DR promises to address many current issues of the drug development system. Diverse

computational approaches for the targeted identi�cation of DR candidates exist [147, 148]. The

approaches mainly differ in their starting point. Disease-centric DR efforts focus on identifying

repurposing candidates starting at a speci�c disease, whereas drug-centric approaches try to

identify new indications for a speci�c drug. There are also target-centric approaches that identify

potentially addressable disorders and usable drugs given promising molecular targets. Again
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Figure 1.1: The general goal of drug development is the identi�cation of a drug that can treat a
certain disease(A) . In DR, only drugs and pharmacoactive components, that are already known, are
screened to identify such links. (B) In a network-based setting, the disease-gene association layer and
the drug-target interaction layer can be combined, to identify shared genetic links between existing
drugs and known disorders. (C) Multiple reasons limit the power of direct disease-gene-drug link
analysis. Firstly, most, if not all of them, are already well researched. Secondly, traditional disease
de�nitions do not �t to the systems medicine approach and the genetic background might not be
fully known, both leading to inadequate disease genes. Using the PPI layer in between drugs and
diseases can help to buffer these issues and identify the disease modules that de�ne the mechanistic
basis of the disorder which can be targeted by one or multiple drugs (D) .

others are direction agnostic and, for example, assess the relevance of a given drug-disease pair.

In all cases, targeted and mechanism-driven DR is achieved by integrating molecular

data of diseases and drugs into research pipelines. Advances in omics technologies enable

systematic discovery of molecular mechanisms driving phenotypes as well as drug targets

and responses. While DR approaches can be differentiated by the underlying data they build

on, overlaps can be large and in the following approaches will instead be roughly classi�ed

based on different underlying methodologies [147–149]. The most prominent approaches

are based on signatures, text-mining, arti�cial intelligence ( AI ) (including machine learning

(ML )), docking, and knowledge (including networks). A summary overview is provided in Table 1.3.

Docking-based approaches belong to the �rst directed methods employed but are still proving

successful to this day. Sometimes combined with other approaches, docking-based methods are

driven by molecular structure of drugs and targets [150, 151]. The goal is the identi�cation of

chemical compounds that �t a known, speci�c binding pocket, often with the aim of a higher

binding af�nity than an unwanted-interaction that is to be prevented [150]. This is often highly

relevant for pandemic preparedness, as the host proteins the virus uses in its replication cycle can
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be identi�ed fairly quickly and temporary allosteric inhibition of certain targets can limit the viruses

replication abilities [150, 152]. DRDOCK [153] and ACID [154] are former, and MTIOpenScreen

[155] and DrugRep [156] are currently available online services, providing access to DR focused

resources, lowering the level of entry for virologists and clinical experts once a target or ligand of

interest is identi�ed. Natural dif�culties in this �eld include proteins with intrinsically or highly

unstructured regions, making the docking process a moving target.

Signature-based approaches are omics-driven and try to match molecular signatures of

disease and drugs [157]. Most commonly, differential gene expression informs about changes in

expression in a disorder. Resources such as CMAP or LINCS store information about expression

changes in cell lines, given chemical compounds; drugs with a complementary signature

can be identi�ed from those resources [158]. The hypothesis is that a chemical component

that reverses the signature of a disorder has a chance of counteracting its effects [157, 159].

Integrated online solutions for signature-based DR seem rare but L1000CDS2 allows the upload

of up- and down-regulated genes and some parametrization to search for relevant compounds

[160]. While cell lines can give great insight into which compounds could help to address cer-

tain conditions, problems like drug delivery limit seamless translation from model to organism level.

Text-based approaches attempt to extract and recombine existing knowledge from scienti�c

literature [161, 162]. The intuition is that not all available knowledge and hypotheses might be

covered in structured databases yet and thus using information directly from publications can help

generate novel DR hypotheses or angles [163, 164]. Resources like STRING forPPI and DISEASES

for disease-related information, �t this category, as they partially build on information generated

from text-mining efforts. Those resources usually employ some sort of statistical measures like

CoCoScore to assess the accuracy and relevancy of extracted information [165]. With recent

advancements of large language models (LLMs ), this statistical approach might see some change

and the idea of text-mining-based knowledge extraction, recombination, and hypothesis generation

is more feasible than ever [166]. Additionally, LLMs have the power to raise text-based information

from serving as a knowledge source to an accessible hypothesis generation machine. This works

already in a zero-shot fashion (without providing additional resources) by just interrogating LLMs

regarding their trained-in knowledge that they can recombine on demand [167]. Without additional

evaluation, grounding, re�ection, and validation the validity of predicted results can be rather low,

as hallucinations and inaccuracies are still a general issue in modern LLMs [168, 169]. A published

example is DrugReAlign, making DR information extraction from data accessible through natural

language using an LLM chat bot [170].

Knowledge-based approaches use curated information about drugs, diseases, and molecular

pathways, typically representing population-level knowledge rather than individual-level omics

data. Knowledge can be organized using graph structures, following the network medicine idea,

making it KG- or network-based DR [129, 171–173]. The quality but especially meaning of the

content of a KG heavily rely on the integration process and the integrated sources; too loose �ltering

criteria can lead to noisy networks; too rigid ones can limit the potential for new �ndings [174].

Additionally, the exact meaning and de�nition of “proximity” or “closeness” within a network and

especially what proximity in a network means for biological components is not well de�ned and

heavily context dependent. Protein-target and protein-protein information layers have a different

meaning of distance than for example metabolic network information or co-expression information
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layers, while all of them could be integrated into one large knowledge graph [175–177]. Specialized

network algorithms, often combined with manual re�nement based on expert knowledge, are used

to identify the mechanistic foundations of diseases and potential DR candidates [129, 178]. Web

applications, like BalestraWeb [179], the previously mentioned Het.io [125], OpenTargets [126], and

others provide mainly searchable graph databases, without any additional DR focused features.

Projects like ParmOmics on the other hand combine signature and network-based methods, to

provide a dedicated resource for DR hypothesis generation [180].

AI and ML approaches , as in many other medical �elds, are also applied to predict DR candidates

[181, 182]. These models are trained on any raw or preprocessed data type –including patient-speci�c

omics, population-level KGs, and full-text information from sources like EHRs or a combination

thereof– to maximize predictive power [183–185]. While AI -driven approaches are incredibly

promising due to the recent advances in foundation models, the quality of an AI model is heavily

correlated with the quality of training data; if the data contains biases, the model will learn them.

In addition, prediction and model explainability and the interpretability of results often lack behind.

Nonetheless, this challenge is increasingly being addressed [181, 185–187]. AccessibleAI -supported

DR solutions appear to be uncommon, which potentially stems from the necessity of powerful GPUs

to run large AI models. Still, projects like RepurposeDrugs include their ML -based predictions into

a searchable web application [188]. The �eld of graph neural network ( GNN ) speci�cally focuses

on training AI models on data organized in graph-structure. These methods form a future-oriented

approach to network medicine and are already in use [185, 189, 190]. Using trained GNNs requires

the model weights and architecture to be published and adequate computing hardware to run the

model, overall requiring decent domain knowledge.

