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Thesis abstract

English

Recent years have seen significant progress in medical genetics, with enhanced access to

sequenced genomic data and the evolution of computational methods for analysing genetic

variation. These advances have improved our understanding of Mendelian ’one gene - one

phenotype’ genetic models, yet the transition to the study of oligogenic diseases, where a

small number of genes are involved, remains a considerable challenge.

With the rising reports of clinical oligogenic cases, resources and machine learning

tools have been developed to leverage this data. Nevertheless, despite their high accuracy,

these predictors can be viewed as “black-boxes” due to their limited interpretability. This

complexity poses challenges for medical professionals in validating these predictions and

restricts their understanding of potential underlying disease mechanisms. Our research

aimed to tackle these limitations using structured background knowledge to provide ad-

ditional context to predictions.

Our first key contribution is a web platform designed to allow geneticists to filter

and analyse patient-level variant data with predictors designed for oligogenic diseases.

This platform allows in-depth exploration of predictions, including feature contribution

analyses, gene pathogenicity networks and gene module mapping to biological networks.

Taking a step further towards enhanced explainability, we extended our research to the

design of a whitebox machine learning approach that could provide both predictions and

meaningful explanations based on background integrated knowledge. Our second contri-

bution is a biological knowledge graph that blends data from known oligogenic diseases

with multi-scale biological networks, emphasising the importance of diverse information

for understanding oligogenic complexity.

Our third contribution builds on this, presenting an interpretable model based on

path semantics between gene pairs. This model, capable of learning and applying rules

for oligogenic interactions, offers a novel method for geneticists to validate predictions
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and hypothesise about the causal mechanisms of oligogenic diseases.

In conclusion, this research shows how background knowledge can enhance the ex-

plainability of predictions for pathogenic genetic interactions. Our analysis platform gives

geneticists the necessary tools to understand oligogenic predictions more effectively. Addi-

tionally, our biological knowledge graph opens new avenues for investigating the intricate

relationships within oligogenic diseases. Finally, using our rule-based approach in tandem

with these resources can improve prediction validation and facilitate the generation of

mechanistic hypotheses, advancing our understanding of oligogenic diseases.

iv



Français

Au cours des dernières années, des progrès notables ont été réalisés dans le domaine de la

génétique médicale, facilités par un accès accru aux données de séquençage génomique et

l’évolution de méthodes computationnelles d’analyse de variants génétiques. Ces progrès

ont amélioré notre compréhension des maladies génétiques dites monogéniques. Toutefois,

les maladies oligogéniques, qui résultent de l’interaction d’un nombre limité de gènes,

continuent de poser un défi majeur en termes d’analyse et d’interprétation.

De nombreuses méthodes d’apprentissage automatique ont été développées pour prédire

ces interactions génétiques. Cependant, bien qu’elles soient précises, elles génèrent souvent

des résultats difficiles à interpréter pour les généticiens. La complexité de ces prédictions

rend ardue la compréhension des mécanismes moléculaires en jeu, ainsi que la validation

des résultats obtenus. Pour remédier à ce défi, nous avons exploré différentes approches

qui exploitent les réseaux de connaissances biomédicales pour améliorer l’interprétabilité

des approches prédictives dans ce domaine.

L’une des contributions de cette thèse est la conception d’une plateforme destinée aux

généticiens permettant la prédiction et l’analyse de combinaisons de variants génétiques

pour un patient. Elle offre notamment une analyse en réseaux des gènes pathogéniques,

et met en lumière des connections entre modules de gènes et réseaux biologiques.

Pour aller plus loin dans la compréhension de ces relations, nous avons conçu un graphe

de connaissances biologiques intégrant des données relatives aux maladies oligogéniques

avec de multiples réseaux biologiques et ontologies biomédicales. Ce graphe hétérogène

permet l’exploration des interactions complexes entre gènes et constitue une nouvelle

ressource pour le développement de nouvelles méthodes. Sur cette base, nous avons

élaboré un modèle d’apprentissage automatique interprétable. Il tire parti du graphe de

connaissance pour identifier des interactions pathogéniques, tout en expliquant ses prédic-

tions. Cet outil fournit aux généticiens une nouvelle approche pour valider les prédictions

et élaborer des hypothèses sur les mécanismes sous-jacents des maladies oligogéniques.

En conclusion, notre approche combinée d’apprentissage automatique et d’exploitation

de réseaux de connaissances offre des outils prédictifs plus interprétables pour l’étude des

maladies oligogéniques, contribuant ainsi à la recherche en génétique médicale.
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Nederlands

De laatste jaren is er aanzienlijke vooruitgang geboekt in de medische genetica, met verbe-

terde toegang tot genetische data en de ontwikkeling van nieuwe analysemethoden. Deze

vooruitgang leidde tot verschillende ontdekkingen in monogenetische ziekten, maar het

vermogen om meer complexe ziekten met varianten in twee of meer genen (oligogenetische

ziekten) aan te pakken, bleef beperkt.

De toename in klinische oligogenetische casussen heeft toegelaten om deze gegevens te

verzamelen en intelligente methoden te ontwikkelen die deze gegevens benutten. Ondanks

hun hoge nauwkeurigheid, voorzien deze methoden weinig inzage in redenen achter de

voorspellingen. Deze beperkte interpreteerbaarheid vormt een uitdaging voor medische

professionals aangezien deze methoden weinig inzicht in de specifieke biologische entiteiten

en betrokken relaties geven die licht kunnen werpen op onderliggende ziektemechanismen.

Deze thesis is gericht op het aanpakken van deze beperkingen met behulp van gestruc-

tureerde achtergrondkennis in de vorm van biologische netwerken en kennisgrafieken, die

extra context bieden voor voorspellingen.

Onze eerste belangrijke bijdrage is de creatie van een platform dat oligogenetische

voorspelling annoteert met de achterliggende biologische en cellulaire kennis. Door dit

platform is een diepgaande verkenning van de voorspellingen mogelijk, inclusief analyses

van kenmerkbijdragen, gen-pathogeniteitsnetwerken en het in kaart brengen van genen-

modules in biologische netwerken. Dit hulpmiddel wordt ondertussen regelmatig gebruikt

door internationale genetische experten in de analyse van verschillende zeldzame aan-

doeningen.

Om verder dit interpreteerbaarheidsprobleem op te lossen, werd dit thesisonderzoek

uitgebreid naar het ontwerp van een whitebox machine learning-benadering die zowel

voorspellingen als zinvolle verklaringen kan bieden op basis van geïntegreerde achter-

grondkennis.

Onze tweede bijdrage in die context, is het ontwerp van een biologische kennisgrafiek

die gegevens van bekende oligogenetische ziekten combineert met biologische netwerken

op meerdere moleculaire en cellulaire niveaus, waarbij het belang wordt benadrukt van

de diversiteit in informatie voor het begrijpen van de oligogenetische complexiteit.
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De derde wetenschappelijke bijdrage bouwt hierop voort en presenteert een inter-

preteerbare voorspeller op basis van de semantiek van de paden tussen oligogenetische

genenparen in de kennisgrafiek. Dit model, dat in staat is om regels betreffende oligo-

genetische interacties te leren en toe te passen, biedt een nieuwe methode voor genetici

om voorspellingen te valideren en hypothesen te formuleren over de causale mechanismen

van oligogenetische ziekten.

In conclusie, deze thesis laat zien hoe moleculaire en cellulaire achtergrondkennis, ver-

taald naar kennisgrafieken, de interpretatie van voorspellingen rond pathogene genetische

interacties kan verbeteren en het begrip betreffende oligogenetische ziekten kan vergroten.
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Chapter 1

Introduction

The field of medical genetics has been witnessing remarkable advancements, largely facil-

itated by access to genomic data and computational methods to analyse this data. This

has led to an enhanced understanding of Mendelian genetics, where a single gene corre-

sponds to a single phenotype. However, the transition to the study of oligogenic diseases,

which involve a small number of genes, has been challenging.

Machine learning tools developed to predict pathogenic gene interactions in the con-

text of oligogenic diseases have demonstrated impressive accuracy. Yet, they often lack

interpretability, limiting their applicability in clinical settings where predictions need to

be assessed against established knowledge and validated evidence.

This thesis presents new approaches to address these limitations by combining struc-

tured background knowledge in the form of biological networks and knowledge graphs with

predictive methods. This not only provides an enriched context to genetic predictions but

also aids in unveiling potential mechanisms driving diseases.

The introductory chapter begins by discussing the fundamentals of human genetics

and genome structure (Section 1.1). We then introduce the complexities of rare genetic

diseases, their characteristics, and the role of genetic variants in these conditions (Sec-

tion 1.2. Further, we present the oligogenic disease model, highlighting the concept of

epistasis and the related resources and predictive approaches (Section 1.3). This is fol-

lowed by an exploration of the role and challenges of interpretable machine learning in

biomedicine (Section 1.4). Lastly, we discuss the power of graph-based knowledge repre-

sentations in contextualising and interpreting biomedical data (Section 1.5).
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Chapter 1. Introduction

1.1 Deciphering the human genome

1.1.1 Genetics and DNA: from discovery to sequencing

Behind all human physiological processes, billions of cells work together to form tissues,

adapt to the environment, and manage the intricate systems that keep us alive. Central

to these cellular functions is DNA, or deoxyribonucleic acid, the molecule responsible for

carrying genetic information and ensuring the continuity of life.

The field of genetics, which studies heredity and variations in inherited traits, traces its

origins to Gregor Mendel’s groundbreaking experiments in the mid-19th century. These

experiments laid the foundation for the essential laws of inheritance. However, it was

not until the late 19th century that Friedrich Miescher discovered nucleic acids. These

were later conceptualised as DNA by Albrecht Kossel, who also identified their primary

components, including the bases adenine (A), thymine (T), guanine (G), and cytosine (C)

[1]. Building upon the foundation set by Mendel, Eduard Garrod in 1902 postulated a

clear link between inherited traits and specific biochemical processes within cells.

The discovery of DNA’s double helix structure in 1953 by James Watson, Francis

Crick, Maurice Wilkins and Rosalind Franklin, profoundly transformed our understanding

of genetics [2]. This structure highlighted complementary base pairing, a foundational

principle ensuring the accurate replication of DNA and led to the elucidation of the genetic

code, the sequence of nucleotides that dictates the biological functions and hereditary

traits of organisms.

In the late 1950s and early 1960s, the central dogma of molecular biology was es-

tablished. It outlines the fundamental processes of DNA replication, transcription, and

translation. DNA replication ensures the faithful duplication of genetic information [3],

while transcription and translation govern the flow of this information from DNA to RNA,

and subsequently to protein [4, 5, 6]. Together, these processes underscored the role of

DNA as the blueprint of life.

The development of DNA sequencing techniques has revolutionised our ability to read

the genetic code. The first widely used method, Sanger sequencing, was developed in the

1970s by Frederick Sanger [7]. It involves generating DNA fragments of varying lengths
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and detecting specific nucleotides at the end of each fragment to read a sequence.

In the early 21st century, next-generation sequencing (NGS) technologies emerged, of-

fering faster and more cost-effective ways to sequence DNA [8]. Unlike Sanger sequencing,

which sequences one DNA fragment at a time, NGS technologies can sequence millions of

fragments simultaneously, greatly increasing the speed of data generation.

The Human Genome Project, an international scientific research project with the goal

of determining the sequence of nucleotide base pairs that make up human DNA, marked

the beginning of the genomic era [9]. This era is characterised by a focus on the genome,

the complete set of genes or genetic material present in a cell or organism. The project,

completed in 2003, provided the first comprehensive map of the human genome, opening

up new avenues for genetic research.

In the years following the completion of the Human Genome Project, the field of

genomics has continued to evolve rapidly. The advent of high-throughput sequencing

technologies has made it possible to sequence an individual’s entire genome in a matter

of days, a task that took the Human Genome Project over a decade to accomplish. As

a result, individuals can have their entire genomes sequenced, providing valuable insights

into various aspects of their genetic makeup.

The vast amount of sequencing data fuels groundbreaking research, allowing scientists

to investigate the connections between genetic variations and diseases. Furthermore,

it equips healthcare professionals to diagnose genetic disorders, identify disease-causing

mutations, and customise treatment plans based on a patient’s genetic profile. These

innovations pave the way to a personalised medicine [10].

1.1.2 Structure and organisation of the human genome

The human genome is located within the nucleus of our cells and is made up of approxi-

mately 3 billion nucleotides. These nucleotides are organised into 23 pairs of chromosomes,

with each individual inheriting one set from each parent [11].

This genome is more than just a sequence of nucleotides; it has a complex structure

with various regions. These include genes, intergenic regions, enhancers, promoters, and

other non-coding elements.
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At the heart of the genome are genes or loci. These are the main functional units,

encoding products essential for numerous biological processes. The expression of these

genes follows a two-step process [6]. First is the transcription, where a DNA strand

is copied into RNA. Among the different types of RNA, messenger RNA (mRNA) is

a crucial functional molecule. Indeed, in the second step, translation, this mRNA is

used to synthesise sequences of amino acids known as peptides, which, after folding,

can form functional proteins. It is also worth noting that beyond serving as templates for

protein synthesis, certain RNA molecules play regulatory roles, influencing gene expression

without being translated into proteins [12].

These proteins are fundamental to the cell’s function and maintenance. They serve

roles ranging from catalysing biochemical reactions as enzymes, providing structural sup-

port, to facilitating intercellular communication and defending against pathogens. It is

worth noting that while our genome has around 20,000 genes that encode proteins, many

genes encode non-coding RNA molecules which can interact with proteins and regulate

various cellular processes [13].

A gene has both coding and non-coding parts. The coding parts, called exons, are

joined together to form RNA. The non-coding parts, known as introns, along with other

regulatory regions, are either not included in the transcription or are removed before

translation. Furthermore, through a process called alternative splicing, different exons

can be included or excluded from the final mRNA transcript. This allows a single gene

to produce multiple alternative transcripts [14].

The Encyclopedia of DNA Elements (ENCODE) project has systematically mapped

regions of transcription, transcription factor association, chromatin structure, and histone

modification in the human genome [15]. These data have enabled the assignment of

biochemical functions for 80% of the genome, particularly outside of the well-studied

protein-coding regions [15]. Many discovered candidate regulatory elements are physically

associated with one another and with expressed genes, providing new insights into the

mechanisms of gene regulation. The newly identified elements also show a statistical

correspondence to sequence variants linked to human disease, and can thereby guide

interpretation of this variation.
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1.1.3 Genetic variations and their implications in human traits

Every individual has a unique genetic makeup due to the presence of genetic variants

within their DNA sequence. These genetic variations are essential for the diversity ob-

served within human populations and play an important role in natural selection, evo-

lution, and the development of traits. Variants contribute differently to an individual’s

fitness i.e. the ability to reproduce and survive. While some might reduce fitness and

become rare due to negative selection, others that enhance fitness persist through positive

selection [16].

To understand these variations, genomes are often compared to a standard reference

genome. The differences identified in this comparison are termed variants or mutations.

The collection of genetic variants in an individual is called its genotype, which significantly

influences observable traits or phenotype.

Variant types

Genetic variants can vary in size, from single-nucleotide variants (SNVs) and small inser-

tions and deletions (INDELs), which together account for 99.9% of variants, to structural

variants (SVs) that affect larger segments of the genome, including multiple genes. These

SVs can take various forms, such as large deletions, copy-number variants (CNVs), and

large insertions or inversions [17, 18].

Origins and zygosity of variants

Humans are diploid organisms with two sets of chromosomes in their somatic cells. For

each position in the DNA sequence, there can be two alleles: one inherited from each

parent. The wild-type or major allele represents the most commonly observed trait in the

population. In contrast, the less frequent allele is called the variant or mutation [11].

The zygosity of a specific locus in the genome is described as:

• Heterozygous : When the two alleles differ, with one being the wild-type and the

other a variant.

• Homozygous : When both alleles are identical.
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• Hemizygous : Used for genes on the X and Y chromosomes in males, signifying only

one allele’s presence.

“De novo” variants arise uniquely in an individual and are not inherited from either

parent. These emerge either in a parent’s germ cells or in the fertilised egg. They can be

especially impactful since they have not undergone evolutionary selection and often have

more significant consequences for an individual’s fitness than inherited variants [11].

Variant effect and gene inheritance patterns

Variants are also classified according to their effect on the encoded protein sequences and

their locations [11]. The effect can be:

• Silent, when the change in the DNA sequence within a protein-coding portion of

a gene does not affect the sequence of the protein’s amino acids. Such mutations

usually result from synonymous mutations in the coding part of the genome, but

they can also occur in non-coding areas.

• Missense, when a non-synonymous mutation within a protein-coding portion of a

gene results in the substitution of a different amino acid in the resulting protein.

This change can have minor or major effects, depending on the location of the

variant within the gene.

• Nonsense, when a mutation introduces a stop codon where there was previously a

codon specifying an amino acid. This premature stop codon results in the production

of a truncated, and likely nonfunctional, protein.

• Frameshift, when insertions or deletions (indels) mutations disrupt the gene’s read-

ing frame, usually leading to severe effects on protein function.

Variants causing a gene to lose its associated function, usually by severely altering the

encoded protein’s structure, are termed loss-of-function (LoF) variants [19]. The effect of a

variant is influenced by the gene’s inheritance pattern. Recessive genes need both mutated

alleles for the associated trait to manifest, while dominant genes can show their trait even

with only one wild-type allele present. However, certain genes become non-functional

with just one loss-of-function variant allele, a phenomenon termed haploinsufficiency [11].
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Variant consequences

On a phenotypical level, variants can impact fitness in diverse ways [20]:

• Neutral : They neither benefit nor harm the fitness and make up a large proportion

of variants.

• Beneficial : In certain environments, they provide advantages that enhance an indi-

vidual’s survival and reproductive capacity.

• Pathogenic or Disease-causing : These have detrimental effects, often leading to

diseases. Their impact can be profound, especially if they affect gene translation,

function, or regulation.

Variant frequency in human populations

The Genome Aggregation Database (GnomAD) consortium has reported 229.9 million

high-quality genetic variations identified from the genetic sequences of 141,456 humans

worldwide [21]. Among these variants, 14.9 million are located in the exome, the regions

of the genome known to encode proteins. This large-scale data aggregation has facilitated

the definition of variant frequency metrics such as the minor allele frequency (MAF) and

the categorisation of variants into rare variants (shared by less than 1% of the population),

variants of low frequency (between 1%-5%), and common variants or polymorphisms. The

majority of variants in a single genome are common, with just 40,000 to 200,000 variants

(14%) in a typical genome having a frequency <0.5% [18].

Projects and resources to link genotype to phenotype

Over the past 25 years, the field has been revolutionised by rapid advances in high-

throughput sequencing (HTS) technologies and analytical methods. These advances have

enabled the analysis of large patient cohorts and the creation of publicly accessible catalogs

of genotypic and phenotypic data. Major community-driven projects such as HapMap

[22], the 1000 Genomes Project [18] and the UK10K project [23] have made significant

contributions to these advancements. These resources have provided an unprecedented

view of human genetic variation, laying the foundation for understanding the genetic basis

of human traits and diseases.
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1.2 Unraveling the causes of rare genetic disorders

While most of our genetic variations are benign or contribute to our personal traits, a few

mutations in our genome can alter molecular functions or biological processes, leading to

genetic diseases. The range of genetic disorders is wide, but rare diseases – affecting only

a small percentage of the population – often present the most significant diagnostic and

treatment challenges.

1.2.1 Characteristics of rare genetic diseases

Genetic diseases are broadly classified into two categories: rare and common genetic

diseases. Rare genetic diseases, also known as orphan diseases, are those that affect a

small population. As defined by the European Union policies, these are life-threatening

or chronic disorders affecting fewer than 5 per 10,000 people [24].

Approximately 10,000 rare diseases have been identified to date, with 80% having a

genetic origin. Around 300-400 million people worldwide suffer from a rare disease (1 in

20 people) [25] with approximately 50% of them being children [26].

Conversely, common genetic diseases are those affecting a larger proportion of the

population, typically more than 1 in 100 people. These diseases have a complex aeti-

ology, with both genetic and environmental factors playing a role in their development.

Heart disease, diabetes, and certain types of cancer serve as examples of common genetic

diseases.

Despite their low prevalence, rare diseases constitute a significant health burden due

to their overall numbers and often severe impact on patients’ lives. Only half of these

10.000 diseases have a resolved genetic etiology [27, 28]. Challenges with diagnosis and

treatment, combined with their heterogeneity, contribute to this burden, reinforcing the

need for comprehensive genetic research in this area [27, 29].

1.2.2 The contribution of genetic variants to diseases

A key aim of medical genetics is to understand how genetic variants contribute to pheno-

typic variations that lead to genetic diseases. Phenotypic consequences of genetic variants
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can range from benign to severe, depending on the function of the gene in which the vari-

ant occurs and the nature of the variant itself. Variants leading to a loss of function of

a gene often result in more severe phenotypes compared to those that only slightly alter

the function of the gene product.

In rare diseases, variants often exert a profound effect on gene function, often man-

ifesting as a loss-of-function. Despite their low frequency in the general population due

to their rarity, these variants can profoundly affect individuals who possess them, leading

to distinct and often severe phenotypic presentations. In contrast, common diseases arise

from an interplay of environmental factors and numerous genetic variants, each contribut-

ing modestly to the overall effect [30].

When studying genetic diseases through population statistics, two important concepts

in this context are penetrance and expressivity. Penetrance refers to the proportion of

individuals carrying a specific variant of a gene that also expresses an associated trait. In

other words, it is the probability that a genetic variant will result in a disease. Expressivity,

on the other hand, refers to the degree to which a trait is expressed in an individual. A

genetic variant can have complete penetrance but variable expressivity, meaning that

all individuals with the variant will show some form of the trait, but the severity or

characteristics of the trait can vary significantly among individuals [31]. For example,

Huntington’s disease is caused by a specific genetic variant that has complete penetrance,

meaning that everyone who inherits the variant will eventually develop the disease if they

live long enough. However, the age at onset and progression of the disease can vary widely

among individuals, demonstrating variable expressivity [32].

Efforts are ongoing to understand the relationship between genetic variants and disease

manifestations. ClinVar [33] and OMIM (Online Mendelian Inheritance in Man) [34]

are notable databases that aggregate and make publicly available information on the

associations between human variations and diseases. For detailed information on rare

diseases, Orphanet [35] is a valuable resource gathering information on rare diseases and

their associated genetic variants. Additionally, multiple projects such as the Deciphering

Developmental Disorders (DDD) [36] and the Undiagnosed Diseases Network [37], aim

to diagnose individuals with a focus on unidentified genetic conditions, while making

9



Chapter 1. Introduction

the collected data available to researchers. These combined efforts are enhancing our

understanding of genetic diseases, which is critical for improving diagnosis and treatment.

1.2.3 Approaches for pathogenic variant identification

Building on the necessity to understand the phenotypic consequences of genetic variants,

various statistical and computational methods have emerged to identify potential disease-

associated genetic variants. These approaches leverage different techniques ranging from

machine-learning to association studies.

The first category of computational methods encompasses variant pathogenicity pre-

dictors [38]. Early approaches, such as SIFT [39], primarily relied on sequence conser-

vation across related proteins to predict the potential deleterious impact of amino acid

substitutions. Many contemporary methods employ machine-learning techniques, train-

ing on datasets of variants known to be associated with diseases or considered benign.

For instance, PolyPhen-2 [40] integrates sequence conservation and structural features in

a machine-learning model. CADD [41] further broadens the scope by incorporating a

diverse array of features, including genetic, molecular, evolutionary, and structural char-

acteristics, enabling it to score a more extensive variety of variants. The widespread

adoption of these tools in both research and clinical contexts underscores illustrates their

critical role in modern genetic analysis.

A different approach, variant or gene prioritisation methods, rank variants based on

their relevance to a specific disease. These methods often use the “guilt-by-association”

principle, assuming that the most probable candidates are linked with genes or other

biological entities previously associated with a given disease [42, 43, 44, 45].

While successful in detecting strong monogenic variants, these methods have limited

performance in situations where a complex genetic pattern is present, as they are not

explicitly developed to identify pathogenic mutations in multiple genes.

In addition, strategies based on Genome Wide Association Studies (GWAS) principles

have seen widespread adoption. GWAS compares genetic variants across large cohorts of

affected individuals and controls, aiming to identify variants statistically associated with

the disease in question. This approach has been effective in identifying the genetic factors
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contributing to common diseases influenced by multiple genes.

However, the application of GWAS principles to rare diseases poses unique challenges.

Primarily, the requirement for large patient cohorts in GWAS is a significant challenge

for rare diseases due to the limited access to patient data. Moreover, the high level of

statistical noise associated with rare disease data, due to their heterogeneity, can further

complicate the analysis. A critical aspect of GWAS is its ability to robustly detect common

variants (Minor Allele Frequency, MAF>5%), but it struggles with rare variants due to

low statistical power in single-variant association tests [46]. To tackle this issue, recent

advancements have introduced methods such as rare-variant collapsing. This strategy

involves grouping rare and low-frequency variants at the gene or pathway level, facilitating

simultaneous evaluation of the effects of multiple variants [47, 48].

1.2.4 The continuum of genetic diseases

Notwithstanding these advancements, establishing the direct contribution of individual

variants for rare human disorders remains challenging, and many patients with suspected

rare genetic diseases are left without a definitive diagnosis. Some genetic disorders display

unique features: they might have incomplete penetrance, where known disease-causing

mutations are found in healthy individuals; exhibit phenotypic variability, where the range

of symptoms cannot be solely attributed to known pathogenic mutations; or show locus

heterogeneity, with mutations at different genetic locations leading to a similar disease

phenotype [26].

One of the early conclusions from GWAS studies was that, for many traits, the most

significant genetic associations only explained a minor portion of the genetic variance.

This was true even when combining common variants with modest effect sizes. Collec-

tively, these findings indicated limited impacts on overall population variance and predic-

tive power [49]. This gap in understanding is often referred to as the “missing heritability

problem” [26].

These difficulties are questioning the traditional Mendelian view of a one-to-one asso-

ciation between a single pathogenic mutation and its phenotypic consequence [50]. De-

viations from Mendelian expectations have led to the discovery of more complex genetic
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underpinnings of disease [51, 52], proving that genetic models involving the interaction

between several variants and genes, causing or modulating the development of diseases,

need to be considered [53, 54]. Conversely, the polygenic model, involving a contribu-

tion of many common variants in multiple genes, has been proved multiple times to be

insufficient to explain some genetic disorders [55].

Geneticists have been trying to separate diseases according to their observed pattern

of inheritance as:

• Monogenic diseases, caused by variants that occur in a single primary gene that

accounts for the large amount of penetrance.

• Oligogenic diseases, caused by variants in a few genes [56] that can explain the

phenotypes of some patients and their unaffected relatives more clearly than the

genotypes at one locus alone.

• Polygenic diseases, caused by multiple variants in many genes, such as diabetes and

coronary heart disease. The distinction between oligogenic and polygenic diseases

remains unclear.

• Complex or multifactorial diseases, caused by a combination of genetic and envi-

ronmental factors, such as the lifestyle, dietary habits, exposure to toxins or birth

defects.

Studies of human genetic disorders have traditionally followed a reductionist paradigm

by separating rare and complex disorders but it has been hypothesised that the cause of

genetic diseases form a continuum with unclear boundaries from strong monogenic to

multifactorial causes [54] (Figure 1.1).

One emerging hypothesis anticipates that a significant proportion of the ’missing her-

itability’ is attributable to low-frequency variants with intermediate penetrance effects,

which have been largely ignored by conventional gene-discovery approaches [49]. This

highlights the need of a conceptual bridge between strong monogenic and polygenic mod-

els that would better explain some rare diseases.
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Figure 1.1. Continuum of genetic diseases according to the frequency and penetrance of their causal
variants. Monogenic diseases are attributable to very low-frequency genetic variants with large penetrance
effects on a single gene. On the other side of the spectrum, polygenic diseases are attributable to
many common variants with modest effect size in multiple genes. The oligogenic disease model is a
bridge between these extreme disease models, involving the contribution of low frequency variants with
intermediate penetrance effects in a few number of genes. Figure adapted from McCarthy, et al. (2008)
[49].

1.3 The oligogenic disease model

Oligogenic diseases, those influenced by a few genes, serve as a critical link between

monogenic diseases and the complex, polygenic disorders, providing a more comprehensive

genetic model to interpret disease aetiology [57].

1.3.1 A shift away from the monogenic model

Over time, evidence for oligogenic patterns of inheritance has emerged for a variety of dis-

eases, including those initially considered monogenic, such as phenylketonuria or heredi-

tary non-syndromic deafness [58, 59]. Even within the same disease, one can find evidence

of monogenic inheritance, effects of genetic modifiers, or oligogenic inheritance [57]. For

instance, while cystic fibrosis is often considered an exemplary case of monogenic inheri-

tance, it is now known that its phenotypic expression can be significantly modulated by

variants in modifier genes [57, 60].
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Genetic modifiers play complex roles in disease presentation. They can influence

the phenotype established by mutations at the primary disease locus in several ways.

This influence can lead to variable expressivity or reduced penetrance of specific disease

features. For instance, a modifier can cause earlier disease onset or accelerate progression,

alter the clinical presentation to be milder, or even potentiate certain disease features,

leading to novel disease forms [56, 61].

Apart from the role of modifiers, disease etiology can also involve interactions between

genes, where the combined effect of multiple genes leads to the disease phenotype. An

illustrative example is retinitis pigmentosa, a degenerative disorder causing progressive

loss of vision caused by mutations in two loci: the photoreceptor-specific genes ROM1 and

peripherin/RDS, in which only double heterozygotes develop retinitis pigmentosa [62].

Oligogenic inheritance have also been suggested in several neurodevelopmental disor-

ders, including epileptic encephalopathy, intellectual disability, autism, and schizophrenia,

showcasing the complexity of genetic contributions to these conditions [63].

1.3.2 Oligogenic inheritance: From digenic to complex models

The simplest form of oligogenic inheritance, the digenic model, emerges when genotypes

at two loci explain the disease phenotype more accurately than a single locus [64].

Numerous examples in the literature demonstrate the significance of digenic models

in understanding disease mechanisms. Bardet-Biedl syndrome, characterised by various

clinical features such as pigmentary retinal dystrophy, polydactyly, obesity, developmental

delay, and renal defects, exemplifies the complex interplay of multiple genes in disease

manifestation [65, 66].

Multiple genes have been implicated in conditions leading to hearing loss, and both

monogenic and digenic inheritance patterns have been documented. This complexity

makes the study of digenic models particularly relevant. For instance, Usher syndrome, a

condition marked by a combination of hearing loss and visual impairment, showcases the

cooperative effect of two genes in determining the disease phenotype [67].

Digenic inheritance can take various forms. According to the literature, there are three

different classes of digenic models [59, 64, 68] (Figure 1.2):
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1.3. The oligogenic disease model

Figure 1.2. The three digenic effect models as described in [59, 64, 68]. (a) True Digenic Effect ; (b)
Composite or ’Monogenic + Modifier’ Effect ; (c) Dual Molecular Diagnosis Effect.

• True digenic cases, where the patient will only manifest the disease when variants

on two separate genes are co-inherited.

• Composite cases or “Monogenic + Modifier”, where a variant in a primary gene

establishes a diagnosis, and a second variant in a modifier gene alters the phenotype.

• Dual molecular diagnosis cases, where two separate genes carry variants, each fol-

lowing a classic Mendelian mode of inheritance, and are independently segregated

in the same individual, leading to two different diagnoses.

Although most studies focused on this digenic form, it is worth noting that more

complex oligogenic disease models involving more than two genes are increasingly being

recognised. Such scenarios could involve the synergy of multiple genes, or one primary

gene and multiple modifier genes [69, 70, 71].

1.3.3 Molecular mechanisms behind oligogenic disorders

Although there are now several examples of genetically established oligogenic diseases,

few of the conducted studies have functionally characterised the genes involved, resulting

in a poor understanding of the molecular basis of oligogenicity [53]. The challenging ques-

tion to answer is how two mutant alleles at two different loci can act in conjunction to

cause or exacerbate the same disease phenotype. Since mutations contribute to diseases

by affecting the expression, the function, and/or the interaction of gene products, under-

standing the molecular interactions in cells is thus essential to elucidating these oligogenic
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mechanisms [57].

In general terms, the effect of mutations on the genetic background in which they

occur is known as epistasis or genetic interaction. Fisher defined epistasis as the statistical

deviation from the additive combination of two loci in their effects on a phenotype [72].

Since then, the term epistasis has also been adopted in a more mechanistic context,

although it is most commonly defined as the deviation from the expected outcome when

combining mutations [73]. Epistatic interactions can be both alleviating (i.e leading to a

better phenotypic outcome, referred to as positive or antagonistic epistasis) or aggravating

(i.e leading to a worst outcome, also called negative or synergistic epistasis) [74].
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Figure 1.3. Illustration of some possible mechanisms behind oligogenic diseases. Systematic
and simplified categorisation of epistatic mechanisms leading to oligogenic diseases based on [53, 57].
Mutations causing a decrease in dosage (expression or function) or a complete loss-of-function (red stars)
affect pairs of genes which cause a functional disruption through different types of interactions. (A):
Mutations in two genes coding for interacting proteins prevent their binding and functionality.(B): A
decrease in one protein’s function, coupled with another’s detrimental mutation, prevents the formation
of a protein complex or reduce the number of functional complexes. (C): Hypomorphic mutations of non-
interacting genes involved in different step of a process lead to an additive loss of signal (D): Mutations
in two proteins with similar functions deplete the system’s backup capability, leading to a disease state.
Note that these mechanisms do not represent an exhaustive list of all possible gene interactions that could
cause oligogenic diseases.

We illustrate schematically in Figure 1.3 some possible epistatic mechanisms behind

oligogenic disorders based on the models proposed by N. Katsanis, J. Robinson and J.
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Badano [53, 57]. Two major types of mechanisms were described:

1. Nonallelic noncomplementation, where mutations in two interacting proteins cause

or exacerbate the disease phenotype, further subdivided in two models:

• The dosage model : a concomitant decrease in dosage (expression or function) of

two different interacting proteins is necessary to cause a pathogenic phenotype.

• The poison model : A mutant protein disrupts or “poisons” a multimeric protein

complex to which it normally binds. Although this disruption might not be

enough to cause visible pathogenesis on its own, the presence of another muta-

tion in an interacting protein amplifies the dysfunction, leading to a pathogenic

phenotype.

An example of nonallelic noncomplementation can be observed for the genes ROM1

and RDS in causing Retinitis Pigmentosa. Both proteins form homodimers, which

combine to create tetrameric complexes vital for retinal photoreceptor integrity. Di-

genic RDS mutations hinder RDS-RDS homocomplex formation, while null ROM1

mutations further reduce functional complexes, leading to photoreceptor degenera-

tion [62].

2. Noninteracting noncomplementation, where mutations in two non-interacting pro-

teins can also give rise to an oligogenic disorder. This model has been observed in

two different scenarii:

• Non-interacting hypomorphs : Each mutated protein contributes quantitatively

to the dysfunction of a biological pathway resulting in an additive reduction of

its activity beyond a certain threshold that results in a disease phenotype.

• Non-interacting proteins with redundant functionality : the mutated proteins

have a redundant function making a certain signaling pathway resilient to the

disruption of a single protein. Loss-of-function mutations in both proteins

reduce the signal below a critical threshold, resulting in a disease phenotype.

Examples of noninteracting noncomplementation can be found for the genes H6PDH

and 11β − HSD1, which proteins act sequentially in a shared pathway. H6PDH
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regenerates NADPH in the endoplasmic reticulum, determinant for 11β − HSD1’s

activity. Mutations in each protein cumulatively disrupt the pathway, causing a

disease when 11β − HSD1 activity drops below a threshold [75]. Other examples

include the Mitf and Tfe3 genes sharing a similar function as transcription factors

for osteoclast development. Individually, their mutation does not cause osteoporosis

due to the backup from the other redundant protein. However, the combined loss

of the two genes causes severe osteoporosis [76].

Since the reported oligogenic cases are often exhibiting evidence of negative epistasis

[77, 78, 79], having a way to detect or predict the involved molecular mechanisms would

greatly advance the investigation of digenic disorders and might assist in cases where the

effects of genes are not completely understood [53, 78].

1.3.4 A central repository for oligogenic disease information

In past years, studies and clinical reports have highlighted the role of oligogenic inheritance

in disease manifestation. This influx of evidence emphasised the need for specialised

databases and resources to centralise and organise the data.

The Digenic Disease Database (DIDA) [68] was a pioneering effort in consolidating

data on digenic diseases. The database not only cataloged the genes and genetic vari-

ants implicated in these diseases but also included associated phenotypic information,

inheritance patterns, and relevant literature references.

Building on the success and utility of DIDA, the Oligogenic Disease Database (OLIDA)

[71] was established to broaden the scope to include oligogenic diseases. OLIDA offers

comprehensive data on the genes, genetic variants, associated phenotypes, and inheritance

patterns of these diseases.

Unique to OLIDA is its curation score, a measure of data quality and reliability. This

score is determined based on the completeness of the information, the data source, and

the strength of the evidence supporting the oligogenic nature of the disease.

The establishment of OLIDA also prompted the development of guidelines for report-

ing oligogenic cases [80], ensuring data collected is consistent, reliable, and useful for

further research.
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These databases, particularly OLIDA, are vital for machine learning models. The

performance of these models is heavily influenced by the quantity and quality of the data

they are trained on. Thus, OLIDA, with its well-curated oligogenic disease data, plays a

significant role in the development of robust and accurate machine learning models.

1.3.5 Predicting digenic variant and gene combinations

Building on the foundation laid by these databases, various predictive strategies have

been developed. The earliest approaches focused on predicting the type of digenic effect

(DE predictor) [81, 82], providing an associated probability for each class. These efforts

were followed by the development of the Variant Combination Pathogenicity Predictor

(VarCoPP) [83], a machine learning method that can predict potential disease-causing

bi-locus variant combinations. These approaches leveraged multi-level features at the

variant, gene, and combination level and have demonstrated satisfactory performance in

cross-validation settings and on new independent data.

Other techniques have been devised based on digenic case data towards similar objec-

tives. For example, OligoPVP [84] uses phenotype information and the connectivity in

a protein-protein interaction network to prioritise disease-causing variant combinations.

Another machine-learning approach, DiGePred [85], exclusively uses gene-level features

and shared information between genes from functional networks and phenotype data to

differentiate disease-causing gene pairs from neutral ones.

Despite their strengths, these predictive methods provide limited explainability to

help geneticists understand the rationale behind any given prediction. This is mainly

due to the complexity of the machine-learning models employed (e.g. large Random

Forest in the case of VarCoPP, DE Predictor and DiGePred) and the abstract nature of

features they employ, often derived from integrated bioinformatics scores (e.g. CADD

scores [86], HIPred score [87], ...). Additionally, they provide little to no information

about the molecular associations and functional patterns driving the disease, which could

indicate compensatory and synergistic mechanisms [88, 89, 90, 91]. Finally, it has been

observed that these approaches can produce numerous false positives when analysing

patient exomes, due to the large number of variant combinations to be considered.
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1.4 Interpretable machine-learning in biomedicine

While all the predictive methods discussed previously hold potential to uncover pathogenic

variant and gene combinations, they offer limited explanations of their predictions and

are often referred as black-box. This limits the ability of domain experts, geneticists and

researchers, to validate predictions and better understand the patterns they are based on.

The use of techniques to probe these black-box models, the development of fully inter-

pretable predictors and the choice of more readily interpretable features represent promis-

ing solutions in addressing these challenges.

1.4.1 Concepts and techniques of interpretable machine-learning

Introduction of key concepts

Machine learning (ML) has become a predominant aspect of modern bioinformatics, il-

lustrated by methods like CADD [86], DeepVariant [92], and AlphaFold [93]. Fundamen-

tally, supervised ML involves the application of algorithms that discern patterns within

datasets, subsequently constructing a model that can generalise these patterns to make

predictions on novel, previously unseen data. Given the predictive nature of supervised

ML, understanding the decision-making processes of these models, especially in genomics

research and the broader biomedical field, has grown in importance.

Interpretability in machine learning, particularly in supervised models, is an essential

quality that facilitates the evaluation and understanding of a model’s decision-making pro-

cess and outcomes. It is particularly important for several reasons, including debugging,

uncovering biases, gaining trust, ensuring fairness, accountability, and gaining insights

[94, 95]. Specifically, it can help machine learning practitioners to identify and address

model inaccuracies and biases. For end-users, it offers comprehensible explanations that

inform decision-making and may lead to the discovery of new insights [96, 97].

There is a distinction between interpretability and explainability, though they are

frequently used interchangeably. Interpretability is concerned with understanding the

inner mechanics and decisions of a model. In contrast, explainability aims to convey

these mechanisms in a manner that is understandable for a specific audience [97]. This
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simplification can be likened to scientific modelling, where approximate models are built

to provide a broad understanding of how systems behave, rather than capturing their full

behaviour [98].

We can also differentiate two types of explanations: global explanations provide an

overall understanding of the model’s behaviour, while local explanations give insights

into individual predictions. While global explanations can be useful to debug a model

and analyse potential biases, local explanations are particularly useful for domain experts

who need to understand the specific reasoning behind each prediction [96, 99].

Models and techniques to interpret predictions

For domain experts focused on specific research questions, the ability to understand indi-

vidual predictions is essential. This understanding can be facilitated through the use of

inherently interpretable machine-learning models or by applying post-hoc interpretability

techniques (see Table 1.1 for some examples).

Interpretable models, like logistic regression, decision trees, and rule-based models,

have the advantage of being intrinsically transparent. Their decision-making processes

are generally straightforward and can be directly inspected and understood. For instance,

decision trees split data based on feature values and can be visualised and followed from

root to leaf, allowing for a clear path of reasoning [95, 100].

Conversely, model-agnostic or post-hoc interpretability techniques come into play

when dealing with models that do not offer inherent transparency. Support Vector Ma-

chines (SVM) and Neural Networks (NN), for instance, are complex models whose decision

boundaries or internal weights might not directly convey the reasoning behind predictions.

In these scenarios, post-hoc techniques, like LIME (Local Interpretable Model-Agnostic

Explanations) [101] or SHAP (SHapley Additive exPlanations) [102], can be used to derive

interpretable insights or visualisations from these otherwise opaque models [103].

Nevertheless, explanations provided by post-hoc interpretability techniques are often

not reliable, and can be misleading for the end-user. The key issue of methods such as

SHAP and LIME, is that they show additive local representations, while complex models

are usually non-additive. Therefore, these methods often do not include all nuances of a
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model, such as interactions, and therefore turn out to be too imprecise and misleading

[104]. Some researchers have advocated for directly using models that are inherently

interpretable, as they provide their own explanations, which are faithful to what the

model actually computes [95].

Finally, the interpretability of a model’s predictions is intrinsically tied to the inter-

pretability of the features it uses. Even the most interpretable model cannot provide

insights if the features themselves are difficult to understand [101]. Providing explana-

tions based on this type of features might lead to unintuitive, or even misleading results

[98]. It is therefore important, especially in the biomedical field, to use features that

are readily understandable by domain experts or to find good approximations of these

features when providing explanations.

1.4.2 Applications and challenges in biomedical genomics

With the growing availability of large datasets and advanced sequencing technologies,

machine learning has become an important tool in biomedical genomics for both research

and diagnosis. However, alongside its utility in identifying complex patterns in data, the

challenge of providing interpretable results remains a significant concern [112].

Specific requirements in the field

The level and type of explainability required in the biomedical field might differ between a

clinician, a researcher or even a patient. Tailoring explanations to the specific needs of the

end-user can be challenging, but we can distinguish several aspects that are particularly

relevant in the biomedical field, especially in medical genomics.

Firstly, ethical considerations are primordial in the biomedical field in general. Machine-

learning methods should aim for transparency and accountability in medical decision-

making, to ensure that medical decisions or research directions are considered based on

carefully evaluated and justified criteria, that can be traced back, validated or corrected

by human experts [113].

Additionally, when it comes to uncovering genomics data, geneticists and researchers

often seek explanations that provide mechanistic insights, relating the predictions to un-
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Type Technique Advantages Limitations

Interpretable
Models

Logistic regression [105]
Interpretable
coefficients, output
probability

Linear decision
boundary

Decision Tree [100]

Captures
non-linearity,
interpretable
structure

Overfitting,
instability

Rule-Based Models [106] Clear decision-making Complexity, may miss
complex patterns

k Nearest Neighbor [107] Simplicity,
non-parametric

Sensitive to noise and
high-dimensionality

Naive Bayes Classifier [108] Robust, return
probability estimates

Strong feature
independence
assumption

Post-hoc
interpretability
techniques

Local Surrogate
(LIME) [101]

Local fidelity, sparse
explanations

Approximation,
unstable

Counterfactual
Explanations [109]

Actionable insights,
model-agnostic

Requires realistic
counterfactuals,
computation cost

Shapley Values (SHAP)
[102]

Unified measure of
feature importance

Challenging
interpretation,
computation cost

Anchors [110] Local fidelity
Requires sufficient
data, computation
cost

Individual Conditional
Expectation (ICE) [111]

Local and detailed
insights

No interactions,
computation cost

Table 1.1. Interpretable models and techniques for explaining classifier predictions. This
table presents an overview of machine learning models and post-hoc explanation techniques that are
designed to enhance the interpretability of classifier predictions. Each entry is categorised by type, with
a brief summary of its key advantages and limitations.

derlying biological causes [114]. Such explanations can, for instance, help them understand

the complex relationships between genetics and diseases [114, 115]. These insights are par-

ticularly important in the biomedical field as they can help generate testable hypotheses

for designing experiments and trials [116].

Application examples

In biomedical genomics, explainable machine learning methods are increasingly receiving

attention. One commonly used approach for explaining predictions is feature importance,

which linear models employ to identify potential causal variants in Single Nucleotide

23



Chapter 1. Introduction

Polymorphism (SNP) arrays. Penalised regression techniques such as lasso and elastic

net are frequently used for this purpose, especially in Genome-Wide Association Studies

(GWAS) [117].

Local linear approximators, especially SHAP, have been applied in biomarker identi-

fication. SHAP was for example used to find CpG loci in DNA methylation experiments,

predicting variables such as cell type, age, and smoking status [118].

Rule lists, though less common, have seen some significant applications. Using sample

compression theory combined with recursive partitioning, rule-based classifiers linking

genotypes to phenotypes were developed [119]. Similarly, a rule mining procedure was

employed to uncover gene expression patterns in obese subjects from DNA microarray

data [120]. In a similar vein, rule-based machine learning was used to analyse gene

expression measurements in Autistic Spectrum Disorder individuals, revealing a notable

co-predictive mechanism between two genes [121].

Open challenges

Despite the potential benefits of explainable machine learning, several challenges remain

across different application fields. One of the main challenges is the trade-off between

explanation fidelity and complexity versus approximation and simplicity. While complex

explanations may be more accurate, they can also be more difficult for domain experts to

understand [95].

Additionally, while it is possible to link prediction to the model features, understanding

how users should interpret explanations to make testable hypotheses remains an open

challenge [96, 116].

In general, domain expert preferences, and especially those of geneticists and biomed-

ical researchers, are largely understudied. This makes it difficult to design models and

explanations that meet the needs of the end users [122]. Therefore, the collaboration

between machine-learning practitioners and domain experts is essential to ensure that the

features and explanations provided are both meaningful and helpful.

Lastly, while interpretable models can provide valuable insights beyond post-hoc ex-

plainability techniques, they often do not perform as well as more complex, less inter-
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pretable models [95]. This trade-off between accuracy and interpretability is a significant

challenge when analysing large volume of data, which is often the case in the field of

biomedical genomics.

1.5 Supporting biomedical discoveries with graph-based

knowledge representations

In biomedical research, graph-based knowledge representations such as biological net-

works, biomedical ontologies, and knowledge graphs, are critical for providing context to

complex molecular profiles and predictions. They aid in organising, interpreting, and vali-

dating a vast array of information, including molecular signatures associated with diseases.

This section will explore the significant contribution of these knowledge representations

to biomedical discoveries, focusing on their ability to enhance prediction understanding

and validation, and to provide a meaningful context for disease-associated molecular data

[123].

1.5.1 Network-based knowledge representations

Definition and types of knowledge representations

Knowledge representations (KR) are formal languages or structures used to encode in-

formation or knowledge about the world in a way that a computer can process. In the

context of biomedical research, the three prominent forms of KR are biological networks,

biomedical ontologies, and knowledge graphs [124, 125] (Figure 1.4).

Biological networks are graphical representations of biological systems, where nodes

represent biological entities (e.g. genes, proteins, metabolites) and edges, which can

be directed or undirected, represent relationships or interactions between these entities

(e.g. protein-protein interactions, gene regulatory interactions, metabolic reactions) [126].

These networks can be used to model and analyse complex biological systems, and to

predict the behaviour of these systems under different conditions.

Biomedical ontologies are structured vocabularies or classification systems that provide
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(A) Biological Networks (B) Biomedical Ontologies (C) Biomedical Knowledge Graphs

Assertional knowledge
Empirical data

Limited semantics
Large graphs

Definitional knowledge
Standardised vocabulary

Hierarchical structure, rich semantics
Often small and sparse

Machine-readable & interoperable

Integrate multiple networks & ontologies
Rich semantics and properties

Support inference & queries
Very large & scalable

Machine-readable & interoperable

Figure 1.4. Comparative overview of graph-based knowledge representations in biomedicine.
This diagram presents three types of knowledge representations commonly used in biomedicine: (A)
Biological Networks, illustrated by a Protein-Protein Interaction network from GeneMania based on a
selected subset of genes; (B) Biomedical Ontologies, exemplified by an ancestor chart from the Gene
Ontology (GO) accessed via QuickGO, with "isA" relationships indicated by black arrows and "partOf"
relationships by blue arrows; and (C) Biological Knowledge Graphs, represented by a subset of Hetionet, a
comprehensive knowledge graph that integrates biomedical information from 29 prominent bioinformatics
networks and ontologies, showing relationships between a compound and a disease. Each section provides
key characteristics and an illustrative example of the corresponding knowledge representation type.

a common language for describing and organising knowledge in the biomedical domain

[127]. They define concepts (e.g. diseases, genes, biological processes) and relationships

between these concepts (e.g. is-a, part-of, associated-with) in a systematic way. These

concepts are often described in a hierarchical manner which allows for the organization

of knowledge from general to specific, enabling efficient data retrieval, integration, and

reasoning [127]. Examples of biomedical ontologies include the Gene Ontology (GO) [128],

the Human Phenotype Ontology (HPO) [129], and the Disease Ontology (DO) [130].

While these two types of representation can easily be distinguished, Knowledge graphs

are a broader type of KR that integrate information from multiple sources into a single,

unified graph-based model [131]. They represent knowledge as a graph, where nodes

represent different types of entities (e.g. genes, diseases, drugs) and edges model different

kinds of relationships between these entities (e.g. gene-disease associations, drug-target

interactions). Unlike traditional networks, knowledge graphs excel at consolidating diverse
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data types and sources and capture the richness of semantics, properties, and contexts

associated with each entity and relationship, enabling semantic querying and facilitating

the discovery of hidden patterns and indirect associations through transitive relationships

[132].

Importance and challenges in the biomedical field

Biomedical research generates vast amounts of data that are often complex and hetero-

geneous. The integration of prior knowledge represented as biological networks, ontolo-

gies, and knowledge graphs, can provide valuable information to guide the analysis and

interpretation of this data. These representations can capture known relationships be-

tween biological entities, such as protein-protein interactions, gene regulatory networks,

and metabolic pathways [123]. Incorporating this prior knowledge into machine learning

models can help to identify potential causative factors and mechanisms, increase explain-

ability, and facilitate the generation of new hypotheses [114, 123, 133].

These structured representations offer unique and shared advantages for integrating,

organising, querying, exchanging, and visualising diverse biological data. By providing

a structured and standardised way to represent and share knowledge, they facilitate in-

teroperability between different databases and tools, and enable the reuse of data and

knowledge across different studies and applications [134].

However, the use of knowledge representations also comes with several challenges.

These representations can be very dense, making it difficult to filter out the most relevant

information. They can also be noisy or incomplete, as they depend on the quality and

completeness of the data they are built from [135, 136]. Furthermore, integrating dif-

ferent knowledge representations can be challenging due to differences in their structure,

semantics, and coverage [136]. Despite these challenges, the potential benefits of using

knowledge representations in biomedical research far outweigh the difficulties, making

them an indispensable tool in this field.
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1.5.2 A tool for contextualising and interpreting biomedical data

The interpretation of biomedical data is a challenging task, given the complexity of bi-

ological systems. Knowledge representations serve as invaluable tools in this process,

providing structured frameworks to contextualise experimental data or predictive out-

puts. This contextualisation, sometimes also referred as functional interpretation, enable

the extraction of meaningful insights from complex datasets, enhancing our understanding

of underlying biological mechanisms [123].

Network Analysis and visualisation

Biological networks offer a structured representation of biological systems, capturing in-

teractions among genes, proteins, and metabolites. Through network analysis, computa-

tional methods are used to study these connections and derive valuable insights [126, 134].

These analyses facilitate the identification of nodes with high connectivity, commonly

referred to as “hubs”. Such nodes often correspond to genes or proteins that play central

roles in multiple biological processes. Conversely, nodes that frequently act as intermedi-

aries in the shortest paths between other nodes, often termed “bottlenecks”, may mediate

interactions between distinct biological pathways, such as metabolic and signalling path-

ways [126].

Furthermore, clustering algorithms can be used to identify communities or modules

within networks [137]. Here, a community or module is defined as a set of nodes that

have more connections among themselves than with nodes outside of the set. These

identified sets can correspond to real-world biological structures, such as protein complexes

or metabolic pathways, and can provide valuable insights into the organisation of the

biological system being studied.

Network visualisation tools enable domain experts to explore the network’s structure

in detail. They are usually provided with a range of options for filtering, rearranging,

and analysing specific regions or modules in the network, facilitating the extraction of

biological insights [138].
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Enrichment analysis and semantic similarity

From knowledge representations, two main methodologies have emerged to contextualise

biomedical data, using the structured information they offer.

Enrichment analysis, on the one hand, identifies over- or under-represented features

in datasets, using external biological information to link data to prior knowledge. Its

aim is to reveal biological themes, such as processes, cellular components, or disease

associations, within gene or protein sets. Gene Set Enrichment Analysis (GSEA) apply

this principle to pinpoint gene sets over-represented at the extremes of a ranked list,

suggesting coordinated regulation in a given condition [139].

Semantic similarity, on the other hand, involves comparing ontology terms to facilitate

the interpretation of complex biological data. By evaluating the functional resemblance

between genes or proteins based on their annotations, this methodology uncovers valuable

insights within specific biological contexts [140]. This type of analysis has been used for

instance to validate gene function predictions, assess the quality of predicted interaction,

to align biological pathways or to generate functionally meaningful network subsets [141].

Both methodologies bridge biomedical data and predictions to biological knowledge,

enabling researchers to uncover the mechanisms behind observed changes in various

biomedical contexts.

Contextualisation and explainability in machine-learning

Contextualisation serves a distinct yet complementary role to interpretability and explain-

ability in machine learning applications. While interpretability focuses on understanding

the internal mechanics of a model (i.e. how features and parameters interact to produce a

decision), explainability aims to make these decisions understandable to end-users, often

by relating them to domain-specific knowledge [97, 98].

Contextualisation based on biomedical knowledge aligns more closely with the aim of

explainability, as it acts as an external layer that can help in interpreting the model’s raw

predictions in terms of biological or clinical relevance. For instance, a machine learning

model might predict that a particular set of genes is associated with a disease. Contextu-

alisation, would involve mapping these genes onto known biological pathways or existing
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disease ontologies to provide a richer, more understandable explanation of the prediction.

This is particularly useful in biomedical genomics, where the complexity and volume of

data can make raw predictions difficult to interpret or validate [112].

However, while contextualisation improves a model’s explainability by associating its

predictions with domain-specific knowledge, it does not directly offer insights into the

model’s internal decision-making mechanisms. Unlike interpretability, which aims to elu-

cidate the contributions or interaction of features to a model’s predictions, contextualisa-

tion functions externally, by providing domain-relevant hypotheses that may diverge from

the model’s actual decision process unless specific techniques are employed [114].

Leveraging knowledge graphs for predictions and insights

The growing adoption of heterogeneous networks and knowledge graphs (KGs) has been

accompanied by an increasing interest in harnessing these integrated networks for predic-

tive methodologies and the extraction of novel insights. KGs, with their semantically-rich

and diverse relationships show a great potential in biomedical applications. For instance,

integrated networks within KGs have demonstrated superior performance in prioritising

novel disease-gene associations [142, 143, 144]. Additionally, KGs offer a valuable resource

for mitigating the challenges of data scarcity in the study of rare diseases [145].

However, predictive methods applied to KGs often necessitate the transformation of

the original network into a homogeneous structure [146] or its embedding into a latent

space [147]. Such transformations can lead to potential information loss and a decrease

in interpretability [148].

In response to these challenges, researchers have proposed to use KGs to enhance

the explainability of machine learning systems and to provide more coherent explanations

[133, 149]. A particularly promising approach involves exploring paths within KGs. Given

their structured nature, KGs facilitate the tracing of paths between interrelated entities,

offering a rich contextual background for machine learning models. This context, which

captures intricate interaction patterns and dependencies, augments the explainability of

predictions. Such path exploration is foundational to multi-hop reasoning, a technique

which consists in navigating through multiple interconnected entities within a KG to
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deduce answers [133, 150]. One application of this approach is the PoLo method (Path-

Based Reasoning Over Learned Ontologies) [151], which integrates reinforcement learning

for KG exploration and has shown efficacy to answer complex questions in the biomedical

domain.

Path-centric approaches, especially in biological networks, have proven effective in in-

ferring potential causal mechanisms supporting high-throughput experimental data. Such

methodologies can assist in constructing mechanistic models grounded in proteomics pro-

files and in interpreting transcriptional changes [152, 153]. Applied to KGs, this approach

have also shown its effectiveness in generating additional insights. For instance, the RPath

method [154] employs reasoning over paths in a KG, using transcriptomic data as a guide,

to prioritise drugs for specific diseases. Simultaneously, it identifies targeted proteins along

these paths.

In predictive modelling, path information has also been employed for rule inference

within KGs [155, 156, 157], facilitating the prediction of novel facts with enhanced ex-

plainability [158, 159]. Notably, these methods abstract path information by cataloging

sequences of node and edge types, termed metapaths [160, 161]. Metapaths have been

employed to generate features from KGs for various classification tasks. For instance,

metapath features extracted from Hetionet, a comprehensive biomedical KG, have been

employed in gene-disease prioritisation [162] and drug repurposing [163]. These appli-

cations underscore the potential of harnessing paths within KGs to enhance both the

explainability and effectiveness of machine learning in the biomedical field.
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Chapter 2

Research objectives and outline

2.1 Problem definition

Recent advances in genomic sequencing have improved our ability to find and link genetic

variations to a variety of human traits. This has led to important progress in understand-

ing the genetics of human diseases and in the field of precision medicine (Section 1.1).

Computational and statistical methods have played an important role in identifying vari-

ants linked to human genetic disorders.

Despite this progress, the traditional idea that one gene corresponds to one disease,

known as the Mendelian model, has come into question. Many diseases show incomplete

penetrance, variable expressivity, and locus heterogeneity, adding to the “missing heritabil-

ity problem” [30] (Section 1.2). As a result, new models like the oligogenic model have

gained attention. This model suggests that a disease can be caused by multiple variants

across a few genes, offering a more complete view of human genetics (Section 1.3).

The recognition of oligogenic diseases has encouraged an influx of clinical studies

presenting evidence of this type of inheritance in various disorders, including diseases tra-

ditionally classified as monogenic. This has led to the development of machine-learning

approaches to predict the pathogenicity of variant and gene combinations, which have

demonstrated their utility. However, a primary limitation of these methods is their lack

of interpretability. The complexity of the models, along with their reliance on abstract

features – many derived from advanced bioinformatics techniques – complicates the task

for geneticists seeking to understand the rationale behind specific predictions. This in-

terpretability gap impedes geneticists and researchers from effectively validating these
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predictions based on their domain expertise, subsequently reducing their trust in the

model’s outputs (Section 1.4).

Adding to this challenge is the problem of elucidating the functional relationships and

molecular associations underpinning oligogenic diseases. Functional studies and meta-

analyses indicate that the origins of oligogenic diseases often stem from intricate, syner-

gistic gene interactions, a phenomenon known as epistasis [53, 74, 81]. These associations

can span both direct and long-range interactions across various biological layers. Yet, the

specific causal mechanisms for many oligogenic diseases remain elusive. While structured

background knowledge, such as biological networks and biomedical ontologies, offers a

promising avenue to explore these patterns, their manual exploration can be arduous for

geneticists (Section 1.5). Moreover, the diverse nature of epistatic mechanisms presents

its own modelling challenges.

Consequently, there is a pressing need to move beyond current methods. We should

develop innovative approaches and tools that not only encapsulate the predictive char-

acteristics of oligogenic diseases but also shed light on the potential biological patterns

driving these predictions. Ideally, these methods should harness existing knowledge and

incorporate interpretable machine learning techniques, transforming the complexity of

predictive patterns into concrete biological insights.

2.2 Research question and objectives

Having defined the problem and the context in which it resides, we are led to the central

research question of this thesis:

Research Question

How can we effectively leverage prior biological knowledge to design and enhance pre-

dictive approaches for oligogenic diseases, shedding light into their potential causal

mechanisms?
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Guiding hypotheses

To navigate our way through this research question, we articulate several guiding hy-

potheses.

Firstly, we propose that merging predicted gene pathogenic interactions with an ex-

tensive background of biological knowledge can enhance both the interpretability of pre-

dictions and their assessment by geneticists.

Secondly, we hypothesise that machine learning predictors have a significant potential

to capture intricate patterns underlying pathogenic gene interactions in oligogenic dis-

eases. By employing interpretable methods, these patterns could be unveiled, paving the

way for a systemic understanding of these diseases.

Finally, building on the previous hypotheses, we put forth the idea that relationships

captured as paths in a biological knowledge graph could shed light on potential causal

mechanisms in pathogenic gene interactions. Explanations based on these paths could

contribute significantly to the understanding of these mechanisms.

Research objectives

Informed by our research question and guiding hypotheses, we set the following research

objectives:

1. Post-hoc interpretability and contextualisation: Building on established machine-

learning predictors, our goal is to develop post-hoc interpretability strategies while

also placing predictions in the context of existing biological knowledge. By doing so,

we aim to equip geneticists with integrated tools to analyse patient-specific variant

data and derive meaningful insights from prediction outcomes.

2. Knowledge graph for oligogenic diseases: To facilitate a deeper understand-

ing of the intricate gene relationships in oligogenic diseases, we seek to construct a

biological knowledge graph, integrating information from known oligogenic diseases

with various biological networks and ontologies. The resulting resource should en-

able complex gene relationship queries and prove its utility in inferring pathogenic

gene interactions.
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3. Knowledge-driven interpretable model: Using the biological knowledge graph

as a foundation, we aim to develop a machine learning method that can clearly

explain pathogenic gene interactions. This predictive model should highlight and

present patterns from the knowledge graph in a manner that is both comprehensible

and verifiable by geneticists and researchers.

By advancing towards these objectives, our overarching goal is to combine prior bio-

logical knowledge with interpretable machine learning, offering geneticists and researchers

a suite of tools to better understand the biological mechanisms behind oligogenic diseases.

2.3 Thesis outline

In Chapter 3, we lay down key concepts, resources, and tools underpinning this thesis.

We start with bioinformatics resources vital for variant interpretation and continue to

gene and protein annotations, detailing their functional roles. Subsequently, we examine

biological networks and biomedical ontologies, presenting their structure, key concepts,

computational measures, and evaluation techniques. The chapter further presents core

machine learning concepts and interpretability techniques. This enables us to introduce

oligogenic databases and related predictors in that field. Lastly, we focus on knowledge

graphs, detailing their construction process, the importance of metapaths, and the fun-

damentals of knowledge graph embeddings.

In Chapter 4, we detail ORVAL (Oligogenic Resource for Variant Analysis), a web

platform designed to provide additional biological context and interpretability to variant

combination predictors. ORVAL assists in predicting and analysing variant combinations.

Central to the platform’s utility is its user-friendly interface, ease of accessibility, and in-

tegrated tools that furnish a comprehensive analysis of submitted patient data. This

chapter details the technical aspects of the constructed platform, including the architec-

ture of its components, and an annotation database offering extensive genetic information

of human variation. We further discuss how the platform filters and annotates variant

data, predicts variant combinations, and provides diverse views for exploring and inter-

preting the results. Additionally, we showcase how prior knowledge is incorporated to
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contextualise pathogenic gene modules. We conclude by emphasising ORVAL’s impact

on genetic research following its public release and its ongoing enhancements, aiming for

richer genetic annotations and improved predictive accuracy.

In Chapter 5, we present BOCK (Biological networks and Oligogenic Combinations

as a Knowledge graph), a unique knowledge graph developed as part of this research.

This chapter articulates the development and application of BOCK in oligogenic disease

research. BOCK, by integrating multiple public biological network resources and curated

oligogenic disease information from published clinical cases, provides a comprehensive,

semantically-rich representation capturing the complexity and diversity of relationships

relevant to oligogenic diseases. This chapter explores BOCK’s structure and formats, the

selection and integration of source databases, flexible querying, and information retrieval

capabilities. Furthermore, we discuss the identification and selection of relevant oligogenic

gene pairs and the comprehensive network analysis of genes and gene pairs involved in

oligogenic diseases. We finally highlight preliminary results on the application of a state-

of-the-art KG embedding technique to predict the pathogenicity of gene pairs.

In Chapter 6, we describe the development ARBOCK, an interpretable machine learn-

ing approach that leverages the rich information within BOCK to predict and interpret

pathogenic gene interactions. ARBOCK aims to fill the interpretability gap by decipher-

ing complex relational patterns between pathogenic gene pairs and offering meaningful

explanations for these predictions. This chapter examines the concept of metapaths in

creating interpretable predictions and introduces a framework that combines these metap-

aths as rules for link prediction. We further investigate the discovered patterns associated

with pathogenic gene pairs and evaluate the predictive performance of our model. More-

over, we demonstrate the inherent interpretability of this model and showcase its ability

to explain predicted pathogenic gene pairs using subgraphs from BOCK. This new ap-

proach can provide geneticists and researchers a new way to validate predictions using

background knowledge and for generating mechanistic hypotheses, thereby enriching our

understanding of oligogenic diseases.

In Chapter 7, the final part of this thesis, we provide a thorough reflection on the

research undertaken. We highlight the concrete developments and the scientific contri-
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butions made to the field. We also openly discuss the challenges we have encountered

throughout the research process, as well as the limitations of our current work. Finally,

we present potential areas for future research and exploration, based on our findings and

observations.

2.4 Scientific publications and communications

Peer-reviewed journal publications

• Renaux, A., Papadimitriou, S., Versbraegen, N., Nachtegael, C., Boutry, S., Nowé,

A., Smits, G., Lenaerts, T. (2019). ORVAL: A novel platform for the prediction

and exploration of disease-causing oligogenic variant combinations. Nucleic Acids

Research. 47(W1):W93-W98. DOI: https://doi.org/10.1093/nar/gkz437.

• Renaux, A., Terwagne, C., Cochez, M., Tiddi, I., Nowé, A., Lenaerts, T. (2023). A

Knowledge Graph approach to predict and interpret Disease-causing Gene Interac-

tions. Forthcoming in BMC Bioinformatics.

• Versbraegen, N., Gravel, B., Nachtegael, C., Renaux, A., Verkinderen, E., Nowé, A.,

Lenaerts, T., and Papadimitriou, S. (2023). Faster and more accurate pathogenic

combination predictions with VarCoPP 2.0. BMC Bioinformatics, 24(1), 179. DOI:

https://doi.org/10.1186/s12859-023-05291-3

• Laan, M., Kasak, L., Timinskas, K., Grigorova, M., Venclovas, C., Renaux, A.,

Lenaerts, T., and Punab, M. (2021). NR5A1 c.991-1G > C splice-site variant causes

familial 46,XY partial gonadal dysgenesis with incomplete penetrance. Clinical

endocrinology, 94(4), 656666. DOI: https://doi.org/10.1111/cen.14381

Journal publications in peer-review

• Gravel B., Renaux A., Papadimitriou S., Smits G., Nowé A. and Lenaerts T. (2023)

Prioritization of oligogenic variant combinations in whole exomes. [in peer-review

(Bioinformatics)].
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2.6. Supervised master theses

Oral presentations at scientific conferences

• A knowledge graph approach for interpretable prediction of pathogenic genetic

interactions - Student Council Symposium of the European Conference on Com-

putational Biology (ECCB). 15 mn Talk | Poster: https://doi.org/10.7490/

f1000research.1119234.1 [Sitges, Spain - 09/2022]

• Towards oligogenic disease prediction with ORVAL: a web-platform to uncover

pathogenic variant combinations - Intelligent Systems for Molecular Biology / Eu-

ropean Conference on Computational Biology (ISMB/ECCB). 20 mn Talk | Poster:

https://doi.org/10.7490/f1000research.1117298.1 [Basel, Switzerland - 07/2019]

• Deciphering oligogenic diseases with ORVAL - Belgian Society for Human Genetics

(BeSHG) meeting. 15 mn Talk [Brussels, Belgium - 03/2020]

2.5 Supervised master theses

• Bosch, I. Knowledge graph embeddings for the prediction of pathogenic gene pairs.

MSc. thesis. MSc. in Bioinformatics and Modelling - Université Libre de Bruxelles

(2023), 87. – Thesis co-supervised by Renaux, A., Gravel, B., Lenaerts, T.

• Terwagne, C. Critical assessment of predictive methods in Bioinformatics: Use-case

study on predicting gene pairs involved in digenic diseases. MSc. thesis. MSc. in

Bioinformatics and Modelling - Université Libre de Bruxelles (2021), 96. – Thesis

co-supervised by Renaux, A., Lenaerts, T.

2.6 Scientific open data and softwares

Open data

• BOCK - Biological networks & Oligogenic Combinations as a Knowledge

graph [164]

– Availability: https://doi.org/10.5281/zenodo.7185679

– Type: Knowledge Graph – RDF, GraphML, TSVs – License: CC-BY-NC 4.0

– Developers: Renaux A. [Conceptualisation & integration]
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Softwares

• ORVAL - Oligogenic Resource for Variant Analysis [165]

– Availability: https://orval.ibsquare.be

– Type: Web platform – Sources not distributed – License: CC-BY-NC 4.0
– Developers: Renaux A. [Conceptualisation & development of the fully functional

web platform. Maintenance until Nov 2021] ; Verkinderen E. [Maintenance from

Dec. 2021, implemented VarCoPP 2.0, new database integration pipeline, hg38

update, cloud deployment] ; Papadimitriou S. [User documentation]; Versbraegen

N. [Initial database and initial S-plot] ; Nachtegael C. [Initial gene network].

• ARBOCK - A rule-based classifier based on KG paths: application in

pathogenic gene interaction prediction [164]

– Availability: https://github.com/oligogenic/ARBOCK

– Type: Open-source Python library and Python Notebook – License: MIT
– Developers: Renaux A. [Conceptualisation & development]
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Chapter 3

Material and Methods

This chapter sets out the foundational concepts, resources, and tools necessary for under-

standing the results in subsequent chapters of this thesis.

In the first sections, we focus on bioinformatics resources and predictive tools for single

variant interpretation (Section 3.1). Following this, we provide an overview of gene and

protein annotations and identifiers, exploring different mapping methods and functional

annotations (Section 3.2).

Building upon these annotations, we introduce the basic notions to understand bio-

logical networks, outlining key network concepts, relevant network types, and measures of

similarity and distance (Section 3.3). We also present ontologies and their application in

the biomedical field, detailing their structure, key resources, and methods for evaluating

information (Section 3.4).

We then explain fundamental concepts of machine learning and focus on specific tech-

niques of frequent pattern mining and interpretability techniques (Section 3.5). The next

section highlights the direct application of machine-learning in the context of oligogenic

diseases, as we provide an overview of relevant databases from which we obtain our train-

ing dataset and existing prediction models (Section 3.6).

Finally, in Section 3.7, we turn our attention to knowledge graphs – a knowledge rep-

resentation that can integrate both networks and ontologies discussed earlier. We outline

the steps involved in constructing a knowledge graph, explore the importance and usage

of metapaths and querying techniques, and acquaint the reader with the fundamentals of

knowledge graph embeddings.
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3.1 Bioinformatics resources for variant interpretation

Genetic variants are responsible for most of the diversity in individual traits and can be

identified by comparing an individual’s genome to a reference sequence, known as the

reference genome. Genotyping, the process of determining an individual’s genetic varia-

tion by analysing their DNA sequence, is becoming increasingly common in both research

and clinical settings. The key problem has now shifted to the accurate interpretation

of the detected genetic variants with respect to their functional and clinical significance.

This challenge is being addressed with the help of biomedical databases that integrate

large amounts of variant data as well as bioinformatics methods for inferring metrics that

facilitate their interpretation.

3.1.1 Variant acquisition and related formats

Genetic variants from patients are typically derived from sequencing data, which under-

goes several processing steps before being represented in a standardised format. A brief

overview of the sequencing and post-processing steps is as follows [166, 167]:

1. Library preparation and sequencing : Depending on the sequencing modality, DNA

fragments of interest are collected. Modalities include whole genome sequencing

(WGS), whole-exome sequencing (WES), and targeted sequencing panels.

2. Quality control and read alignment : Raw sequencing data undergoes quality assess-

ment, filtering out potential artefacts [166]. High-quality reads are then aligned to

a reference human genome using alignment tools such as BWA [168].

3. Variant identification: This step, often termed variant calling, employs tools to

identify genetic variants, such as HaplotypeCaller from the Genome Analysis Tool

Kit (GATK) [169], which are then represented in a standardised format.

On average, whole-exome sequencing identifies approximately 25,000 variants per in-

dividual [170], while up to 5 million variants are reported on average by whole-genome

sequencing [18].

The representation of genetic variants is influenced by the genome assembly used, such

as hg19/GRCh37 or hg38/GRCh38 [167]. The reference genome assembly serves as the
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foundation for variant representation, with variants annotated concerning it. Therefore,

it is important to use the appropriate genome assembly when processing variant data, as

distinct assemblies might yield different variant positions or representations.

Genetic variants can be represented and identified in various ways in databases and in

the literature. One of the most common representations is based on genomic coordinates,

which describe the position of the variant in the genome, relative to a reference genome.

Other representations include the change in the transcribed RNA molecule (cDNA change)

and the change in the amino acid sequence of the protein. The Human Genome Variation

Society (HGVS) [171] nomenclature system facilitates the standardised description of

sequence variants at genomic, transcript, and protein levels.

Variants are typically exchanged in the variant call format (VCF) [172]. The VCF

file comprises a header section detailing the format and the encapsulated data. This is

followed by a data section, a tab-separated list where each line represents a single vari-

ant and its associated details. The first eight columns of the data section are mandatory,

encompassing details like chromosome, position, reference allele, and alternate allele. Sub-

sequent columns can contain variant-specific information, such as functional predictions

or population frequency data. Given its widespread adoption in genetic research, the VCF

format is compatible with numerous tools and pipelines.

3.1.2 Human sequencing and genotyping projects

Over the years, several large projects have been launched with the ambition of creating a

comprehensive catalogue of human genetic variations.

One of the early projects was the International HapMap project [173], which aimed

to develop a haplotype map of the human genome. A haplotype refers to a set of genetic

variants that tend to be inherited together. By understanding these common patterns

of human genetic variation, the HapMap project sought to enhance our understanding

of the relationships between genotype and phenotype. Following this project, rapid ad-

vancements in sequencing technologies have enabled the collection of vast amounts of

information on human genetic variation and its implications for disease.

The 1000 Genomes Project [18] was a landmark project, launched in 2007 and finalised
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in 2015, that used deep exome sequencing and low-coverage genome sequencing to obtain

public information on the genetic variations of 2504 healthy individuals from 26 different

populations across major human population groups. The project established the first

high-quality resource of its kind and provided valuable insights into the differences in

genetic variation among populations.

Following these early successes, multiple similar initiatives were launched in different

countries. For instance, the UK10K project [23] sequenced the genomes of 6000 individuals

from the UK with rare disorders, including neurodevelopmental diseases and obesity, as

well as the genomes of 4000 control individuals.

The large amount of genetic variant data collected from these different projects enabled

a more accurate estimation of variant frequencies over populations as well as their effects

and phenotypic consequences.

3.1.3 Human genetic variant databases

The aggregation of population-level genetic datasets with various conditions has opened

up new avenues of exploration to better understand the significance and consequence of

genetic variants. These projects have also significantly contributed to the development

of public variant databases, providing valuable resources for researchers in the field of

human genetics.

Amongst these databases, the Genome Aggregation Database (GnomAD) [21] offers

data on over 200,000 genomes from multiple ethnic groups, helping researchers and clini-

cians to evaluate the rarity and potential pathogenicity of specific genetic variations and

to guide the interpretation of genetic test results. One of the key metrics provided by

GnomAD is the Minor Allele Frequency (MAF), which quantifies the prevalence of a par-

ticular variant in the population. MAF is calculated by dividing the number of instances

of the minor allele (the less frequent variant) by the total number of alleles observed in

the sample population. By comparing the MAF of a genetic variant to specific thresholds,

researchers can determine if a variant is rare or common, thus aiding in the evaluation of

its potential clinical significance.

Some public resources provide aggregated information about genetic variations, such
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as Ensembl [174] and dbSNP [175]. They offer information on the location, identity,

and frequency of genetic variants, as well as functional annotations for specific genomic

regions.

Other databases are specialised in providing a relationship between genetic variation

and disease. For example, the Online Mendelian Inheritance in Man (OMIM) [176] was

one of the first resources of its kind, providing information on genetic disorders and

their associated genes. The Clinical Variation (ClinVar) database [33] was established

more recently and provides information on the relationship between genetic variation and

disease, drawing from various sources and including clinician-submitted data.

3.1.4 Predicted variant pathogenicity

The large amount of genetic variant data generated by modern sequencing technologies

calls for efficient, automated methods to evaluate the impact of genetic variants. Bioin-

formatics tools have been developed to address this need, using various approaches to

predict variant consequences and aid researchers identify disease-associated variants.

The Combined Annotation-Dependent Depletion (CADD) predictor [86] is a widely

used tool in genetic research and clinical genetics to evaluate the deleteriousness of single

nucleotide variants as well as insertion/deletions variants in the human genome. CADD

provides two types of scores: a raw score, which represents the relative rank of a variant,

and a Phred-like score, which is a logarithmic transformation of the raw score. The raw

score is particularly informative for comparing variants across multiple datasets.

CADD is based on a machine-learning model trained with a diverse set of functional

and non-functional variants. The functional variants were derived from several sources,

including ClinVar [176], while the non-functional variants were generated through in silico

mutagenesis. This training dataset allowed CADD to effectively predict the deleterious-

ness of genetic variants across the human genome, incorporating a wide range of features,

such as conservation scores and gene expression levels.