Table 1.3: Summary of different methodology classes for targeted DR including their core principles,
essential data, and key challenges.

Methodology Core Principle Primary Data

Inputs

Key Challenges Representative

Example(s)

Docking Structure-based

binding/af�nity

prediction

3D

protein/ligand

structures

Target �exibility, scoring

function accuracy

MTIOpenScreen

[155],

DrugRep

[156]

Signatures Reversing

disease-

associated

expression

patterns

Transcriptomics

(e.g., LINCS

L1000)

Cell line-to-patient

translation,

context-speci�city

L1000CDS2

[160]

Text-based

(Mining &

LLM)

Knowledge

extraction,

synthesis, and

recombination of

unstructured text

Scienti�c

literature,

clinical notes

Semantic ambiguity,

factual grounding,

hallucinations

DrugReAlign

[170]

Continued on next page...
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Table 1.3 continued from previous page

Methodology Core Principle Primary Data

Inputs

Key Challenges Representative

Example(s)

AI/ML Complex pattern

recognition and

link prediction

Heterogeneous

data (omics,

KGs, EHRs)

Interpretability (“black

box”), data quality/bias

TxGNN

[185],

DeepLPI

[191]

Network-

based

Proximity and

topology in

integrated

biological

networks

Knowledge

Graphs (PPIs,

drug–target

interactions,

gene–disease

associations)

Network incompleteness

and noise, de�ning

“proximity”

NeDRex

[129], Het.io

[125]

1.4.2 Advantages and Potential of Network-based Methods

Network-based DR generally extracts knowledge from KGs. TheseKGs can be designed, structured,

and �ltered according to speci�c research needs. Generally given a disease of interest, its associated

genes are identi�ed, translated into protein space, disease modules are identi�ed, DR candidates

prioritized, and evaluated adequately afterwards.

The main advantage over many other techniques, especially AI approaches for DR, is inherent

interpretability and explainability. All intermediate results are simply expansions or reductions

of the previous networks. Paths through the network from the initial disorder to the �nal

drug candidates can help interpret its potential. Additionally, this method can easily follow an

expert-in-the-loop paradigm, that allows expert knowledge to be infused into the process at any

step, e.g. to add non-accounted for disease-related proteins, or removing irrelevant targets from the

disease module, before drug prioritization [129].

Further, it effectively solves data integration issues, as any information can be reduced to nodes

or edges and any additional information can be stored in attributes of these entities and used for

manual or automated use in the DR work�ow.

However, despite the promise of these network-based computational methods, a series of

fundamental bottlenecks prevent their widespread adoption and translational success. These gaps

exist not only at the level of speci�c scienti�c challenges but also in the overarching issues of

usability and accessibility, creating a barrier between promising tools and the researchers who

could bene�t most. After introducing a conventional work�ow for network-driven DR, potential

solutions for these challenges will be discussed in Section 1.6.

1.4.3 The Network-driven Drug Repurposing Work�ow

As previously discussed, knowledge- and network-driven methods are amongst the most versatile

and interpretable DR options. Source information can come from any sort of data type and can be
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represented in a network format. Here I will introduce the most crucial steps in a disease-centric,

network-driven DR work�ow (Figure 1.2). Namely, these are the disease gene selection, module

detection, drug ranking, and the in silico validation [129]. Notably, every step comes with its own

challenges with regard to information quality and uncertainty, which can propagate from step to

step making in silico validation steps highly relevant [90, 192].

Figure 1.2: The network-based DR work�ow commonly consists of four distinct steps: I) Disease
associated genes are identi�ed, e.g., through differential gene expression analysis, knowledge
annotated in databases or knowledge graphs, expert knowledge, or any other way. II) The disease
genes are taken as input for disease module detection, where specialized algorithms attempt to
identify more genes within the same context. The goal is to include genes that either were missing
from the initial gene set through methodological limitations or a lack of knowledge and to recruit
additional potential drug targets indirectly affecting the disease genes. III) Given the disease
module, drug prioritization algorithms create a ranked list of drug candidates. IV) In order to �lter
out unreliable predictions, in silico validation can be employed on modules and drug candidate
results. Statistical and annotation-based approaches are the most common ones to estimate result
quality, apart from analytical validation of the results by including external sources about disease
genes and drug indications.

1.4.3.1 Disease Gene Selection

The �rst step in this speci�c pipeline is usually the identi�cation of the genetic background given a

certain condition (Figure 1.2(I)). This is often called disease gene selection, disease gene identi�cation, or

seed gene identi�cation. Seed, in this context, refers to these disease genes serving as the starting

point, so the seeds for subsequent steps in aDR work�ow. In a systems medicine context, disease

genes often come from population-level sources. A short summary of the different methodologies
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will be presented in the following, accompanied by Table 1.4.

The overall issue remains that many diseases are not understood on a mechanistic and genetic

basis yet. A second, already highlighted issue is the lack of common disease de�nitions. This

means that, depending on which of the disease-gene association datasets or databases is used,

these relationships can be highly dissimilar, due to different sources and different de�nitions of the

identically named disease resulting in highly diverse seed sets [90, 193].

One current solution to this problem is to work with integrated knowledge bases, being aware of

the sources and the meaning of the information, or integrating multiple sources, to cover a wider

�eld of disease genes, if necessary. Still, this can result in false positive (too many) or false negative

(missing) disease genes in the seed set. These false hits can be accounted for and mitigated by the

subsequent module identi�cation step

A second solution is to base disease-associated and disease-relevant gene selection on

patient-level or at least cohort-level experimental data [90]. For example, by selecting differentially

expressed genes of clearly de�ned case-control cohorts, the initial list of disease associated genes

has the potential to provide a very clear case-speci�c signal.

While both of these solutions exist in the form of well-used databases (presented earlier) and

tools (like DESeq2 for differential expression analysis [194]), integrated solutions with the goal of

DR are largely lacking.

Table 1.4: Overview of resources and methods for disease gene selection.

Tool / Resource Category Focus / Method

OMIM & GWAS Catalog Databases Curated records of established

gene-disease associations and

single-variant genetic studies.

DisGeNET & Open

Targets

Integrated Knowledge Base Aggregates information from

multiple sources to provide a wider,

weighted �eld of disease genes.

DESeq2 Experimental Analysis Identi�es differentially expressed

genes from speci�c case-control

cohorts to provide case-speci�c

signals.