In addition to providing scores, CADD also offers annotations for the variants, such as

gene identifiers, amino acid changes, and functional consequences. The CADD scores have

been widely adopted in clinical and bioinformatics settings, facilitating the prioritisation
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of variants for further investigation and supporting clinical decision-making.

3.2 Gene and protein annotations and identifiers

Genetic variants are commonly associated with distinct genes. To streamline this associ-

ation, public databases provide mappings and identifiers. Moreover, both genes and their

corresponding proteins can be further characterised using various scores and enriched with

functional annotations.

3.2.1 Mappings into gene and protein identifiers

In data integration and annotation stages, it is essential to attribute variants to specific

transcripts and genes accurately. Ensembl [174] is a comprehensive genomic database that

can help determining if a variant is within a transcript’s boundaries or a defined distance

upstream or downstream. Some variants are close to the transcription start site (TSS)

or transcription termination site (TTS) of a gene, while others are in distant regulatory

regions. Variants in these remote locations can be challenging to attribute due to the

potential influence of distant regulatory elements on genes.

To manage the complexity of genes with multiple transcripts, Ensembl provides a

canonical transcript for each gene1. This canonical transcript is the most biologically

relevant representation for that gene, especially when multiple alternative transcripts

map to the same genomic coordinates [20].

For consistent gene naming, the HUGO Gene Nomenclature Committee (HGNC) [177]

offers official gene names and symbols, ensuring uniformity in gene naming across the

scientific community.

Regarding proteins, many transcripts code for proteins with a UniProt identifier.

UniProt [178] is a central database for protein information, detailing protein sequences,

functions, and interactions. A single gene can produce multiple protein isoforms due to

1Ensembl canonical transcript: https://www.ensembl.org/info/genome/genebuild/canonical.html
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processes like alternative splicing, which should be taken into account when providing

gene to protein mappings.

3.2.2 Predicted gene characteristics

A range of bioinformatics scores have been developed to assess gene characteristics and

predict the potential impact of any deleterious variant on gene function, providing valuable

insights into the characteristics of human genes.

The Gene Damage Index (GDI) [179] is a gene-level approach that prioritises exome

variants based on cumulative mutational damage. In contrast, the Residual Variation

Intolerance Score (RVIS) [180] quantifies the intolerance of genes to functional genetic

variation by comparing the actual number of common functional variants to the expected

number based on a gene’s total mutational burden.

To provide more accurate predictions of pathogenicity by incorporating inheritance

modes, the Inheritance-mode specific pathogenicity prioritisation (ISPP) [181] combines

multiple biological features and scores. This method specifically considers the inheritance

modes of genes, such as autosomal dominant, autosomal recessive, or X-linked, to better

prioritise genes potentially associated with pathogenic variants.

Haploinsufficiency refers to the situation when a single functional copy of a gene is

insufficient to maintain normal function, leading to disease or abnormal phenotype. The

P(HI) score [182] and the HIPred score [87] assess haploinsufficiency by integrating vari-

ous genomic features using statistical and machine learning-based predictive approaches,

respectively.

Gene essentiality is another important aspect to consider, as it describes the critical

importance of a gene for an organism’s survival or normal development. The P(rec) score

[19] and the Essential in mouse feature [183] tackle this issue using statistical methods

and experimental data from mouse knockout studies, respectively.

In addition to these scores, the ratio of non-synonymous to synonymous substitution

rates (dN/dS) [184] serves as a measure of selective pressure on genes. This ratio offers

insight into the evolutionary forces acting upon genes and can thus provide an indication

of their functional importance.
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To facilitate the retrieval and analysis of these various scores, resources such as the

dbNSFP database [185] consolidate numerous gene-level features and provide mappings

to gene identifiers, such as Ensembl identifiers.

3.2.3 Functional gene and protein annotations

Functional gene and protein annotations from various resources play a crucial role in

understanding the biological mechanisms and characteristics of genes and proteins. These

annotations can be focused on the genetic level, reflecting associations with specific genes,

or the protein level, detailing the characteristics and interactions of the proteins they

encode.

It is important to note that some of the resources discussed here also describe underly-

ing biological networks (more details provided in Section 3.3) or can be formally described

as an ontology (more detailed provided in Section 3.4).

Protein domains and families are functionally and structurally conserved regions

within proteins that can be identified using predictive models known as signatures. In-

terPro is a database that integrates protein families, domains, and important sites from

various specialised databases [186]. By classifying proteins based on their domains and

families, InterPro provides insights into their functions and evolutionary relationships.

Protein complexes are groups of proteins that physically interact and work together

to perform specific biological functions. CORUM is a manually curated database that

provides a comprehensive repository of experimentally characterised protein complexes in

mammals [187].

Biological pathways represent series of molecular interactions and reactions that

occur within a cell to accomplish specific biological processes. Reactome is a widely-

used curated and peer-reviewed pathway database containing signalling and metabolic

molecules and their relationships organised into reactions, biological pathways, and pro-

cesses [188].

Gene Ontology (GO) is a widely used resource that provides a controlled vocabulary

for cellular components, molecular functions, and biological processes [128, 189]. GO also

provides gene annotation data, linking genes to the ontological terms.
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Human Phenotype Ontology (HPO) is a resource that defines a controlled vo-

cabulary for human phenotypes and provides annotations for genes associated with these

phenotypes [190].

In summary, functional annotations provide essential information about the roles and

characteristics of genes and proteins, and enable researchers to investigate their functions

within the context of biological systems.

3.3 Biological networks

Biological networks offer a structured representation of complex interactions that exist

within a biological system. In this section, we introduce topological metrics in network

analysis, present relevant biological network resources for our work as well as similarity

and distance measures that were evaluated.

3.3.1 Introduction to networks and their topology

Network structure

A network or a graph G(E , R) can be described as a set of entities E , represented as vertices

(or nodes), and a set of relationships R, represented as edges, that connect these entities.

In biological networks, entities can represent proteins, genes, or cells, while relationships

can represent the interaction or association between these biological entities.

Network topology

Network topology quantitively describes the configuration of nodes and edges within a

network and the patterns that emerge from these arrangements [191]. A number of metrics

can be employed to analyse network topology, including:

• Degree Centrality: This measure quantifies the number of connections or inter-

actions a node has within the network. Nodes with a significantly higher number

of edges, commonly known as “hubs”, usually play essential roles within biological

networks.
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• Closeness Centrality: This metric quantifies how close a node is to all other

nodes in the network. It is calculated as the reciprocal of the sum of the shortest

path lengths from the node in question to all other nodes in the network. In the

context of biological networks, nodes with high closeness centrality are often critical

for rapid information or signal transmission across the network.

• Graph Density: This is a measure of the overall level of connectivity within

the network. High graph density indicates that a large proportion of all possible

connections between nodes are actual connections.

• Clustering Coefficient: This measure estimates how closely the neighbours of a

given node are interconnected with each other. A high clustering coefficient suggests

that a node’s neighbours also tend to be neighbours with each other, creating a local

“clique” or cluster.

3.3.2 Biological network types and resources

Biological information can be represented as biological networks, which are complex struc-

tures consisting of nodes and edges. In biology, nodes represent biological entities, and

edges represent interactions or associations between them. These networks are valuable

resources for understanding the underlying mechanisms of diseases. We describe here

multiple types of networks representing different types of biological relationships between

genes and proteins.

Protein-Protein Interaction (PPI) networks provide information on the physi-

cal interactions between proteins. These interactions can be direct, where proteins form

stable or transient complexes, or indirect, mediated by post-translational modifications

or other molecular intermediaries. Three databases providing PPI networks, mentioned

in our research, are Mentha, ComPPI and STRING. Mentha [192] is a protein-protein

integration database that favours precision over comprehensiveness and focuses on ex-

perimentally determined protein interactions. Additionally it provides edge confidence

scores based on experimental evidence. ComPPI [193] is a cellular compartment-specific

database of proteins and their interactions from multiple integrated databases, enabling

an extensive, compartmentalised protein-protein interaction network. STRING [194] is

50



3.3. Biological networks

another resource that, besides other types of biological relationships, includes physical

protein-protein interactions integrated from multiple source databases.

Gene coexpression networks are built by identifying pairs of genes that show simi-

lar expression patterns across samples. They can provide insights into the functional rela-

tionships between genes and their potential roles in diseases. TCSBN [195] is a database

of tissue-specific co-expression networks generated from 46 normal tissues, with scores

calculated based on the Pearson correlation coefficient. They have been generated using

data from the GTEx project [196], a comprehensive resource that catalogs gene expression

patterns across various human tissues. Another resource, CoExpressDB [197], is a gene

co-expression database for animals that offers co-expressed gene lists and gene networks

for comparison across different species and platforms.

Sequence homology networks capture the relationships between genes or proteins

based on their sequence similarity. The STRING database [194], beside other types

of biological relationships, contains pre-calculated pairwise protein sequence alignment

bitscore obtained with the BLAST algorithm [198].

3.3.3 Similarity and distance measures

In network analysis, particularly in the context of biological networks, calculating the sim-

ilarity or distance between two nodes, for example a pair of genes, can help understanding

their relatedness. These metrics can also be used to infer unknown relationships.

Neighbour-based similarity measures

The first type of measure calculates similarity based on the shared neighbours between

two nodes, which can inform in the short-range similarity. This can particularly useful for

identifying gene pairs with many common interaction partners, which can be predictive

of their direct interactions [193].

We provide in Table 3.1 a summary of such neighbour-based similarity measures.
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Similarity measure Definition Formula

Total Neighbours Union of common neighbours of two
nodes |N(x) ∪ N(y)|

Preferential Attachment Likely connectivity based on the
product of the degrees of two nodes |N(x)| · |N(y)|

Jaccard Index Size of intersection over size of union
of the neighbours of two nodes

|N(x)∩N(y)|
|N(x)∪N(y)|

Adamic Adar

A measure of similarity between two
nodes based on their shared

neighbours, with greater weight given
to less common neighbors

P
u∈N(x)∩N(y)

1
log |N(u)|

Table 3.1. Common neighbour-based similarity measures in networks. This table illustrates
several common measures used to calculate node similarity based on shared neighbours in a network. The
measures are detailed along with their mathematical formula where N(u) represents the set of neighbours
of a node u, while x and y are the two nodes for which the measure is being calculated.

Path and walk-based measures

Other similarity and distance measures consider long-range relationships in the form of

paths or walks in the network. Such measures include the Shortest Path Length (SPL) and

the Random Walk with Restart (RWR). These measures offer the advantage of capturing

indirect associations between nodes.

The SPL, a metric used for distance measurement in network analysis, quantifies the

minimal topological distance between two nodes within the network [199]. In the context

of this research, the SPL is formally defined as the minimum number of edges that must

be traversed to establish a path from one node to another.

The Random Walk with Restart (RWR) is an advanced network analysis technique

that simulates the behaviour of a hypothetical walker traversing the network, initiating

from a specified starting node. At each iteration, the walker either moves to an adjacent

node or returns to the starting node with a predefined probability α [200].

Mathematically, it can be represented as:

r = (1 − α)Ar + αr0 (3.1)

where r is the steady-state probability vector, indicating the likelihood of the walker
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being at each node after multiple iterations, α is the restart probability, determining the

chance of the walking returning to the starting node at each step, A is the adjacency

matrix representation of the network, capturing the connections between nodes, and r0 is

the initial probability vector, set such that the starting nodes have a probability of 1 and

all other nodes have a probability of 0.

The strength of RWR lies in its ability to integrate both local and global network

topology. This feature enables the algorithm to uncover nuanced relationships and as-

sociations that may not be readily apparent through the application of simpler, local

topology metrics [200].

In the field of genomics, RWR is frequently employed to prioritise candidate genes

associated with specific diseases. The algorithm starts its random walk from nodes rep-

resenting genes already known to be associated with the disease under study. Once the

steady-state is reached, the resulting probabilities are used to prioritize other genes. Genes

that rank highest are considered more likely to have a functional relationship with the

disease in question [201].

3.4 Biomedical ontologies

Biomedical ontologies play a crucial role in the organisation and integration of biological

data, providing a structured framework for annotating and connecting diverse types of

biological information. This section introduce ontologies and present the related exchange

formats, biomedical resources and similarity measures relevant for our work.

3.4.1 Ontology structure and related formats

Ontologies, in the context of bioinformatics, are formal, explicit specifications of shared

concepts [202]. They play a crucial role in data annotation, integration, analysis, and

interpretation, offering a controlled vocabulary of terms and relationships.
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Ontology structure and semantics

Formally, an ontology is a graph, with the distinction that relationships in ontologies

convey semantically rich, directed relationships that often form a hierarchy, resembling a

Directed Acyclic Graph (DAG).

The hierarchical structure of ontologies is based on the subsumption relationship be-

tween terms. In this hierarchy, a term subsumes all the terms that fall under it, forming

a parent-child relationship between terms. This relationships is often represented as “isA”

or ‘subClassOf”. Therefore terms in an ontology can be described in relation with their

parent and child concepts. The term with children but no parent concepts, at the top

of that hierarchy, is designed as the root term while terms with parent concepts but no

children are referred as leaves [127, 203].

Ontologies leverage the semantics inherent in relationships to facilitate reasoning and

inference, enabling the extraction of novel knowledge from existing information. For

example, if “e1 is a subclass of e2” (denoted as e1 isA e2) and “e2 is a subclass of e3”

(e2 isA e3), an ontology allows the inference that “e1 is a subclass of e3" (e1 isA e3).

Semantic web principles and formats

Ontologies can be represented using various formats. The Resource Description Frame-

work (RDF) is typically used for encoding and sharing data in a machine-readable form

over the web. The Web Ontology Language (OWL), on the other hand, is more often

used to define the model or structure of data, providing a robust language for ontologies

that require intricate relationships and high expressivity [204]. Additionally, the Open

Biomedical Ontologies (OBO) format is another standard for ontology representation,

specifically tailored for the life sciences domain. It offers a simpler syntax than OWL,

making it more accessible for certain applications, while still supporting the integration

of diverse biological data types and their relationships [127].
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3.4.2 Biomedical ontology resources

Biological concepts are often organised using ontology structures, which offer a standard-

ised vocabulary for researchers across disciplines and enable a hierarchical representation

of these terms.

Here, we focus on three widely-used biomedical ontologies used in this work: Reactome,

the Gene Ontology (GO), and the Human Phenotype Ontology (HPO).

Gene Ontology (GO) is a widely used resource that offers a controlled vocabulary

for describing the molecular functions, cellular components, and biological processes as-

sociated with genes and gene products [128, 189]. The GO ontology is organised into

three distinct but interconnected sub-ontologies: molecular function, cellular component,

and biological process. Each sub-ontology is arranged hierarchically, with more general

terms at higher levels and more specific terms at lower levels. Key relationships in the

GO ontology include “is-a”, “part-of”, “regulates” and “occurs in”. GO annotations connect

genes and gene products to the appropriate ontology terms.

Human Phenotype Ontology (HPO) is a resource that defines a controlled vo-

cabulary for human phenotypes and provides annotations for genes associated with these

phenotypes [190]. The HPO ontology is organised hierarchically, with more general terms

representing broad phenotypic categories and more specific terms describing detailed phe-

notypic features. The primary relationships in the HPO ontology are “is-a” and “part-of”

which capture the hierarchical organisation of phenotypic features. HPO also links genes

to the associated phenotypes and includes connections to other disease-related ontologies,

such as the Online Mendelian Inheritance in Man (OMIM) [176] and Orphanet [205].

Reactome is a comprehensive and peer-reviewed pathway database that provides

an ontology-based representation of biological pathways, including both signaling and

metabolic processes [188]. The Reactome ontology is organised hierarchically, with higher-

level terms representing general biological processes and lower-level terms specifying more

detailed molecular reactions and interactions. The ontology includes relationships such

as "is-a", "part-of" and "has-part", which capture different aspects of the relationships

between molecular entities, events, and their components. Reactome also annotates genes

and proteins involved in these pathways, linking molecular entities to their respective
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reactions and processes.

These ontologies are commonly used as cross-reference in other reference biological

databases such as UniProt [178] and Ensembl [174] and for the development of numerous

computational methods [206, 207].

3.4.3 Evaluating information and similarity in ontologies

When analysing biomedical terminologies, encountered for example in gene-associated

pathways or patient-associated phenotypes, some questions might arise such as “How

specific or broad is this term?” and “Are these two terms related, and if so, to what

extent?”. This section explores two key concepts: Information Content (IC) and Semantic

Similarity Measures (SSM) that provides practical tools leveraging ontologies and their

annotations to answer these questions.

Accessing term specificity with the information content

Information Content (IC) is a concept derived from information theory, introduced by

Claude Shannon. It quantifies the amount of information carried by an event, with the

understanding that the more surprising or rare the event, the higher its information

content [208].

In the context of ontologies, IC was first introduced by Resnik to measure the speci-

ficity of a term [209]. The IC of a term t is given by:

IC(t) = − log(p(t)) (3.2)

where p(t) is the probability of encountering an annotation (for example the number of

genes associated) to the term t or its descendants (ts ⊑ t) in a given corpus of annotations.

The more specific a term (i.e., the fewer annotations it has), the higher its IC.

In bioinformatics, for example, one might use the frequency of a gene annotation to

a term in a large gene annotation database, such as Gene Ontology Annotations (GOA),

to estimate this probability.

Generally, this probability p(t) is computed as:
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p(t) =
|I(t ∪ (

S
ts⊑t ts))|

|I(T )|
(3.3)

Where, I(t) denotes the set of instances or annotations associated with the term t and

its descendants, and I(T ) refers to the set of instances or annotations associated with any

term in the entire ontology.

Semantic similarity between ontology terms

Semantic Similarity Measures (SSMs) quantify similarity between ontology terms, aiding

data mining and analysis. These SSMs are broadly classified into edge-based, node-based,

and hybrid methods [141].

Edge-based metrics, such as Wu and Palmer’s measure [210], derive similarity from

the path length and ontology tree depth. Conversely, node-based metrics like Resnik’s

measure [209], use term properties like Information Content (IC), specifically leveraging

the Most Informative Common Ancestor (MICA). Lastly, hybrid methods combine both

strategies for a nuanced similarity understanding.

The SimGIC similarity measure, in contrast to the measures mentioned above, is a

groupwise measure that considers the set of terms that annotate a gene, rather than

individual term pairs. For two genes g1 and g2, SimGIC is defined as the ratio of the sum

of the IC of the terms in the intersection of their annotation sets, to the sum of the IC of

the terms in the union of their annotation sets [140].

SimGIC(g1, g2) =

P
t∈T (g1)∩T (g2) IC(c)P
c∈T (g1)∪T (g2) IC(c)

(3.4)

While many SSMs have been proposed, they share common core elements which have

been unified under a theoretical framework [211], enabling their comparison, selection,

and the development of new measures. Based on this framework, Harispe et al. proposed

SimcGIC, a pairwise measure, extending the groupwise SimGIC. This measure quantifies

the semantic similarity between two terms u and v as follows:
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SimcGIC(u, v) =

P
c∈A(u)∩A(v) IC(c)P

c∈A(u) IC(c) +
P

c∈A(v) IC(c) −
P

c∈A(u)∩A(v) IC(c)
(3.5)

where A(t) represents the set of terms including t and all its ancestors.

3.5 Machine learning: from predictions to insights

In this section, we will discuss the machine learning concepts and techniques that are

used in this research. We will also discuss techniques for explaining predictive results and

how frequent patterns in data can be leveraged to create interpretable machine learning

models.

3.5.1 Machine learning concepts and techniques

Machine Learning (ML) is a field at the intersection of computer science and statistics,

focused on algorithms that can learn from and make predictions based on data. The

foundation of ML is in designing and implementing models that can be trained on data,

enabling them to make accurate predictions or gain insights into unknown or unseen data.

Data representation and feature selection

In ML, data is represented as a set of input features, corresponding to characteristics

or attributes of data points. For instance, in a study of disease susceptibility, the input

features could include genetic variants, demographic information, and environmental fac-

tors. The set of features form a feature vector, commonly denoted as X. The number of

features in this vector is referred to as its dimensionality [212].

Features can take several forms: they can be numerical (e.g., age) or categorical (e.g.,

sex). They can be directly derived from the original extracted data or be transformed

with techniques of feature engineering, that can combine multiple attributes using com-

putational methods or domain-specific transformations [212].

Feature selection is the process of identifying and selecting a subset of input features
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that are most relevant to the task at hand. This can improve the model’s performance,

reduce the complexity of the model, and increase interpretability by eliminating irrelevant

or redundant features. This process can be guided by various criteria such as domain

knowledge, the correlation between the feature and a target variable, or the increase in

model predictive performance when the feature is included. Techniques like Recursive

Feature Elimination (RFE) can be used to systematically select these features [213].

Supervised vs. Unsupervised

In this research, we focus on two fundamental types of ML: supervised and unsupervised

learning [214].

In supervised learning, models are trained on labeled data where each data point has a

known target variable. The models learn from the input features and their corresponding

targets to establish relationships and make predictions for new, unseen instances. Ex-

amples of such models include logistic regression [215] and Random Forest (RF) [216],

detailed next.

Unsupervised learning, on the other hand, focuses on analysing unlabelled data to

discover patterns, structures, or relationships without specific guidance. It is particularly

useful for exploratory data analysis, understanding the underlying structure of the data

or even for generating novel features. Clustering techniques, such as K-means [217], and

association rule mining algorithms such as the Apriori algorithm [218], are examples of

unsupervised learning methods.

Supervised classification algorithms

In the paradigm of supervised learning, the learning algorithm is presented with a set

of feature vectors along with their corresponding target values. The task of the learning

algorithm is to find a mapping function from the inputs to the output space that can

accurately predict the target value for new input data. This function should be able to

generalise from the training data to unseen situations.

A supervised learning algorithm can be formalised as an optimisation process searching

for a target function (f) that maps input variables (X) to an output variable (Y ). Math-
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ematically, it can be represented as: Y = f(X) + ε, where ε is an error term, minimised

by the algorithm.

The nature of the output variable Y determines the type of supervised learning task. If

Y represents categorical labels, the task is termed classification. Conversely, if Y denotes

continuous values, the task is a regression. In the research presented in this thesis, the

emphasis is on classification tasks, specifically binary classification, where Y assumes

one of two values: positive (commonly denoted as 1) or negative (typically represented

as 0). In many applications, including ours, the positive class is the primary focus for

identification.

Two commonly used classification algorithms are Logistic Regression and Random

Forest, which were applied in this research.

Logistic Regression [215] is a statistical model used for binary classification problems.

It uses a logistic function to model a binary dependent variable, making it suitable for

problems where the outcome is either one of two possible classes. Despite its simplicity,

Logistic Regression can be effective, especially when the dimensionality of the data is

high. A key feature of Logistic Regression is its ability to output probabilities, providing

a measure of certainty around its predictions. This makes it not only a classifier but also

a probabilistic model.

Random Forest [216] is an ensemble learning method that uses a collection of decision

trees to make predictions (often employed with a classification objective). Each decision

tree in the ensemble can be described as a flowchart-like structure, where each internal

node represents a split on a feature (e.g., age ≤ 50, age > 50), and each leaf node

corresponds to a class label. In Random Forest, each tree is trained on a random subset

of the training data, which introduces diversity into the model and helps avoid overfitting.

The final prediction is made by aggregating the votes from all the trees in the ensemble,

typically using a “majority voting” approach.

The training algorithm for Random Forest involves growing decision trees based on

measures of information gain and using bootstrapping to introduce randomness. Key

parameters, such as the depth of the trees and the number of trees in the forest, can

greatly influence the model’s performance.
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Predictive performance evaluation

Evaluating the performance of a machine learning model is a critical step when developing

a predictive model. It helps in understanding the model’s ability to generalise to unseen

data and provides insights into the balance between bias and variance. Bias refers to

the error that arises from the assumptions made by a model to simplify the problem,

which can lead to underfitting. Variance, on the other hand, refers to the error due to the

model’s sensitivity to fluctuations in the training set, which can lead to overfitting [219].

When considering the binary classification models evaluated in this research, and

considering that these models output a classification probability for the positive class, we

can consider the following evaluation process:

1. Train/Test split: To assess a model’s performance, data is typically partitioned

into a training set and a test set. The training set is used to train the model, while

the test set serves as new, unseen data for evaluation. This basic split, however, can

sometimes lead to evaluations that are sensitive to the particular split.

2. Cross-validation: To mitigate the sensitivity of a single train/test split, cross-

validation is employed. In this technique, the dataset is divided into k subsets. The

model is then trained on k − 1 of these subsets and tested on the remaining one.

This process is iteratively performed k times, ensuring each subset serves as the test

set exactly once. The performance metrics from each iteration are then averaged,

providing a more robust evaluation of the model’s performance [220]. Two types of

curves and metrics can be used to evaluate the model performance detailed next.

3. ROC Curve and AUROC: The Receiver Operating Characteristic (ROC) curve is

a graphical representation that plots the True Positive Rate (sensitivity) against the

False Positive Rate (1-specificity) for various threshold values [221]. The Area Under

the ROC Curve (AUROC) provides an aggregate measure, indicating the model’s

ability to distinguish between positive and negative classes across all thresholds. An

AUROC of 0.5 indicates that the model does not perform better than random.

4. Precision-Recall Curve and AUPRC: The Precision-Recall (PR) curve plots

Precision against Recall for different thresholds, focusing on the model’s performance

concerning the positive class [222]. The Area Under the Precision-Recall Curve
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(AUPRC) offers a summary measure of this performance. Its interpretation must

consider the class imbalance in the evaluated dataset.

5. Optimal threshold determination: To achieve the best balance between sensi-

tivity and specificity, an optimal classification threshold is determined, often using

the ROC curve (averaged over multiple folds). The point on the curve that max-

imises the geometric mean is often chosen as the optimal threshold for the classifier.

6. Evaluation on the test set: Once the optimal threshold is identified from cross-

validation, the model is applied to the test set and only instances predicted over the

selected thresholds are considered predicted as positive. This ensures an unbiased

evaluation of the model’s generalisation capability on unseen data.

7. Performance metrics calculation: Based on the chosen threshold, various met-

rics such as precision, recall, and balanced accuracy can be computed to provide a

comprehensive understanding of the model’s performance.

Handling imbalanced data

Class imbalance is a prevalent issue in machine learning where the number of observations

belonging to one class is significantly lower than those belonging to the other classes. This

imbalance can lead to models that have poor predictive performance, specifically on the

minority class, as the model tends to be biased towards the majority class [223].

Several strategies have been proposed to tackle this issue. Some models have been

designed to natively handle class imbalance, such as the Balanced Random Forest model,

a variant of Random Forests. In this model, each tree in the ensemble is trained on a

data sample where the class distribution is balanced, which can be for example achieved

by under-sampling the majority class in each bootstrap sample, giving equal importance

to both classes [224].

Another common strategy to handle class imbalance is cost-sensitive learning, where

the weights of the classes are adjusted based on their frequencies in the input data. This

adjustment effectively increases the cost of misclassifying the minority class, making the

model more sensitive to it [225]. This strategy is applicable to many machine learning

algorithms.
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When evaluating models trained on imbalanced data, stratified cross-validation is

recommended. This variant of cross-validation maintains the same ratio of classes in each

fold as in the full dataset, providing a more accurate estimate of the model’s performance

on the minority class [220].

3.5.2 Optimisation techniques in machine learning

We present here a some computational optimisation strategies, essential in machine learn-

ing and data mining.

Cost function and the greedy approach

In combinatorial optimisation, a cost function C(x) quantifies the quality or suitability of a

solution x. Similar to how natural selection assesses an organism’s fitness for survival and

reproduction, the cost function evaluates how well a solution addresses a given problem

[226].

Optimisation algorithms use heuristics to efficiently traverse a vast search space of

potential solutions, aiming to identify the solution with the optimal (often minimal) cost.

In the context of machine learning, these algorithms are employed to determine a combi-

nation of parameter values that best aligns with the data.

One type of optimisation is the greedy optimisation strategy, favoured for its compu-

tational efficiency, makes the best local choice at each step, aiming for a global optimum.

However, its short-sightedness, not considering the broader solution space, can result in

local optima traps, leading to a sub-optimal solution [226].

The differential evolution algorithm

The differential evolution (DE) algorithm is a population-based optimisation techniques.

It improves a set of candidate solutions iteratively through the processes of mutation,

crossover, and selection [227].

• Mutation adjusts existing solutions, introducing variability within the population.

• Crossover combines elements from two solutions, creating a new potential solution.
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• Selection retains the best-performing solutions based on their fitness, ensuring they

progress to the next iteration.

The advantages of DE over other techniques include its ability in handling high-

dimensional search spaces and its resilience against getting trapped in local optima. DE

also emphasises real-valued solutions and its distinct mutation method, often outperform-

ing other methods in numerical optimisation tasks [227].

The DE algorithm is as follows:

Algorithm 1: Differential Evolution Algorithm
Input: Population size N , maximum number of iterations T , mutation factor F ,

crossover rate CR
Output: Best solution w
Initialize a population of N solutions randomly;
Set iteration count t = 0;
while t < T do

foreach solution w in the population do
Select three random solutions a, b, c distinct from w;
Generate a trial solution v by applying mutation: v = a + F · (b − c);
Perform crossover between w and v with probability CR to produce a
trial vector u;

Evaluate the fitness of w and u using the cost function;
if fitness(u) is better than fitness(w) or a random value < CR then

Replace w with u;
end

end
Increment t by 1;

end
Return the best solution w based on fitness;

The effectiveness of DE depends on the appropriate tuning of parameters like the

mutation factor F and the crossover rate CR, which should be empirically assessed.

3.5.3 Discovering association rules with frequent pattern mining

In the context of machine learning, frequent pattern mining is an unsupervised approach

aiming to find elements that frequently co-occur in a dataset. It aims to efficiently sum-

marise the characteristics of complex data. Frequent pattern mining has proven its value

in bioinformatics, to identify biologically relevant patterns [228].
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Transactions, items and frequent itemsets

In frequent itemset mining, we consider transactional data, denoted by D, which consist

of a collection of transactions.

Transactions t can be seen as unique instances qualified with an identifier tid, associ-

ated with a set of items or itemset.

An itemset is a subset X = {i1, . . . , ik} of items i ⊆ I, containing k items.

The support of an itemset X quantifies how often X appears in D. If X appears more

than a predetermined threshold minsup, it’s termed a frequent itemset for that threshold.

To draw a simple analogy, we can think of items as products in a store and transactions

as the set of products a customer buys during a visit. Frequent itemsets, in this case,

would be popular combinations of products customers tend to buy together.

The Apriori algorithm

The Apriori algorithm [218] is a foundational method in frequent itemset mining, aiming

to identify itemsets that frequently appear within a dataset. The algorithm operates

iteratively, expanding the size of the itemsets in each cycle. Its efficiency is rooted in

the anti-monotonicity property: if an itemset is infrequent, its supersets will also be

infrequent, allowing the algorithm to prune a significant portion of the search space.

The Apriori algorithm has been further optimised by representing each itemset by its

list of transaction IDs (tid-list), eliminating the need for repeated dataset scans [229].

The Apriori algorithm can be outlined as:

Algorithm 2: The Apriori algorithm
Input : Dataset D, Min. support (minsup), Max. itemset length (maxlen)
Output: Frequent itemsets up to length maxlen
L[1] = GenerateL1(D);
k = 2;
while k ≤ maxlen and L[k − 1] is not empty do

C = GenerateCandidates( L[k − 1]);
L[k] = FilterCandidates(C, L[1], minsup);
k = k + 1;

return All L up to maxlen

More specifically, the key steps and optimisations are:
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• GenerateL1(D): Constructs tid-lists for each item in D. It returns the set L[1]

containing 1-itemsets that meet the minsup threshold.

• GenerateCandidates(L[k-1]): Forms candidate itemsets C of size k by combining

frequent k − 1-itemsets from L[k − 1].

• FilterCandidates(C, L[1], minsup): For each candidate in C, it first ensures

the anti-monotonicity property by verifying that all of its k − 1 subsets are frequent

(present in L[k − 1]). To determine the frequency of the candidate, and as part

of the optimisation from [229], it intersects the tid-lists of the items forming the

candidate, specifically focusing on the tid-list of the item in the candidate with the

minimum support from L[1]. Only candidates that meet the minsup threshold are

added to L[k].

Closed Itemset Principle

The Apriori technique is known to discover many redundant patterns. One technique to

reduce that redundancy is to consider only closed itemsets [230]. A k-itemset is termed

as a closed itemset if there exists no superset (k +1-itemset) with the same support in the

dataset. Using the closed itemset principle allows for the elimination of redundant pat-

terns, as any non-closed itemset’s information is already represented by its corresponding

closed itemset.

Class association rules

Using frequent itemset mining technique, it is possible to mine association rules. As-

sociation rules represent knowledge in the form of logical if-then statements expressed

as:

X ⇒ Y

These rules consist of a body or antecedent (if part) and a head or consequent (then

part). We focus here on a specific type of association rules, class association rules (CAR)

[231], where X, the antecedent is an itemset and the consequent, denoted as Y , represents

the predicted class or outcome.
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Rule interestingness measures

The interestingness of association rules can be assessed based on a wide variety of mea-

sures. The two most widely used constraints are: support and confidence [228].

The support of a rule represents the proportion of transactions in the dataset that

contain both the antecedent and the consequent. It is a crucial measure as a rule with a

low support might be a random occurence. It is calculated as:

support(X ⇒ Y ) =
frequency(X ∪ Y )

|D|
(3.6)

The confidence of a rule measures the proportion of transactions containing the an-

tecedent that also contain the consequent. It can assess the reliability of the inference

made by a rule. It is defined as:

confidence(X ⇒ Y ) =
frequency(X ∪ Y )

frequency(X)
(3.7)

3.5.4 Interpretability in machine-learning

Feature contribution analysis

Feature contribution analysis helps understand the importance of different features in the

decision-making process of a predictive model. It quantifies the influence of each feature

on the model’s predictions, more precisely their relative importance [232].

This technique is particularly useful for interpreting the predictions of complex models

like random forests. It provides a post-hoc explanation of the model’s predictions by

decomposing each prediction into a sum of contributions from each feature [232]). The

treeinterpreter 2 package, a Python tool, implements this method. It outputs a set of

contribution values for each feature, for each prediction. These values indicate the amount

that each feature contributed to the prediction, with positive values indicating an increase

in the prediction value, and negative values indicating a decrease.

2Ando Saabas, "treeinterpreter", GitHub, https://github.com/andosa/treeinterpreter
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However, the method assumes that the contributions of individual features are ad-

ditive, which may not be the case in models where features interact with each other.

Additionally, the accuracy of the feature contribution estimate can depend on factors

such as the complexity of the model and the correlation between features [104].

Rule-based associative classifiers

Rule-based classifiers are considered the most interpretable type of models in machine-

learning. They are often referred as white-box models, offering both global and local

interpretability. The underlying rules, which can be explored and returned as explana-

tions, can capture complex feature interactions associated to a particular class label or

decision.

Associative classification is a supervised machine learning approach that leverages as-

sociation rules (see Subsection 3.5.3) to build classifiers. It is an alternative to traditional

rule-based models such as those derived from decision trees (e.g., RIPPER [106]). This

approach allows for a more exhaustive exploration of the feature space, capturing complex

relationships and avoiding the limitations of greedy approaches [233, 234].

Figure 3.1. Illustration of a decision set (left) versus a decision list (right) obtained from a medical
dataset. Decision sets have independent rules, enhancing interpretability. In contrast, order matters in
decision lists as each rule depends on preceding ones not being true. Credit figure: Lakkaraju et al. [235]

Decision Sets are particularly valuable in domains where interpretability is important.

These classifiers are based on a compact unordered set rule, each interpreted in a disjunc-

tive manner (i.e OR relationship) [235]. Unlike decision lists, which are structured with

if-then-else statements, decision sets do not follow a hierarchical organisation (Figure 3.1).

This non-hierarchical structure ensures that each rule in the decision set must be an ac-
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curate predictor in isolation, enhancing the interpretability and understandability of the

model [235, 236].

A decision set R is composed of rules {r1, ..., rn}, each of the form (X ⇒ Y ), where

X is an antecedent and Y the class label. The assignment of class labels by the model

works as follows:

• An instance meeting one X is labeled Y .

• If no X is met, a default label is assigned (e.g. the majority class [235])

• Multiple X matches invoke a tie-breaker (e.g. the most accurate rule label [235])

The task of finding a compact rule set that best approximate the dataset is a chal-

lenging combinatorial optimisation problem. Earlier methods, such as CBA [231], used a

sequential covering approach, but these often stop at locally optimal solutions. To counter

this shortcoming, recent advances have framed the task as a weighted set cover problem

[155] or submodular function maximization [235].

The problem of identifying an optimal rule set can be addressed via the weighted set

cover algorithm, as demonstrated in the RUDIK method [155]. Central to this approach is

the marginal weight of a rule. Given a set of rules R and an external rule r, the marginal

weight, wm(r), is calculated as:

wm(r) = w(R ∪ {r}) − w(R)

where w(R) represents the total weight of a candidate rule set R.

In RUDIK, considering a binary classification task, w(R) is implemented as a weighted

average between the positive and negative coverage of all rules in the candidate rule set.

The algorithm operates in a greedy manner, continuously selecting rules based on their

marginal weight, as detailed below:

The rule selection procedure is as follows:
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Algorithm 3: Rule selection via Greedy Weighted Set Cover

1. Start with all candidate rules R and an empty solution set R′.

2. Compute the marginal weights wm(r) for all rules r in R

3. In each iteration:

• Choose the rule r from R with the lowest marginal weight.
• If wm(r) < 0, include r in the solution R′ and remove r from R.

4. Terminate the algorithm when any of the following conditions are met:

• All rules in R are part of the solution R′.
• All positive instances are covered by R′.
• No remaining rule in R has a negative marginal weight.

In the RUDIK implementation, the algorithm aims to maximise positive rule cover-

age and minimise negative coverage. Compared to the sequential covering method, this

approach is less myopic as it reconsiders the entire candidate rule set at each step, in

comparison to the solution set. However, due to its greedy nature, it does not guarantee

the discovery of an optimal rule set.

3.6 Oligogenic disease resources and predictive tools

3.6.1 The Digenic and Oligogenic Disease Databases

The Digenic Disease Database (DIDA) [68] was a pioneering resource in the field of oli-

gogenic disease studies, providing valuable information on digenic variant combinations

associated with human genetic diseases. Since its launch in 2015, DIDA has been widely

consulted and used as a training dataset for various machine learning methods aiming to

predict and understand the cause of digenic diseases [81, 82, 83, 85]. However, DIDA’s

limitations, including its narrow focus on digenic cases, required an adaptation of its archi-

tecture to accommodate information on other oligogenic cases or combinations involving

CNVs and other variants. More importantly, the emergence of guidelines in reporting

causative variants for genetic diseases highlighted the need for a serious re-evaluation of

the original criteria for the inclusion of oligogenic combinations in the database, empha-

70



3.6. Oligogenic disease resources and predictive tools

sising the necessity for objective evaluation metrics reflecting the quality and strength of

different types of evidence, both genetic and functional, supporting their causality.

OLIDA (Oligogenic Disease Database) [71] is an improved and comprehensive database

that expands upon DIDA, covering oligogenic diseases caused by mutations in multiple

genes and incorporating CNVs, single-nucleotide variations, and small insertions/deletions

(indels). Through the curation of 262 scientific articles, OLIDA includes 916 oligogenic

variant combinations linked to 159 genetic diseases, involving 1,974 distinct variants in

757 distinct genes. Compared to DIDA, which included 52 genetic diseases, OLIDA

now features 191 combinations with variants in more than two genes (up to 17) and 62

combinations involving 31 distinct CNVs.

The curation protocol for OLIDA involved a rigorous process of screening scientific ar-

ticles and extracting relevant information based on specific criteria, including re-evaluating

the original criteria for the inclusion of oligogenic combinations. Confidence scores are

assigned for each oligogenic combination based on structured criteria reflecting the level

of evidence supporting the causality of the combination for its associated disease.

Out of the 916 combinations present in OLIDA, 38% have a FINALmeta score of 1 or

higher, indicating strong evidence supporting their causality. Among these, 133 combina-

tions are linked with all three types of evidence for oligogenicity (familial, statistical, and

functional) (Figure 3.2). Over-represented diseases in OLIDA include Kallman syndrome

(10%), amyotrophic lateral sclerosis (10%), isolated anencephaly (8%), and normosmic

congenital hypogonadotropic hypogonadism (8%). More than half of the diseases in OL-

IDA (59%) are linked with only one or two associated oligogenic combinations.

The OLIDA database aims to be a user-friendly, accessible resource for researchers in

the field of oligogenic diseases, adhering to the FAIR (Findable, Accessible, Interopera-

ble, and Reusable) principles. It provides a comprehensive and up-to-date repository of

oligogenic variant combinations and their associated diseases via a website provides easy

access to search for specific diseases or genes and allows users to download data in various

formats.

Additionally, the standardised curation process that was designed and followed to in-

tegrated variant combinations in OLIDA highlighted several recurring issues concerning
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Figure 3.2. Confidence scores and types of evidence present in the OLIDA combinations. (A) Dis-
tribution of the FINALmanual and FINALmeta scores. (B) Venn diagram of the number of oligogenic
combinations carrying a score of 1 or higher in the different main types of evidence metascores. The 130
oligogenic combinations whose FAMmanual, STATmeta and FUNmeta scores are all 0 are not shown in
this diagram. (C) Heatmap of the number of combinations and their confidence functional and genetic
scores based on the evidence collected via manual curation (Manual scores) only and (D) when adjusted
using the external database information (Meta scores). The genetic score here represents the maximum
score between the FAMmanual and STAT (manual or meta for plots a and b, respectively) and the func-
tional score is the FUN (manual or meta for plots a and b, respectively). Credit: original figure from
Nachtegael & Gravel et al. 2022 [71]

the reporting and pathogenicity assessment of oligogenic cases. These mainly concern the

absence of strong evidence that refutes a monogenic model and the lack of a proper genetic

and functional assessment of the joint effect of the involved variants. These observations

led to the proposition of standards and guidelines on how these oligogenic/multilocus vari-

ant combinations should be reported in order to provide high-quality data and supporting

evidence to the scientific community [80].

Overall, OLIDA represents a significant step towards a better understanding of the

causes of oligogenic diseases, providing high-quality information for researchers and clin-

icians.
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3.6.2 The Variant Combination Pathogenicity Predictor

The VarCoPP method [83] is a machine-learning predictor based on an ensemble of Ran-

dom Forests, that can differentiates pathogenic from neutral bilocus variant combinations.

The method incorporates 11 features at the variant, gene, and gene-pair levels. Variant-

level features include the Combined Annotation Dependent Depletion (CADD) [86] scores

of the four alleles of a bilocus combination. Gene-level features consider the recessive-

ness and haploinsufficiency probabilities for each gene, while the gene-pair level feature

is a metric of biological relatedness based on protein-protein interaction data. It has

been originally trained on the pathogenic variant combinations present in DIDA against a

large subset of variant data derived from control individuals of the 1000 Genomes Project

(1KGP) [18].

The VarCoPP method assigns a “pathogenic” or “neutral” label to each variant combi-

nation based on a majority vote among individual classifiers. It also provides two predic-

tion scores: the Classification Score (CS), which is the median probability of pathogenicity

across all predictors, and the Support Score (SS), which is the percentage of predictors

agreeing on the pathogenic label.

The method has shown high precision and sensitivity, with 88% accuracy in cross-

validation settings. However, it can yield an important number of false positives in full-

exome analysis, necessitating additional filtering steps. Despite this, VarCoPP represents

a significant advancement in multivariant pathogenicity predictions, offering a more in-

formative and accurate approach than solely relying on monogenic variant pathogenicity

scores.

While this thesis integrates and presents results for the initial VarCoPP model (see

Chapter 4 - Section 4.4), a more advanced iteration, VarCoPP 2.0, has since been devel-

oped, following the same principles as the original VarCoPP, with updated training data

from OLIDA, novel features and a simpler model. The evolution of the model and the

role played by knowledge graph developed during this thesis (see Chapter 5) are further

mentioned in Chapter 4 - Subsection 4.6.1.
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3.6.3 The Digenic Effect Predictor

The Digenic Effect Predictor [81, 82] is a machine-learning method that predicts the type

of digenic effect for a pathogenic digenic variant combination. It distinguishes between

three classes of pathogenic variant combinations: True Digenic, Monogenic + Modifier,

and Dual Molecular Diagnosis (see Subsection 1.3.2).

This predictor is based on the Random Forest (RF) algorithm trained on 240 pathogenic

variant combinations, including 90 True Digenic and 75 Monogenic+Modifier combina-

tions from the Digenic Diseases Database (DIDA) [68], and 75 Dual Molecular Diagnosis

combinations from the work of Posey et al [51]. The training dataset comprises single

nucleotide variations and small insertions/deletions.

The Digenic Effect Predictor is based on various biological features including variant-

level features, such as CADD raw scores, gene-level attributes such as the gene reces-

siveness probabilities and gene-pathway information. The predictor can provide, for each

variant combination, predicted probabilities for each digenic effect class. The final digenic

effect class is determined based on the highest probability among the three classes.

The method shows some limitations in terms of predictive performance, especially for

distinguishing True Digenic from Modifier cases (specificity and sensitivity below 0.52), a

limitation that could be due to the limited data available. Nevertheless, it can serve as a

valuable tool in predicting and understanding the digenic effects of variant combinations,

providing insights into the mechanisms and clinical manifestation of these combinations

in the context of digenic diseases.

3.6.4 The Digenic Gene pair Predictor

The DiGePred method is a random forest machine learning model following the same

logic as VarCoPP, but for the identification of gene pairs associated with digenic diseases,

as opposed to variant combinations.

It is trained on a dataset consisting of positive and negative gene pairs. The positive

set comprises 140 known digenic disease gene pairs from the Digenic Diseases Database

(DIDA), while the negative set consists of putative non-digenic gene pairs generated by

the authors using negative controls, based on unaffected relatives of the Undiagnosed
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Diseases Network (UDN) [37] cohort.

DiGePred incorporates various features reflecting gene properties and interactions.

These features encompass protein family and domain similarity, evolutionary history and

constraint, network and pathway information, and phenotype-related attributes such as

phenotype similarity and the number of phenotypes for each gene.

The performance of the DiGePred classifier was evaluated through cross-validation

and an independent test set. It achieved an AUROC of 0.97 and AUPRC of 0.75 in cross-

validation. On their held-out test set, the classifier achieved an AUROC of 0.96 and an

AUPRC of 0.69.

3.7 Knowledge graph integration and link prediction

Knowledge Graphs (KG) provide a structured way to integrate and represent data from

different sources; this section explores their definitions, their construction and formats, the

concepts of metapaths, how they can be queried and a representation learning technique

known as KG embedding.

3.7.1 Definition and applications

A KG is a structured representation of data, where diverse entities (nodes) are inter-

connected through various relationships (edges). This structure, which is inherently het-

erogeneous, encapsulate rich semantics, often incorporating varied resources, including

ontologies, to provide a more comprehensive understanding of the information.

More formally, a knowledge graph can be denoted as K, with E and R representing

the sets of entities and relations in K, respectively.

Knowledge graphs have found utility in a variety of applications, including search en-

gines, recommendation systems, and knowledge discovery, due to their ability to facilitate

data integration and interoperability, and support inference and reasoning [124, 237].
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3.7.2 Knowledge graph construction and formats

The construction of a knowledge graph involves the integration of data from multiple

sources and the representation of this data in a structured format.

Multi-level data resource integration

The integration of data from multiple sources into a knowledge graph involves several key

steps:

• Schema Definition: The schema, defining the types of entities and relationships,

is the first step in data integration. It accommodates specific types of data and can

be updated or expanded as new data types are added.

• Data Parsing: After schema definition, existing networks and ontologies are parsed

to extract relevant data. The parsing methods can vary depending on the data

sources and the schema.

• Data Cleaning and Preprocessing: Prior to integration, the data is checked for

errors or inconsistencies, and necessary corrections or adjustments are made. This

ensures the quality and consistency of the integrated data.

• Semantic Integration: The parsed data is semantically integrated into the knowl-

edge graph according to the schema. This may involve mapping entities and re-

lationships from the original data to their counterparts in the schema. In some

cases, entities may be collapsed to simplify the graph structure, as done in Hetionet

[162, 163] and PrimeKG [238].

• Identity Resolution: Identity resolution, the final step in data integration, re-

solves ambiguities in entity identities. This is crucial when integrating data from

multiple sources. Registries, such as Ensembl gene stable identifiers 3 and iden-

tifiers.org [239] can be used to define unique Uniform Resource Identifiers (URI)

[204].

3Ensembl gene stable identifiers: https://www.ensembl.org/info/genome/stable_ids/index.
html
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• Evaluation of the Integrated Data: Post-integration, the results are evaluated

to ensure the success of the integration process. This could involve checking the

knowledge graph for errors or inconsistencies, or assessing its performance in specific

tasks or applications.

• Maintenance and Update of the Knowledge Graph: This ongoing process in-

volves adding new data, updating existing data, and making necessary adjustments

to the schema or the data integration processes.

Representations and formats

The representation and storage of knowledge graphs rely on specific formats and databases:

• RDF (Resource Description Framework)4: a standard model for data inter-

change on the Semantic Web, uses URIs to identify resources and describe them

with RDF triples. This model integrates heterogeneous data sources and provides

globally unique identifiers for resources in a knowledge graph.

• OWL (Web Ontology Language)5: enables the formal description of the knowl-

edge graph schema – entities, relationships, and constraints within a knowledge

graph. The use of RDF and OWL ensures compliance with Semantic Web stan-

dards, promoting interoperability [204].

• GraphML6: an XML-based file format, represents graph structures and their as-

sociated data. It supports various graph types and data types for node and edge

attributes, facilitating the exchange and processing of graph data across software

tools and libraries [240].

• Neo4j7: a graph database management system, supports efficient storage, retrieval,

and traversal of graph data. Its Cypher query language allows for expressive query-

ing of the graph, extracting complex patterns and relationships. Neo4j’s capabilities

for data integration, visualisation, querying, software integration, and deployment,

4RDF: https://www.w3.org/RDF/
5OWL: https://www.w3.org/OWL/
6GraphML: http://graphml.graphdrawing.org
7Neo4J: https://neo4j.com
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along with its support for various graph algorithms and analytics, make it a versatile

platform for diverse applications.

Python-based libraries such as NetworkX 8 and graph-tool 9 offer extensive functions

for the creation, manipulation, and study of the structure and dynamics of complex

networks. They also support the encoding of node and edge properties, making them

suitable for the manipulation of knowledge graphs.

These tools provide options for representing, storing, and manipulating knowledge

graphs, allowing researchers to select the most suitable ones for their specific needs.

3.7.3 Paths and metapaths in knowledge graphs

Paths and metapaths play a crucial role in KGs, particularly in tasks such as link predic-

tion and inference. They provide a way to capture and quantify the relationships between

entities in the graph.

In a knowledge graph K(E , R), where E and R denote the set of entities (nodes)

and relationships (edges) respectively, a path P (e1, en) between two entities e1 and en is

defined as a sequence e1
r1−→ e2

r2−→ ..., en such that ei ∈ E , ri ∈ R, and ri is the relationship

connecting ei and ei+1.

In KGs, entity and relationships are typed. The set of entity and relationship types

is denoted ET and RT respectively. These types are often referred to as metanodes and

metaedges. For more granularity, especially when relationship types are ubiquitous (e.g.,

linkedTo), metaedges are often represented along with their connected metanodes (e.g.,

Phenotype-linkedTo-Disease).

A metapath is an oriented sequence of node types and edge types, starting from a

source entity and ending at a target entity. Formally, a metapath M in a knowledge

graph can be defined as a sequence:

M = E1
R1−→ E2

R2−→ ...
Rm−−→ En (3.8)

8Networkx: https://networkx.org
9Graph-Tool: https://graph-tool.skewed.de
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where Ei ∈ ET represents a specific metanode and Ri ∈ RT represents a specific

metaedge. Metapaths capture the semantics of node connections and have been leveraged

to compute the similarity between nodes and cluster them [241], in link prediction tasks

[242] and representation learning [243], with applications in various fields. They have been

in particular applied for fact validation tasks [244] and used to make recommendation

systems explainable [245].

Metapaths as logical rules and rule antecedent

Metapaths can be formalised using first-order logic, expressing relationships between node

types as predicates between two variables, chained as a conjunctive expression. For exam-

ple, the metapath M = Ex
R1−→ E1

R2−→ E2
R3−→ Ey can be represented as a conjunction of

logical atoms: R1(Ex, E1) ∧ R2(E1, E2) ∧ R3(E2, Ey), where each Ri(Ei, Ei+1) is an atom,

composed of a predicate Ri and two variable terms Ei and Ei+1. Metapaths can therefore

be seen as logical queries and employed to query any knowledge graph, as shown in the

next section.

This logical representation is also employed in rule mining approaches on KGs, such as

the AnyBURL method [156], where discovered Horn rules can take the form: R1(Ex, E1)∧

...∧Rm(En, Ey) =⇒ Rl(Ex, Ey). Here, the consequent of the rule, Rl(Ex, Ey), represents

a KG relationship type Rl that can be inferred between any node pair (x,y) satisfying

the rule antecedent. Rule systems in KGs often leverage edge-labelled paths to discover

predictive rules. While some of these approaches can also discover non-path structures

and usually incorporate constants (i.e concrete entities) in their rules [157], metapaths

can be seen as a restricted version of these rules’ antecedents (referred as path rule in

[156]), focusing solely on the sequence of abstract relationships between entities in the

knowledge graph.

Metapath compact representation

To represent metapaths in a compact and readable way, a short sequence of characters

can be assigned to each metanode and metaedge, respectively in upper and lowercase, as

proposed by Himmelstein et al. [162, 163]. For example, the metapath Gene-associated-
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Phenotype-associated-Gene-upregulates->Gene can be represented concisely with the

notation: GaPaGur>G. In ambiguous cases, the directionality of the relationships can be

explicitly represented in the metapath using the < or > symbol.

Metapath scoring

Finally, when extracting metapaths between two given nodes, it is possible to calculate an

associated metapath weight. Many weighting strategies have been proposed, attempting

to represent the underlying path information, including: Path Count (PC), weighting

a metapath with the count of its path instances and Path Constrained Random Walk

(PCRW) [246], estimating the probability for a walk starting on the source node to reach

the target node by following the metapath constraint.

3.7.4 Knowledge graph querying

KGs, with their rich semantic structure, offer a unique opportunity for complex querying

and analysis. The ability to traverse the graph following specific types of relationships

(edges) between specific types of entities (nodes) allows for the extraction of meaningful

and contextually relevant information.

Querying a KG involves specifying a pattern of nodes and edges, and finding all sub-

graphs of the knowledge graph that match this pattern. The complexity of the query

can range from simple lookups of nodes or edges, to more complex queries that involve

multiple nodes and edges, and may include conditions on the types or properties of the

nodes and edges. Query languages such as SPARQL for RDF-based knowledge graphs

[247] and Cypher for property graph databases like Neo4j [248] are commonly used.

In the Cypher query language, an example of KG query can be:

MATCH p=(: Gene{name:’CFTR ’}) -[: interacts ]-(i:Gene) -[: associated ]->(:

,→Disease {name:’ Cystic fibrosis ’})

WHERE i. essential = true

RETURN p
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This query would return all paths in the KG where the gene CFTR interacts with

another essential Gene (essential = true), itself associated to the disease Cystic fibrosis.

A Cypher [248] query is usually composed of the following parts:

• MATCH: used to specify the pattern of nodes and edges to match in the graph. Nodes

are represented in parentheses and edges in square brackets. Curly brackets are

used to specify specific properties on entities. Variables can be attributed to any

element (for instance i and p, respectively attributed to a Gene and a path).

• WHERE: used to specify conditions on any element declared above.

• RETURN: used to specify what information to retrieve from the matched pattern.

These elements form the basis of querying in Cypher and can be combined in various

ways to perform complex queries on a knowledge graph.

3.7.5 Knowledge graph embedding

Knowledge graph embedding (KGE), also referred to as knowledge representation learn-

ing (KRL), plays an important role in the domain of knowledge representation learning,

providing a compact, continuous vector space representation of entities and relations.

These representations enable machines to harness the richness of structured knowledge in

tasks like link prediction, relation extraction, and recommendation systems [249]. In this

section, we present the methodologies and frameworks that were used in this study.

Knowledge graph representation learning

The goal of representation learning in KGs is to learn an accurate vectorial representation

for both entities E and relationships R. A knowledge graph K can be expressed as the

list of its edges, in the form of triples (h, r, t), where the head and tail entities h, t ∈ E

are connected via a relationship r ∈ R.

To train a KG embedding model, two types of triples are sampled from the KG K:

• Positive triples: which correspond to actual relationships in K, in the form (h, r, t).
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• Negative or corrupted triples: which do not exist in K. These triples are syntheti-

cally produced by corrupting either the head or tail entities in a positive triple with

a random entity h′, leading to either (h, r, t′) or (h′, r, t).

In KG embedding tasks, the goal is generally to optimise a scoring function f(h, r, t)

such that positive triples receive higher scores and negative triples get lower scores.

In a typical training process, the KG is split into two distinct triple sets: training

and testing. A commonly used loss function during training is the Margin Ranking Loss

function [250], which is employed to optimise model parameters.

For each positive triple t+ in the graph, a corresponding negative triple t− is produced.

The Margin Ranking Loss function assigns a real value to the pair as follows:

L(t+, t−) = max(0, λ + (f(t−) − f(t+)),

where λ denotes the margin parameter. This loss function penalizes pairs where the

difference between the scores of positive and negative triples is less than the margin.

Evaluation Metrics for KG Embeddings

The performance of embedding models in graph completion tasks is often assessed using

metrics like hits@10. For each positive triple t+ = (h, r, t) ∈ Ktest, negative triples in

the forms (h′, r, t) and (h, r, t′) are generated, excluding any negative triple in Ktest. The

rank of t+ is its position in the list of scores, ordered in descending order, relative to its

negative counterparts [249, 250]. The hits@10 metric, given by:

hits@10 =
|{t ∈ Ktest : rank(t) ≤ 10}|

|Ktest|

quantifies the proportion of positive triples ranked within the top 10 positions. A value

closer to 1 signifies the model’s proficiency in discerning true triples from corrupted ones.

PyKEEN: A Python Library for Knowledge Graph Embeddings

The Python KnowlEdge EmbeddiNgs (PyKEEN) library [250] is an open-source Python

package designed to train and evaluate KG embedding models. PyKEEN provides a selec-
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tion of embedding models, loss functions, regularisers, training and evaluation methods.

DistMult: A KG Embedding Model

KG embedding methods can be broadly categorised into translational-based models, ma-

trix factorisation-based models, and neural-based models. Translational models represent

relationships as spatial translations between entity points in the embedding space. Matrix

factorisation models use linear algebra to break down matrices capturing entity-relation

interactions. Meanwhile, neural models harness deep neural networks to adaptively learn

intricate relationships in the data [158, 251].

Among these, matrix factorisation models represent entity-relation interplays in a

lower-dimensional form. DistMult, introduced by Yang et al. [252], is a standout exam-

ple. Building on the RESCAL model [253], DistMult simplifies representation by using

diagonal matrices for relations, ensuring efficient computation and scalability for vast

knowledge graphs.

The scoring function employed by DistMult to assess the compatibility of entities with

a relation is:

f(h, r, t) = h⊤diag(r)t =
d−1X
i=0

ri · hi · ti.

This function essentially multiplies the corresponding elements of the entity and relation

vectors, producing a cumulative score that indicates the fit of the head and tail entities

with the relation.

Note that DistMult’s scoring function inherently assumes symmetrical relations be-

tween entities, making it less suitable for anti-symmetric relations [252].

Combining embedding vectors

In the context of link prediction tasks, it is often necessary to combine the embedding

vectors of two entities to infer the potential existence of a link.

A simple vector transformation is the concatenation of the two vectors, which results

in a final vector of dimension 2d where d is the dimensionality of the initial vectors.

For more compact and computationally efficient transformations, embedding-aggregating
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transformations can be considered, which preserve the original vectors’ dimensionality.

These transformations were proposed by Grover and Leskovec in [254], and are detailed

in Table 3.2.

Name Transformation

Average (v1 + v2)/2

Hadamard v1 ⊙ v2

L1 |v1 − v2|

L2 (v1 − v2)2

Table 3.2. Overview of embedding-aggregating transformations. In these transformations,
proposed by [254], v1 and v2 denote the embeddings of two nodes in a graph. The Average transformation
computes the element-wise average of the two embeddings. The Hadamard transformation computes the
element-wise product of the two embeddings, while the L1 transformation computes the element-wise
absolute difference, and the L2 transformation computes the element-wise squared difference. Each
transformation results in a new embedding that represents the aggregate information from v1 and v2.

With these transformations, the combined embeddings can be used directly in a binary

classifier, such as a logistic regression model, to predict the existence of a link. The selected

transformation and the binary classifier form a complete model for the link prediction task.
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Chapter 4

ORVAL: A platform for the

exploration and interpretation of

oligogenic predictions

In the post-genomic era, the vast amount of genetic data available to clinicians and re-

searchers has underscored the importance of bioinformatics predictive approaches. These

tools are essential for predicting and prioritising variants and genes that could serve as

potential diagnosis biomarkers for genetic diseases.

Detecting multi-locus patterns in oligogenic diseases presents a increased challenge

due to the combinatorial explosion. Yet, the Variant Combination Pathogenicity Predic-

tor (VarCoPP) [83] and the Digenic Effect Predictor [82] have demonstrated their effec-

tiveness in predicting pathogenic variant combinations and their effects. However, these

methods often yield results that can be challenging to interpret, limiting their accessibil-

ity to domain experts. The lack of a straightforward process to transition from patient

variant data to predictive insights further restricts their broad adoption by researchers

and clinicians.

Addressing this challenge required a system that integrates interpretability techniques

and background knowledge to provide meaningful insights. This was crucial for ensuring

that the predictive methods developed for oligogenic diseases were not only accurate but

also comprehensible and actionable for domain experts.

With this objective in mind, we introduced ORVAL (Oligogenic Resource for Vari-
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ant Analysis). ORVAL is a web platform designed to bridge the gap between complex

machine learning predictions and domain-specific insights. It allows clinicians and re-

searchers to directly submit patient data, annotate them, apply filters and predict the

potential pathogenicity and effect of individual oligogenic variant combinations. More

importantly, it incorporates analytical tools to contextualise these predictions within

background knowledge, such as pathways, protein-protein interactions, and cellular lo-

cations. In doing so, ORVAL transforms raw predictions into actionable insights, making

these predictive approaches more accessible and interpretable.

In this chapter, we will describe the technical aspects of this original platform including

the architecture of its different components (Section 4.1). One crucial component of

ORVAL is an annotation database, providing comprehensive genetic information of human

variation ; we will therefore provide an overview of its model and data integration process

(Section 4.2).

We will then dive into the general workflow of variant data processing, from the

submission to the final results presented to the user (Section 4.3).

In Section 4.4, we will present all different types of predictive results and visualisations

provided by ORVAL, underscoring its ability to contextualise predictions at different

biological level. We will then demonstrate the usefulness of these analyses on independent

oligogenic studies and the impact the ORVAL platform had on genetic research since its

public availability (Section 4.5).

Finally, we will show the last improvements of the platform, demonstrating its contin-

uous expansion towards more accurate models and precise annotation data as well as its

future technological transfer (Section 4.6).

The ORVAL platform has been published in Nucleic Acids Research [165] and is avail-

able online at: https://orval.ibsquare.be.
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4.1. The ORVAL platform architecture

4.1 The ORVAL platform architecture

The ORVAL platform was conceptualised as a web application available publicly, able to

interact with a genetic annotation database and machine-learning models and providing

a user-friendly interface with dynamic visualisations to the end-user. It was envisioned as

a platform that could grow and evolve with the availability of new models, data sources

and analyses.

This web platform was designed following good software practices with a multi-tier

and modular architecture, which comprises server-side services and a web application that

processes user requests through the backend and displays web pages via the frontend.

Figure 4.1 provides an overview of the key web architecture components, services, and

their interdependencies within the system.

Web application

Backend

Server Side

Apache
HTTP Server

Message broker 
RabbitMQ

Task queue layer

Deployment scripts Predictive models

Core Application 
Logic

M
id

dl
ew

ar
e

Database access 
layer URL 

dispatcher
Form 

handler

Frontend

Static Assets

Bootstrap CSS

Webpack JavaScript 
Bundles

Images, SEO files, 
…

Templates

Views / API
Conda environments

Annotation Database
PostgreSQL

Figure 4.1. General overview of the ORVAL platform web architecture and key components. Inter-
dependencies and communications channels between components and services are represented as dotted
lines.
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4.1.1 The Django Model-View-Controller architecture

The ORVAL web application is built using the Django web framework 1, which implements

a Model-View-Template (MVT) architecture, a variation of the Model-View-Controller

(MVC) pattern. Django promotes a clean, pragmatic design with a focus on rapid devel-

opment.

We represent the Django framework key components integrated into the web applica-

tion architecture as green boxes in Figure 4.1 and detailed next.

Note that the Model component of the Django architecture, abstracting the database

interactions via an Object-Relational-Mapping (ORM) was replaced, in ORVAL, by a

custom database access layer, to enable the fine-tuning of query performances via native

SQL queries.

Additionally, Django provides entry point scripts to launch the web application and

for communicating with the HTTP server via the Web Server Gateway Interface (WSGI).

It also comes with a settings file containing all the configuration of the project.

4.1.2 Server side: infrastructure, environments and deployment

The ORVAL web platform is hosted on two servers: one for production (accessible

by users) and another for internal testing (development). The production server is a

GNU/Linux Ubuntu 16.04 x86_64 machine with 125 GB RAM, 40 CPUs, and 9.1 TB of

storage.

An Apache HTTP server was configured for serving the web application through the

Web Server Gateway Interface (WSGI) and for serving static files. It also handles server

logs, security settings (SSL configuration, request body size limits, IP restrictions), and

virtual host configurations.

Additionally, a message broker, RabbitMQ2 was installed and configured to handle

messages coming from the asynchronous task processing layer of the application and

storing them in its message queue.

1Django Web Framework: https://www.djangoproject.com/
2RabbitMQ message broker: https://www.rabbitmq.com
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To orchestrate all underlying and depending services, deployment bash scripts were

developed. They can automatise the control of services such as the HTTP Server, job

workers, message broker, javascript bundler and the activation of Conda3 environments

for loading Python dependencies.

4.1.3 Backend: handling requests, fetching data and core logic

The web application of ORVAL handles and processes user requests via its backend.

Users requests are first going through different modules implemented via the Django

framework. The middleware is composed of different modules each responsible of different

tasks such as caching, maintaining security against malicious injections, handling errors

and user sessions. An URL dispatcher maps incoming URLs to determine the appropriate

view to handle a request. A form handler facilitates the generation, parsing and validation

of the variant data submission form. The views handle the processing of requests by

calling functions from other application components and generating structured responses.

Most of the views also support REST (Representational State Transfer) GET requests,

to enable the automation of some processes such as checking a submitted job status or

fetching results in the JSON format.

The views call functions from the core application logic either directly or indirectly

via a task queue layer. Task queues are used as a mechanism to distribute work across

threads. This layer has been implemented using the Celery4 python package, able to create

multiple dedicated workers monitoring a queue for new tasks to perform. We configured

Celery to communicate with the message broker RabbitMQ, able to mediate incoming

messages coming from the client, deliver the messages to the workers and handle cases

where all workers are busy and messages need to be queued. We created three different

queues with different level of priorities, to handle the main pipeline, fast-running analyses

and job status updates through emails. Additionally, we implemented the Flower utility,

enabling the execution monitoring of all jobs submitted. This task queue layer ensures

3Conda environment: https://anaconda.org/anaconda/conda
4Celery task queue: https://pypi.org/project/celery/
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the high availability, concurrent access and scaling of jobs processed by the application.

The core application logic encompasses data pre-processing, filtering, annotation and

post-processing. It leverages machine-learning models such as VarCoPP [83] and the DE

Predictor [81, 82], cached in memory, to make predictions or generate explanations, which

are then transformed into memory-efficient data structures for further analysis.

The database access layer provides access to the PostgreSQL annotation database.

This layer has been implemented via native SQL calls to handle complex, multi-step SQL

queries, enabling the fast retrieval of information.

4.1.4 Frontend: user interface and dynamic data exploration

The platform interface has been designed in a modular way by using Django’s templates,

responsible for the structure and layout of web pages, using a mix of HTML and Django’s

template language. Additionally, we used the Bootstrap framework 5, which ensures a

responsive web design that adapts to various screen sizes and devices.

To handle user interactions, data visualisation and asynchronous behaviours, JavaScript

modules have been developed in JavaScript ES6. Charts and networks were designed with

the D3.js library 6. JavaScript modules and library dependencies were bundled with the

Webpack technology 7 and we used the Babel JavaScript transcompiler 8 for maximised

cross-browser compatibility.

In summary, the ORVAL platform has been carefully designed using a combination

of technologies such as Django, Apache, PostgreSQL, RabbitMQ, and various JavaScript

and Python libraries to create a robust, efficient, and user-friendly web platform.

5Bootstrap web framework: https://getbootstrap.com/
6D3.js visualisation library: https://d3js.org/
7Webpack module bundler: https://webpack.js.org/
8Babel transcompiler: https://babeljs.io/
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4.2 The oligogenic annotation database

The annotation database is a key component of ORVAL and the general software ecosys-

tem developed by our research team. Its goal it to facilitate the integration and fast

retrieval of relevant information on human genetics across different biological levels: vari-

ants, genes, proteins, interactions and pathways. The type of information it integrates,

coming from public biological databases or as a storing of pre-calculated metrics, has been

chosen according to the needs of predictors integrated in ORVAL.

4.2.1 Database architecture and data model

The annotation database infrastructure is managed by PostgreSQL, a free and open-source

relational database management system (RDBMS). As of April 2023, the annotation

database contains 896 GB of data and can handle up to 250 concurrent accesses. Regular

automated dumps are performed to save backups.

The data stored in this database is structured according to an entity-relation schema,

presented in Figure 4.2. The information is stored in different tables to avoid redundancy

and to facilitate data integration.

To enable the fast retrieval of information and the joining of data across tables, some

table fields were defined as primary key or indexed. Genetic variants were uniquely

identified by keys made of the concatenation of chromosome, position, reference allele

and alternative allele, separated by a comma, in the variant and exac table. Gene and

protein level information were also uniquely defined respectively by their Ensembl [174]

gene identifier and their UniProt accession [178].
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Figure 4.2. Database schema of the annotation database. Tables are represented grouped by the type of
biological data they contain. Arrows represent foreign key relationships between tables for specific fields.
The type of symbol at the base of the arrow represents the arity of relationships: > o = zero-to-many ;
|o = zero-to-one.

4.2.2 Data integration pipeline

The annotation database contains data integrated from multiple public bioinformatics

databases or resulting from pre-computed results. These resources include pre-calculated

variant pathogenicity predictions and annotations (see Material and Methods - Subsec-

tion 3.1.4), variant population frequency databases (see Material and Methods - Subsec-

tion 3.1.3), reference databases providing unique identifiers and sequences for genes and

proteins (see Material and Methods - Subsection 3.2.1), various collections of features

characterising genes (see Material and Methods - Subsection 3.2.2) and a diverse range of

functional annotation resources (see Material and Methods - Subsection 3.2.3). To con-

solidate heterogeneous data sources into a unified database model, an integration pipeline

has been designed, consisting of several stages: data retrieval, data pre-processing and
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consolidation, and data mapping into the database model, all of which work together to

ensure the integrity and reliability of the integrated data. We summarise the integration

from sources to database tables in Table 4.1.

Source Database tables

dbNSFP [185] gene

UniProt [178] aaseq, aaid

CADD [86] variant

GnomAD / ExAC [21] exac

ComPPI [255] comppi_cell_locations, comppi_interactions

Biological distance (HGCS) [256] distance

KEGG [257] protein_to_pathway, pathway

Reactome [188] pathway_hierarchy, protein_to_pathway, pathway

Ensembl [174] exons, aaid, variant

HGNC [177] gene, variant, protein_to_pathway

Table 4.1. Summary of mappings operated from data sources into the annotation database tables during
data integration process.

Gene data integration

In our integration pipeline, Ensembl [174] gene identifiers are used to uniquely identify

genes in the gene, variant, exons and aaid table. Additionally, the canonical transcript

information, provided by Ensembl, enables the retrieval of canonical information at the

protein / pathway level for a given gene. The HUGO Gene Nomenclature Committee

(HGNC) [177] resource plays a critical role in maintaining the correctness and consistency

of gene names throughout the data integration process. (see Material and Methods -

Subsection 3.2.1).

The dbNSFP database [185] serves as a resource for integrating features at the gene

level. This database combines multiple gene characteristics derived from bioinformatics

tools and resources, such as the haploinsufficency index (p_hi) [182], the Gene Damage

Index (gdi) [179] and the essentiality in mouse (essential_in_mouse) [183] (see Material

and Methods - Subsection 3.2.2).
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Variation data integration

The variation data integration pipeline uses two different sources: the annotated variant

file provided by CADD [86] (see Material and Methods - Subsection 3.1.4) and variant

frequencies provided by GnomAD [21] (formerly ExAC) (see Material and Methods -

Subsection 3.1.3). For both sources, variants are uniquely identified with a composite key

generated by concatenating the chromosome, genomic coordinate, reference and alterna-

tive allele of each variant.

Multiple gene identifiers might be associated with the same variant in CADD due to

the variant’s location in overlapping or adjacent genes. Therefore, to enable a one-to-one

mapping from variant to gene, a systematic approach was employed, guided by a set of

domain-based rules applied with a precedence order to decide which association to re-

tain or discard. The first rules filter and retain variant-to-gene associations having an

association with a known Ensembl gene identifier, gene name and associated to a canon-

ical transcript. Subsequently, records are selected based on annotation type, functional

consequences, and biotype information. To further refine the selection, the rules con-

sider factors such as gene and transcript coordinates, proximity to splicing sites, and gene

naming conventions. The low priority rules, used only if the previous rules do not resolve

possible ambiguities, are based on transcript and gene lengths, strand orientation, and

gene name length to select a final disambiguated association.

Interactions and distances integration

Protein-protein interactions are integrated from the ComPPI database [255] (see Material

and Methods - Subsection 3.3.2). This resource can provide both the information on

protein interactions, originally from nine sources, and the sub-cellular location in which

the interacting proteins are located from eight datasets. We integrated this information

along with scores asserting the confidence of each interaction. For each protein entry,

multiple cellular locations are associated with a confidence score as well as a list of source

databases for these associations.

The biological distances between pairs of genes are integrated from the Human Gene

Connectome Server (HGCS). This metric is based on the distance between related proteins
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in a protein-protein interaction network from STRINGdb [258]. To enable a faster retrieval

of multiple gene pair distances at once, a composite key is created from the concatenation

of gene names in alphabetical order.

Pathways integration

The pathway information is integrated from two resources: Reactome [188] and KEGG

[257] and linked to the associated UniProt accessions and gene names. Considering the

hierarchical nature of Reactome, we integrated in the pathway_hierarchy table, for each

pathway id, the list of parent pathways ids as well as the depth in the hierarchy (see

Material and Methods - Subsection 3.2.3 and Subsection 3.4.2).

4.3 Submission and variant processing pipeline

4.3.1 Overview of the pipeline

The ORVAL web platform consists of a submission form, where users can submit genetic

variant data along with filtering criteria, and a variant processing pipeline that first gen-

erates variant combinations, annotates them with variant, gene and combination level

information, and then predicts which variant combinations may potentially be associated

with the disease. The candidate digenic predictions are then used to rank gene pairs and

build an interactive oligogenic network that can be further explored. All these description

levels are enhanced by known cross-references. Figure 4.3 summarises the workflow and

the components of ORVAL.

Job queuing and data privacy

ORVAL manages its variant processing pipeline with a secure asynchronous queuing sys-

tem where jobs get assigned an Universally Unique Identifier (UUID), for every submis-

sion. Users can access a job page to track the status of their submissions and bookmark

them for later use. It is also possible to provide an email address to be informed when a

job has been completed. A maximum of 5 concurrent jobs per user can be submitted in

parallel.
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Figure 4.3. ORVAL flowchart highlighting the major components of the platform. (A) Users can
submit variants using a Variant Call Format (VCF) file or a tab-delimited variant list. The variants can
be filtered with some predefined criteria or by using a gene panel. (B) Once submitted, variants are
processed by a pipeline first applying the selected filters, then generating all di-, tri- and tetra-allelic
variant combinations and annotating them using public bioinformatics resources, then predicting which
variant combinations may be disease-causing with the VarCoPP predictor. Finally, the disease-causing
variant combinations are aggregated at the gene level to build an oligogenic network. (C) By selecting a
specific digenic variant combination, users can run a predictor to know the DE probabilities and can get
an interpretation of the VarCoPP prediction based on its features. (D) It is also possible to interact with
the oligogenic network to filter and explore specific oligogenic signatures. A dedicated page shows how
the selected gene set maps with multiple cross-references to give an insight into the biological context.

In terms of submitted data privacy, the analysis results are provided to the user via a

unique private link and are accessible for seven days starting from the time of submission.

No input data nor user information is stored. All predicted data are permanently erased

from our servers after the seven days period with an automatic procedure. Additionally,

all communication with the ORVAL platform is secured via HTTPS. The submitted data

is processed by the RabbitMQ queue system, which has been configured for SSL/TLS to

secure the data during network transit.

4.3.2 Patient variant data submission

The ORVAL platform accepts a list of variants from a single individual as input. These

variants can be entered manually or provided in a Variant Calling File (VCF) (compressed

or not) (see Material and Methods - Subsection 3.1.1). Users can also choose to apply
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filtering options that discard variants based on a given threshold of Minor Allele Frequency

(MAF), obtained from the ExAC database (see Material and Methods - Subsection 3.1.3),

their genomic and exonic positions or their synonymous effect. Applying these filters is

highly recommended to ensure that the remaining variants are in accordance with the

variant types that were used to train the predictive methods integrated in ORVAL. Users

can also provide a gene panel that will be used to restrict the analysis to only the genes

of interest (Figure 4.3.A).

The ORVAL pipeline follows the processing steps described in Figure 4.3.B. This

processing is divided in chunks and tasks are handled by an asynchronous task queue as

described in Subsection 4.1.3. While a job is running, users can access a page indicating

the status of the running job.

4.3.3 Variant annotation and prediction of combinations

All variants are annotated based on the integrated genetic annotation database (see Sec-

tion 4.2). These annotations are: the variant CADD score [86], the protein sequence

from UniProt [178], the gene recessiveness and haploinsufficiency probabilities from the

dbNSFP database [259], the Gene Damage Index (GDI) [179] that provides the suscep-

tibility of a gene to disease, and the Biological Distance [256] that shows the biological

relatedness between any two genes based on PPI information.

After annotation, ORVAL creates all possible (i.e. bi-allelic, tri-allelic and tetra-allelic)

combinations of variants occurring in gene pairs and applies the Variant Combination

Pathogenicity Predictor (VarCoPP), a pre-trained machine-learning model, to predict the

pathogenicity of each variant combination (see Material and Methods - Subsection 3.6.2).