1.4.3.2 Disease Module Identi�cation

Based on a selection of disease-de�ning genes, in a second step, a disease module (or mechanism)

can be identi�ed (Figure 1.2(II)). The goal is to contextualize the initially identi�ed disease genes

within the interactome, the PPI network, in order to determine how they collectively contribute to

the speci�c disorder. Again, the source of the interactome has a large impact, potentially the largest

among all work�ow steps, as the de�nition of what classi�es as relevant PPI differs heavily between
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data sources [192]. Table 1.5 contains a summary of all the algorithms presented in the following.

Using purpose-built network medicine algorithms allows identifying additional impactful

or relevant genes based on the connectivity to the original set of disease-describing genes.

The idea is that the current disease understanding still has gaps, which can render the iden-

ti�ed seed genes “incomplete” and insuf�cient for the task of identifying drug candidates.

But the seeds can be used to paint the context and the presumed gaps can be �lled by

following the disease module hypothesis and identifying connected components adding key

connections between the disease genes, to enrich this disease de�nition with high-likelihood

candidates. And even in case these methods identify genes that have no direct impact on

the disease through their interaction with the actual disease module, they might still serve as

valuable treatment targets through their downstream effect in the molecular pathways of the disease.

As so far, there is no gold standard annotation of available, existing, or even validated disease

modules, a wide array of available module detection algorithms exists. Many come with their

individual, sound logic but produce widely different results.

DIAMOnD, the �rst module identi�cation algorithm, for example, iteratively expands a selection

of genes by identifying genes with the highest “connectivity signi�cance”, factoring in the number

of connections of a gene with the current module in comparison to any other gene in the interactome

[195]. This usually results in one large connected mechanism. Contrary to that, DOMINO explicitly

aims to locate and construct connected components, in which a subset of the seed genes is enriched,

in many cases resulting in multiple disconnected disease mechanisms [196]. The multi-Steiner

tree algorithm (MuST) creates minimal scoring trees connecting all seeds and collecting additional

relevant ones on the way. Because the Steiner tree problem is NP-hard and multiple optimal

solutions can exist especially in an unweighted network, a heuristic approach was taken to identify

multiple sub-optimal trees, subsequently merged into one solution [197].

An effort for the identi�cation of only the most signi�cant, but not necessarily directly connected

genes, was undertaken with ROBUST [198]. It is an evolution of the MuST algorithm, but prioritizes

seed genes over interactome-derived ones. Since, an improved version, combatting research-bias

introduced degree-bias in interactomes, has been released with “ROBUST bias-aware” [199]. In

similar top-down fashion, TOPAS iteratively identi�es a minimum amount of relevant connection

genes between all seeds [200]. In contrast to ROBUST, this approach always results in a fully

connected subnetwork.

Besides those network medicine speci�c algorithms, general graph algorithms are used in

module detection research. This includes classical ranking and centrality measures like TrustRank

[201], an improved version of Google's PageRank algorithm [202], Harmonic Centrality [203], a

variant of Closeness Centrality [204] that works on unconnected graphs, Betweenness Centrality

[205], and more.

Two solutions that attempt to close the gap between disease gene selection and disease

module creation are KeyPathwayMiner and BiCoN. KeyPathwayMiner accepts an indicator

matrix, specifying which genes are active, e.g., derived from gene expression data, and uses this

information to identify all maximally connected pathways containing at most an con�gurable

number of non-active genes [206]. Similarly, BiCoN accepts raw gene expression data and identi�es
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subnetworks in the interactome that maximize the inter-patient-group expression difference [207].

This can, in cases where suf�cient experimental data is present, help to reduce the uncertainty of

disease de�nitions and aggregated information, discussed in the disease gene identi�cation step [90].

Table 1.5: Overview of common methods to identify disease mechanisms, including disease module
identi�cation algorithms, graph algorithms, and integrative tools.

Tool Methodological

Category

Key Characteristic

DIAMOnD [195] Local Expansion Iteratively expands the module by adding

genes with the highest “connectivity

signi�cance” to seeds.

DOMINO [196] Subnetwork Construction Constructs connected components

enriched for seed genes, potentially

yielding multiple disconnected modules.

MuST [197] Steiner Tree Heuristic Merges multiple sub-optimal Steiner trees

to provide a minimal connectivity solution.

ROBUST [198] Steiner Tree Evolution Prioritizes the inclusion of seed genes and

highly signi�cant connector genes.

ROBUST bias-aware

[199]

Bias-Corrected ROBUST Improved version designed to mitigate

degree-bias introduced by research-bias in

interactome data.

TOPAS [200] Iterative Top-Down Identi�es a minimum number of

connection genes between seeds to ensure

a fully connected subnetwork.

Betweenness

Centrality [205]

General Graph Algorithm Identi�es nodes acting as crucial bridges

by measuring shortest paths passing

through them.

Closeness Centrality

[204] & Harmonic

Centrality [203]

General Graph Algorithm Rank nodes by average shortest path

distance. Closeness Centrality cannot deal

with disconnected components, Harmonic

Centrality can.

TrustRank [201] &

PageRank

General Graph Algorithm Propagates a signal from seeds across the

network to identify nodes most in�uenced

by the disease signature.

KeyPathwayMiner

[206]

Integrative Enrichment Identi�es maximally connected pathways

containing at most a con�gurable number

of non-active genes.

Continued on next page...
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Table 1.5 continued from previous page

Tool Methodological

Category

Key Characteristic

BiCoN [207] Patient-Omics Clustering Uses expression data to identify

subnetworks maximizing differences

between patient groups.

1.4.3.3 Drug Ranking

Drug ranking, or drug prioritization, is the �nal additive algorithmic step in identifying promising

therapeutic candidates. Given a disease module or a set of disease-associated genes, the goal

is to score and rank all drugs in the KG based on their relationship to these disease-describing

subnetworks (Figure 1.2(III)). Existing methods for this task can be broadly divided into three

categories: general network scoring and ranking algorithms, purpose-built prioritization methods,

and neural network approaches. A condensed overview of all following methods will be found in

Table 1.6.

While sophisticated, purpose-built algorithms have been developed for disease module

identi�cation, drug prioritization has historically relied more on the application of general-purpose

algorithms from network science. In contrast to more complex methods, these scoring-based

options typically operate by calculating a measure of relevance or proximity for each drug relative

to the disease module, often followed by a cutoff to select the top candidates for further review. A

common strategy also in this step involves the use of centrality measures, which assess a node's

importance within a network's topology [208]. Betweenness centrality [209], harmonic centrality,

as the adjusted version of closeness centrality [203], and degree centrality [210], which simply

ranks nodes by their number of connections, can also be used. Degree centrality is naturally highly

sensitive to the research bias inherent in well-studied proteins [211].

Other methods focus on propagating a signal from the disease module (or disease genes)

through the network. The same network propagation algorithms as for module identi�cation

can be used. For example, TrustRank, which is based on Google's PageRank algorithm, starts

with the selected genes as a source of "trust" and iteratively spreads their trust score across the

network, highlighting –in this case– drugs that are most in�uenced by this signal [202]. Similarly,

diffusion-based approaches like “Random Walks with restart” start at the disease module to

empirically score other nodes based on how frequently they are "visited" [212]. This technique has

been successfully applied in several DR studies [213, 214].