Each prediction comes with two predictive scores (i.e. a Support Score (SS) and

a Classification Score (CS)) whose previously defined thresholds determine whether a

variant combination is predicted as potentially disease-causing or neutral. These scores

are also assigned confidence labels providing a clear signal to identify the potentially most

relevant pathogenic combinations.

Additionally, a gene pathogenicity network is computed using all (Gene1, edge, Gene2)

triples where at least one predicted disease-causing variant combination (variant1, variant2)
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exists with variant1 ∈ Gene1 and variant2 ∈ Gene2. Edges in the gene pathogenicity net-

work are then weighted by the maximum pathogenicity score, considering all underlying

variant combinations.

4.3.4 Processing pipeline outcome

There are multiple possible outcomes for a submitted job:

1. If a job cannot be completed due to an error, a page is loaded with the error message,

an email is sent to the user if this email was provided and an error report is sent to

the administrator for troubleshooting.

2. If a job finishes successfully but the resulting gene pathogenicity network contains

more than 100 genes, then the user lands on an intermediate page where it is option-

ally possible to filter results according to the predicted pathogenicity high-confidence

zones (Figure 4.4).

3. If a job finishes successfully and yields less than 100 genes in the gene pathogenicity

network, then the user is redirected to a result page described in Section 4.4 and, if

provided, an email is sent to the user.

The results of a job remain available to the user for 7 days. After that period, all

results are permanently erased from the server.
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Figure 4.4. Post-filtering page proposing to explore pathogenic combinations with higher
stringency Screenshot showing an example of the post-filtering page appearing if the results of a job
contain more than 100 genes in the gene pathogenicity network. To avoid the loading and visualisation
of too many combinations on the result page, users can choose to retain only variant combinations above
a certain pathogenicity prediction zone. For each post-filtering option, the user can know in advance the
size of the filtered gene pathogenicity network and the number of gene and variant combinations. After
obtaining the filtered results, the user can return to this page to choose another post-filtering option to
its convenience. Note that, while not recommended, it is still possible to visualise all predicted results
without any post-filtering.

4.4 Exploring predictive results in ORVAL

Once variants have been processed and the predictions are available, the main results are

presented to the user. In order of appearance, these results comprise: the gene pathogenic-

ity network inferred from predicted pathogenic variant combinations, a summary statistics

of all gene pairs with aggregated statistics and, finally, a detailed perspective on all pre-

dicted variant combinations that were found in the patient’s data.

Note that ORVAL organises these results within a dynamic interface that provides

guidance, at every step, on how to use the tool and interpret the results. Help buttons

with summarised guidance are present in all result panels, while warning messages provide

information on how to tackle exceptional issues that may arise during data submission or

exploration of results. The documentation page of ORVAL contains a standalone in-depth

guide discussing the data submission, filtering and annotation process of the users data,

as well as of the predictive methods and the exploration of the results with case examples.
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Additionally, every table can be downloaded as tab-separated values (TSV) format,

while the oligogenic network (Figure 4.11), module network and PPI network can be

downloaded in the GraphML format, so they can be easily imported in network analysis

programs. All objects can be downloaded in the form they were originally obtained or

after the application of any post-hoc filters (e.g. gene and edge filters or custom search

query). The S-plot figure is available publication-ready in PNG format.

In the following section, we will present all types of results proposed by the platform

starting from the more granular view, at the variant combination level, and finishing with

the pathogenicity gene network view.

4.4.1 Analysing predicted variant combinations

In the most detailed view of the result page, all digenic variant combination predictions,

as predicted by VarCoPP [83] (see Material and Methods - Subsection 3.6.2)), can be

visualised in the form of an interactive S-plot (Figure 4.5) based on the two pathogenicity

scores provided by VarCoPP. Each point in the curve is a digenic variant combination

whose colour represents its pathogenicity confidence. A dynamic summary table next to

the S-plot provides a complete list of all visualised combinations, ordered from high to

low pathogenicity scores. Each combination is linked to additional detailed information.

By selecting a specific digenic combination in the S-plot or the summary table, the

detailed information page opens, presenting details on the contributing predictive factors

of VarCoPP, the Digenic Effect prediction (provided that the combination is predicted to

potentially be pathogenic) and other useful annotations specific to the selected variant

combination.
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Figure 4.5. An S-plot representing the classification of all digenic combinations as being neutral (in
blue) or potentially disease-causing (from orange to dark red) depending on the predicted VarCoPP
Classification Score (CS) and Support Score (SS). The table on the right shows the gene pair, variants
and prediction scores.

The pathogenicity predictor feature contribution analysis (Figure 4.6) aims to explain

the decision made by the predictor. It shows to the user, in the form of box plots, the

relative contribution of each feature used by the VarCoPP model for either the positive

(red colour) or the neutral (blue colour) class. This analysis is run in the background using

the treeinterpreter library9. Note that this type of post-hoc explanation technique assumes

an additive effect of features and do not capture complex interactions between them

[95, 104]. Additionally, this type of explanation does not provide a global understanding

of the model behaviour. Nevertheless, it can provides some idea on the main contributing

factors explaining the prediction of interest (see Material and Methods - Subsection 3.5.4).

9Ando Saabas, “treeinterpreter”, GitHub, https://github.com/andosa/treeinterpreter
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Figure 4.6. Feature contribution analysis, represented as a boxplot chart. It displays, for a specific
predicted digenic combination, the relative contribution of each predictive features into the disease-causing
class (in red) or neutral (in blue). Note that this analysis is performed with the treeinterpreter method,
specifically designed for interpreting Random Forest models.

The Digenic Effect predictor assesses the likelihood that a given digenic variant com-

bination falls into one of three distinct classes: True Digenic, where both variants must

be co-inherited for the disease to manifest; Monogenic + Modifier, where a primary gene

variant establishes the diagnosis and a secondary variant in a modifier gene alters the phe-

notype; and Dual Molecular Diagnosis, where each gene variant follows a classic Mendelian

inheritance pattern and coexists in the same individual, resulting in a composite pheno-

type influenced by both conditions [82] (see Material and Methods - Subsection 3.6.3).

To aid in interpretation, the predicted probabilities for each class are visualized through

a radar plot (Figure 4.7). This feature allows users to interpret and better understand

the complex genetic interactions at play while also informing on subsequent clinical or

research decisions.

Additionally, biological annotations associated with the digenic combination are pro-

vided at the bottom of the detailed information page with cross-references to other bioin-

formatics resources. The users can get information at the gene level (e.g. gene name,

Ensembl gene ID [260], recessiveness and haploinsufficiency probability), variant level
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Figure 4.7. A radar plot, displayed for a specific digenic combination, showing the probabilities for
each class of digenic effect predicted by the Digenic Effect Predictor [82]. In the showcased results, the
highest probability correspond to the True Digenic class.

(e.g. zygosity, dbSNP ID, allele frequency) and gene pair level (e.g. information on the

biological distance of the two genes).

4.4.2 Gene pair aggregation and ranking

The Gene Pair Ranking panel (middle of the Results page, Figure 4.8) aggregates the

information generated for each variant combination at the level of the gene pair, providing

an insight on the pathogenicity of the gene pairs in the data. This information is displayed

in a table that includes summary statistics per gene pair, such as the percentage and

number of predicted candidate disease-causing variant combinations, as well as the median

pathogenicity scores. The gene pairs are initially ranked according to their percentage of

candidate pathogenic combinations, followed by the median pathogenicity scores.

Note that we purposely proposed different way of reordering the table, considering

our limited knowledge of collapsing strategies of variant combinations and burden scores.

With further validation of these approaches, a more robust ranking could be proposed.
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Figure 4.8. A gene pair table provides statistics on all gene pairs corresponding to all variant com-
binations. This table provides statistics on the percentage and absolute number of pathogenic variant
combinations for each gene pair, and the median pathogenicity scores provided by VarCoPP (i.e. the
Support Score and the Classification Score).

4.4.3 From predictions to contextualised oligogenic networks

The gene pathogenicity network

As a top-level aggregation, a dynamic visualization of a gene pathogenicity network is

presented to the user (see Figure 4.9). In this network, nodes symbolise genes, and edges

connect gene pairs with at least one predicted pathogenic variant combination. The

colour of edges varies depending on the Pathogenicity Score, calculated as the maximum

VarCoPP Classification Score (CS) considering all variant combinations associated with

a gene pair.

All genes in the network are listed in a table along with precomputed centrality mea-

sures: degree and closeness centrality (see Material and Methods - Subsection 3.3.1).

Degree centrality serves as a local measure, indicating a gene’s frequent involvement in

pathogenic interactions within its immediate network neighbourhood. A high degree cen-

trality suggests that the gene could be a key player in multiple pathogenic combinations.

On the other hand, closeness centrality is a more global measure, capturing a gene’s av-
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Figure 4.9. An interactive oligogenic network built from all gene pairs having at least one predicted
candidate combination. The edges are coloured based on a pathogenicity score (highest Classification
Score (CS) for a pair). The genes can be filtered out manually or based on their centrality (degree or
closeness). The edges can be pruned based on the pathogenicity score.

erage proximity to all other pathogenic genes in the network. A high closeness centrality

could indicate the gene’s broader involvement across the network. Users can use this table

to selectively remove genes based on these local and global topology metrics.

Additionally, two types of dynamic filters are proposed to the user:

• A pathogenicity score filter: setting the minimum threshold of pathogenicity

score to include an edge in the network

• A centrality filter: setting the minimum threshold for the chosen centrality mea-

sure to include a node in the network

Users can also select specific genes in the network to obtain further information. This

action opens a side panel that shows information about the gene and about the set of

genes in the same connected component, called an Oligogenic Module in ORVAL. This
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side panel shows some module-relevant metrics, such as the size, the graph density (see

Material and Methods - Subsection 3.3.1), the average pathogenicity score, as well as a

summarised pathway information for the involved genes.

This panel also enable the user to contextualise the selected gene module of interest

within protein-protein interactions, protein cellular locations and biological pathways.

This take the form of a separate page for each analysed gene module, which analyses are

presented next.

Contextualisation in protein-protein interactions

A protein-protein interaction network is built from the set of proteins belonging to the

selected gene module, using the ComPPI database [255] (Material and Methods - Subsec-

tion 3.3.2).

The resulting network is visualised as an interactive circle-shaped network where the

proteins corresponding to the gene module and external proteins directly interacting with

them are represented (Figure 4.10). To limit the size of the network, these external

proteins are represented only if they interact with at least two proteins of the selected

gene module. The cellular location of every protein in the network is represented as an

interactive pie chart that can be used to highlight the proteins from a specific location in

the network.

This level of contextualisation can serve as a way to validate the plausibility of these

genetic interactions and can assist geneticists in understanding potential epistatic effect

that could be caused by the direct and indirect interactions between proteins encoded by

the pathogenic gene module.
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Figure 4.10. A protein-protein interaction (PPI) network where the central nodes circled in purple
represent the proteins from a selected oligogenic module and the external nodes are the first-level interac-
tors. Direct interactions (e.g. FNDC9-PROKR2) are coloured in purple. A pie chart showing the protein
cellular locations is used to highlight the corresponding nodes in the network (here, secretory pathway).
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Contextualisation in pathway information

The biological pathways associated with the gene module can be explored in the Path-

way Mappings view. This view provides a mapping of the module’s genes into pathway

terms from the Reactome ontology (see Material and Methods - Subsection 3.4.2). It is

represented graphically as a Tree-map, i.e. a plot where boxes represent nested pathways

according to their hierarchical level in the pathway hierarchy and whose size is determined

by the number of genes they contain. Detailed information about the genes involved in

each pathway level is also shown in a dynamic table.

This pathway mapping provides geneticists with an insight on the biological pathways

that could potentially be affected when genes of the predicted gene module are disrupted.

The hierarchical relationship of Reactome enable to capture this relationship at different

levels of granularity. This, in turns, facilitate the interpretation of the predicted results

and their validation in comparison to domain knowledge and what is known about the

patient suspected disease or symptoms.

Figure 4.11. A Tree-map representing the Reactome ontology sized proportionally to the number of
mapped genes from the oligogenic module and colour according to the level on the ontology hierarchy.
On this example, the most represented pathways are part of the Signal Transduction pathway hierarchy.
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4.5 Validation and application in genetic studies

4.5.1 Evaluation on independent oligogenic studies

To illustrate ORVAL’s relevance for geneticists and clinicians, we briefly discuss here the

results for some recently published cases that are associated with diseases having high

genetic and phenotypic heterogeneity and show indications of oligogenicity. These cases

were not part of the training data underlying the predictive models of ORVAL.

ORVAL supported the suspicions of oligogenicity for a patient with mild hypertrophic

cardiomyopathy, carrying three potentially causative variants in the genes: MYH6, DSC2

and DSG2 [261]. All variant combinations were predicted as candidates with high confi-

dence, creating a trigenic oligogenic network. The integrated PPI network informed about

the physical connection between proteins DSC2 and SSG2, while the pathway treemap

illustrated the involvement of the genes DSC2 and DSG2 in cell apoptosis, and of MYH6

in muscle contraction, further supporting that they can contribute in different phenotypes

that can be blended in an individual: arrhythmogenic cardiomyopathy and hypertrophic

cardiomyopathy, respectively (Figure 4.12).

A. B. C.

Figure 4.12. Main ORVAL insights for the patient involved in mild hypertrophic cardiomyopathy
from [261]. A. The predicted gene pathogenicity network. The gene pair DSG2-DSC2 has a higher
pathogenicity score based on the variant combination predictions by VarCoPP for that pair, as depicted by
the darker edge colour. B. The protein-protein interaction (PPI) provided at the oligogenic module page,
containing the first-level interactors of the module proteins. DSC2 and DSG2 are directly interacting,
while MYH6 does not share any first-level interactors with those proteins. C. The pathway mappings of
the three genes involved in the oligogenic network

Moreover, ORVAL supported the oligogenic hypothesis for a patient with congenital

long QT syndrome (LQTS), carrying variants in three LQTS-associated genes: KCNQ1,
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KCNH2 and KCNE1 [262]. These genes created, again, a trigenic oligogenic network in

ORVAL. We could support with high confidence the author’s suspicions for the pathogenic-

ity of the gene pair KCNQ1 and KCNH2, as it obtained the highest median pathogenicity

score. The specific combination KCNH2:p.K897T and KCNE1:p.G38SK by itself is neu-

tral, supporting the modifier effect these two genetic variants have on the phenotype

(Figure 4.13).

A. B. C.

Figure 4.13. Main ORVAL insights for the patient involved in congenital Long-QT (LQTS) syndrome
from [262]. A. The predicted gene pathogenicity network. The gene pair KCNQ1 - KCNH2 has a higher
pathogenicity score based on the variant combination predictions by VarCoPP for that pair, as depicted
by the red edge colour. B. The protein-protein interaction (PPI) provided at the oligogenic module page,
containing the first-level interactors of the module proteins. KCNE1 connects with an indirect interaction
the genes KCNH2 and KCNQ1. C. The pathway mappings of the three genes involved in the oligogenic
network. All of them are regulating the muscle, and more specifically cardiac, contraction, and the flow
of potassium in the cellular membrane channels.

These two examples demonstrate the potential of the ORVAL platform in predicting

pathogenic variant combinations while providing at the same time meaningful interpre-

tations for their results through the contextualisation of the predicted pathogenic gene

networks. This equips geneticists and researchers with the necessary tools for assessing

these predictions and formulate hypotheses on the potential causal mechanisms underlying

the disease physiopathology.

4.5.2 Impact on genetic research

The ORVAL platform has been used across the world since it has been made publicly made

available in January 2019. Its publication in May 2019 [165] in Nucleic Acids Research and

the talks given at the joint International Conference on Intelligent Systems for Molecular
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Biology (ISMB) / European Conference on Computational Biology (ECCB) in July 2019

as well as at the 20th annual Belgian Society for Human Genetics in 2020, helped ORVAL

to receive more national and international recognition.

Global usage of the platform

The communication around ORVAL led researchers across the world to analyse their own

data with ORVAL. We report in Figure 4.14 the global usage of ORVAL since its inception

and list the top 10 countries with the most users.

A B
Countries

Figure 4.14. Usage of the ORVAL platform across the world since its inception (period of January 2019
- May 2023). (A) Worldmap highlighting countries using ORVAL. (B) Top 10 ranking of countries using
ORVAL according to the number of unique users.

Discoveries and validation in clinical studies

Moreover, the ORVAL publication has been cited 32 times between May 2019 and May

2023 (only considering journal publications). These citations comprise studies where

ORVAL was used to analyse genomics data, to discover potential pathogenic combinations

or to validate them. Table 4.2 provides an overview of the 13 clinical studies using ORVAL,

detailing the specific use and investigated disease. Additionally, 19 papers cite ORVAL

as methodological comparison or as perspective for future studies (Table A.1).

Amongst the clinical studies using ORVAL (Table 4.2), we can note that four of them

reported results from the gene pathogenicity network analysis [267, 269, 273, 274].
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Ref. Year Usage Disease Details

[263] 2020 Validation Cancer predisposi-
tion syndromes

1/6 patients with 1 predicted variant combination

[264] 2021 Validation Partial gonadal dys-
genesis

2 variant combinations correctly predicted.

[265] 2021 Discovery Autism Spectrum
Disorder

Prioritisation of 6 variants and 6 genes to study

[266] 2021 Validation Early-onset dilated
cardiomyopathy

3 predicted combinations with 3 genes

[267] 2021 Discovery Odontochondro-
dysplasia

High confidence variant combinations and gene pathogenicity network
use.

[268] 2021 Discovery,
Validation

Bardet-Biedl syn-
drome

High confidence variant combinations predicted

[269] 2023 Discovery Syncope caused by
myocardial bridge

Gene pathogenicity network revealing 12 gene pairs

[270] 2022 Discovery Hypospadias Predicted combinations could not be linked to the case’s phenotype

[271] 2022 Validation Bardet-Biedl syn-
drome

Oligogenic effect supported in 44% of families by ORVAL and DiGePred

[272] 2022 Validation,
Discovery

Escobar syndrome Novel variants analysed and three pathogenic variant pairs identified

[273] 2022 Discovery Susceptibility to my-
cobacterial infection

5/9 patients with pathogenic gene networks (Figure 4.15)

[274] 2023 Discovery Differences of sex de-
velopment

Pathogenic gene networks and interactions predicted for 3 patients

[275] 2023 Discovery Congenital hydro-
cephalus

one True Digenic combination identified in one patient

Table 4.2. Research papers citing the ORVAL platform. All scientific publications citing ORVAL
up to April 2023 are listed. The context in which ORVAL is cited is provided as: Discovery (using
ORVAL to discover variant combinations to investigate) ; Validation (using ORVAL to validate known
pathogenic variant combinations). Additionally, 19 papers cite ORVAL as methodological comparison or
as perspective for future studies (Table A.1)

In Figure 4.15, the gene pathogenicity networks reported by Varzari et al. [273] are

depicted. This study analysed nine patients with mycobacterial infection susceptibility,

using whole-exome sequencing to identify candidate genes and sequence variants for sus-

ceptibility to mycobacterial infection.

The analysis identified 12 heterozygous variants, two of which were novel, in eight

known MSMD-causing genes and found pathogenic or likely-pathogenic variants in 15

new candidate genes. Seven out of nine patients investigated had identified variants that

occurred concomitantly in two or more different candidate genes. The ORVAL platform

was then used to explore their potential digenic or oligogenic impact in increased predis-

position to mycobacterial disease. ORVAL was used for both exploration and validation
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Figure 4.15. Gene networks showing the epistatic interactions between the genes in which rare variants
have been identified as linked to the susceptibility to mycobacterial infection [273]. Nodes are individ-
ual genes and edges represent pair-wise interactions between genes/variants. Numbers inside the nodes
denote number of variants. Yellow, blue and light-green nodes represent heterozygous, homozygous and
hemizygous variants, respectively. Edge color intensity is proportional to the pathogenicity classification
score (CS), whereas edge thickness is proportional to the pathogenicity support score (SS) for a com-
bination of variants. In case two variants within one gene (i.e., compound heterozygotes), the highest
pathogenicity scores computed for variant combinations are depicted. Only disease-causing variant com-
binations/networks (cutoff >0.532 for CS and ≥50% for SS) are illustrated. Credit Figure and Legend:
Varzari et al. [273].

of known variant/gene combinations.

ORVAL’s gene pathogenicity network conducted a comprehensive analysis of gene

interactions, identifying potential pathogenic variant combinations in multiple patients.

The authors discussed the GBP2-TYK2 combination (in P2) involving genes from the IL-

12/IL-23/IFN-γ axis and the H2BW2-KDM6A combination (in P1) related to chromatin

remodelling pathways. These findings align with their observations of reduced activity in

the same interacting network, supporting the mechanism of “synergistic heterozygosity”

[276], where combined mutations contribute to disease development. The results em-

phasise ORVAL’s effectiveness in predicting complex genetic interactions and validating

known variant/gene combinations.
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Collaboration on a genetic study validated by ORVAL

We also collaborated with a team of geneticists to analyse patient’s data in ORVAL, which

resulted in a clinical study that we co-authored [264]. Three probands (P1,P2,P3), affected

by familial 46,XY partial gonadal dysgenesis with incomplete penetrance, and their family

members were analysed in this study. This condition is a rare genetic disorder that affects

the development of the gonads in male individuals.

Exome sequencing was performed on all three probands to identify potential disease-

causing variants. The NR5A1 c.991 - 1G>C splice-site variant was identified as the

primary causative variant in cases P1 and P2, while P3 didn’t carry this variant. The

authors hypothesised digenic variant combinations in NR5A1-OTX2 in P1 and NR5A1-

PROP1 in P2.

ORVAL was used for validation rather than discovery in this study. The authors used

ORVAL to estimate the probability of a hypothesised combined pathogenic effect of the

variant pairs.

The authors hypothesised that OTX2 and PROP1 may interact with NR5A1 to regu-

late gonadal development and differentiation and contribute to the pathogenesis of familial

46,XY partial gonadal dysgenesis with incomplete penetrance. However, further research

is needed to support these findings and elucidate the underlying molecular mechanisms

involved.

Concluding remarks

In conclusion, the ORVAL platform has made a significant impact on genetic research

since its public release in January 2019. Its global adoption has enabled researchers to

analyse their genomic data, leading to the discovery and validation of pathogenic variant

combinations. An evaluation of ORVAL with independent case studies showcased its

ability to support the oligogenic hypothesis, identifying trigenic oligogenic networks, and

supporting the pathogenicity of specific gene pairs (see Subsection 4.5.1).

The platform’s growing number of citations and usage in numerous clinical studies

highlight its importance in the field, particularly its effectiveness in predicting complex

genetic interactions and providing valuable insights into various diseases and conditions.
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A notable example is the collaboration with geneticists in co-authored research [264]. The

gene pathogenicity network analysis has been a valuable tool for researchers in understand-

ing gene interactions in multiple patients. This success, combined with the independent

evaluation results, demonstrates the platform’s significant contribution to our growing

understanding of complex genetic interactions and oligogenicity.

4.6 Improvements and evolution of the platform

Following the completion of my personal contributions to the ORVAL platform up until

December 2021, presented in the previous sections, the responsibility for its maintenance

and development has been handed over to Emma Verkinderen, a bioinformatics engineer.

After a comprehensive handover process, she contributed in the evolution of the annota-

tion database and the automatisation of its data integration pipeline as well as the update

of predictive models. Additionally, she was entrusted with the migration of ORVAL to a

cloud infrastructure, supported by the 101 Genomes Foundation10 – a foundation focused

on providing solutions for analysing rare diseases.

The purpose of this section is to emphasise that ORVAL is a platform undergoing

continuous enhancement and development, reflecting a long-term vision for its growth.

This commitment is further supported by Elixir Belgium, which has included ORVAL as

part of their node as a mature service11 in 2023. Additionally, the platform is now referred

in the Bio.tools registry12.

4.6.1 VarCoPP 2.0: improved pathogenicity prediction

One notable improvement in the platform is the integration of the new Variant Combi-

nations Pathogenicity Predictor, VarCoPP 2.0 [277]. This updated version builds upon

the success of its predecessor, introducing significant enhancements in both predictive

performance and computational efficiency.

10101 Genomes Foundation: https://www.f101g.org/en/
11Elixir Belgium - ORVAL node service: https://www.elixir-belgium.org/services/orval
12Bio.tools registry - ORVAL: https://bio.tools/Oligogenic_resource_for_variant_analysis
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VarCoPP 2.0 incorporates several key improvements. The first of these is the use

of a Balanced Random Forest algorithm, which greatly simplifies the model while still

effectively addressing the class imbalance issue, therefore reducing the computation time

and memory requirements and facilitating the analysis of larger data sets.

Another noteworthy enhancement in VarCoPP 2.0 is the refinement of its training

set, which now consists of higher-quality instances from the Oligogenic Diseases Database

(OLIDA) [71]. This modification ensures that the model’s predictions are based on more

confidently linked evidence of pathogenicity, ultimately improving its performance.

Additionally, VarCoPP 2.0 benefits from the inclusion of an updated and diverse set

of features. A more careful selection process, involving an original wrapper method,

was employed to identify the most relevant features for the model. One such feature

was derived from the knowledge graph called BOCK (Biological networks and Oligogenic

Combinations as a Knowledge graph) presented in Chapter 5, which effectively captures

the relationships between genes and their potential pathogenic interactions.

The distance between two genes in BOCK (KG Distance) is computed using the Di-

jkstra algorithm and then normalised to account for the heterogeneity of the graph. No-

tably, gene pair features in VarCoPP 2.0, including KG Distance, emerge as the second

most important predictive feature group. This demonstrates that VarCoPP 2.0 places

more emphasis on the biological relatedness between genes, contributing to its enhanced

performance.

As a result of these enhancements, VarCoPP 2.0 exhibits a significant improvement

in both sensitivity (95% in cross-validation and 98% during testing) and specificity (with

a 5% False Positive rate). This improved performance, coupled with its faster execu-

tion time, enables more accurate analysis of larger data sets associated with oligogenic

diseases. With the simplification of the model, the support score (SS) of the original Var-

CoPP, reflecting the number of trees supporting a prediction, was removed. Additionally,

with the improved accuracy, the confidence scores have been adapted into two confidence

zones: a 99% and a 99.9% confidence-zone. To reflect these changes, the visualisation

of the variant pathogenicity results has been adapted from an S-plot to a beeswarm plot

(Figure 4.16).
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Figure 4.16. Example showcasing the new graphical representation, as a beeswarm plot, of VarCoPP
2.0 results in the ORVAL platform. Each variant combination is represented as a dot, coloured with the
class and, for the pathogenic class, according to the two newly defined confidence zones.

4.6.2 Automatising and extending annotation data integration

Significant improvements have been made to the existing annotation data integration

pipeline, which consolidates heterogeneous data from various public bioinformatics databases

and pre-computed results (Section 4.3). The enhancements focus on automating and

streamlining the integration process using Snakemake13 [278] and Docker14 technologies,

which are crucial for promoting efficiency, reproducibility, and adaptability. Snakemake,

as a workflow management system, orchestrates the pipeline, allowing for a more stream-

lined and interconnected workflow, handling dependencies between scripts and managing

error recovery. This is essential for maintaining a robust and efficient pipeline compared

to using a set of independent scripts. Docker ensures a consistent software environment

across different platforms, which is vital for easy cloud deployment and replication by

13Snakemake workflow management system: https://snakemake.readthedocs.io
14Docker containerisation technology: https://www.docker.com
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researchers for their specific needs.

The Snakemake pipeline is designed to fetch, parse, and consolidate the sources for

the annotation database, accommodating different genome builds and generating TSV

files compatible with the database updated schema. Snakemake manages its workflow

with rules, encapsulating each of the data integration tasks and their dependencies (see

Figure A.1). The inclusion of a Dockerfile simplifies the setup and deployment of the re-

quired software environment, facilitating the transfer of the ORVAL platform into a cloud

infrastructure. This is crucial as the large annotation database requires regular updates

from heterogeneous sources, and providing instructions and code to build instances of the

annotation database on the cloud allows for easy transfer to third-parties without the

need to run the pipeline on premises.

The new automated annotation data integration pipeline builds upon the previous

multi-stage design, while also adding support for the grch38/hg38 genome assembly. This

addition is important for staying up-to-date with the latest genomic data and accommo-

dating diverse research needs. The pipeline still integrates the aforementioned resources

using the same scripts initially developed (see Section 4.3). However, updates have been

made to re-calculate the biological distance using up-to-date STRING db [258] and to

incorporate new data types, such as the BOCK knowledge graph (Chapter 5) distance,

the pre-calculated Inheritance Specific Pathogenicity Predictor (ISPP) [181] gene-level

feature, and the Biological Process similarity calculated with the SimGIC method [140],

which are new features incorporated into the new VarCoPP 2.0 model.

In conclusion, the successful transfer of the ORVAL platform ensures its long-term

development and maintenance, extending beyond the personal contributions presented in

this thesis. As new models become available in the future, the platform’s modular archi-

tecture will allow for easy adaptation. The annotation database, a vital yet challenging

component of ORVAL, is now more manageable thanks to the full automation of the data

integration pipeline. The use of Snakemake and Docker improved the pipeline to ensure

the integrity and reliability of the integrated data while promoting ease of use, repro-

ducibility, and adaptability. This improvement not only simplifies future updates and

feature additions but also facilitates the migration of ORVAL to a cloud infrastructure.
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4.7 Conclusion

In conclusion, ORVAL is a powerful web-based platform designed to assist geneticists

and clinicians in identifying and understanding pathogenic variant combinations in the

context of oligogenic diseases. It leverages predictive models and heterogenous biological

data to provide a comprehensive and user-friendly platform for the analysis of genomic

variants.

The technical development of ORVAL has focused on creating an efficient and versatile

platform that can handle the complexities of genomic data analysis and the large number

of potential combinations to process. The annotation database integrated into ORVAL is

a crucial aspect of its functionality, providing a wealth of relevant biological information

that can be used for predictive modelling and interpretation.

ORVAL offers a streamlined workflow for the submission, filtering, and processing

of genomic data, handled with a dedicated job submission system. The platform accepts

manual input as well as VCF files and also provides a range of filtering and sorting options,

enabling users to focus on relevant results based on their specific research interests.

The platform’s analysis capabilities span multiple levels of interpretation, from a rank-

ing of pathogenic variant combinations to the exploration of gene pathogenicity networks.

The platform’s integration of annotation data and biological networks further enhances

its predictive capabilities, enabling a more comprehensive understanding of the complex

relationships between genes and their potential roles in disease development.

ORVAL is a platform in continuous development, with recent improvements focusing

on enhancing its predictive performance, computational efficiency, and user experience.

The incorporation of VarCoPP 2.0, the updated annotation database, and the streamlined

data integration pipeline all contribute to the platform’s ongoing growth and success.

Finally, it is essential to emphasise the impact of ORVAL on genetic research. Ge-

neticists worldwide have adopted the platform to explore and validate pathogenic variant

combinations, leading to a better understanding of various diseases. Its growing number

of citations and usage in numerous clinical studies highlights its importance in the field

and demonstrates its significant contribution to our understanding of complex genetic

interactions and oligogenicity.
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Chapter 5

BOCK: a knowledge graph to

contextualise oligogenic disease

information

In recent years, knowledge graphs (KGs) have emerged as a robust means to represent and

integrate heterogeneous data. A KG is a semantic network that connects diverse entities

(nodes) through various relationships (edges), enriched with semantic information and

properties. This integration facilitates enhanced decision-making, information retrieval,

and knowledge discovery, proving invaluable in applications ranging from search engines

and recommendation systems to broader domains [124, 131, 237].

KGs and heterogenous networks have demonstrated several advantages for biomedical

applications, such as facilitating a deeper understanding of the intricate mechanisms un-

derlying various diseases, uncovering previously unknown relationships and interactions,

potentially leading to novel insights into disease mechanisms and therapeutic targets, and

enhancing collaboration between researchers and medical professionals [132, 142, 238, 251].

Given their potential in capturing complex relationships, KGs present a promising

approach for the study of oligogenic diseases, where the involvement of multiple genes and

the complex interplay between them cannot be easily captured by traditional predictive

approaches.

BOCK (Biological networks and Oligogenic Combinations as a Knowledge graph),

a novel KG developed as part of this PhD thesis, integrates multiple public biological
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network and ontology resources together with curated oligogenic disease information from

published clinical cases. By incorporating oligogenic disease information within a broader

biological context and leveraging the inherent advantages of knowledge graphs, BOCK

offers a comprehensive and semantically-rich representation that captures the complexity

and diversity of relationships relevant to oligogenic diseases. This knowledge graph opens

the way for new applications ranging from advanced querying and question-answering

systems to sophisticated predictive modelling.

In this chapter, we present the development process of BOCK and its applications in

oligogenic disease research. We start with an overview of BOCK’s structure and its var-

ious formats (Section 5.1), followed by the selection and integration of source databases

(Section 5.2). Next, we showcase the flexible querying and information retrieval capa-

bilities of the knowledge graph model in Section 5.3. We then discuss the selection of

relevant oligogenic gene pairs and identification of neutral gene pairs as negative controls

(Section 5.4). Then, we provide a comprehensive network analysis of genes and gene pairs

involving in oligogenic diseases using commonly used topology metrics, highlighting po-

tential predictive features and biases in the data (Section 5.5). Concluding the chapter,

we present some preliminary results using recent KG embedding techniques for accurately

identifying potential pathogenic gene pairs (Section 5.6).

The BOCK knowledge graph has been published in BMC Bioinformatics (forthcom-

ing) [164] and is available as open data, in multiple exchange formats, on a Zenodo

repository at: https://doi.org/10.5281/zenodo.7185679.
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5.1 BOCK: structure and representations

This section presents the architecture of BOCK (Biological networks and Oligogenic Com-

bination as a Knowledge graph) and outlines how it is made available for use. We first

inspect the structure, detailing how biological entities and their relationships are encap-

sulated by nodes and edges, and present statistics illustrating the scale of the graph.

Subsequently, we discuss the different forms in which BOCK is provided, highlighting its

flexible adaptability to diverse research environments and technical needs.

5.1.1 Structure and composition of the knowledge graph

Using the oligogenic information from the clinical literature gathered in the Oligogenic

Disease Database (OLIDA) [71] (see Material and Methods - Subsection 3.6.1) and multi-

ple public biological network resources and biomedical ontologies, we constructed BOCK,

a KG that puts oligogenic combinations into a biological context.

In KGs, nodes and edges can be qualified with types, facilitating the integration of

heterogeneous concepts into a single graph without information loss. In BOCK, nodes

represent biological entities and biomedical concepts defined by a specific node type, a

unique Uniform Resource Identifier (URI) linking the node to its source database entry,

as well as optional node properties. Edges represent relationships between these entities,

defined by a specific type and an optional confidence score, indicative of the quality or

the strength of the relationship (see Material and Methods - Subsection 3.7.1).

BOCK is structured according to the schema presented in Figure 5.1, illustrating all

possible node types (or metanodes) and edge types (or metaedges). The current version of

BOCK as of April 2023 comprises 83,703 nodes of 10 different types (Figure 5.2), includ-

ing genes, diseases, biological processes, molecular functions, and cellular components,

among others, representing the various levels of biological organisation. The knowledge

graph consists of 2,659,346 edges of 17 distinct types, capturing diverse relationships and

associations between these entities (Table 5.1).
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Figure 5.1. Knowledge graph schema of BOCK, representing the different node types (i.e. metanodes)
and their relationships (i.e. metaedges). Undirectional relationships are symbolised by lines (—), de-
noting connections without a specific implied direction. Directional relationships, represented by arrows
(→), indicate associations where the source entity has an influence or describes the target entity.
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Figure 5.2. Number of nodes in the KG per metanode. We define an abbreviation for each metanode,
in parenthesis, to simplify all metapath and rule notations in the following sections (see also Table 5.1).
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Metaedge Abbreviation # Edges # Sources # Targets
Gene–coexpresses–Gene GeG 1,338,764 14,940 14,940
Gene–physinteracts–Gene GpG 329,801 17,062 17,062
Disease–described→Phenotype DdP 233,175 12,676 10,423
Gene–associated→Phenotype GaP 209,416 4,870 9,151
Gene–seqsimilar–Gene GsG 186,445 12,226 12,226
Gene–associated→BiologicalProcess GaBP 93,676 16,323 10,570
Gene–associated→CellularComponent GaCC 58,432 16,978 691
Gene–belongs→ProteinFamily GbPF 45,454 19,657 11,187
Gene–associated→MolecularFunction GaMF 43,331 14,540 4,042
Gene–hasunit→ProteinDomain GuPD 41,314 15,828 6,636
BiologicalProcess–resembles–BiologicalProcess BPrBP 33,102 10,811 10,811
Phenotype–resembles–Phenotype PrP 16,000 7,681 7,681
Gene–forms→ProteinComplex GfPC 14,531 4,357 3,604
MolecularFunction–resembles–MolecularFunction MFrMF 11,239 3,710 3,710
OligogenicCombination–involves→Gene OCiG 2,700 1,118 907
OligogenicCombination–causes→Disease OCcD 1,173 1,118 175
CellularComponent–resembles–CellularComponent CCrCC 793 483 483

Table 5.1. Knowledge graph edge types. Each type of edge (i.e. metaedge) in the KG is defined
uniquely by its source and target node types with the relationship name in between. Directed metaedges
are indicated by an arrow on the relationship. We define abbreviations for each metaedge to simplify
further notations. The table presents statistics on the number of corresponding edges, source nodes and
target nodes for each metaedge, ordered by decreasing number of edges.

5.1.2 Representations and exchange formats

We provide the complete BOCK knowledge graph in various formats that facilitate its

exchange and use, ensuring its accessibility, compatibility, and ease of use. The BOCK

knowledge graph is available at https://doi.org/10.5281/zenodo.7185679. Details

about these standards and technologies are provided in Material and Methods, Sec-

tion 3.7.2.

The primary format for the BOCK knowledge graph is RDF, along with its data model

as an OWL file, ensuring that BOCK is compliant with Semantic Web standards and can

be easily integrated with other semantic resources. The RDF version of BOCK links

entities to a given identifier registry via a Uniform Resource Identifiers (URI), using the

Identifiers.org resolution service whenever possible. Additionally, some properties, such

as PubMed IDs (PMID), Digital Object Identifiers (DOI), and UniProt accessions, are

also semantically linked (see Material and Methods - Subsection 3.7.2).

For users who prefer to work with standard graph libraries and tools, we also provide

BOCK in the Graph Markup Language (GraphML) format. This format enables the
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exchange and processing of graph data across a wide range of software tools and libraries,

ensuring that BOCK is accessible to researchers with various technical needs.

Additionally, we have implemented an instance of the BOCK knowledge graph us-

ing the Neo4j graph database system. Its primary focus here is to provide an accessible

and efficient platform for querying and retrieving information from the BOCK knowl-

edge graph. Neo4j’s user-friendly interface facilitates data integration, visualisation, and

querying, while its Cypher query language allows for expressive and flexible querying of

the graph, enabling users to extract complex patterns and relationships specific to their

research interests.

By providing the BOCK knowledge graph in these different formats, we ensure that

researchers can easily access, manipulate, and integrate the data with various tools and

platforms, facilitating a wide range of applications for this resource.

5.2 Systematic integration of biological resources

The construction of a comprehensive knowledge graph for oligogenic disease research de-

pends on the effective integration of diverse biological resources. Data integration in

knowledge graphs involves the consolidation of information from multiple sources, trans-

forming and harmonising them into a unified, structured representation. Integrating data

from various biological databases is a complex task that demands meticulous selection

of high-quality resources, maintaining compatibility across data sources, while preserving

the integrity of the original information (see Material and Methods - Subsection 3.7.2).

In this section, we discuss the approach taken for the systematic integration of bi-

ological resources in the BOCK knowledge graph. We detail the criteria for choosing

databases, the mappings and harmonisation of identifiers, the data filtering and trans-

formation operated, and the innovative methods for inferring functional ontology-based

relationships.
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5.2.1 Selection of high-quality biological databases

Sources for creating the KG were selected based on domain knowledge and according to

multiple criteria:

1. Relevance in human disease aetiology: by considering multiple biological levels

of organisation often affected in pathologies and by selecting strictly for human-

derived data;

2. Quality control: by favouring resources based on clear curation policies and sub-

stantial accuracy in the case of electronically inferred annotations;

3. Gene coverage: by only considering resources linking at least 20% of all human

genes;

4. Accessibility and interoperability: by choosing resources from public and free-

to-use databases, attributing each entity with a unique and retrievable identifier.

Compared to more generic KGs, we selected specifically networks relevant to under-

standing the molecular mechanisms of epistasis, placing genes as the central entities, and

focusing on trusted resources describing a large set of human genes and their interactions.

Table 5.2 describes all the selected source databases along with their versions.

We covered different types of bioinformatics resources: gene and protein interaction

networks (Mentha [192], STRING db [258] and TCSBN [195]), functional annotations

(InterPro [196] and CORUM [187]), and biomedical ontologies along with their anno-

tations (Gene Ontology [189] and Human Phenotype Ontology [129]). In addition, we

included gene features (from dbNSFP [185]) and database unique identifiers for mapping

these resources (HGNC [177], Ensembl [174] and UniProt [178] (more details about these

resources can be found in Material and Methods - Subsection 3.2.2, 3.3.2, 3.4.2)

Each database contributes to a certain KG component (or layer), representing a bio-

logically meaningful subset of metanodes and metaedges in BOCK (see Table 5.4). Note

that some of the databases used for integration, such as Ensembl or UniProt, are used

across multiple components to handle the mappings of identifiers across resources, as

discussed next.
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Source database Version Extracted information KG components

OLIDA [71] 04-2022
Oligogenic gene combinations, DOI,

timestamp, ethnicity, curation scores
OLIDA

Mentha [192] 10-10-2022
Manually curated protein-protein

interactions in human
PPI

STRING db [258] v11.5 Human protein sequence raw blastp scores SEQSIM

TCSBN [195] 26-10-2020
Tissue-specific co-expression network from

normal human tissues (derived from GTEx)
COEXP

GTEx [196] V8

Median gene-level RNA-seq transcript per

millions (TPM) by tissue ; Tissue names

and sample sizes

COEXP

InterPro [196] 87.0 Human protein domains and families DOMAIN, FAMILY

CORUM [187] 4.0 Human protein complexes COMPLEX

Gene Ontology

[189]
10-07-2022

Gene ontology and annotations on human

genes (positive associations with qualifiers

“enables”, “involved in”, “is active in” and

“located in”), excluding IEA and ND

evidence codes

PROCESS, FUNCTION,

CELLCMP

Human Phenotype

Ontology [129]
06-2022

Human ’phenotypic abnormality’

sub-ontology (non-obsolete), gene

annotations and disease associations

PHENO, DISEASE

dbNSFP [185] v4.3 RVIS [180] and GDI [179] gene scores All with Gene

HGNC [177] 2022-10-12 Official gene names and Ensembl mappings All with Gene

Ensembl [174] Release 107
Ensembl identifiers, gene name and entrez

id mappings
All with Gene

UniProt [178] 2022_04 UniProt mappings to Ensembl identifiers

PPI, SEQSIM,

COMPLEX, DOMAIN,

FAMILY

Table 5.2. Source databases to construct BOCK Bioinformatics databases used with their version
used for this study. The specific extracted information from each database is indicated as well as the
corresponding KG component it is used for (see Table 5.4).

5.2.2 Identifier harmonisation and gene-level collapsing

Considering that clinical studies on oligogenic cases rarely report the effect of variants on

specific encoded proteins, we chose to reduce the model complexity of BOCK by collaps-

ing all protein identifiers at the gene level into entities of type “Gene”. Gene and protein
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identifiers from all integrated resources were collapsed and mapped into their correspond-

ing Ensembl identifiers. The databases Ensembl [174], UniProt [178] and HGNC [177]

were used as a reference to handle potential identifier mapping ambiguities.

Edges linking protein pairs were also collapsed as edges between their associated genes,

with an associated score computed as the maximum of all original scores.

Two properties were also added to the “Gene” entity: the Residual Variation Intoler-

ance Score (RVIS) [180] and the human Gene Damage Index (GDI) [179], obtained from

dbNSFP [185] (see Material and Methods - Subsection 3.2.2).

The non-redundant contribution of each network source for genes is detailed in Ta-

ble 5.3.

Network resource # Genes # Exclusive genes

Domains (InterPro) 20302 691

Functions (GO) 18344 46

PPI (Mentha) 17062 89

Coexpression (TSCBN) 14940 33

Seq. similarity (STRING) 12226 67

Phenotypes (HPO) 4870 32

Complexes (CORUM) 4357 0

Oligogenic combinations (OLIDA) 907 0

Table 5.3. BOCK source network gene contributions. We calculated #Genes as the total number of
genes present in each source network. #Exclusive genes was obtained by considering genes that are
exclusively present in each of the specific network resource.

5.2.3 Data processing and integration

In order to integrate the source databases information into BOCK, specific pre-processing

steps were applied, including data mappings, transformation or calculation of edge scores,

and edge filtering. These integration steps are summarised in Table 5.4 and detailed next.
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KG component Node types Edge types Edge score Filtering

OLIDA

OligogenicCombination,

Disease
causes None None

OligogenicCombination,

Gene
involves None None

DISEASE Disease, Phenotype described Disease-Phenotype frequency None

PPI Gene physInteracts
Original Mentha score

(interaction confidence)
None

SEQSIM Gene seqSimilar Blast Score Ratio (BSR) align. coverage ≥ 50% ; BSR ≥ 0.2

COEXP Gene coexpresses CIlow(cor)

tissue-sample-size > 70 ;

Ztpm(G1) & Ztpm(G2) ≥ -3 ;

CIlow(cor) ≥ 0.80 ;

p-val-adj < 0.01

DOMAIN ProteinDomain, Gene hasUnit FI(PD)

Only “Active_site”, “Binding_site”,

“Conserved_site”, “Domain”, “PTM”,

“Repeat”

FAMILY ProteinFamily, Gene belongs FI(PF )
Only “Family” and

“Homologous_superfamily”

COMPLEX ProteinComplex, Gene forms FI(PC) None

PROCESS
BiologicalProcess, Gene associated FI(BP ) None

BiologicalProcess resembles SimGIC(BP1, BP2) Sim. score ≥ 0.5

FUNCTION

MolecularFunction,

Gene
associated FI(MF ) None

MolecularFunction resembles SimGIC(MF1, MF2) Sim. score ≥ 0.5

CELLCMP

CellularComponent,

Gene
associated FI(CC) None

CellularComponent resembles SimGIC(CC1, CC2) Sim. score ≥ 0.5

PHENO
Phenotype, Gene associated FI(P ) None

Phenotype resembles SimGIC(P1, P2) Sim. score ≥ 0.5

Table 5.4. KG components integration into BOCK Data integration of the BOCK knowledge graph
by component. Each component describes a different biological level or view and has been integrated into
the knowledge graph from a source network or ontology database (see Table 5.2) into KG node types and
edge types. For most components, an edge score is computed and attributed as an edge property. For
some components, the integration process required the application of a filtering stage to limit the noise
and the size of the integrated network. More details about the computation of scores and filtering steps
are provided in the Method section.

Oligogenic combinations

OLIDA aggregates curated information about oligogenic diseases gathered from the med-

ical literature [71] (see Material and Methods - Subsection 3.6.1). Each entry consists of

a genetic variant combination involving several genes linked with contextual information,

130



5.2. Systematic integration of biological resources

such as the associated disease, the source scientific article, the suspected oligogenic effect

and its curation confidence scores.

The BOCK KG encodes the relational information from OLIDA by linking the involved

“Gene” and “Disease” entities via a dedicated “OligogenicCombination” node pointing to

the OLIDA identifier of a given oligogenic variant combination. Additional properties have

been added to this node, such as the OLIDA curation confidence scores, the publication

DOI and timestamp, the ethnicity of the associated patient and the suspected oligogenic

effect [81].

Protein interactions

The protein-protein interactions (PPI) were extracted from Mentha [192], a resource ag-

gregating primary protein-protein interaction databases within the IMEx consortium.

Mentha focuses on experimentally determined direct protein interactions and, therefore,

does not contain any computationally inferred interactions. All interactions from the

Mentha human interactome were integrated as edges of type “physInteract” in the KG,

linking two entities of type “Gene” and weighted by the provided Mentha reliability score.

Protein sequence similarity

Protein sequence similarity links were derived from pre-calculated BLAST pairwise pro-

tein alignment bit scores [198] obtained through the STRING homology file [279]. To

determine the presence of a sequence similarity link between two proteins, we used crite-

ria recommended for homology detection in human [280].

First, we retained only proteins where the aligned region covers at least 50% of the

shorter protein. Second, we computed the Blast Score Ratio (BSR) as a ratio of the

BLAST bit-score to the smaller of the two self-alignment bit-scores [281]. This transfor-

mation bounds all alignment scores in the interval [0, 1] and allowed us to set a universal

minimum BSR threshold value of 0.2 to retain significant edges. This threshold translates

to a bit-score of approximately 200 for the alignment of average length proteins (472 aa

[282]). A minimum BSR cutoff value of 0.2 was determined following an analysis (see

Figure 5.3) that demonstrated its capacity to capture functional similarity signal [283].
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Retained edges, scored by the BSR, were incorporated into BOCK as “seqSimilar” type,

linking “Gene” entities.
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Figure 5.3. Empirical determination of sequence similarity cutoff value. To find a mean-
ingful threshold of sequence similarity for integration into BOCK as “seqSimilar” edges, we studied the
relationship between sequence similarity, computed by Blast Score Ratio (BSR) [281] – a standardised
representation of sequence similarity – and the functional similarity – calculated with SimGIC [140]
based on shared Molecular Function (MF) annotations from the Gene Ontology. (A) Functional Simi-
larity (SimGIC MF) distribution across Sequence Similarity (BSR) ranges. The dashed line represents
the overall median SimGIC MF score across all gene pairs. (B) Differential in median SimGIC MF for
gene pairs segregated by each tentative BSR cutoff. The red dashed vertical line indicates the selected
BSR cutoff of 0.2. This cutoff corresponds to the initial point of substantial elevation in functional simi-
larity (SimGIC MF), effectively segregating low-similarity, potentially noise-introducing gene pairs, while
capturing functional relationship signal.

Tissue co-expression

Tissue co-expression data was extracted from the TCSBN database [195] that provides

pre-calculated co-expression correlation statistics generated from 46 human tissues using

the tissue specific RNA-seq data. We focused exclusively on the data computed from

normal tissues originally from the GTEx database (Genotype Tissue Expression) [196]

and ignored cancer-related cell-lines data.

To enhance signal strength, we applied several filters to the original sources: (1) Tissues

with fewer than 70 samples were excluded per GTEx recommendations, and redundant

subtypes were consolidated. (2) Co-expression relationships involving a gene with a z-
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score below -3 in any given tissue, as per the standardised GTEx median tissue gene

expression levels, were discarded [284]. (3) We retained edges with significant adjusted

p-values (< 0.01) and strong correlations (ρ ≥ 0.80). Correlations were conservatively

estimated using the lower bound of the Fisher-transformed confidence interval, taking

into account tissue sample size [285]. These were integrated into the KG as type “Gene”,

linked by “coexpresses”, and scored by the maximum correlation value across tissues. We

recorded the set of tissues associated to the highly correlated and significant co-expression

value into the “in” edge property.

Protein domain and families

We extracted protein domain and family information, as well as their annotations on

human proteins, from the InterPro database [286]. Genes sharing domains or families

are often found to be functionally associated. Entries from InterPro were integrated as

“ProteinDomain” and “ProteinFamily” node types, with properties such as the name and

the member database, and linked to nodes of type “Gene” via edges of types “hasUnit”

and “belongs” respectively.

Protein complexes

Protein complexes were extracted from the CORUM database [187], a resource of manually

annotated protein complexes from mammalian organisms. We selected complexes found

in human and integrated each complex as a “ProteinComplex” node linked, via an edge

“forms”, to its sub-units corresponding “Gene” entities.

Phenotype and disease information

We extracted phenotypic information from the Human Phenotype Ontology (HPO) [129],

a resource standardising terminologies for human phenotype abnormalities. We integrated

all non-obsolete terms under the sub-ontology “Phenotypic abnormality” as “Phenotype”

nodes. The provided phenotype-gene annotations were integrated by linking the associ-

ated “Gene” entities with an edge of type “associated”.

Diseases were integrated based on known associations with phenotypes coming from
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medical literature and reference disease databases such as OMIM and Orphanet [129, 205].

An edge of type “described” was created between “Disease” and “Phenotype” entities,

scored with the frequency of the phenotype if available.

Gene ontology annotations

The Gene Ontology (GO) knowledge base provides a standardised, controlled vocabulary

for gene functional information [189]. We integrated all three provided sub-ontologies

as corresponding entities, namely “BiologicalProcess” (BP), “Molecular Function” (MF)

and “Cellular Component” (CC) into the KG, excluding root terms and terms marked

as obsolete. Relationships to human genes were retrieved from the provided gene ontol-

ogy annotation (GOA) file. We filtered the retained associations to keep only positive

relationships flagged with the qualifiers “enables”, “involved_in”, “is_active_in” and “lo-

cated_in”. In order to keep only evidence-based reviewed associations, we also discarded

all annotations inferred by electronic annotation (evidence code IEA) and those where

no supporting biological data is available (evidence code ND). The retained annotations

were integrated by connecting “Gene” entities to the corresponding GO entity via the edge

type “associated”.

5.2.4 Information-based inference of ontology relationships

Gene functional annotation relationships

In the KG, many entities linked to “Gene” correspond to functional annotation terms,

represented as nodes of type: “ProteinDomain”, “ProteinFamily”, “ProteinComplex”, “Phe-

notype”, “BiologicalProcess”, “MolecularFunction” and “CellularComponent”.

We assigned a score to the edges between one gene and an annotation term, estimating

how informative these relationships are. This score was determined by looking at how

frequently an annotation term occurs on human genes, with infrequent terms receiving

higher scores and more common terms receiving lower scores.

More formally, we defined a metric, the functional information (FI), given an anno-

tation term t ∈ T of a specific entity type. This metric corresponds to the information
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content of the term t (see Material and Methods - Subsection 3.4.3), scaled by the max-

imum information content and is therefore bound in the [0, 1] interval, facilitating its

comparison across all functional edges (Equation (5.1)). The information content of a

term t is derived from the ratio of the count of genes associated with that term, g(t), and

its descendants in the ontology ts, to the count of genes associated with all terms of the

same entity type, g(T ).

FI(t) =
− log

�
|g(t ∪ (

S
ts⊑t ts))| / |g(T )|

�
log (|g(T )|)

(5.1)

Semantic similarity relationships

The KG incorporates terms from two extensive ontologies, Gene Ontology (GO) and

Human Phenotype Ontology (HPO). Both ontologies are structured as hierarchies of

terms, interconnected by semantic associations in a directed acyclic graph. By extracting

the ‘is a’ relationships, we obtained the term subclass hierarchies, which allowed us to

compute semantic similarity links between each pair of terms.

The semantic similarity was estimated by SimcGIC [211], a pairwise adaptation of

the SimGIC measure [140], which has been shown to effectively capture the expected

relationship between functional and sequence similarity (see Material and Methods - Sub-

section 3.4.3). This measure considers both the hierarchical relationship between terms

and the information content of their shared ancestors, providing a balance between shared

and distinct semantics akin to the Jaccard index. This property ensures that all similarity

scores are comprised between 0 and 1, enhancing their interpretability and comparability

across all pairs of terms. We also found this method to be more sensitive to the path

distance in the ontology hierarchy, compared to methods considering only the IC of the

Lowest Common Ancestor (LCA), such as Resnik’s measure, making it more suitable to

represent a “shortcut” for navigating the underlying ontology hierarchy.

We integrated these semantic relationships with an edge of type “resembles” whenever

the semantic similarity between two terms is higher than 0.5.
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5.3 Knowledge graph querying and exploration

The BOCK knowledge graph provides researchers with a powerful tool to explore the

complex relationships between genes, diseases, and a range of biological entities. One

way to interact with BOCK is through the graph database Neo4j, which can be queried

via the Cypher query language (see Material and Methods - Subsection 3.7.4). In this

section, we present various examples that demonstrate the potential of BOCK in deriving

biomedical insights, using the Cypher query language to explore the integrated data. The

examples presented in this section are color-coded based on their representation in the

BOCK knowledge graph schema (see Figure 5.1).

MATCH (oc: OligogenicCombination ) -[i: involves ]->(g:Gene),
(oc) -[c: causes ]->(d: Disease )

WHERE oc. FAMmanual = 3 OR (oc. STATmeta = 3 AND oc. STATmanual = 3)
AND oc.id IN [’OLI075 ’, ’OLI199 ’, ’OLI179 ’, ’OLI081 ’, ’OLI111 ’]
RETURN oc ,d,g,i,c
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Figure 5.4. Cypher query demonstrating the retrieval of some OligogenicCombinations with strong evi-
dence levels, their involved genes, and the diseases they cause. The query filters OligogenicCombinations
based on a FAMmanual score of 3 or a combination of STATmeta and STATmanual scores both equal to
3, indicating strong evidence levels (see Table 5.5). The query returns the OligogenicCombinations (oc),
the diseases they cause (d), the involved genes (g), and the corresponding relationships (i and c).

The first example (Figure 5.4) illustrates how the oligogenic cases are represented

inside BOCK along with their involved genes and the diseases they cause. Based on the

OLIDA curation scores [71], it is possible to select combinations with a strong evidence
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level (Table 5.5). The query reveals examples of digenic diseases, a trigenic disease, and

even instances where distinct digenic diseases share a common causal gene.

The BOCK knowledge graph also facilitates the examination of connections between

genes involved in oligogenic diseases. We show, in Figure 5.5, a sample of the relationships

between genes ADGRV 1 and PDZD7, which are known to be involved in Usher syndrome

type 2. This example highlights the complex interconnections between these genes, with

paths of varying lengths and comprising different edges and nodes of diverse types, such

as protein complexes, protein families, protein domains, cellular locations, and genes

interconnected with coexpresses relationships and protein physical interactions.

MATCH (oc: OligogenicCombination {id:’OLI021 ’}) -[i1: involves ]->(g1:Gene),
(oc) -[i2: involves ]->(g2:Gene),
(oc) -[c: causes ]->(d: Disease )

OPTIONAL MATCH path = (g1) -[*1..3] -( g2)
WHERE NONE(x IN nodes (path) WHERE x: OligogenicCombination OR x: Disease OR

,→x: Phenotype ) AND length (path) > 1
WITH oc , d, g1 , g2 , i1 , i2 , c, collect (path ) [0..10] as paths
RETURN oc , d, g1 , g2 , i1 , i2 , c, paths
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Figure 5.5. Illustration of a Cypher query for retrieving an OligogenicCombination with its involved
genes, associated disease, and a subset of paths between the involved genes. The query retrieves Oli-
gogenicCombination OLI021, its involved genes (g1 and g2), ADGRV1 and PDZD7, the disease it causes
(d), Usher syndrome type 2, and a subset of 1 to 3-hop connections between the two involved genes,
excluding paths through OligogenicCombination, Disease, and Phenotype nodes.

More specifically, it is possible to explore specific patterns between two genes. In

137



Chapter 5. BOCK: a knowledge graph to contextualise oligogenic disease information

Figure 5.6, we explore a specific pattern of indirect Gene-Gene relationships between two

genes (CDK4 and MY C) involved in MODY, an oligogenic disease. Users can explore

the list of intermediate genes (here 6 genes) with a similar sequence with one gene and a

protein-protein physical interaction with the other gene. Using the underlying edge scores

can help prioritising which intermediate gene might be the most relevant.

MATCH (g1:Gene) -[: involves ]-(oc: OligogenicCombination {id:’OLI513 ’})
-[: involves ]-(g2:Gene)

WITH g1 ,g2
MATCH p=( g1) -[: seqSimilar ] -(: Gene) -[: physInteracts ]-(g2)
RETURN p

seqSimilar physInteracts

seqSimilar physInteracts

seqSimilar
physInteracts

seqSimilar physInteracts

se
qSim

ilar physInteracts

seqSimilar physInteracts

 CDK4

 CDK1

 MYC

 CDK9

 MAPK8

 CDK8

 CDK6

 MAPK1

0.686

0.387

0.280

0.284

0.274

0.236

0.209

0.126

0.308

0.731

0.523

0.623

Gene (G)

Figure 5.6. Illustration of a Cypher query for retrieving a specific pattern of indirect Gene-Gene
relationships between two genes (g1, g2) involved in a specific oligogenic combination oc (OLI513: causing
the MODY disease). The pattern involves an intermediate gene connected via a seqSimilar relationship
to one gene (g1) and a physInteracts relationship to the other gene (g2). Relationship scores, detailed
in Table 5.4 reflect the maximum protein-protein sequence similarity and physical interaction confidence
score.

Users can also explore functional annotations of genes, such as their associations with

protein families and domains. In the example presented in Figure 5.7, all genes returned by

the query are linked to the Small GTPase (IPR001806) protein family and are associated

with multiple protein domains. Functional annotations relationships are scored based on

term frequency, with highly specific annotations receiving higher scores. For example, the

“Sigma-54 interaction domain, ATP-binding site 1” (IPR025662) is linked to 2 genes and
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5.3. Knowledge graph querying and exploration

has a score of 0.901, while the more ubiquitous “Pleckstrin homology domain” (IPR001849)

is linked to 275 genes and has a score of 0.199, as explained in Section 5.2.4.

MATCH (g:Gene) -[b: belongs ]->(pf: ProteinFamily )
OPTIONAL MATCH (g) -[h: hasUnit ]->(pd: ProteinDomain )
RETURN g, b, pf , h, pd
LIMIT 10
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 protein
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0.208

0.208

0.267
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Figure 5.7. Cypher query retrieving some genes, their associated protein families and their associated
protein domains. Genes are connected to ProteinFamily nodes through the belongs relationship, and the
same genes (via the g variable) are also linked to ProteinDomain nodes through the hasUnit relationship.
The edge scores represent the frequency of annotation of the functional annotation terms, with higher
scores indicating more specific and informative annotations, as detailed in Section 5.2.4.

The BOCK knowledge graph enables users to investigate shared and related biological

processes between genes. For example, the query presented in Figure 5.8 explore these

relationships for the genes SHROOM2 and MY O7A, known to be associated with Atyp-

ical hemolytic uremic syndrome (OLIDA ID: OLI1032, PMID: 34391192). While the first

part of the query retrieves a single common biological process, the second part, using the

resembles links, uncovers additional biological processes that are exclusively associated

to each gene but closely related to each other. Scores associated to the resembles links

are computed based on the semantic similarity between terms (see Section 5.2.4).
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MATCH p1 =( g1:Gene{name:’SHROOM2 ’}) -[: associated ]
,→->(: BiologicalProcess ) <-[: associated ]-(g2:Gene{name:’MYO7A ’})

OPTIONAL MATCH p2 =( g1) -[: associated ]->( bp1: BiologicalProcess )
,→-[: resembles ]-( bp2: BiologicalProcess ) <-[: associated ]-(g2)

RETURN p1 , p2
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Figure 5.8. Cypher query illustrating the retrieval of common and related biological processes between
two genes (g1 and g2) known to be associated with an oligogenic disease. The query returns the shared
biological processes (p1) and related biological processes (p2) between the genes. The results emphasise
the utility of the resembles relationship in uncovering related biological processes in the BOCK knowl-
edge graph. Scores associated to the resembles links are computed based on the semantic similarity
between terms, as detailed in Section 5.2.4.

Using the BOCK knowledge graph, it is also possible to explore genetic relationships

between diseases with similar phenotypes. In Figure 5.9, we query two diseases using

their Orphanet IDs: Marfan syndrome (orphanet:558) and Loeys-Dietz syndrome (or-

phanet:60030), both of which present similar phenotypes. We can retrieve phenotypes

describing each disease and associated with a gene. By ranking the gene associations

by the number of paths, we can see that the gene FBN1 has the most connections to

related phenotypes, providing valuable insights into the genetic underpinnings of these

two syndromes and their overlapping clinical manifestations.

These examples demonstrate how the BOCK knowledge graph’s versatility and depth

enable researchers to formulate queries to retrieve genetic relationships, disease mecha-

nisms, and functional annotations. By employing the Cypher query language, users can

efficiently access the vast amounts of integrated data to uncover meaningful biomedical

insights. This practical approach complements the advanced graph analytics presented in

Section 5.5 and sets the stage for machine-learning applications, as discussed in Chapter 6.
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MATCH paths =( d1: Disease {id:’orphanet :558 ’}) -[: described ]
,→->(: Phenotype ) <-[: associated ]-(g:Gene) -[: associated ]
,→->(: Phenotype ) <-[: described ]-(d2: Disease {id:’orphanet :60030 ’})

WITH g, COLLECT ( paths ) AS agg_paths , COUNT ( paths ) AS path_count
ORDER BY path_count DESC
RETURN g, agg_paths
LIMIT 1
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Figure 5.9. Cypher query retrieving genes connecting two diseases (d1 and d2) with similar phenotypes
through shared or related phenotypes. The query returns the genes (g) and the paths (agg_paths)
connecting the two diseases. The results highlight the potential of BOCK to identify genes that may be
involved in multiple diseases and underline the importance of phenotype information in understanding
the relationships between diseases.

5.4 Selection and weighting of gene combinations

In this section, we present the methodology for extracting gene pairs from BOCK. The pri-

mary focus is the identification of disease-causing gene pairs with evidence of oligogenicity,

along with the selection of a set of neutral gene pairs for comparative purposes. These

chosen gene pairs are essential for the upcoming in-depth analysis detailed in section Sec-

tion 5.5. Furthermore, these sets are used for training and evaluation of our machine

learning approach, which aims to detect novel pathogenic gene pairs, such as the KG em-

bedding approach discussed in Section 5.6 and the interpretable predictive methodology

introduced in Chapter 6.
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5.4.1 Disease-causing gene pairs with reliable evidences

In this research, we leverage the extensive oligogenic combinations integrated into BOCK

from the OLIDA database, a valuable resource compiling information about oligogenic

diseases from medical literature [71] (refer to Section 5.2). Using entity properties associ-

ated with each OligogenicCombination, such as the OLIDA curation confidence scores,

our focus is centered on digenic gene pairs that demonstrate reliable evidence.

We leveraged specifically the familial and statistical evidence scores to attribute a

weak, moderate, and strong evidence level for each pathogenic variant combination. A

weight was attributed to these instances according to the three defined levels of confidence

(see Table 5.5).

Evidence level Weight
Criteria based on OLIDA curation scores

FAMmanual OR (STATmeta AND STATmanual)

Weak 0.33 1 || 1 & 1

Moderate 0.67 2 || 2 - -

Strong 1.00 3 || 3 - -

Table 5.5. Oligogenic evidence levels based on familial and statistical scores. For each
variant combination present in OLIDA, different types of curation confidence scores have been assigned
according to the strength of evidences provided (e.g. relatives genotype information, cohort statistical
analyses, etc). See [71] for more information on OLIDA confidence scores. For this method, we created an
Evidence level, solely based on familial (FAMmanual) and statistical (STATmeta, STATmanual) curation
confidence scores, associated with a linear weight. If none of the criteria are matching, the variant
combination is discarded.

All variant combinations involving two genes satisfying at least a weak evidence level

were considered, amounting to a total of 794 variant combinations. These were subse-

quently aggregated at the gene pair level, weighted by the maximum confidence level.

A total of 441 disease-causing gene pairs (denoted as D) were selected after aggregation

(Table 5.6).

Each selected gene pair, denoted as (GS, GT ) for source/target, was ordered using the

‘RVIS’ gene property, the Residual Variation Intolerance Score (RVIS) [180], in ascending

order, in line with the VarCoPP 2.0 predictor [277]. This ordering suggests that the

source gene possesses fewer common functional genetic variations than the target gene, in

relation to their number of neutral variants, meaning the source gene is more “intolerant”

to variations. By considering their evidence level, we were able to assign the corresponding
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Evidence level # variant
combinations # gene pairs # diseases

Discarded 324 130 71

Weak 577 280 108

Moderate 131 101 71

Strong 86 60 30

Selected 794 441 153

Table 5.6. Pathogenic gene pair selection according to evidence levels. Evidence levels have
been attributed for each digenic variant combination in OLIDA (Table 5.5). All variant combinations
passing at least the Weak evidence level criteria have been selected (a total of 794) and weighted ac-
cordingly and the remaining variant combinations have been discarded. Statistics are presented with a
gene-level and disease-level aggregation, by attributing the highest evidence level of each set.

weight from Table 5.5 to each gene pair. This weighting provides valuable information for

the machine-learning predictor, highlighting which instances should be the most influential

during training.

Selection of an hold-out test set from recent literature

To provide an independent testing of the predictive models, 15 pathogenic gene pairs

were held-out. This test set was selected based on an automatic procedure designed to

favour diverse, confident and recently published cases: first, all disease-causing gene pairs

were ranked by their first associated article publication date, then for each gene pair from

the most recent to the oldest, gene pairs were chosen if their evidence level was at least

Moderate (see Table 5.5) and if none of their genes overlapped with the previously selected

ones. Details about the selected gene pairs are provided in Table 5.7.

5.4.2 Neutral gene pair selection using healthy controls

We developed a process to select a subset of gene pairs that, when mutated together, are

unlikely to be causal of a disease. This strategy leverages data from healthy individuals.

Our hypothesis is that gene pairs recurrently exhibiting mutation patterns of pathogenic-

ity and frequency similar to those seen in digenic diseases across a large set of healthy

individuals are less likely to contribute to disease phenotypes. A step-by-step overview of

this selection process is presented in Figure 5.11.

We assessed the potential relevance of gene pairs based on the pathogenicity of the
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Gene pair Evidence level Disease PMID Publication date

MYH7-ANKRD1 Moderate Left ventricular noncompaction 34752814 06/11/2021
LAMA3-LAMB3 Moderate Severe generalized junctional epidermolysis bullosa 34837689 01/10/2021
TSHR-SLC26A4 Moderate Congenital hypothyroidism 34374102 10/08/2021
JAG1-DUOXA1 Moderate Congenital hypothyroidism 34374102 10/08/2021
CDCA8-DUOX2 Moderate Congenital hypothyroidism 34374102 10/08/2021
HOXB3-TG Moderate Congenital hypothyroidism 34374102 10/08/2021
MYO7A-SHROOM2 Strong Atypical hemolytic uremic syndrome 34391192 02/08/2021
PKHD1-PKD1 Moderate Autosomal recessive polycystic kidney disease 34032358 25/05/2021
POLG-PPFIA4 Moderate Isolated focal cortical dysplasia 34095804 07/05/2021
SLC20A2-PDGFRB Moderate Bilateral striopallidodentate calcinosis 33793087 01/04/2021
TRAPPC11-TTN Strong Limb-girdle muscular dystrophy 33746696 04/03/2021
SPG7-SPAST Strong Hereditary spastic paraplegia 33598982 20/02/2021
MITF-C2orf74 Moderate Waardenburg syndrome 33571247 12/02/2021
CHD7-CDON Moderate Kallmann syndrome 33208564 17/11/2020
BMPR2-NOTCH3 Moderate Idiopathic pulmonary arterial hypertension 33007923 30/09/2020

Table 5.7. Characteristics of pathogenic gene pairs in the held-out test set. Details on the
selected held-out test set made of 15 pathogenic gene pairs. This test set was selected based on an
automatic procedure designed to favour diverse, confident and recently published cases: first, all disease-
causing gene pairs were ranked by their first associated article publication date, then for each gene pair
from the most recent to the oldest, gene pairs were chosen if their evidence level was at least Moderate
(see Table 5.5) and if none of their genes overlapped with the previously selected ones.

known digenic variant combinations (see “Selected” in Table 5.6), estimated by the Com-

bined Annotation Dependent Depletion (CADD) raw score [86] (see Material and Methods

- Subsection 3.1.4).

We considered two key distributions within pathogenic combinations: min(CADD(G1),

CADD(G2)) (RefMinPatho) and max(CADD(G1), CADD(G2)) (RefMaxPatho). These

distributions are depicted in Figure 5.10.A and B, respectively.

From these distributions, we established pathogenicity thresholds: Q1(RefMinPatho)

= 1.89 and Q1(RefMaxPatho) = 3.57. These thresholds represent the cutoffs above

which 75% of pathogenic combinations have the pathogenicity scores of their least and

most impacted genes, respectively.

Moreover, to mimic the frequency characteristic of digenic diseases, we selected a

minimum allele frequency (MAF) cutoff of 0.03. This threshold was determined based on

its capability to capture the majority of variants involved in digenic diseases (as established

as a variant filter in the ORVAL platform [165]). Our neutral gene pair selection from

healthy individuals thus focuses on gene pairs presenting variants as rare and pathogenic

as the majority of known pathogenic variant combinations, increasing the likelihood that

these gene pairs do not contribute to disease phenotypes.
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B. RefMaxPatho: 3.57

Figure 5.10. CADD score distributions of pathogenic gene pairs. The pathogenicity of di-
genic variants (detailed in Table 5.6) is quantified using the Combined Annotation Dependent Depletion
(CADD) raw scores. For each gene, the maximum CADD score across all its variants (CADD(G)) is com-
puted. A. The distribution of the lesser of the two CADD(G) scores from each gene pair (RefMinPatho).
B. The distribution of the greater of the two CADD(G) scores from each gene pair (RefMaxPatho).
The first quartile (Q1) of each distribution, represented by the red dotted line, serves as a pathogenicity
threshold.

Building upon the criteria for pathogenicity and frequency, we sought to identify gene

pairs from healthy individuals that presented similar variant characteristics. This pro-

cess involved a multi-step filtering protocol applied to variant data from 2490 healthy

individuals from the 1000 Genomes Project (1KGP) [18] (see Material and Methods -

Subsection 3.1.2).

Initially, we filtered the variants based on a minimum allele frequency (MAF) cutoff of

0.03, reflecting the rarity characteristic of variants involved in digenic diseases. Variants

were then aggregated at the gene level for each individual, preserving only the maximum

CADD score for each gene. To ensure pathogenicity resemblance, each gene’s CADD

score had to be greater than or equal to the established Q1(RefMinPatho) = 1.89.

Additionally, genes not present in BOCK or without any neighbours (i.e. not connected

in the KG) are discarded at this stage.

We then generated gene pairs from the candidate genes of each individual. To emulate

the characteristics of pathogenic pairs, we required that the maximum CADD score across

both genes was at least Q1(RefMaxPatho). This ensured these gene pairs also shared

similar pathogenicity characteristics with known disease-causing gene pairs.

Candidate neutral gene pairs were then generated and filtered, based on their fre-
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Reference distributions

Connected to other nodes in BOCK

Figure 5.11. Generation of neutral gene pair sets. This diagram outlines the process for gener-
ating Neutral gene pair sets (N) from healthy control individuals’ data. A. Rare variants from healthy
controls (1KGP) are selected based on allele frequency. B. These rare variants are aggregated at the gene
level to create candidate genes, with the maximum CADD score across all variants representing each
gene’s pathogenicity potential (patho(G)). Genes not present in BOCK or without any neighbours are
discarded. Additionally, genes with pathogenicity score below Q1(RefMinP atho) are filtered out (see
Figure 5.10.A). C. Candidate gene pairs are formed from these genes, ensuring the maximum pathogenic-
ity in each pair surpasses Q1(RefMaxP atho) (see Figure 5.10.B). D. Additional filters are applied to
gene pairs based on genomic distance and their frequency among controls to derive neutral gene pairs. E.
Each neutral gene pair is weighted based on the minimum pathogenicity score across all occurrences, then
the top 44100 gene pairs are selected to form the Neutral set. This selection reflects an imbalance ratio
of 1:100 relative to disease-causing gene pairs, mirroring the infrequency of pathogenic gene interactions.

quency, to ensure that each selected gene pair occurred in a minimum of 50 healthy

individuals. Additionally, in order to minimise the impact of linkage disequilibrium, we

incorporated an additional constraint: neutral gene pairs had to be either from different

chromosomes or at least 10kb apart in genomic coordinates.

The weight of each gene pair was then calculated by averaging the lesser gene-aggregated

CADD score across all associated individuals, and this weight was scaled against the max-

imum value across all selected gene pairs.

To create the final set of neutral gene pairs (N), we chose the top 44,100 pairs with

the highest scores, yielding an imbalance ratio of approximately 1:100 between disease-
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causing and neutral gene pairs. This ratio acknowledges the fact that pathogenic gene

interactions are far rarer than non-pathogenic ones [287]. Despite a considerable number

of potential gene interactions, only a fraction contribute to disease phenotypes, justifying

the larger imbalance in our data.

We present some statistics of the chosen set of neutral gene pairs in Figure 5.12. It can

be noted that the majority of selected gene pairs are associated with fewer than 100 control

individuals (median: 68 individuals). The associated weight, taking into account both the

number of control individuals and the underlying variant pathogenicity, predominantly

ranges between 0.37 and 0.8 (median: 0.61).
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Figure 5.12. Selected gene pairs weight and associated controls distribution The characteristics
of the selected set of neutral gene pairs (N) are presented as distributions. A. Neutral gene pair weights,
calculated by averaging the lesser of the two gene-aggregated CADD scores. B. Number of control
individuals (from the 1000 Genomes Project cohort) associated with each neutral gene pair.

5.5 Network analysis of oligogenic gene combinations

In this section, we explore the topological characteristics of the knowledge graph we

constructed, focusing specifically on pathogenic and likely neutral gene pairs described in

the previous section (Section 5.4). By analysing the neighbourhood and relationships of

these instances in the graph, we aim to identify distinctive topological features that might

aid in their inference and reveal potential biases.
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5.5.1 Gene set connectivity and annotation biases

We begin our exploration by first analysing individual genes composing these sets, in

particular their connectivity and the diversity of these relationships in BOCK.

Comparison by edge type diversity

We first analysed the proportion of genes connected with at least one edge of a certain

type (also referred as gene annotation coverage) in BOCK. We evaluated four gene sets:

Disease genes gathered from disease-gene associations in Orphanet data [205], Digenic

genes from the pathogenic gene pairs collected in Subsection 5.4.1, Neutral genes from

the neutral gene pairs collected in Subsection 5.4.2 and Connected genes corresponding

to all genes in BOCK with at least one connection (Figure 5.13).
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Figure 5.13. Gene set coverages comparison for different edge types. Considering genes from
different sets, we determine the fraction of genes connected with a specific edge type (abbreviated ac-
cording to Table 5.1). We compare different gene sets in BOCK: Connected genes: all genes with at
least one neighbour in BOCK ; Disease genes: all genes involved in a disease, based on Orphanet data ;
Digenic genes: all genes involved in a digenic gene pair from the selected set defined in Subsection 5.4.1
and Neutral genes: all genes involved in a neutral gene pair from the selected set defined in Subsec-
tion 5.4.2. Edge types are ordered by decreasing ratio difference between digenic genes and neutral genes.
[aP:associated-Phenotype; fPC:forms-ProteinComplex; aBP:associated-BiologicalProcess; aMF:associated-
MolecularFunction; aCC:associated-CellularComponent; pG:physInteracts-Gene; sG:seqSimilar-Gene;
uPD:hasUnit-ProteinDomain; eG:coexpresses-Gene; bPF:belongs-ProteinFamily].