To expand the �eld beyond general-purpose algorithms, a small number of methods has been

developed speci�cally for DR. One prominent example is the Network Proximity algorithm,

proposed by Guney et al. [215]. This method calculates the distance in the network from a drug's

targets to the disease module while accounting for biological rationale, such as the principle

that a drug does not need to target every protein in a module to be effective. It establishes

statistical signi�cance by comparing the observed distance to a random background distribution.

This approach has been in�uential in subsequent studies [216]. SAveRUNNER, which builds on

Network Proximity, additionally assesses drug similarity to score candidates that may not be

directly connected to the module, but are structurally or functionally similar to those that are [217].
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More recently, methods like PANACEA have further re�ned this by, when available, propagating

disease-speci�c scores through the network to improve prioritization [218].

As mentioned earlier, with recent advances in AI , GNNs are increasingly being applied to

DR [219, 220]. These models excel at learning complex patterns from network data and are

often used for so-called “link prediction” tasks, such as predicting novel drug-target interactions

or drug-disease indications. While powerful, these approaches are best suited for large-scale,

systematic prediction studies rather than on-demand, exploratory research. This is because they

typically require training on a speci�c, �xed node-set and can not easily be transferred to the

dynamic, user-driven queries common in exploratory research work�ows [221, 222].

Table 1.6: Overview of drug prioritization and ranking methodologies.

Method / Algorithm Primary Mechanism Key Advantage / Description

Network Proximity [215] Geometric Distance Calculates the topological distance

between drug targets and the disease

module relative to a random background.

Random Walk with

Restart [212]

Network Diffusion Empirically scores nodes based on how

frequently they are “visited” starting from

a disease module.

TrustRank [202] &

PageRank

Signal Propagation Propagates a signal of “trust” from seeds

across the network to identify the most

in�uenced drugs.

SAveRUNNER [217] Proximity & Similarity Enhances proximity scores by

incorporating drug-drug structural and

functional similarity metrics.

PANACEA [218] Score Propagation Designed for oncology; propagates

disease-speci�c scores through the

interactome to improve ranking.

Closeness Centrality [204]

& Harmonic Centrality

[203]

General Graph

Algorithm

Rank nodes by average shortest path

distance. Closeness Centrality cannot deal

with disconnected components, Harmonic

Centrality can.

Betweenness Centrality

[209]

General Graph

Algorithm

Identi�es drugs or targets acting as crucial

bridges (shortest paths) within the

network.

Degree Centrality [210] General Graph

Algorithm

Simple ranking by the number of

connections; however, highly sensitive to

research bias.

Continued on next page...
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Table 1.6 continued from previous page

Method / Algorithm Primary Mechanism Key Advantage / Description

GNNs (Link Prediction) Deep Learning Excels at learning complex latent patterns

for predicting novel drug-disease or

drug-target interactions.

1.4.3.4 In Silico Validation

Lastly, one essential topic is the validation of the resulting predictions. In the absence of a ground

truth or gold standard in silico approaches need to rely on alternative validation strategies and

criteria to assess the reliability of predicted results (Figure 1.2(IV)). This essential step helps to

counteract uncertainty introduced in previous steps at least by �agging results that appear more

random than case-focused. The goal is that this corrective measure can facilitate the assessment

of relevance of certain predictions and �ndings and thus help with DR research translation by

�ltering all hypotheses to the ones with the highest chance to advance to experimental veri�cation

of generated hypotheses. An overview of all in the following presented methodologies can be

found in Table Table 1.7.

The expectation for in silico validation methods in network-based DR is that disease modules or

a list of ranked DR candidates are assessed regarding their actual relevancy or validity, best case in

a quanti�able and interpretable way. Different options are assessed in the following, where some

methods might only be applicable to module evaluation or to DR candidate evaluation, but not both.

Naturally, one simple way to assess if disease modules or DR candidate predictions are sensible

is by putting them in context with primary resources for current scienti�c and clinical information,

a process sometimes called analytical validation [148, 223]. This can give a �rst impression about

the relevance or general usability of methods and some results. Speci�cally for novel exploration

and discoveries this approach alone has limited power.

In network-driven methods not every information stored in the available KG is necessarily also

used in the DR candidate prediction process. Left out relationships, e.g., information about known

drug-disease indications is often not taken into account [224]. Therefore, such links can be used

as a control mechanism by evaluating if DR approaches were able to re-identify them, making

it a speci�c case of analytical validation. This validation strategy can be used to systematically

test DR prediction methods, but also can give a general sense of importance of individual results.

Equivalently, if for the disease module creation the initial list of disease associated genes was �l-

tered or thresholded in any way, excluded genes can be used to assess the added module genes [225].

This information can be expanded with other aggregated information sources, like clinical

trial databases [224]. It allows to not only check drug-disease connections that are established

and approved but includes ones that are under research or trial, showing that other scien-

tists came up with similar or the same treatment hypotheses. Other valuable information

is off-label or coincidental use of drugs in combination with patients' disease history. This

type of data allows us to observe and potentially validate predicted drug-disease indications

using actual responses to fortify a hypothesis based on empirical and external information [224, 226].
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Obviously, the so-far mentioned methods only compare to existing knowledge and thus are

predominantly inadequate to highlight and evaluate relevance of completely novel hypotheses for

disease modules or DR candidates.

For that, transitive information can be included to “evaluate by association”. Often, multiple

drugs have similar effects on the human system by binding to the same binding pockets of the

same proteins. This information can be used to assess the likelihood of achieving a wanted effect,

based on the existence of similar drugs or drugs with the same targets being indicated for the

disease of interest. Similar evidence can be found by using information about disorder comorbidity.

Comparing the disease modules of one disease with the disease genes of a highly comorbid

one, can help to �nd evidence solidifying the modules relevancy. As comorbidity of diseases or

disease subtypes often stems from a shared genetic background, in cases of high comorbidity

some information about one disease might be transferable to the other [227–229]. Even further,

predictions can be compared through additional information, like drug side effects and disease

symptoms, that both are just different descriptions for phenotypes present in an organism. Using

phenotype vectors as a proxy to assess overlaps between a drug and a disease can hint towards

mechanistic similarity, where the disorder has this mechanism perturbed and a drug is targeting

and affecting the underlying mechanism in a similar way [230, 231]. This of course does not directly

mean that drugs can treat diseases whenever a shared phenotype signature is present, but this

information can help assess the mechanistic relevancy and relationship between the two and

potentially �ll in gaps in knowledge about their underlying mechanisms. Disease modules can be

evaluated similarly. Information about the pathways proteins play a role in is well curated as is

information about the effect and resulting disease of a perturbed pathway [232].