This analysis, on the one hand, underscores a similar annotation coverage ratio across

all edge types for both disease-associated genes and digenic genes. Notably, a divergence
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is observed in the case of phenotype associations (aP), likely resulting from the distinct

roles some genes play in digenic diseases, where they function as modifiers rather than

direct causes of specific phenotypes. Neutral genes, on the other hand, largely mirror

the trend seen for all BOCK-connected genes, showing a modest average enrichment in

coverage across all edge types (1.07-fold).

However, digenic genes, like their disease-related counterparts, significantly deviate

from the general trend seen in BOCK’s connected genes (and therefore the neutral genes).

These genes are generally more annotated, evidenced by a notable 1.55-fold average cov-

erage enrichment across all different edge types.

More specifically, digenic genes show their most significant annotation coverage dis-

crepancy for associated-Phenotype (aP) – a 3.52-fold enrichment compared to all con-

nected genes. This is followed by forms-ProteinComplex (fPC) with a 1.95-fold enrich-

ment. Other edge types, such as associated-BiologicalProcess (aBP), show a far smaller

difference.

The significant annotation divergence for phenotype associations is attributable to a

double bias: first, phenotype annotations primarily originate from literature, possibly

even the studies from which digenic gene pairs were extracted; second, research aimed at

identifying causal genes are often limited to gene panels already associated with known

diseases or phenotypes. It is therefore important to consider the strong phenotype anno-

tation bias and the limited coverage of human genes, which make up approximately 23%

of genes connected in BOCK, when planning future machine learning applications.

Comparison by edge type connectivity

Further insights can be derived from analysing degree centrality, a measure that de-

notes a gene’s level of connectivity within a network (see Material and Methods - Sub-

section 3.3.1). In KGs, this metric can be further dissected into type-specific degrees,

indicating how many neighbouring connections exist for a specific edge type.

Interestingly, digenic genes exhibit greater connectivity than their neutral counter-

parts for most edge types (Figure 5.14). The edge types associated-Phenotype (aP) (me-

dian difference: 19.0), physInteracts-Gene (pG) (median difference: 7.0), and associated-
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BiologicalProcess (aBP) (median difference: 4.0) demonstrate the largest connectivity

disparity when compared to neutral genes. Conversely, the degree of other Gene-Gene in-

teraction types and forms-ProteinComplex (fPC) show no substantial differences between

these sets.
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Figure 5.14. Degree distribution comparison between digenic and neutral genes for dif-
ferent edge types. The comparison is made between genes involved in digenic (see Subsection 5.4.1)
and neutral (see Subsection 5.4.2) gene pairs. Each subplot represents a specific gene-linked edge type
in BOCK (abbreviated as per Table 5.1), with boxplots depicting the type-specific degree centrality of
genes within each set. Edge types are ordered by the median difference between the digenic and neu-
tral sets, and significant distinctions between the two gene sets are indicated below each type (p-values
obtained via Mann-Whitney U tests with Bonferroni correction: * p < 0.05, ** p < 0.01, *** p <
0.001). [aP:associated-Phenotype; pG:physInteracts-Gene; aBP:associated-BiologicalProcess; bPF:belongs-
ProteinFamily; aCC:associated-CellularComponent; aMF:associated-MolecularFunction; uPD:hasUnit-
ProteinDomain; fPC:forms-ProteinComplex; sG:seqSimilar-Gene; eG:coexpresses-Gene; ].

Comparing the distribution of digenic and disease-related genes (see Table A.2 in

Appendix) reveals that digenic genes possess a greater depth of Phenotype annotation.

Furthermore, they tend to have more annotations linked to Biological Processes than

disease-related genes. In contrast, neutral genes exhibit similar degree distributions across

all types compared to all connected genes.

To summarise, these analyses reveal that digenic and disease-related genes share sim-

ilar annotation diversity and connectivity, while neutral genes resemble the overall gene

characteristics within BOCK, suggesting that our neutral gene pair selection process is
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effectively selecting genes that are representative of human gene average topologies.

When classifying gene pairs based on these genes, we should therefore be mindful of

known biases observed in previous work identifying single pathogenic genes with network

topology [288]. Indeed, disease genes tend to have more connections in biological networks,

due to the well-known study or literature bias [289, 290, 291]. The same study bias directly

impact phenotype coverage and depth. Therefore, much of the performance of classifiers

using degree-based features or phenotype annotations may simply be due to these study

biases, rarely accounted for in evaluation and test datasets.

5.5.2 Reachability of disease-causing gene pairs

We then focused our attention to the relationship between disease-causing gene pairs by

examining their node pair reachability, that is, the potential to navigate from one gene

in a pair to the other within a specified maximum path length. We label two genes as

’reachable’ within a given graph if there exists at least one path, irrespective of direction,

connecting them within the constraints of the defined path length.

To manage computational complexity and maintain the significance of gene relation-

ships, we restricted our analysis to paths of four steps or fewer. Our results, as depicted

in Figure 5.15.a and b, show that only a minority of disease-causing gene pairs have close

relationships (1 or 2-hops) in each individual component. Considering longer paths (3 or

4-hops) significantly increases the coverage of pathogenic gene pair, but this comes at the

price of additional noise, reduced influence and computational cost.

Integrating these components as a single graph (GENE-CENTRIC, COMPOSITE )

makes the majority of gene pair reachable for 2-hop paths (up to 90% for 3-hop paths)

(Figure 5.15.c). We also find that paths of lengths ≤ 3 are sufficient to connect all

disease-causing gene pairs in the knowledge graph (ALL), even when excluding potentially

bias-prone Phenotype information (ALL_NOPHENO) (Figure 5.15.c).

These findings underscore the value of integrative approaches in studying gene rela-

tionships in oligogenic diseases, given their inherent heterogeneity and the diverse epistatic

mechanisms at play.
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Figure 5.15. Ratio of reachable disease-causing gene pairs in different components of BOCK.
A gene pair is considered reachable if there exists a path between the two genes, regardless of directionality,
that can be traversed given a path length cutoff. Nodes of types “Disease” and “OligogenicCombination”
were excluded and BOCK was decomposed into: a) gene-centric networks (COEXP: Gene-coexpresses ,
PPI: Gene-physInteracts, SEQSIM: Gene-seqSimilar) shown merged as GENE-CENTRIC ; b) composite
networks (DOMAIN: Gene-hasUnit-ProteinDomain, FAMILY: Gene-belongs-ProteinFamily, PROCESS:
Gene-associated-BiologicalProcess, FUNCTION: Gene-associated-MolecularFunction, CELLCMP: Gene-
associated-CellularComponent, PHENO: Gene-associated-Phenotype) shown merged as COMPOSITE ;
c) integrated networks (GENE-CENTRIC: merge of a), COMPOSITE: merge of b), ALL: merge of a)
and b), ALL_NOPHENO: a subset of ALL excluding paths traversing “Phenotype” nodes). The ratios
of reachable disease-causing gene pairs with at least a weak evidence-level (see Table 5.5) are presented
for these components according to path length cut-offs ranging from 1 to 4.

5.5.3 Topology-driven link prediction

In this section, we aim to analyse the predictive capabilities of various graph topol-

ogy methods and measurements within the BOCK system, specifically for distinguishing

pathogenic gene pairs from neutral ones (Section 5.4). For the forthcoming analyses, we

chose to remove nodes of type Disease and OligogenicCombination from BOCK, and we

chose to break down the knowledge graph into components as outlined in Table 5.4.

Topological predictive measures

We assessed the following topology metrics, each of which captures a different aspect of

topological information: Total Neighbours (TN), Preferential Attachment (PA), Jaccard

Index (JI), Adamic Adar (AA), inverse Shortest Path Length (iSPL), and Random Walk

with Restart (RWR). These metrics are further detailed in the Material and Methods

(Subsection 3.3.3).
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To assess the performance of each topological metric for a given knowledge graph

component, we trained and evaluated a logistic regression model based on that topological

metric within the network component. The model’s evaluation was carried out with a

10-fold stratified cross-validation. The heatmap in Figure 5.16 summarises the results,

with performance measured by the Area Under the Receiver Operating Characteristic

(AUROC) and the Area Under the Precision-Recall Curve (AUPRC).
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Figure 5.16. AUROC performance of common topological measures in BOCK and its com-
ponents for pathogenicity prediction. Heatmaps showing the mean Area Under the Receiver Oper-
ating Characteristic (AUROC) of a logistic regression model trained with different topological measures
(TN: Total Neighbours, PA: Preferential Attachment, JI: Jaccard Index, AA: Adamic Adar, iSPL: inverse
Shortest Path Length, RWR: Random Walk with Restart (with restart probability = 0.7 [148])) and evalu-
ated with a 10-fold stratified cross-validation. Results are reported for each KG component (see Table 5.4)
and integrated networks (GENE-CENTRIC: Fusion of gene-centric networks, COMPOSITE: Fusion of
composite networks, ALL: entire KG without Disease and OligogenicCombination ; ALL_NOPHENO:
ALL without Phenotype).

The results reveal that certain network components offer more predictive power than

others across all types of measurements. All components that include the Phenotype

layer (PHENO, COMPOSITE, and ALL) perform the best. However, as shown in earlier

analyses (see Subsection 5.5.1), this high performance is largely influenced by a study bias

affecting all disease-related genes. Coexpression and sequence similarity related compo-

nents, conversely, do not yield as much predictive power.

The different metrics we studied provide varied insights. TN and PA provide basic

measures calculating the overall connectivity of the gene pairs, but do not deliver as much

discriminative power compared to other measures, across all types of components.
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JI and AA are metrics that account for the direct common neighbours of the entity

pair. These measures can offer higher precision when considering individual components

but lack the recall offered by other more flexible metrics. For integrated networks, they

offer a good predictive power, though less robust than RWR.

iSPL and RWR provide measures of connectivity, taking into account indirect, po-

tentially long-range, relationships. Notably, they perform the best for the individual

component PROCESS, suggesting that biological processes are more readily captured

via indirect interactions. RWR, however, significantly outperforms the simpler iSPL for

integrated networks. More details about RWR results are provided next.

Random-walk analysis

The Random Walk with Restart (RWR) is a measure that offers a unique perspective on

connectivity within a network. It accounts for both direct and indirect interactions by

incorporating a probabilistic element that enables the random walker to either move to a

neighboring node or return to the start. To explore the efficacy of RWR, we applied it to

our existing models in the same manner as before, and we present the Receiver Operating

Characteristic (ROC) and Precision-Recall (PR) curves in Figure 5.17, with RWR applied

to BOCK, both with and without phenotype data.
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A.

B.

Figure 5.17. Performance of Random Walk with Restart for gene pair classification. We use
the Random Walk with Restart (RWR) algorithm combined with a logistic regression model to predict
the probability that a gene pair is disease-causing, trained on the selected disease-causing and neutral
gene pairs. We evaluate this classifier with a 10-fold stratified cross-validation. The RWR algorithm is
evaluated for three restart probabilities (p=0.3, 0.5, 0.7) on the knowledge graph (A) including and (B)
excluding Phenotype information.

Our analysis indicates that the RWR probability alone delivers a respectable per-

formance baseline for assessing the predictive power of the topological proximity within

BOCK. This holds true for the knowledge graph that includes Phenotype information

(mean AUPRC = 0.159) and also for the one that excludes Phenotype information (mean

AUPRC = 0.084). Interestingly, there is no significant performance difference when con-

sidering different restart probabilities, consistent with previous findings [148].

Thus, the RWR analysis further strengthens the argument that indirect and potentially

long-range relationships, play an important role in predicting pathogenic gene interactions.

However, while the RWR measure is effective, it may not fully capture the complexity

and diversity of entities and relationships found in knowledge graphs. Consequently, it’s

necessary to explore more advanced and tailored techniques, such as the one we present
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in the following section, to improve prediction accuracy and better harness the richness

of knowledge graph data.

5.6 Towards high-accuracy pathogenicity prediction us-

ing KG embeddings

In this section, we aim to show some preliminary results on the application of a state-

of-the-art KG embedding technique to predict the pathogenicity of gene pairs. These

analyses were conducted by Inas Bosch, a master student whom I had the opportunity to

supervise. These findings, detailed in her master’s thesis (see Section 2.5), demonstrate

the potential of KG embeddings for accurate predictions and help paving the way for

future applications of BOCK in accurately detecting pathogenic gene pairs.

While traditional link prediction approaches directly leverages the connections present

in our knowledge graph, BOCK, KG embedding approaches aim to create a latent rep-

resentation of entities and relationships, which can capture more efficiently the semantic

and structural intricacies of such network.

Our aim in this study was to leverage these representations in a downstream link

prediction task for discerning pathogenic gene pairs, with the same training dataset (Sec-

tion 5.4) and classification task as delineated in the previous section (Subsection 5.5.3).

5.6.1 KG embedding model and downstream classification

Choice and evaluation of KG embedding methodology

A key decision was the choice of the Knowledge Graph (KG) embedding model. Differ-

ent KG embedding models were investigated based on models proposed in the PyKEEN

library [250], with DistMult [252] and ComplEx [292] emerging as prominent contenders

[250]. Given DistMult’s comparable performance to ComplEx on the YAGO3-10 dataset

and its inherent simplicity (while ComplEx uses vectors of complex numbers), the Dist-

Mult model was chosen (see Material and Methods - Subsection 3.7.5).

To hits@10 metric metric was used to assess the quality of the knowledge graph rep-
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resentation, by measuring how frequently the correct link appears within the top 10 pre-

dictions. Our results yielded scores of 0.15 when including phenotype data and 0.14 when

omitting it. This relatively low performance, compared to the one on the YAGO3-10 [293]

benchmark dataset, may be attributed to the incompleteness and noise usually observed

in biological networks. Nevertheless, this metric gauges a general graph competition ob-

jective, which may not reflect performance on a more specific downstream task of gene

pair pathogenicity prediction.

From KG embeddings to a pathogenicity prediction model

We devised a workflow, summarised in Figure 5.18, following a two step procedures. The

initial phase produces latent vectorial representations for all entities and relationships

in BOCK. We focused here on the entity embeddings and more specifically the Gene

entities. By using a specific vectorial transformation, we could obtain a unique vectorial

representation for each gene pair. The next phase uses these gene pair representations

as features to train a Balanced Random Forest classifier (BRF) [224], using the labelled

gene pairs presented in Section 5.4 for training. The predictor can then infer a probability

of belonging to the disease-causing class and be evaluated in cross-validation and on an

independent dataset.
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Figure 5.18. Workflow from KG embeddings to pathogenicity prediction. The prediction
process is structured in two main phases. The initial phase involves using an embedding model to
derive embeddings (i.e latent vectorial representations) for all entities in the graph. This representation
captures intricate semantics and topology inherent in the knowledge graph. Gene pairs (g1 ,g2) can then
be represented as single vectors via a transformation h integrating g1 and g2 vectors. In the subsequent
phase, these embeddings serve as input to a Balanced Random Forest classifier which then predicts the
pathogenicity of the gene pair. Credit figure: Inas Bosch.

5.6.2 Prediction performance and key findings

Optimal parameters

The performance of an embedding generation model is significantly influenced by two key

parameters: the embedding dimension and the number of epochs. A larger embedding

dimension allows the model to encapsulate more nuanced aspects of the knowledge graph,

and a greater number of epochs gives the model more opportunities to refine its represen-

tation of the graph. However, it’s important to note that augmenting these parameters

can yield diminishing returns beyond a certain point, due to increased dimensionality and

computational demands.
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Considering the BRF model used for classification, we investigated the impact of

varying the number of trees. The number of trees is a key parameter in a BRF as it

can influence the model’s robustness and ability to generalise, while potentially affecting

computational efficiency.

The optimal parameters, determined based on their performance in pathogenicity

prediction tasks with and without phenotype information in the knowledge graph, are

summarised in Table 5.8.

Parameter With phenotype Without phenotype
Embedding dimension 200 300

Number of epochs 50 50

Number of trees 340 540

Table 5.8. Optimized parameter values for the models incorporating and excluding phenotype informa-
tion. Credit Table: Inas Bosch.

Prediction performance and influence of vector transformation

We conducted an analysis of the downstream predictive performance influenced by two

categories of embedding vector transformations: embedding-aggregating [254] and embedding-

preserving transformations. The former modifies the components of embedding vectors ,

while the latter combines but maintains the integrity of individual embedding vectors. We

evaluated various embedding-aggregating transformations including Average, Hadamard,

WeightedL1, and WeightedL2 [254].

Two types of embedding-preserving transformations were evaluated: the concatenate

and double-concatenate methods. Concatenate is a straightforward approach that joins

two gene vectors in an order defined by RVIS. On the other hand, double-concatenate

incorporates both possible orderings of the gene vectors, generating two feature vectors

for every gene pair. Consequently, the Random Forest model produces two probabilities

for each pair, which are then averaged to yield a singular prediction.

Our primary results, as depicted in Table 5.9 and evaluated using a BRF model with

100 trees evaluated with stratified 10-fold cross-validation, indicate that the preservation

approach outperforms the aggregation approach. This implies that retaining original

vector components benefits the classification of gene pair pathogenicity. Moreover, using
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only the first or second gene vector already offers high performance, suggesting that a

large part of the predictive signal comes from single gene information. Interestingly, the

double-concatenate method yields better results than the simple concatenation, which

indicates that the gene order does not impact the prediction.

Vector Transformation
Without phenotype information With phenotype information

AUROC AUPRC AUROC AUPRC

Average 0.72 0.16 0.93 0.47

Hadamard 0.62 0.04 0.92 0.51

WeightedL1 0.62 0.03 0.85 0.23

WeightedL2 0.66 0.03 0.84 0.24

First gene 0.91 0.56 0.95 0.66

Second gene 0.92 0.55 0.95 0.65

Concatenate 0.91 0.54 0.95 0.65

Double-concatenate 0.96 0.72 0.97 0.67
Table 5.9. Predictive performance of models for different embedding vector transformation.
Considering BOCK with and without the Phenotype information, AUROC and AUPRC performance,
obtained by stratified 10-fold cross-validation are shown for each embedding vector transformation.

Our final models, incorporating optimal BRF configurations, produced impressive re-

sults. The model without phenotype information achieved an AUROC of 0.98 and an

AUPRC of 0.84, successfully recalling 14/15 pathogenic gene pairs in the independent

test dataset. Meanwhile, the model including phenotype information reached an AUROC

of 0.97 and an AUPRC of 0.70, recalling 13/14 pathogenic gene pairs from the same

dataset.

Despite the high predictive accuracies of models using latent representations from KG

embedding methods, these models are often viewed as ‘black boxes’ due to the irreversible

loss of information in the initial embedding stage, rendering any post-hoc interpretability

of the downstream classifier ineffective. Additionally, the model’s strong performance

using just single gene information hints that predictions may rely heavily on monogenic

signals. It is unclear whether the model takes into account the relationship types and

connectivity between gene pairs or simply processes their information independently.

Given the importance of interpretability in the biomedical field, we suggest considering

alternative methodologies as a complementary approach, like the one we introduce in the
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next chapter (Chapter 6), in order to allow for domain validation and help geneticists and

researchers derive meaningful insights.

5.7 Conclusion

Knowledge graphs have emerged as essential structures for consolidating complex datasets

and providing detailed insights, particularly in biomedical research. In this landscape, we

developed BOCK, a new knowledge graph that merges data from different oligogenic dis-

eases with information from several biological networks and biomedical ontologies. This

combination aims to capture the complex relationships found in oligogenic diseases, offer-

ing researchers a potential framework to systematically study gene relationships backed by

solid evidence. Additionally, BOCK opens up new opportunities for feature engineering

and machine-learning applications, laying a foundation for future predictive models.

Ensuring data quality and accuracy was a primary focus during BOCK’s development.

We carefully selected the data sources for BOCK to reduce the typical inconsistencies

seen in large knowledge graphs. Looking ahead, expanding and consolidating the data

in BOCK will be important. This includes considering additional types of biological

relationships and possibly fusing reliable sources to increase its robustness.

BOCK has already found applications to enhance the Variant Combination Pathogenic-

ity Predictor (VarCoPP 2.0 [277]) and as an essential component of the High-throughput

Oligogenic Prioritizer (HOP) (future work). Preliminary results on the use of knowledge

graph embedding techniques on BOCK are also very promising. Early findings suggest

that these methods can accurately detect potential pathogenic gene pairs in BOCK. As we

continue to refine these techniques and enrich BOCK’s data, we hope to drive significant

progress in oligogenic disease research.
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Chapter 6

ARBOCK: A knowledge graph

approach to predict and interpret

pathogenic gene interactions

This chapter builds upon the earlier phases of our research, beginning with the creation of

ORVAL, a web platform assisting geneticists in exploring and interpreting patient variant

data (Chapter 4). ORVAL incorporates two machine learning models able to identify

pathogenic variant combinations and to differentiate their effects. It also supplements

these predictions with variant filters, feature contribution analysis and network repre-

sentations. However, while ORVAL makes efforts to connect predictions to biological

background knowledge, it primarily relies on post-hoc analyses for interpretation. This

highlights the necessity for an approach that can provide clearer insights into predictive

patterns and offer more direct connections to underlying biological mechanisms.

To further explore such complex patterns, our attention turned to the construc-

tion of the Biological Oligogenic Knowledge Graph (BOCK), presented in Chapter 5.

BOCK serves as a way to contextualise oligogenic disease information, integrating data

from curated clinical evidences together with multiple biological networks and ontologies.

BOCK’s creation opens up possibilities to leverage multi-level information for complex

query formulation and inference. Nevertheless, our experience revealed that manually

crafting these queries was not only intricate but also resulted in large graph subsets,

making the exploration of the results challenging. Initial attempts to infer links between
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gene pairs showed that while a predictive signal for pathogenicity was discernible, these

methods either yielded limited performance or lacked insightful explanations.

In light of these challenges, in Chapter 6, we developed ARBOCK - a novel machine

learning approach designed to harness the rich information contained within BOCK. AR-

BOCK’s primary goal is to decipher intricate relational patterns between pathogenic gene

pairs, predict their pathogenicity potential, and more importantly, provide meaningful

explanations for these predictions, addressing the interpretability gap.

The chapter begins by exploring the concept of metapaths and their role in creat-

ing interpretable predictions (Subsection 6.2.1). We then introduce our framework that

combine these metapaths as rules for link prediction (Section 6.3). Subsequent sections

investigate the discovered patterns associated with pathogenic gene pairs (Section 6.4)

and evaluate the predictive performance of our predictive rule-based model (Section 6.5).

We round off the chapter by demonstrating the inherent interpretability of this model

and the ability to explain predicted pathogenic gene pairs with subgraphs from BOCK

(Section 6.7).

We aim to demonstrate, in this chapter, the potential of biological knowledge graph

like BOCK to support explainable predictions in the context of biomedical genetics. In

doing so, we hope to offer a new approach to validate predictions using background knowl-

edge and for generating mechanistic hypotheses, ultimately enhancing our understanding

of oligogenic diseases.

The ARBOCK framework has been published, together with BOCK, in BMC Bioin-

formatics (forthcoming) [164].

It is provided as an open-source library at: https://github.com/oligogenic/ARBOCK

with all the scripts and models ensuring the reproducibility of the results presented in

this thesis (see Subsection 6.3.6).
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6.2. Modelling assumptions and objectives of ARBOCK

6.1 Modelling assumptions and objectives of ARBOCK

In this work, we aimed to develop a novel classifier able to identify gene pairs where the

presence of certain mutation patterns could lead to a disease or influence its manifesta-

tion. We follow similar modelling simplifications as the Variant Combination Pathogenic-

ity Predictor (VarCoPP) [83, 277] in several respects: treating the problem as a binary

classification task, centering our attention on pairwise gene interactions, and using the

same data sources for training our model (see Material and Methods - Subsection 3.6.2).

However, while VarCoPP consider a range of features at the variant, gene and gene

combination level, we focus solely on features reflecting relationships between gene pairs.

Though the individual gene and variant characteristics hold significance, the patterns

of their relationships alone might provide sufficient predictive information to identify

candidate gene pairs. By focusing exclusively on short and long-range relationship features

and by designing a fully interpretable model, our approach seeks to provide a deeper

understanding of potential molecular mechanisms that underlie disease pathogenesis.

6.2 Capturing complex relationships with metapaths

We propose to model complex relationships between gene pairs based on path information

contained in our designed knowledge graph, BOCK. More precisely, we abstract this path

information with metapaths. Metapaths, or path types, provide a way to capture and

quantify the relationships between entities in a graph and can also be used as KG queries,

enhancing interpretability (see Material and Methods - Subsection 3.7.3).

In this section, we explore metapaths extracted from pathogenic gene pairs in BOCK

and assess their predictive power. We also describe a simple method to rank and select

paths underlying metapaths and demonstrate how this can improve their interpretability

when used as KG query.
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6.2.1 Leveraging metapaths for interpretable predictions

We first explain the methodology employed to extract metapath features describing pathogenic

gene pairs from BOCK and then provide an overview of metapath predictive power.

Pathogenic gene pair paths to metapaths

Following the same logic of VarCoPP [277], gene pairs in our training dataset (see Sec-

tion 5.4) are first ordered into a source gene (GS) and a target gene (GT ), according to the

Residual Variation Intolerance Score (RVIS) [180], indicating that the source gene has less

common functional genetic variation than the target gene, in relation with their respective

number of neutral variants (i.e the source gene is more “intolerant” to variations).

Then, all paths in BOCK up to a defined length cutoff are extracted from GS to GT .

For this work, we set this length cutoff to 3, which ensures full connectivity among known

pathogenic gene pairs (Figure 5.15 in Chapter 5). These paths are then weighted based

on the traversed edge weights (see next section) and aggregated as metapaths, a sequence

of node types and edge types (Figure 6.1). The traversal process is not constrained by the

original edge directionality; however, this directionality is encoded within the resulting

metapath.
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Figure 6.1. . The diagram outlines how to extract metapaths for a given gene pair in BOCK. (1)
Given a disease-associated gene pair (GS ,GT ), oriented by Residual Variation Intolerance Score (RVIS)
all paths in BOCK starting at the gene node GS and ending at the gene node GT are collected, up to
a certain predetermined path length cutoff. Although this traversal disregard edge directionality, the
original direction of the edges is encoded in the recorded paths; Each path is attributed a reliability
score (PRS) based on the original edge weight. Paths are then aggregated into their metapaths (i.e.
path types), which are here represented in their compact representation using abbreviated metaedges
(see Chapter 5 - Table 5.1 and Material and Methods - Subsection 3.7.3).
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The extracted metapaths take the form:

M = GS
R1−→ E2

R2−→ ...
Rn�1−−−→ GT (6.1)

where Ri ∈ RT is a specific edge type (or metaedge) and Ej ∈ ET a node type (or

metanode) in BOCK (see Material and Methods - Subsection 3.7.3).

A metapath can be seen as a KG query returning a set of KG paths for a given gene

pair. We say that a metapath matches a given gene pair if applying it to that gene pair

returns a non-null set of KG paths.

To succinctly represent metapaths in our results, we use a compact representation

based on the abbreviated metaedges from BOCK (see Chapter 5 - Table 5.1). Further

details on this representation can be found in Material and Methods - Subsection 3.7.3.

Metapaths as predictive features

Whether a metapath matches or not a gene pair can be interpreted as a binary feature,

enabling its analysis in relation to the class label in the training set (refer to Chapter 5

- Section 5.4). Figure 6.2 illustrates all metapaths derived from mining paths of length

up to 3 from the pathogenic gene pairs. Metapaths are represented according to their

individual pathogenic gene pair coverage (the ratio of pathogenic gene pairs that present

the metapath) and its correlation to the pathogenic class (measured by the Matthews

correlation coefficient).

The figure reveals an over-representation of longer metapaths, a consequence of the

combinatorial effect. Direct relationships (metapaths of length 1) individually cover only

a small fraction of pathogenic gene pairs (up to 9% for GpG). Metapaths composed solely

of Gene entities (depicted in orange) cover an increasing number of pathogenic gene pairs

as their length increases. However, these metapaths do not individually provide a strong

predictive signal.

Metapaths incorporating Phenotype and Biological Process entities demonstrate both

high predictive power and substantial coverage of pathogenic gene pairs. This is particu-

larly true for direct associations (e.g., GaPaG, GaBPaG) and related associations based
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Figure 6.2. Analysis of metapaths based on coverage and predictive power. This visualisation
presents an analysis of all metapaths up to a length of 3, based on their presence or absence in selected
pathogenic and neutral gene pairs from our training set (refer to Chapter 5 - Section 5.4). Each metapath
is treated as a binary feature. The “Pathogenic gene pair coverage” on the x-axis represents the proportion
of pathogenic gene pairs that present the metapath. The “Feature-Class correlation (MCC)” on the y-
axis measures the Matthews correlation coefficient, indicating the correlation between the presence of the
metapath and the pathogenic class. The colour of each point corresponds to the entity types contained
within the metapath (excluding the Gene entity), with metapaths containing only the Gene entity coloured
in orange. The size of each point is proportional to the length of the metapath it represents.

on the resembles edges (e.g., GaPrPaG, GaBPrBPaG). Heterogeneous metapaths that

traverse both a Gene and one of these entities (e.g., GaGaPaG, GaBPaGaG) offer higher

pathogenic gene pair coverage and maintain a relatively good predictive power.

Certain metapaths, such as those involving the ProteinComplex entity, provide lim-

ited pathogenic gene pair coverage. Others, like those composed of CellularComponent,

offer lower predictive power.

While some metapaths may individually exhibit relatively low predictive power, the

power can be enhanced when these metapaths are assembled, in a conjunctive manner, into

predictive patterns. Moreover, applying these patterns in a complementary or disjunctive

manner could lead to a broader coverage of pathogenic gene pairs.
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6.2.2 Heterogenous path reliability score

To increase the interpretability and signal strength of our approach, we aim to select the

most relevant paths from the mined metapaths. Each mined metapath can be seen as a

KG query, which, when applied to a specific entity pair (in our case, a gene pair), yields

zero to multiple paths. However, as the metapath length and connectivity between gene

pairs in the KG increase, the number of yielded paths can become substantial. Therefore,

to aid interpretability, we propose ranking paths based on their reliability, estimated from

the quality, strength, or informativeness of the traversed edges. This way, we can filter

out less trustworthy paths and focus on the most relevant ones.

Calculating the path reliability score

Scoring and ranking paths in a knowledge graph can be challenging, given their varying

lengths and the use of different edge types and node types. To address this issue, we

introduce a path reliability score (PRS) to rank paths corresponding to a specific metap-

ath. The PRS (Equation 6.2) is computed as the geometric mean of all the edge weights

composing the path.

PRS(P ) =

 Y
e∈P

w(e)

!1/|P |

(6.2)

Since all edge weights have been calibrated to range from 0 to 1, the PRS will also

fall within this range, with 1 indicating maximum reliability (all edges have maximum

weight) and 0 indicating minimum reliability (at least one edge has zero weight). By using

the geometric mean, paths traversing even a single low-weight edge in the graph will be

assigned a relatively low PRS, making them less likely to be considered in the analysis.

Filtering paths based on the reliability score

Given a specific metapath, the distribution of PRS can vary across gene pairs, with some

gene pairs presenting mainly unreliable paths, some showing mostly reliable paths, and

most exhibiting a mix of both (Figure 6.3.A).
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Figure 6.3. Path reliability score distributions and thresholding effect. The figure demonstrates
the impact of path reliability score (PRS) thresholding on the assessment of a specific metapath, denoted
as GeGaCCaG. This metapath represents a type of path where an intermediate gene is coexpressed with
the source gene and is associated functionally to the same cellular component as the target gene. To
investigate the effect of PRS thresholding, we evaluated the presence of this metapath across all disease-
causing gene pairs and retrieved their corresponding path scores. A. The graph presents the distribution
of path reliability scores for three selected gene pairs, highlighting the variable nature of path scores
for the same metapath. B. By imposing a minimum PRS threshold, we analyze its impact on two key
metrics: Pathogenic gene pair coverage (the proportion of pathogenic gene pairs presenting the metapath
with at least one path score above the threshold) and the Average Number of Paths (the average number
of paths passing the threshold for all covered pathogenic gene pairs).

To enhance the interpretability of metapaths (i.e. how many KG paths on average are

yielded for that metapath) while maintaining sufficient coverage, we can set a minimum

path reliability score (PRS) threshold as an additional condition for a metapath to match

a gene pair. This conditional threshold selectively retains the most reliable paths, pri-

oritising trustworthy relationships and improving interpretability. However, overly strict

PRS thresholding may reduce the coverage of the metapath (see Figure 6.3.B). Striving

to strike a balance between interpretability and coverage, we aim to find a minimum PRS

threshold that preserves a few highly reliable paths across as many pathogenic gene pairs

as possible. For example, as depicted in Figure 6.3.B, a threshold of approximately 0.3 still

achieves a coverage of 0.6 (vs. 0.76 initially) with an average of 30 paths (vs. 138 initially)

returned per covered pathogenic gene pair. This approach can be likened to reducing noise

while retaining essential signal, ensuring meaningful relationships are effectively captured.

We illustrate, in Figure 6.4, how the metapath previously shown, can be turned into
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WITH path , relationships (path) AS rels , size ( relationships (path)) AS path_length
WITH path , reduce ( log_product = 0.0 , r IN rels | log_product + log(r. score )) AS

,→log_product , path_length
WITH path , exp( log_product / path_length ) AS geometric_mean_score
WHERE geometric_mean_score >= 0.4
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Figure 6.4. Metapath KG querying with path reliability thresholding. We illustrate the process
of applying the path reliability score (PRS) threshold on the metapath GeGaCCaG (see Figure 6.3 for
more details), applied as a KG query anchored on the gene pair (MY H7, T NNT2). A. Subgraph
obtained by querying the metapath without PRS threshold. B. KG query, expressed in the Cypher
language (Neo4J), applying both the metapath and the PRS threshold (here 0.4). C. Subgraph result
of the query in B., where paths of lower quality have been filtered (e.g all paths going through cytosol,
which association edge harbour a relatively small edge score due to its low information content).
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a KG query, with a minimum PRS threshold that select a reduced set of reliable paths.

For instance, in the example given, all paths traversing the cellular component Cytosol

are filtered, due to its low information content (i.e lack of specificity).

In conclusion, the extraction of metapaths is a powerful approach to automatically

generate meaningful features capturing diverse short and long-range interactions between

gene pairs within the knowledge graph, BOCK. The introduction of the path reliability

score offers a systematic way to filter paths underlying metapaths, facilitating their manual

inspection, and thereby enhancing their interpretability.

To achieve our goal of accurately detecting pathogenic gene pairs while ensuring full

interpretability, our next section presents a novel methodology that leverages the ex-

tracted metapaths as rules and incorporates path score thresholding to build a robust

and interpretable classifier.

6.3 A novel approach to leverage metapaths as rules

for interpretable link prediction

To address the challenge of accurately detecting pathogenic gene pairs while ensuring

interpretability, we introduce a novel methodology called ARBOCK (Associated Rule

learning on BOCK). This novel approach harnesses path characteristics (known as meta-

paths, as discussed in Subsection 6.2.1) that connect possible pathogenic gene pairs within

the BOCK framework. Our aim here is to construct a rule-based model that can classify

these gene pairs with accuracy while providing explanations in the form of subgraphs in

BOCK.

We begin by giving a broad overview of this innovative predictive framework with its

key parameters. We then explain the specifics of each stage in the process. Finally, we

provide details on the availability of the framework and the reproducibility of the research

presented in this chapter.
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Figure 6.5. KG-based associative classifier training workflow. The diagram outlines how our
framework uses labelled gene pairs and the path information in BOCK to train a rule-based model
predicting pathogenic gene interactions. (1) For a given disease-causing gene pair (e.g. D1 (GS ,GT )),
all paths in BOCK, up to a chosen length cutoff, between nodes GS and GT are collected, ignoring edge
directions. Paths traversing “OligogenicCombination” or “Disease” entities are excluded ; (2) Each path
is attributed a reliability score based on the original edge weight. Paths are then aggregated into their
metapaths (i.e. path types) (M) ; (3.a) Association rules (R) are mined by finding frequent patterns
of metapaths occurring in disease-causing gene pairs (D). Rules are extended with additional metapath
conditions as long as their support (i.e. the weighted frequency of the pattern) is greater than a defined
threshold (minsup) ; (3.b) Rules can be extended with a unification condition (e.g. node GX common
to metapaths M1 and M2) if such pattern remains frequent ; (3.c) The mined rules are refined with
path reliability thresholds aiming to filter paths of lower quality while preserving a high rule support ;
(4) Using all pre-mined rules (R) and training data made of disease-causing gene pairs (D) as positive
examples and a set of putative neutral gene pairs (N) as negative examples, a decision set model is trained
by selecting a subset of predictive rules.
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6.3.1 Framework overview and parameters

Built on associative classifier principles [231, 233, 294], this two-step model starts by

generating a rule set from local patterns of the pathogenic gene pairs (Figure 6.5.2 and

Figure 6.5.3). The second step combines these rules into a decision set (DS) classifier [235],

enabling identification of potential pathogenic gene pairs (Figure 6.5.4). This approach

was chosen to balance interpretability and performance.

The model’s parameters, summarised in Table 6.1, can be adjusted to manage com-

putational complexity and the volume of discovered patterns. These parameters were

empirically determined in this study to optimise predictive performance while minimising

explanation complexity (see Subsection 6.6.1). Details on each step of this framework are

provided next.

Parameter Description Step Algorithm Range Set value

path_cutoff
Maximum number of
edges traversed for a

path
Path extraction Depth-first search [1, ∞[ 3

minsup_ratio

Minimum fraction of
oligogenic samples to

consider a pattern
frequent

Rule mining Weighted apriori ]0, 1[ 0.2

max_rule_length
Maximum number of
metapaths in a rule Rule mining Weighted apriori [2, ∞[ 3

α

Relative importance
of positive coverage

over negative
coverage

Model training Greedy weighted set cover ]0, 1[ 0.5

Table 6.1. Framework parameters summary. This table presents the parameters defined in the
ARBOCK approach. For each parameter, a description, its relevant step in the process, the algorithm
employed in that step, the range of potential values, and the specific value chosen for this study are
provided.

6.3.2 Path traversal and confidence scoring

First, the relational information between all selected gene pairs is captured via a path

traversal of the oligogenic KG, a path filtering procedure and a subsequent aggregation

of paths into path types, also known as metapaths (Figure 6.5.2).

In the initial phase of the method, a traversal is conducted over all potential paths

within the oligogenic KG between each identified gene pair. Each path begins from the
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gene with the lowest Residual Variant Intolerance Score (RVIS) [180] and ends at the

gene with the highest score. The traversal process is not constrained by the original edge

directionality; however, this directionality is encoded within the resulting metapath.

Finally, the paths are aggregated into metapaths, a sequence of node types and edge

types that records the semantic pattern of the relationship. The original path information

is recorded for later use in the mining stage.

To be able to compare and rank paths following the same metapath based on the infor-

mativeness and quality of relationships, a path reliability score is also attributed to each

path by computing the geometric mean of all composing edge scores (see Subsection 6.2.2).

Note that, for the subsequent analyses presented in this research, the path_cutoff

parameter, limiting the maximum number of edges in a path, was set to 3, which ensures

full connectivity among known pathogenic gene pairs (see Chapter 5 - Figure 5.15). We

also discarded paths traversing “OligogenicCombination” or “Disease” entities, as these

inherently contain the answers to our predictive problem. Additionally, paths traversing

inconsistent edge properties were discarded such as paths crossing multiple “coexpresses”

edges, with discordant tissue properties.

6.3.3 Association rule mining on paths

After extracting paths and metapaths, frequent associations of metapaths are extracted

from the disease-causing gene pairs using a level-wise search based on the Apriori al-

gorithm [218], designed for the efficient exhaustive discovery of frequent patterns over

transactional data (Figure 6.5.3.a). These patterns are considered as class association

rules (CAR) [231] in the form: conditional pattern → class label, with disease-causing

(lD) as the only class label (see Material and Methods - Subsection 3.5.3).