The natural progression from the latter approach is enrichment-based validation strategies.

With functional enrichment analyses, disease modules or connected components within them, can

be evaluated based on their main functional roles within the human organism and as such, be

related back to the disease in question. Resources like Gene Ontology [233], g:Pro�ler [234], DAVID

[235], and others are essential resources for functional, compartmental, and other annotation. For

example, in cancer this method can highlight if all hallmarks of cancer are explained adequately by

the identi�ed disease module and also classify functional components of disease modules of other

complex disorders [236, 237].

Data-driven evaluation approaches support the testing of hypotheses regarding newly identi�ed

key genes in a disorder even further. Verifying the expression of all proteins of the hypothesized

module in patient data, can help reduce false positive observations, at least for cases where

suf�cient or �tting data is available [238]. Similarly, yet with weaker impact, aggregated tissue

context and speci�city information about protein expression can be used to evaluate hypotheses

about how the expression of disease module genes �ts within the mainly affected tissues of the

disorder. If, for example, all genes of a Parkinson's disease module are expressed in lung or

heart but not in brain tissue, this should raise questions of relevancy and accuracy [227]. Small

inconsistencies and incompatibility with existing tissue-level information can be explained by

dysregulation as a result of the disorder, which could be dedicatedly investigated by previously

discussed data-driven methods [239, 240].
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Finally, statistical evaluation and quanti�cation by empirical p-value calculation are additional

valid strategies [241]. Here, the relevance of a resulting disease module or DR candidate list is

measured based on the probability that it could have been obtained randomly, given an adequate

background model. These can be freely selected as long as they represent the background

adequately and therefore can be adjusted to evaluate different assumptions and methods which

makes it a well suitable approach. In the case of network-based DR, the creation of random

modules to compare the actual results to could, for example, focus on ful�lling similar topological

properties, like size and number of connected components. Creation of comparison lists for DR

candidates can additionally include prior knowledge of the disease module, as that limits the list of

available drug targets. Alternatively, other interpretations of reference-based sampling to establish a

random background can be applied. NeDRex, for example, uses a list of reference drugs, known to

be indicated for the disease at hand. This list needs to be provided by the user, and based on it the

predicted DR candidates and disease modules are statistically evaluated and a p-value assessing

the signi�cance of the result sets is provided [129].

Table 1.7: Overview of strategies for the in silico validation of computational hypotheses.

Strategy Validation Type Description

Analytical Validation Contextual &

Literature

Manually or computationally checking �ndings

against primary scienti�c and clinical resources.

Indication

Re-identi�cation

Benchmark-driven Uses “left out” relationships (e.g., known drug

indications) to assess if a method can re-identify

established links.

Indication Expansion Clinical Context Cross-references �ndings with clinical trial

databases or evidence from

off-label/coincidental drug use.

Transitive Evidence Evaluation by

Association

Assesses likelihood by comparing phenotype

signatures (symptoms vs. side effects) or

comorbidity comity.

Enrichment Analysis Functional Uses resources like GO, DAVID, or g:Pro�ler to

verify if modules align with biological hallmarks

or pathways.

Patient Data

Integration

Data-driven Veri�es protein expression levels in patient data

or affected tissues to �lter false positives.

Empirical P-value Statistical Quanti�es relevance by comparing results to

randomized models matching relevant

properties (e.g. size and topology).

1.5 motivation

The advantages and translational potential of network-driven DR are hampered by the accessibility

and availability of current solutions. This applies to the previously introduced work�ow from

disease gene identi�cation to in silico validation as a whole, as well as each step individually. The
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following section outlines several key bottlenecks that form the basis of this dissertation and

motivate the work presented herein.

Bottleneck 1: A lack of democratization

Despite the plethora of available tools, the general availability, usability, and explainability of DR

research remain limiting factors. While network-driven methods promise interpretable approaches

and results, there is a very limited offer of implementations available that try to provide general

access to such integrated network-driven DR work�ows.

This stems �rstly from an issue with fragmentation and accessibility of individual network

medicine algorithms, as it is the case for many other �elds within bioinformatics. Data scientists

and bioinformaticians might be able to use the tool well, but the most valuable user group are

pharmacologists and clinical experts of a speci�c disease. These specialists could use their expert

knowledge in combination with computational tools to gain new insights into the mechanistic

understanding of diseases and identify mechanistically plausible candidates for DR trials.

Limitations in usability can arise from complex installation processes and requirements, as

the publication of tools only through a GitHub repository is common in bioinformatics, without

any user-friendly way to set-up, test, or run them easily from a UI , e.g. though an intuitive web

application. Even if an interface exists, many resources just ful�ll one part of the DR pipeline (e.g.

standalone KG, AI model) where again technical expertise is required to piece together a whole

DR work�ow that facilitates guided DR candidate prediction while also allowing for exploratory

freedom for the experts.

Collections of disease genes are usually available through databases where speci�c information

can be extracted, downloaded, and often also explored within an adjacent platform. DR options,

especially network medicine driven ones, are frequently too speci�c to be part of said platforms. For

other methods of disease gene identi�cation, like BiCoN that combines disease gene and module

identi�cation by extracting information from differential expression analysis and interactome data,

online exploratory resources exist [207]. The same is true for KeyPathwayMiner, yet in both cases

the options for deep exploratory research, hypothesis generation, and interoperability are limited,

and thus staying behind their potential of serving as essential tools for systems medicine motivated

DR without secondary integration [206].

Algorithms solely focusing on module detection have similar issues. Methods like DIAMOnD

[195] or ROBUST [198], only exist as executables or code on GitHub. As introduced, this signi�cantly

limits the potential user base to those that have suf�cient computational knowledge or a team with

such skills. DOMINO, as a positive example, was deployed with its own web interface 7, allowing

simple and isolated execution of the tool [242].

As drug prioritization algorithms are mostly lent from general network theory, online

solutions targeting DR research are rare. Some generally drug identi�cation-focused platforms

like BalestraWeb [179] or PROMISCUOUS [243] provided basic search engines for drug-target

relationships. By now PROMISCUOUS, PROMISCOUS 2.0 [244], as well as other drug-target

7 https://domino.cs.tau.ac.il/
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interaction web resources namely DT-Web [245] and DASP�nd [246] are seemingly out of

commission, probably due to a lack of use of these resources. Available platforms with more

extensive features, such as the previously mentioned Hetionet8 [125] and OpenTargets9 [126],

followed in their footsteps, providing a multitude of options to query their respective resources

for drug target related research. But, even those tools do not cover the whole chain from a start

selection of a disease and multiple disease associated genes over module and candidate prediction

to validation steps, since they have a different focus.

Some integrated solutions that cover more of this work�ow do exist. First to mention is CoVex 10,

an integrated solution for coronavirus disease treatment candidate prediction using a network

medicine approach [197]. While it unites module detection and drug prioritization in one easily

accessible web application, it is limited to this very speci�c use case, namely SARS-CoV-2 research,

and lacks options for in silico result validation.

CADDIE 11, a cancer-focused full-conversion and expansion of CoVex, supports many more

different types of disorders under the cancer umbrella [247]. It added useful result evaluation

options, like cell line study information of cancer drugs, to provide tools for �ltering and

highlighting proposed drug candidates. While CADDIE presents an all-around complete

application for drug-repurposing for cancer disorders, it is not available outside this speci�c group

of diseases and also not easily extensible to that, as integrated data is heavily cancer focused and

not available for other diseases to the same degree.

ROBUST-bias-aware12, the recent successor to the ROBUST module detection tool, with help of

results of this thesis, was released with a more integrated web interface, allowing to not only create

disease modules in isolation, but also adding DR candidate prediction, and result validation [199].

A completely separate approach of interaction was taken with NeDRexApp of the NeDRex

platform [129]. Like similar resources, it leverages the information stored in the underlying

database (NeDRexDB) through a REST API (NeDRexAPI) and provides a UI within Cytoscape

[248]. Cytoscape is a well-known standalone application within the network medicine and

biological network space providing an extensive toolkit and ecosystem for network exploration and

manipulation. NeDRexApp is a Cytocape plugin and serves as a wrapper of the NeDRexAPI to

offer functions from disease gene selection over module detection to drug ranking and even in

silico validation options using empirical p-value calculation. While the solution does provide a full

implementation of a generalistic network-driven DR work�ow, there are some drawbacks. First, the

local installation of Cytoscape and NeDRexApp is required, increasing the hurdle of entrance to

this tool in comparison to readily available web applications. Further, some resource-demanding

tasks, like storing larger KGs and layout computation of those networks are taking place on the

user's machine. In cases of large interactomes, this task can require multiple gigabytes of memory

and several minutes for computation.

8 https://het.io
9 https://www.opentargets.org/

10 https://exbio.wzw.tum.de/covex/explorer
11 https://apps.cosy.bio/caddie/
12 https://robust-web.net/
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Web tools have the option to outsource these computations to powerful servers or to prepare

the available networks and information in a way that the retrieval of any information is as

ef�cient and optimized as can be. Naturally, implementing a completely new web interface

and backend service for network-driven DR demands substantial effort, know-how, devel-

opment resources, and time, in comparison to building on a 20-year-long battle-tested and

constantly improved system like Cytoscape, that comes with a complete toolkit of network functions.

Bottleneck 2: The seed gene knowledge gap

One continuous point of debate, and the �rst to introduce signi�cant uncertainty if not careful, is

the selection of seed genes, the disease associated genes that are the starting point. Aggregated

information can suf�ce in many cases and help to discover new DR hypotheses. In complex and

not well understood disorders, on the other hand, a lack of knowledge or understanding can render

the rest of the pipeline useless, as an initial selection might not capture the actual relevant disease

genes. Subsequent steps in the pipeline cannot compensate for it and this issue is further ampli�ed

by the continued issue of disease classi�cation heterogeneity which introduces noise by simply

converting between different disease ID spaces [90].

Data-driven disease gene identi�cation is in many cases more robust than population

level-aggregated information, which is especially relevant for precision and personalized medicine.

For now, available and previously mentioned solutions can build on omics expression data,

but genetics appears to be a blind-spot. Information on genetic impact is implicitly available

through disease-gene association databases that incorporateGWAS data but this aggregation can

lose the nuance and signal these individual studies could provide. Even then, standard GWAS

approaches still fail to explain large portions of the heritability of complex diseases. Epistasis

research focuses speci�cally on this problem but data and hypotheses about mutation and gene

sets of epistasis hypotheses are not centrally available. Through the strongly overlapping nature of

the previously introduced hypotheses about epistasis (a combination of mutations that causes a

certain phenotype, but not in isolation) and disease modules (disease associated proteins forming

connected components in the interactome) exploring the mechanisms of disorders using epistasis

candidates to build precision disease modules through network medicine approaches seems logical.

Even though computational power keeps reaching new heights, epistasis detection stays an

incredibly complex task such that no comprehensive analyses were able to go past variant set sizes

of more than three. This, and the absence of any publicly available resource that provides insight

into promising epistasis candidate sets, limits the implementation of a DR pipeline building on and

evaluating epistasis hypotheses.

Bottleneck 3: Lack of in silico validation strategies

Finally, tools for in silico validation of network-driven DR hypotheses are not generally available.

With existing tools and data, numerous module detection and DR hypotheses can be generated,

even without the availability of many integrated solutions. Not all hypotheses can be experimentally

tested. This is why, in silico validation provides a necessary �lter mechanism to remove hypotheses
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that cannot hold up.

As mentioned earlier, tools like g:Pro�ler or DAVID can be used manually to conduct enrichment-

based assessments of module coherence with regard to our understanding of a disease. Naturally,

they do not come with a quanti�cation of importance assessing the initial question of DR potential

though, as they were never intended for that line or research.

The bigger picture

Looking at the three main bottlenecks just presented as a collection of issues of different stages

of a network-based DR pipeline (Figure 1.2) their impact becomes even clearer. The seed gene

knowledge gap often causes the pipeline to start with noisy and incomplete input. These

de�ciencies are then inherited by subsequent steps, leading to the construction of potentially

low-con�dence disease modules and, ultimately, to drug predictions with similarly compromised

reliability. The in silico validation gap makes it exceedingly dif�cult to computationally distinguish

the true biological signal from this background noise in a meaningful or quanti�able manner.

Finally, the democratization gap prevents domain experts, who possess the biological intuition

needed to manually curate and �lter these noisy results, from effectively engaging with the tools.

This creates a vicious cycle of low-con�dence predictions that are dif�cult to validate, leading to a

low rate of translation from computational hypothesis to clinical reality. This dissertation seeks

to interrupt that cycle by presenting a collection of tools that respectively address each of these

bottlenecks.

1.6 aims and contributions : improving access to drug repurposing hypotheses

The goal of this dissertation is to address the outlined bottlenecks and, to this end, presents

four novel, integrated software tools that aim to help a broad range of users –including domain

experts, biomedical researchers, clinicians, and computational biologists– conduct computational

DR pipelines by providing integrated and integrable solutions. The whole chain of network-driven

DR steps (Figure 1.3(A)) is represented and how the newly developed solutions cover them is

illustrated in Figure 1.3(B). Synergistic and complementary bene�ts between the presented work,

enabled by a focus on developing integrable solutions, is highlighted.

To summarize: making network-based DR pipelines accessible to experts in the �eld is hampered

by the potential of the overall accessibility and integration of fragmented tools combined with

room for improvement in every step of the pipeline to reduce the propagation of uncertainties.

The general work�ow integrates, as presented earlier: 1. The identi�cation of disease or condition

associated genes as seeds (Figure 1.3(A)I); 2. The detection of disease modules based on the given

seeds (Figure 1.3(A)II); 3. The prioritization of drugs, targeting the identi�ed disease modules

(Figure Figure 1.3(A)III); Figure 1.3. The in silico validation of results (Figure 1.3(A)IV).

The following goals are set to improve this current state of DR research conducted on a network

medicine basis and beyond. The contributions made to ful�ll these goals are shortly highlighted to

introduce the work done and the �nal structure of this thesis:
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Figure 1.3: Summary overview of the network-based DR work�ow in A) and which steps are
covered by the presented publications in B). A) For a more nuanced depiction, step I) , II) , and
IV) have annotated sub-categories presenting different solutions to the presented steps. In II)
“Network integration” relates to enabling disease mechanism exploration by integrating gene
information with network data, enabling connection-based assessments. “Detection algorithms”
then speci�cally hints towards purposefully integrated functions and algorithms assisting this
mechanism identi�cation step leveraging the network information. In B) this �ne-grained split is
utilized to highlight intrinsic capabilities of the presented tools as solid lines, and the expanded and
available functionalities through synergistic integration of others of the presented projects. NeEDL
and the Epistasis Disease Atlas provide a novel solution for de novodisease gene identi�cation
based on network-medicine assumptions and provides a UI for interactive exploration of results,
integrated with network information. The referral to Drugst.One expands the on-site functions
with the whole chain of network-based DR functionalities, from disease module detection to drug
prioritization. DIGEST provides the missing in silico validation tools for generated disease modules.
NeDRex-Web is separated from the other three solutions to highlight the effort of it being a fully
integrated and self-suf�cient end-to-end solution attached only to the NeDRex infrastructure, in
contrast to the other published projects.

G O A L 1 : Integrated and accessible end-to-end solutions for network-based drug repurposing

C O N T R I B U T I O N 1 : Addressing the Democratization Gap with NeDRex-Web and Drugst.One.

This work presents NeDRex-Web and Drugst.One, a comprehensive platform and a plug-

and-play solution, respectively, that make the end-to-end repurposing pipeline accessible to

non-computational experts.

G O A L 2 : Integrating network medicine and epistasis research to facilitate identi�cation of novel

data-based disease genes for a new, robust drug repurposing angle

C O N T R I B U T I O N 2 : Breaking the Seed Gene Gap with NEeDL and the Epistasis Disease

Atlas.

This thesis introduces NeEDL, a novel framework leveraging network medicine to overcome the
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combinatorial barrier in epistasis detection, and the Epistasis Disease Atlas (EDA), providing a new

and more robust source of seed genes in the �rst openly accessible repository for epistasis analysis

results integrated with DR research tools.

G O A L 3 : Development of novel, and integrable purpose built validation algorithms for predicted

disease modules

C O N T R I B U T I O N 3 : Closing the Validation Gap with DIGEST

This dissertation presents DIGEST, a purpose-built statistical tool that provides novel metrics to

assess the mechanistic and genetic coherence of computational hypotheses, adding a necessary

layer of con�dence to network-driven DR research.

To achieve these three goals, the following chapters will present the novel contributions designed

to address each bottleneck.Chapter 2 will introduce NeDRex-Web and Drugst.One, two resources

developed to address the democratization gap by providing comprehensive and accessible tools to

the community. Chapter 3 will then address the seed gene knowledge gap by presenting the NEeDL

algorithm and the Epistasis Disease Atlas, the �rst online resource for exploring higher-order

epistasis results. Subsequently,Chapter 4 will detail DIGEST, a novel method for in silico validation

that closes the �nal validation gap. Finally, this work evaluates the collective impact of these tools

as an interconnected ecosystem, utilizing community adoption and usage analytics, presented in

Chapter 5, as a quantitative proxy for the success of the overarching democratization effort. Finally,

the dissertation will conclude with a discussion in Chapter 6 that assesses the contributions made

with regard to the identi�ed goals. Concluding remarks will be made in Chapter 7 as well as an

outlook on future work.
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2
I N T E G R AT E D N E T W O R K - D R I V E N D I S E A S E M O D U L E A N D D R U G

R E P U R P O S I N G C A N D I D AT E I D E N T I F I C AT I O N

2.1 introduction

Towards the end of my bioinformatics studies, my journey into network medicine and DR began by

learning about the then soon-to-be-published NeDRex platform. A previous project, named CoVex,

a Coronavirus explorer developed at the early stages of the SARS-CoV-2 pandemic to research

DR candidates, was the �rst interaction of such an integrated network-based drug repurposing

tool [197]. Following the same underlying idea, a generalistic platform for any disease was built.

NeDRex was designed to have a large heterogeneousKG at its core, that can be queried and

explored both manually and algorithmically. For that, disease module and drug ranking algorithms

were integrated and made available through the so-called NeDRexAPI, alongside many other

functions for accessing the information stored in the NeDRexKG. For an accessible UI at that time a

Cytoscape plugin was chosen and developed using NeDRexAPI to query data, run algorithmic

tasks, and to load the results into Cytoscape. While this NeDRexApp worked as intended, it

had some signi�cant drawbacks. Firstly, Cytoscape needs to be installed on the researcher's

device, as it is a standalone application. This further means that after networks are downloaded

through the NeDRexAPI any visualization, layouting, and exploration is happening locally on the

user's machine and using local resources. While this is not an issue for small networks, loading

large interactomes leads to signi�cant memory footprints of 16GB and higher, which means the

researcher's machine requires signi�cant memory resources and decent bandwidth internet to load

all the data in the �rst place.

Recognizing the potential of network-driven DR, but seeing the issues in accessibility, I aimed to

develop a web application building on the NeDRex knowledge base and general toolkit but optimiz-

ing it for on-demand access requiring only any modern browser. At the same time, one objective

was to maintain the freedom that Cytoscape offers with regard to exploration and expert-in-the-

loop focus, while helping and supporting computationally less experienced users as best as possible.

The goal was to develop and provide the �rst integrated web resource for network-driven DR,

called NeDRex-Web . At the time, any type of available DR-oriented web-resources were scarce.

Generalistic resources that allow for the identi�cation of potential drug candidates do exist, but

are quite limited in functionalities, with very little freedom of operation and exploratory research

for the expert. Examples are CROssBAR1 [249], a tool for analytically exploring and searching

paths within a large KG, and PROMISCUOUS 2.02 [244], which was mainly focused on drugs, their

1 https://crossbar.kansil.org/
2 Unavailable by now

38
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targets, and side effects. More comparable to NeDRex are the BioThings Explorer3 and Hetionet 4

[125] as they speci�cally enable targeted identi�cation of links between drugs and diseases, but

in contrast lack purpose-built and integrated algorithmic solutions with a focus on DR to have a

larger impact in this �eld.

Online available resources, that give more power to the user, include the previously mentioned

CoVex5, which was one of the �rst attempts of a uni�ed interface focusing on identifying DR

candidates for COVID19 speci�cally, by integrating host-virus interaction datasets [197]. Further,

representing a major and very special group of disorders, a cancer-speci�c DR application in the

form of CADDIE 6 was developed in an equivalent way [247]. It focuses on the integration of data

and information speci�cally relevant to cancer, like using genetic variant �les as a starting point

and cell line drug response information for anti-cancer drugs. While all those resources aim to

provide tools for the identi�cation of novel treatment approaches in some disorders, centrally

available resources that are easy to access and provide a rich toolkit of DR functionalities for a

more general case are missing.

One of the most labor intensive but equally central parts of any of the existing solutions is

an interactive and robust way to intuitively explore networks to navigate and understand these

complex molecular relationships. While many implement a network explorer, the quality and

depth vary greatly as each solution is developed mostly from scratch, and it is a sizable endeavor

for developers to deal with the implementation of such a feature. Examples are BiCoN 7 [207]

and DOMINO web-server 8 [242] but this extends even to databases for interactome data like

STRING [103] or IID 9 [121]. While JavaScript libraries for networks and even biological networks

exist in the form of cytoscape.js, it still requires signi�cant additional work, like the handling of

input and output formatting, the integration of several data sources to enrich the network with

information and, depending on the goal, the integration of network algorithms, that are executed

asynchronously on a backend server.

Based on this, we additionally identi�ed the need for a reusable solution that simpli�es the

implementation of a network visualizer and certain base functionalities for DR. That project was

labeled Drugst.One and aimed for bringing DR to any platform that deals with protein networks

or merely generates a list of disease associated genes. This way, it has the potential to enableDR

research, where insights about diseases are generated. The hope was that by providing an easy to

use and easy to integrate solution, adding DR to existing resources would become “a no-brainer”.

This would lead to distribution and increased access to DR, not only within the existing community

but also outside, democratizing the research for DR candidates and providing access to the experts

that can make a difference.

3 https://explorer.biothings.io
4 https://het.io
5 https://exbio.wzw.tum.de/covex/explorer
6 https://apps.cosy.bio/caddie/
7 https://exbio.wzw.tum.de/bicon/
8 https://domino.cs.tau.ac.il/
9 https://iid25.ophid.utoronto.ca/
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2.2 results

Here I present NeDRex-Web (Publication A) [250] and Drugst.One (Publication B) [251], two

fully web-based, integrated end-to-end solutions for network-based DR that I (co-)developed and

published to make DR research more accessible. The two applications are not solving the same

problem twice, but rather target different niches. While NeDRex-Web provides a fully integrated

extensive toolkit with, visualization options, exploratory functions, and elaborate history and result

sharing system allowing to dive deep into data on this one platform, Drugst.One focuses more on

essential functions, simple overviews, and integrateability to extend existing solutions. The projects

can be seen as complementary solutions to enable general access but also to improve distribution

and thus visibility of DR aimed at clinical experts that never worked on DR and long standing

pharmacological researchers alike.

2.3 nedrex -web

2.3.1 Summary

With NeDRex-Web I address the lack of a comprehensive and general online DR application

that provides an end-to-end solution for network-based seed selection, disease module and

drug candidate prediction, including p-value-based in silico result validation through the

original NeDRexAPI (Figure 1.3(IV) & Figure 2.1). It is a completely cohesive, standalone

tool, requires no installation, and is targeted towards clinical and pharmacological experts

that want to deep-dive into exploring mechanistic relationships between genes, drugs, and

diseases, or disease modules and pharmacological relationships. It is mostly decoupled from the

original NeDRex platform, which makes it robust to any changes to the main platform down

the line, while syncing the database on a weekly basis to provide up-to-date and consistent

information. Furthermore its toolbox was expanded past the already existing functionalities

of NeDRex, integrating additional module detection algorithms, the explicit option to use

tissue-level �ltered interactomes, purpose-built connectivity searches, more documentation of

the integrated tools, and support for disease comorbidity-based research of shared mechanisms,

amongst others. General utility for hypothesis generation, mechanism, and DR candidate identi�ca-

tion are presented in several use cases. NeDRex-Web is fully and freely available at web.nedrex.net10.

10 https://web.nedrex.net
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Figure 2.1: The NeDRex-Web work�ow (Reprinted from publication A [250], ©2024 IEEE): NeDRex-
Web covers all steps of the network-based DR pipeline end-to-end. (A) Users start an analysis by
selecting a starting point, e.g. �nding genes that represent a disease and analyze them. (B) For this,
users can decide between exploring freely through manual network �ltering and guided network
link analysis steps, or by applying network medicine algorithms. (C) Detailed and informative result
overviews provide researchers with options for additional steps, such as the in silico validation of
results, exploration through the interactive network explorer, the export or consultation of linked
resources for external follow-ups or simply (D) the option to iteratively deepen or re�ne their
hypothesis. All generated results are stored for the user in their personal history.
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2.4 drugst .one

2.4.1 Summary

Drugst.One is a plug-and-play solution bringing network medicine functionalities and DR to

any existing web tool (Figure 2.2). This aims to drastically lower the hurdle of development of

such features as with only three lines of code and some con�guration, a tailored instance can

be integrated. Detailed documentation and a dedicated con�guration creation tool help with

the integration process. Additionally examples of Drugst.One integrations into several different

frameworks provided through publicly accessible repositories help with framework-dependent

con�guration differences. A dedicated “Standalone” page on Drugst.One website allows use of the

plugin in a neutral environment now only through manual interaction. Drugst.One Standalone

accepts GET and POST requests carrying content and con�guration for the on-site Drugst.One

plugin. That allows external tools to present users the options to open a con�gured and �lled

Drugst.One instance without integrating it directly into their website. It further provides direct

links to external resources (such as g:Pro�ler 11, NDEx12, and DIGEST13) forwarding information

from the visualized network and interconnecting resources on demand to increase the exploratory

depth and interoperability further. The more than 20 projects using Drugst.One already show

the versatility and adoption of this plugin. Use cases further outline the general relevance of

the implemented tools and functions. The landing page including con�guration and integration

instructions is available at drugst.one 14.

Figure 2.2: Drugst.One (Reprinted from publication B [251] with permission from Oxford University
Press): Drugst.One can help to transform any existing website (A) dealing with some list of genes or
proteins by adding DR features. (B) With as little as three lines of code, two imports and the use of
the <drugst-one> tag in the html body for actually rendering the component, Drugst.One provides
a full suite of easy to use and highly customizable functionalities for (C) simple context exploration
of annotated information, network-driven analyses, disease mechanotyping, drug prioritization and
in general disease mechanism or DR hypothesis generation.

11 https://biit.cs.ut.ee/gpro�ler/gost
12 https://www.ndexbio.org/iquery
13 https://digest-validation.net
14 https://drugst.one
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