Each mined rule r is associated with a support value based on the covered disease-

causing gene pairs Cr(D). We set the minsup_ratio parameter controlling the mini-

mum relative support to consider a rule valid to 0.2 for this study. Both support and

minsup_ratio were adjusted according to the weight associated with each gene pair in

order to give more importance to instances with higher confidence. For this study, the

max_rule_length parameter was set to 3, limiting the maximum number of metapath
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conditions in a rule.

We extended the mining of simple metapath associations by searching for unification

constraints between metapaths (Figure 6.5.3.b). Unifications are variables expressed in

multiple conditions that can be substituted with the same value. This concept has been

adapted to metapaths by searching for nodes at the intersection of paths associated with at

least two different metapaths. Unified patterns were limited to one unification constraint

and these patterns have the same minimum support constraint.

Finally, to minimise the redundancy of mined patterns, we limited the mining to closed

itemsets, by discarding all patterns where at least one of its superset pattern has the same

support count [230] (see Material and Methods - Subsection 3.5.3).

6.3.4 Optimisation of path reliability thresholds

Subsequently, rules are optimised with path reliability thresholds to improve interpretabil-

ity and limit potentially spurious paths (Figure 6.5.3.c).

The aim of this stage is to refine rules with conditions filtering out paths below a certain

path reliability score threshold (Subsection 6.2.2). We implemented this refinement stage

by searching, for every metapath composing a rule, a minimum threshold in the interval

[0, 1] conditioning the associated paths in the training set to be scored with a value higher

or equal to that threshold (see Subsection 6.2.2 for an illustration of this process).

Note that, if high threshold values for a rule are set, fewer paths may be yielded, but

the rule support may be decreased or the rule may even be invalidated if the support

doesn’t meet the minimum support constraint; therefore, this search was implemented to

take this tradeoff into account.

A differential evolution algorithm [295, 296] was used for this search, considering the

non-linear problem to be solved (see Material and Methods - Subsection 3.5.2). This

algorithm works by evolving and combining a population of solutions (here, the optimal

threshold values for a rule), retaining the most fit candidate solutions at each generation.

We implemented the fitness of a rule, given a set of thresholds Θ, as defined in Equa-

tion 6.4. This fitness function is influenced positively by the rule support (i.e the coverage

of disease-causing instances Cr(D)) and negatively by the number of paths returned on
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matching instances Pr(d) (with d ∈ D) on average (Equation 6.3). A fitness of 0 was

returned for thresholds where the rule support was lower than minsup_ratio, to enforce

the minimum support constraint. Gene pair weights were used to adjust both the rule

support and the average number of paths calculation.

P̄r(D) =
X

d ∈ D

|Pr(d)| / |Cr(D)| (6.3)

f (r, Θ) =
1

2
·

 ��Cr|Θ(D)
��

|Cr(D)|
+

�
1 −

P̄r|Θ(D)

P̄r(D)

�!
(6.4)

This optimisation was performed with the differential evolution DE/best/1/bin scheme

[297] shown to be the most accurate and robust strategy, regardless of the characteristics

of the problem to be solved. The algorithm was set with the following hyperparameters:

a population size of 50, up to 1000 generations, a recombination constant of 0.7 and a

mutation constant dithering from 0.5 to 1.

6.3.5 Training of a decision set classifier

After mining all rules from the disease-causing gene pair set, the rules are then applied

to the neutral gene pairs (N) to estimate the rule negative coverage Cr(N) for any rule r.

Using these rules, we trained a decision set (DS) model [235], a type of associative clas-

sifier [294] based on a collection of unordered rules interpreted as disjunction (see Material

and Methods - Subsection 3.5.4). Training a decision set consists of two phases: first, se-

lecting a representative subset of rules out of an initial rule set and second, estimating

the class probabilities associated with each model decision (Figure 6.5.4).

We implemented the first phase with the weighted set cover algorithm, inspired by the

RUDIK rule mining method [155]. This greedy heuristic can find a representative subset

of rules in reasonable time constraint (see Material and Methods - Subsection 3.5.4). In

this approach, a weight is assigned to a candidate rule set (Equation 6.5), with lower

weights given to rule sets that have a high coverage of disease-causing gene pairs (CR(D))

and a low coverage of neutral gene pairs (CR(N)). We adapted the coverage calculation
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to take into account instance weights. A parameter α ∈ [0, 1] calibrates the relative

importance of the positive coverage or negative coverage.

w(R) = α ·
�

1 − |CR(D)|
|D|

�
+ (1 − α) ·

�
|CR(N)|

|N |

�
(6.5)

This algorithm also defines a marginal weight wm (Equation 6.6), that quantifies the

weight increase by adding a rule r to the decision set of rules R.

wm(r) = w (R ∪ {r}) − w(R) (6.6)

The greedy procedure starts with an empty decision set solution R. Then, at each

iteration, it picks the rule from the original rule set with the minimum marginal weight

and adds it to the solution R. The procedure stops when the marginal weight is greater

than or equal to 0.

The selected rules were then used to build a predictive model. We assigned to each

rule a probability estimate for the disease-causing class label (lD), defined in Equation 6.7.

This estimate corresponds to the precision of the rule corrected by the class imbalance in

the training dataset. Note that probability estimates returned by the model are uncali-

brated and mainly serve as the basis for binary classification, according to a classification

threshold (see Material and Methods - Subsection 3.5.1).

p(lD|r) =
|Cr(D)|

|Cr(D)| + |D|
|N | · |Cr(N)|

(6.7)

The model decision process was set up according to these criteria, following the same

logic proposed by [235]:

1. if a gene pair matches multiple rules in the decision set, the rule with the highest

probability estimate is chosen;

2. If a gene pair does not match any of the rules, it is predicted as neutral with a

probability estimate based on uncovered training instances.

The trained DS model takes a gene pair and its associated BOCK-paths as input and

returns a probability estimate of pathogenicity along with the matched rules, if any.
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6.3.6 Availability of the framework and reproducibility

The ARBOCK framework is provided as an open-source software at:

https://github.com/oligogenic/ARBOCK. It includes all scripts necessary to make

predictions and generate explanations, as well as scripts to train and evaluate new models.

We provide a Python notebook to reproduce the presented plots and tables. The predictive

models presented in this study and the predictive result files are available in the same

repository, under the models/ folder.

6.3.7 Runtimes

The current implementation, tested on an Intel Core i7, is capable of retrieving path data

from BOCK at an average speed of 1.16 seconds (SD = 2.2) for each gene pair (using

path_cutoff=3), and produces predictions along with corresponding explanations at an

average rate of 0.5 milliseconds (SD = 2.9) for each gene pair. Excluding the path retrieval,

the training of a new model (rule mining + decision set learning), using the parameters

and the full data presented in this study, took an average of 29.26 mn parallelised on 8

cores.

6.3.8 Preliminaries on the presented analyses

In the following presented analyses, we applied our novel predictive framework, ARBOCK,

on two labelled training datasets: a positive set (D) of 441 disease-causing gene pairs

with established familial or statistical evidence of pathogenicity, and a negative set (N) of

44,100 putative neutral gene pairs, selected from a cohort of healthy individuals. From the

positive set, we also held a test set of 15 pathogenic gene pairs from the recent literature

with reliable clinical evidence.

Each gene pair is given a weight signifying the confidence in its label. Detailed pro-

cess for these sets’ creation is described in Chapter 5 - Selection and weighting of gene

combinations.
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6.4 Frequent graph patterns associated with pathogenic

gene pairs

Considering only the rule mining part of our framework and the previously defined param-

eters (see Table 6.1), we now explore common patterns occurring in the 426 pathogenic

gene pairs from the training dataset. These patterns, represented as rules, are integral to

the following predictive modelling stage. Each rule is formulated as a set of conditions,

involving multiple metapaths, associated to a class label (here, the disease-causing label

lD).

Upon considering all valid paths (incl. Pheno), 6917 rules were mined. Conversely,

excluding paths traversing Phenotype nodes (excl. Pheno) resulted in 4124 rules.

6.4.1 Association rule metrics

We decided to explore rules based on their coverage over the disease-causing (D) and

neutral (N) sets. We used two relevance measures commonly used in data mining, the

rule support (i.e. the ratio of disease-causing gene-pairs associated with the conditional

clause) and the rule confidence (i.e. the likelihood of a gene-pair being pathogenic when

it matches the conditional clause). The confidence distribution of the rules, in relation to

their support is presented in Figure 6.6.

The individual rules extracted from the oligogenic cases in BOCK range from a support

of 0.2 (i.e. the minimal reachable bound) to 0.62, with a distribution skewed towards low

support, owing to the high number of complex and more specific patterns mined. The

majority of extracted rules individually exhibit a confidence in the range [0.56, 0.98], with

only 204/4124 rules with a confidence higher than 0.9. Integrating both distributions

shows that the most interesting rules (with a confidence higher than 0.9) individually

only cover up to 34% of pathogenic cases. Therefore, a combination of multiple rules is

necessary to cover the entire spectrum of known oligogenic interactions.
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Association Rules incl. Phenotype Association Rules excl. PhenotypeB.A.

Figure 6.6. Distribution of all candidate association rules obtained by mining all disease-causing gene
pairs in the training set, according to two metrics: the rule support (i.e. the ratio of pathogenic gene
pairs associated with the rule pattern) and the rule confidence (i.e. the likelihood of a gene pair being
pathogenic when it matches the rule pattern). Note that, due to the high imbalance in the dataset,
the rule confidence metric was adapted to rebalance the negative coverage. The darkness of the shade
increases logarithmically with the number of rules. A. Rules mined from paths including Phenotype
(incl. Pheno). B. Rules mined from paths excluding Phenotype (excl. Pheno).

6.4.2 Rule metapath and metaedge content

To better understand the relationship between the rule metapath content and its predic-

tive power, we analysed metapaths significantly associated with higher rule confidence,

enabling us to shed light on the most influential types of relationships (Figure 6.7).

Analysing the rules’ conditions, 16 metapaths emerged as significantly associated with

higher confidence rules (Figure 6.7.A). High-confidence rules often include metapaths re-

lated to similar phenotypes (50%), biological processes (31.2%), and molecular functions

(12.5%), and involve intermediate genes (75%) linked with a diverse range of relation-

ships. Metapaths containing phenotype information, specifically GaPaG and GaPrPaG

(reflecting common and related phenotypes between gene pairs), hold the most influence

among high-confidence rules.

Analysis of the rules’ conditions revealed 16 metapaths significantly associated with

higher confidence rules, of which 8 were unique to this setting (Figure 6.7.B). High-

confidence rules predominantly present heterogenous metapaths associated with a wider

range of entities including biological processes (43.8%), molecular functions (18.8%), cellu-

181



Chapter 6. ARBOCK: A knowledge graph approach to predict and interpret pathogenic
gene interactions

Metapaths in Rules incl. Phenotype Metapaths in Rules excl. PhenotypeB.A.

Figure 6.7. Metapath influence on rule confidence Metapaths significantly associated with higher
rule confidence are shown. Rule confidence distributions are compared for each metapath, considering
both its presence and absence as a rule condition. The significance of the difference is determined using
a one-tailed Wilcoxon ranksum test with Bonferroni correction (adjusted p-value ≤ 0.01). Metapaths are
ranked based on their effect size, measured by the rank-biserial correlation. A. Rules mined from paths
including Phenotype (incl. Pheno). B. Rules mined from paths excluding Phenotype (excl. Pheno).

lar components (12.5%), protein families (6.2%), and protein domains (6.2%). Metapaths

related to biological processes and molecular functions are most influential. Particularly,

GpGaBPaG and its reverse, which capture shared processes between a gene pair and an

interacting gene, stand out in the highest confidence rules.

6.5 Decision set model predictive performance

In this section, we evaluate the full decision set models produced by the ARBOCK frame-

work. We first evaluate the predictive performance of these models. We then explore the

effect of including Phenotype paths and generalise these observations to the DiGePred

model [85].

6.5.1 Predictive performance

Using our new approach with the parameters described previously (see Table 6.1), we

trained decision set (DS) models based on 426 pathogenic gene-pairs and 42,600 neutral

182



6.5. Decision set model predictive performance

gene pairs (imbalance ratio of 1:100), holding-out 15 recently published and high-quality

pathogenic gene pairs for independent testing (see Chapter 5 - Section 5.4).

We analysed two DS models: DS incl.Pheno (including Phenotype-traversing paths)

and DS excl. Pheno (excluding Phenotype-traversing paths). Both were evaluated using

a stratified 10-fold cross-validation strategy, enabling a robust evaluation of predictive

performance (see Figure 6.8 for an overview of the model evaluation process).
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Figure 6.8. ARBOCK evaluation by cross-validation. Diagram summarising the evaluation of
the ARBOCK models. After holding-out an independent test set, the remaining gene pairs comprised of
426 disease-causing gene pairs (D) and 42,600 neutral gene pairs (N) (and their associated paths from
BOCK) are used to evaluate the predictive performance of the model using a stratified 10-fold cross-
validation strategy. (1) First, the dataset is splitted into 10 subsamples which are used to create 10
cross-validation folds. Each fold is segmented into a training set (90% of the fold) and a test set (10%).
(2) The subsamples are sampled in a stratified way, conserving the 1:100 imbalance between the D and
the N class. (3) The model is trained using the training data of a given fold, according to the procedure
described in Section 6.3. (4) The test set of the given fold is evaluated against the trained model to
obtain predictions and explanations enabling the computation of predictive performance and explanation
statistics (e.g number of rules, number of paths). (5) The procedure is repeated for each fold and all
statistics are aggregated for further analyses.

Based on the cross-validation results, we defined optimal classification thresholds for

each model based on the ROC curve. The final trained models were tested on the held-out

independent test set. We reported predictive performance measured with the Area Under

the Receiver Operating Characteristic (AUROC) and the Area Under the Precision-Recall
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Curve (AUPRC) (see Material and Methods - Subsection 3.5.1).

We summarised essential information to assess this machine learning approach follow-

ing the DOME recommendations [298] in Table A.3.

A. B.

C.

Figure 6.9. Decision set models performance. Two DS models have been evaluated: one trained
with all valid paths (DS incl.Pheno) and one trained without Phenotype-traversing paths (DS excl.
Pheno), on a stratified 10-fold cross-validation setting. A test set of 15 pathogenic gene pairs from
recent literature has been held out for independent evaluation. (A) Receiver operating characteristic
(ROC) curve obtained by averaging all fold curves. The best classification threshold is evaluated using
the geometric mean between the sensitivity and the specificity. (B) Precision-Recall curve obtained
by averaging all fold curves. (C) Test set predicted probabilities, displayed in decreasing order. The
horizontal lines represent the optimal thresholds for binary classification.

The performance of these models is depicted in Figure 6.9. The DS incl.Pheno model

achieves an AUROC of 0.903 (SD = 0.03) and AUPRC of 0.548 (SD = 0.07), recalling

81.8% of pathogenic gene pairs with a 6.6% false positive rate at the optimal classification

threshold. The final model, consisting of 35 rules, successfully predicts 10/15 held-out

pathogenic gene pairs.
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In comparison, the DS excl.Pheno model achieves an AUROC of 0.810 (SD = 0.03)

and an AUPRC of 0.200 (SD = 0.07), recalling 75.9% of pathogenic gene pairs with a

24.1% false positive rate at the optimal classification threshold. The fully trained model,

consisting of 27 rules, identifies 12/15 held-out pathogenic gene pairs.

6.5.2 Annotation bias and the use of phenotype information

Comparison of decision set models

While the model incorporating phenotype information delivers promising results, its lim-

itations must be considered. Specifically, the disproportionate Gene-Phenotype annota-

tion coverage in disease-associated genes could introduce bias in machine-learning models

trained on this dataset (see Chapter 5 - Section 5.5.1). This suggests that models trained

with phenotype association features could primarily make decisions based on these fea-

tures and thus, disproportionately identifying gene pairs from the limited 23.5% pool of

phenotype-annotated genes.

The phenotype-inclusive model (DS incl. Phenotype) is highly influenced by phe-

notype annotation. However, this model can nonetheless capture indirect Phenotype

relationships due to the metapath-based design of its rules. This property enables the

coverage of a wider pool of genes than methods relying on direct Phenotypic associations

only (see example of the gene pair MYO7A-SHROOM2 in Table 6.2).

Comparison with the DiGePred model

We examined the Digenic Gene Predictor (DiGePred) [85], a statistical machine-learning

method that reports high-accuracy (reported average AUROC of 0.972 in cross-validation

[85]) in predicting pathogenic gene pairs. This model assigns 44% of feature importance

to phenotype-based characteristics, indicating a strong reliance on such features.

We evaluated this model on our independent test set comprised of recently published

instances (i.e potentially less affected by such knowledge bias). From the results presented

in Table 6.2, we can note that DiGePred was able to correctly identify 4/15 pathogenic

gene pairs. All four correctly predicted instances were fully annotated with phenotype
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terms. The remaining non-predicted gene pairs often lacked complete phenotype anno-

tation (6/11) or had limited common phenotype terms (Jaccard Index between 0.01 and

0.11), making them harder to identify by this model, which uses features such as the

Phenotype Jaccard index and the total number of phenotypes associated for each gene.

Gene pair (A,B) #Pheno. A #Pheno. B Phenotype
Similarity DiGePred DS

incl.Pheno
DS

excl.Pheno

HOXB3-TG 0 32 0.00 0.00 0.06 0.80

CDCA8-DUOX2 0 38 0.00 0.01 0.92 0.84

MYO7A-SHROOM2 34 0 0.00 0.02 0.98 0.97

MITF-C2orf74 58 0 0.00 0.02 0.06 0.12

JAG1-DUOXA1 96 0 0.00 0.01 0.06 0.12

POLG-PPFIA4 245 0 0.00 0.03 0.06 0.12

BMPR2-NOTCH3 19 133 0.01 0.05 0.98 0.93

MYH7-ANKRD1 171 8 0.05 0.23 1.00 0.97

PKHD1-PKD1 75 27 0.10 0.03 1.00 0.97

CHD7-CDON 217 116 0.10 0.38 1.00 0.84

TRAPPC11-TTN 73 114 0.11 0.26 0.99 0.89

SPG7-SPAST 53 34 0.21 0.66 1.00 0.80

TSHR-SLC26A4 60 35 0.28 0.88 1.00 0.80

SLC20A2-PDGFRB 35 108 0.32 0.72 1.00 0.80

LAMA3-LAMB3 71 74 0.84 0.90 1.00 0.97

Table 6.2. Independent test set predicted probabilities in relation with phenotype. Table
presenting the 15 pathogenic gene pairs held-out as independent test set. For each gene pair, the number
of phenotype terms (HPO) linked to to the first and second gene is shown, as well as the Jaccard similarity
index between HPO terms of the two genes (Phenotype Similarity). The predicted probabilities are shown
for the three benchmarked models: “DiGePred” [85] (a gene pair pathogenicity predictor with features at
the gene and relationship level, including strong phenotype-based features), “DS incl.Pheno” (the decision
set trained with inclusion of paths traversing nodes of type “Phenotype”) and “DS excl.Pheno” (the decision
set trained without phenotype-based paths). Green and red colors represent the predicted classification
labels, respectively “disease-causing” and “neutral”, based on the classification optimal thresholds of these
models (DiGePred=0.496 ; DS incl.Pheno=0.929 ; DS excl.Pheno=0.788). Rows are ordered by the
Phenotype similarity. The influence of phenotype annotations over gene pairs can be observed for the
“DiGePred” and the “DS incl.Phenotype” models, both reliant on phenotype-related features.

6.6 Model assessment in varying settings

In this section, we examine how our model performs under varying conditions. We first ex-

plore the impact of ARBOCK framework’s parameters on performance and interpretabil-

ity. Subsequently, we assess the influence of excluding metaedges from the biological

knowledge graph, BOCK. Through this investigation, we aim to determine the optimal

set of parameters and assess the importance of each knowledge graph component.
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6.6.1 Framework parameter tuning

We present here in more details the parameters used in the ARBOCK framework (Ta-

ble 6.1) and how their choice was empirically determined. In particular, we analyse the

effect of the alpha, minsup_ratio and max_rule_length parameters on the model’s per-

formance, measured by the Area Under the Receiver Operating Characteristic (AUROC),

and explanation complexity, measured mainly by the number of paths on average present

in the explanation subgraph, for True Positive (TP) instances. Note that for this bench-

mark, the choice of AUROC as performance metric stems from its ability to meaningfully

evaluate and compare models irrespective of class imbalance and threshold settings, with-

out being artificially inflated by models that merely predict the majority class (e.g sets

of parameters leading to a model with only the default rule), considering our high class

imbalance setting.

Influence of decision set alpha parameter

Figure 6.10 present a comprehensive analysis of the best performing models (considering

all other parameters) according to the alpha parameter of the decision set model. At

α=0.5, performance is maximised and higher values lead to more explanation complexity,

measured as the number of matching rules and explanation path count. This model

corresponds to path_cutoff=3 ; minsup_ratio=0.2 ; max_rule_length=3.

Influence of rule mining parameters

Figure 6.11 shows the combined effect of minsup_ratio and max_rule_length, for fixed

α=0.5 and path_cutoff=3, on performance and explanation path count. Higher max_rule

_length leads to a similar performance but at the cost of increasing explanation com-

plexity. Lower minsup_ratio leads to better performance and a smaller number of paths

in explanations.
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A.

B.

C.

Figure 6.10. Influence of decision model’s alpha parameter tuning Evaluating decision set
models over a spectrum of the decision model’s alpha (α) values (0.1-0.9) and variable parameters - Path
Cutoff (path_cutoff) {2,3}, Minimum Support (minsup_ratio) {0.2, 0.4, 0.6, 0.8}, Max Rule Length
(max_rule_length) {2,3,4}, we highlight the performance and characteristics of the optimal models for
each alpha value. This evaluation is performed on the model excluding Phenotype, prone to study bias.
Optimal models for each alpha are selected based on mean AUROC from a stratified cross-validation,
keeping all within 0.01 of the highest performer to ensure comparable accuracy levels. (A) Mean AUROC
of top-performing models evaluated via stratified cross-validation on test sets (B) Measures of explanation
complexity for the associated models, calculated from predicted true positive (TP) gene pairs on the test
sets: Rule Count measures the mean number of rules per match, and Path Count measures the mean
number of paths across all rules, on average per match. (C) Parameter distribution for the corresponding
top-performing models.
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A. B.

Figure 6.11. Influence of minimum support and max rule length parameters tuning.
Heatmaps showing the influence of parameters minsup_ratio and max_rule_length on the performance
and explanation complexity for decision models trained with paths excluding Phenotype and with fixed
parameters: α = 0.5 and path_cutoff = 3.
(A) Effect on the model performance, evaluated with mean AUROC on a stratified cross-validation.
(B) Effect on the model explanation complexity, evaluated with the Path Count measure, measuring the
mean number of paths across all rules, on average per True Positive matches.

Fixing path_cutoff=2, as presented in Appendix Figure A.2 and Figure A.3, leads

to a maximum performance of 0.67 for all evaluated sets of parameters but yields simpler

explanations in terms of path count.

6.6.2 Knowledge graph metaedge ablation study

The biological knowledge graph, BOCK, contains a multitude of biological relationships

represented as different types of edges, also referred to as metaedges (as summarised in

Table 5.1). In this experiment, we seek to understand the contribution of each metaedge

in both the predictive performance and the complexity of the explanations provided by de-

cision set models, by comparing models trained with different versions of BOCK omitting

one metaedge.

We first assessed the baseline performance and complexity on a 10-fold stratified cross-

validation, similarly as done when evaluating DS excl. Pheno, described in Results (ex-

cluding Phenotype-based metaedges, i.e GaP and PrP metaedges). Using this baseline

setting as reference, we evaluate, in a similar manner, decision models based on BOCK
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excluding an additional metaedge, from the list of remaining metaedges taken into consid-

eration. For each metaedge-excluded model, we report metrics of predictive performance

(Figure 6.12) and explanation complexity (Figure 6.13), based on the 10 test folds.
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Figure 6.12. Influence of BOCK metaedge ablation on performance. Considering a decision
set model, its predictive performance is estimated by the Mean Area Under the Receiver Operating
Characteristic Curve (AUROC, red) and the Mean Area Under the Precision-Recall Curve (AUPRC,
orange). These metrics are evaluated on a 10-fold stratified cross-validation. The ’Baseline’ bar (bold)
represents the distribution of this metric for a model excluding Phenotype relationship (GaP metaedge).
Based on that baseline, all other bars represent models where an additional metaedge (type of edge, as
summarised in Table 5.1) has been removed from BOCK. Error bars indicate the standard deviation of
this metric for all evaluated test folds.

From this experiment, we can observe that eliminating physical interaction edges

(GpG) and associations with biological processes (GaBP ) from BOCK adversely affects

classifier performance. Removing other metaedges has a negligible effect on predictive

performance.

We measure explanation complexity as the average number of paths obtained for

explanations of True Positive gene pairs. A lower number of path leads to explanations

that are easier to interpret. Interestingly, omitting gene functional relationships results

in a higher average number of paths yielded in explanations, possibly due to an increased

prevalence of gene-gene relationships in rules. The removal of the coexpression relationship

190



6.7. Explaining predictions: from rules to paths

GeG reduces the number of paths in the provided explanations, likely owing to the high

frequency of GeG edges in BOCK.
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Figure 6.13. Influence of BOCK metaedge ablation on explanation complexity. Considering
a decision set model, the explanation complexity is estimated by the mean count of paths of explanation
subgraphs returned for the True Positive (TP) gene pairs. This metric is evaluated on a 10-fold stratified
cross-validation. The ’Baseline’ bar (bold) represents the distribution of this metric for a model excluding
Phenotype relationship (GaP metaedge). Based on that baseline, all other bars represent models where
an additional metaedge (type of edge, as summarised in Table 5.1) has been removed from BOCK. Error
bars indicate the standard deviation of this metric for all evaluated test folds.

6.7 Explaining predictions: from rules to paths

The predictive model presented in this work offers both global interpretability and context-

specific explanations for pathogenic gene pairs. On the one hand, the simplicity of this

model model allows users to examine all the rules that contribute to a pathogenic predic-

tion. On the second hand, it provides transparent predictions by returning the matching

rules associated with each predicted pathogenic gene pair.
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6.7.1 Inspecting the predictive rules

The rules for our predictive models, DS incl. Phenotype and DS excl. Phenotype, are

listed in Appendices Table A.5 and Table A.4 respectively. These rules can be under-

stood through their metapaths, unification conditions, and path reliability thresholds.

Additionally, their impact on the disease-causing and neutral datasets is provided, high-

lighting the gene pairs each rule covers from the training data.

Interestingly, a significant portion of the rules in our models have unification condi-

tions (30/35 in DS incl. Phenotype and 23/27 in DS excl. Phenotype), providing more

complexity and therefore more specific patterns to detect pathogenic gene pairs. For the

DS excl. Phenotype model, some rules exhibit high negative coverage. Their inclusion by

the model was certainly due to their ability to capture more pathogenic instances that

might otherwise be overlooked, indicating potential avenues for refining and uncovering

more precise patterns.

6.7.2 Explaining predictions with KG subgraphs

From rules to KG subgraphs

Every rule produced by ARBOCK can be transformed into a KG query on BOCK. Hence,

for any gene pair predicted as pathogenic by an ARBOCK model, and based on the corre-

sponding matched rules, we can extract specific subgraphs from BOCK. These subgraphs

act as contextual explanations.

These explanatory subgraphs detail specific relationships and entities related to the

gene pair in question. Such insights can assist geneticists in evaluating the predictions

made based on their domain knowledge and can highlight potential molecular mechanisms

involved in the targeted disease.

To produce these contextual explanations, we begin by identifying the matched rules

associated with a positively predicted gene pair. These rules are then used to query the

KG. The resulting paths are assembled into a coherent set of nodes and edges, forming

the desired subgraph.

Our model is able to save these explanations for each prediction, in the Graph Markup
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Language (GraphML) format [240], which can be in turn explored via graph visualisation

software such as Cytoscape [299]. Additionally, we demonstrated in Subsection 6.2.1 that

all metapaths composing a rule along with their path reliability score thresholds could be

easily translated into a KG query language such as Cypher (see Figure 6.4 for a query

example).

Illustrative examples with test set pathogenic gene pairs

To illustrate the type of explanation produced by ARBOCK, we consider the gene pair

MYH7 -ANKRD1 from the independent test set, which was predicted as pathogenic with

a high probability estimate by both decision set models. Previous studies have demon-

strated the involvement of this gene pair, with a digenic pattern, in Left ventricular

noncompaction disease (LVNC) (ORPHA:54260; HP:0030682) associated with Dilated

cardiomyopathy (DCM) phenotype (HP:0001644) based on familial evidence [300]. Ex-

ploring paths of up to length 3 between these two genes in BOCK (excluding “Phenotype”,

“Disease” and “OligogenicCombination” entities) reveals a large subgraph comprising 342

paths, 127 nodes, and 447 edges (Figure 6.14.A).

The DS excl.Pheno model applied to the MYH7 -ANKRD1 gene pair returns matching

rules ranked by their associated probabilities. Figure 6.14.B displays the top 5 rules along

with the number of paths retrieved by querying the KG. Due to stringent path thresholds

and the use of unification conditions, each of the top rules yields only a few paths. The

first two rules are showcased in Figure 6.14.C and D, providing graphical explanations.

The first rule corresponds to a pattern where both genes of the combination share a

common biological process (GaBP1aG) and where a third gene, physically interacting, is

also involved in the same biological process (GaBP2aGpG ; BP1=BP2). Both genes from

the pair are also linked with a long-range physical interaction.

The second rule describes a pattern where a central gene (G1=G2) physically interacts

with the second gene while sharing a biological process (GaBPaGpG) and a common

cellular component (GaCCaGpG) with the first gene. Both genes of the pair also share a

common biological process (GaBPaG).
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pathsp(l D)Top 5 matching rules

GaBP1aG !  0.06 & GaBP2aGpG !  0.05 & GpGpGpG !  0.29 & BP1 = BP2 70.97

GaBPaG !  0.03 & GaBPaG1pG !  0.21 & GaCCaG2pG !  0.02 & G1 = G2 50.97

GaBPaG !  0.04 & GaCC1aG !  0.13 & GeGaCC2aG !  0.26 & CC1 = CC2 80.97

GaBPrBPaG !  0.31 & GpGeG1pG !  0.38 & GpGpG2pG !  0.22 & G1 = G2 40.95

GaBPaG1pG !  0.05 & GaMFaG2pG !  0.18 & GpGaBPaG !  0.37 & G1 = G2 80.92
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Figure 6.14. Predictive explanations generated by querying matching rules on the KG This
figure showcases the example of the digenic gene pair MYH7 -ANKRD1, part of the independent test
set and predicted as disease-causing with the highest probability estimate by the DS excl.Pheno model.
(A) Subgraph extracted by traversing all paths (excluding those traversing “Phenotype”, “Disease” and
“OligogenicCombination” nodes) of a length ≤ 3. A total of 342 paths, 127 nodes and 447 edges exists.
(B) Top 5 matching rules ranked by their associated probability estimate. Each rule is written in their
abbreviated form (see Table 5.1) with its conditions separated by &. Indices for node types (e.g. BP1)
are used in unification conditions (e.g. BP1=BP2) to constrain entities to be the same across different
metapaths. The numerical value associated with each metapath (e.g. ≥ 0.21) sets the path reliability
threshold, which conditions the minimum path reliability score of all underlying paths. We display the
number of paths obtained by querying the KG with the rule with that specific gene pair. (C) Returned
explanation subgraph for the 1st rule based on the 7 matching paths. (D) Returned explanation subgraph
for the 2nd rule based on the 5 matching paths. Entity types are represented with the same colors as in
(A). Explanations subgraphs for the 3rd, 4th and 5th rules are provided in Appendix Figure A.4.
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In 4 out of the 5 presented rules, functional entities associated with the sarcomere

(GO:0030017, GO:0045214) are shown relevant both via direct and indirect paths (Fig-

ure 6.14 and Appendix Figure A.4). Mutations in sarcomere protein genes have been

linked to both LVNC and DCM diseases [301, 302]. Among traversed genes, ACTN2

has been previously associated with LVNC [303], TTN to LVNC and DCM [304, 305]

and MYPN to DCM [306]. The association of other genes postulates novel hypotheses

for further exploration. For example, MYL1, MYOM2, TRIM63 and PSMD4 have been

broadly associated with myopathies [307, 308, 309, 310] but not directly to LVNC or DCM

yet, and could therefore be considered as potential targets to investigate.

To illustrate the limits of our approach, consider the gene pair HOXB3 -TG, part of

the independent test set, involved in congenital hypothyroidism (ORPHA:442) with a

digenic pattern [311]. This gene pair is predicted as neutral by the DS incl.Pheno but as

disease-causing by the DS excl.Pheno model, though with the lowest predicted probability

estimate among the 12/15 positively predicted gene pairs (see 6.9.C). The gene pair is

predicted as neutral by the DS excl.Pheno model as rules in this model tend to constrain

the presence of associated phenotypes while the gene HOXB3 is not associated with any

phenotype (see Appendix Figure A.6.A). We could also observe that for the DS excl.Pheno

model, a single rule is matched (see Appendix Figure A.5). However, the corresponding

contextual explanation does not provide any relevant entities to explain the disease phe-

notype, as the traversed biological process and cellular location terms lack specificity and

the traversed genes do not show any biological relevance or prior associations to the dis-

ease. Nonetheless, we could observe that BOCK contains potentially more informative

and relevant paths to explain the physiopathology (see Appendix Figure A.6.B). This case

serves to highlight a limitation of the current predictive approach: while the models may

classify a gene pair as disease-causing, the rationale for such a classification may not be

biologically informative or relevant.

Advantages of contextual explanations

These examples demonstrate the strength of the ARBOCK approach compared to tra-

ditional statistical machine-learning techniques. ARBOCK models not only provide pre-
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dictions but also contextualise them with explanations directly related to background

knowledge, thereby bridging computational predictions with biological interpretations.

Unlike explanations derived from abstract features that can be challenging to decipher,

ARBOCK offers insights into concrete entities and relationships, tailored to the specific

gene pair of interest. This type of explanation provides geneticists with valuable insights,

enabling both the expert validation of predictions and the discovery of novel, yet to be

explored, mechanistic hypotheses.

6.8 Conclusion

In this chapter, we provided an extensive overview of the development and functionality

of ARBOCK, an interpretable machine learning method that leverages the comprehensive

data in the BOCK knowledge graph (KG) for predicting pathogenic gene interactions. We

initially emphasised the potential of metapaths as predictive features and demonstrated

their utility as queries for retrieving relevant information from the KG. We subsequently

introduced an innovative predictive framework, integrating these metapaths to mine com-

plex rules for link prediction. Thereafter, we examined the specific patterns characterising

pathogenic gene pairs and assessed the performance of the rule-based model. Finally, we

emphasised the inherent interpretability of the model, showcasing its capability to explain

predicted pathogenic gene pairs via subgraphs derived from BOCK.

The development of ARBOCK arose from the need for improved interpretability in

predicting gene interactions associated with oligogenic diseases. Beyond simply predicting

pathogenic gene interactions, we demonstrated that ARBOCK’s models, grounded in

both KG paths and rules, offer direct insights into the contextual knowledge behind the

predictions. This gives geneticists an intuitive means to understand the predictions. These

contextual explanations not only enhance the trustworthiness of the models by allowing for

the assessment of their validity but also aid researchers in formulating hypotheses about

the underlying biological mechanisms related to the genetic disease under consideration.

The ARBOCK approach, while promising, is not without challenges. A predominant

concern relates to accuracy, as we showed that our model excluding phenotype paths can
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still predict many false positives. While ARBOCK enhances the interpretability of genetic

predictions, navigating multiple rule-based explanations without a systematic evaluation

method can introduce ambiguity for the user. Ensuring a balance between interpretability

and accuracy remains crucial for real-world applications and further advancements.

Moving forward, there are opportunities to further refine ARBOCK. Introducing novel

techniques to improve the relevance of explanations, and adding more features at the gene

level may strengthen its predictive capabilities. This approach could also be combined

with novel or existing statistical approaches for improved accuracy. As of now, ARBOCK

serves as a significant advancement, highlighting the value of knowledge graph-based

models in genetic research and laying the groundwork for future, more refined interpretable

tools.
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Chapter 7

Discussion and Conclusion

This final chapter reflects upon the main objectives of our research and the corresponding

contributions, each of which was directed towards enhancing the understanding of predic-

tive approaches related to oligogenic diseases. Firstly, we improved the interpretability of

existing predictive models by providing context to predictions. This was done by designing

a novel integrated platform aiding geneticists in the analysis and exploration of patient-

level variant data. Secondly, we developed a comprehensive biological knowledge graph,

integrating data from known oligogenic diseases with multi-scale biological networks, thus

offering a robust tool for exploring the complex interrelationships within oligogenic dis-

eases. Lastly, we implemented an interpretable machine learning model that not only

predicts the pathogenic potential of gene pairs but also provides insightful explanations

into the underlying mechanisms of these diseases.

Beyond these key contributions, this chapter will also highlight some of the limitations

and challenges encountered during our research. Recognising these allows us to outline

potential areas for improvement and refinement in our methodologies and results. This

will be followed by a discussion of potential future directions for research.

7.1 Scientific contributions

The field of medical genetics has experienced a transformative shift in recent years, with

the traditional Mendelian model of genetic inheritance being challenged by an expanding

understanding of human genetic disorders. These disorders often exhibit incomplete pen-

etrance, high phenotypic variability or locus heterogeneity, leading to the consideration
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of alternative genetic models (Section 1.2).

The oligogenic model of inheritance has gained increasing attention over the last years.

Oligogenic diseases, where a combination of causative variants is distributed among two

or a few genes, offer a unique perspective for understanding genetic disorders that do not

fit the traditional ‘one gene - one phenotype’ model. This model is particularly relevant

for studying rare diseases, providing a bridge between the established monogenic and the

poorly understood complex or polygenic disorders (Section 1.3).

Despite the promising potential of the oligogenic model, significant challenges have

remained, particularly with regards to the interpretability of predictive methods that

have been developed to detect pathogenic variant or gene combinations. Existing tools,

while demonstrating accurate predictions, often lack clear explanations to enhance our

understanding of causal characteristics behind these gene interactions. This presents a

substantial hurdle for geneticists trying to validate these predictions or use them as a

basis for generating new hypotheses about disease mechanisms.

To address these challenges, our research has made three major scientific contributions.

Firstly, we developed ORVAL an interactive web platform designed for the prediction,

contextualisation and analysis of disease-causing variant combinations. This platform

integrates established machine-learning models identifying pathogenic variant combina-

tions and leverages post-hoc interpretability strategies to explain them, while also placing

predictions in the context of existing biological knowledge. It equips geneticists with a

user-friendly integrated tool, enabling the submission of patient-specific variant data and

the exploration of multiple predictive results at different biological level. In particular,

it provides insights into feature contributions, gene pathogenicity networks, and gene

module mapping to biological networks (see Chapter 4). This resource bridges the gap

between complex genetic predictions from statistical machine-learning methods and prac-

tical analysis aimed to support their interpretation for the end-users, giving geneticists

an accessible tool to aid their research and diagnoses.

Secondly, we constructed a comprehensive biological knowledge graph (KG), BOCK,

that integrates data from known oligogenic diseases with information from multiple bi-

ological networks. This integration captures the complex relationships and intricate in-
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teractions of oligogenic diseases, offering a rich, multi-dimensional perspective on these

disorders (see Chapter 5). By using this KG, researchers can explore oligogenic disease

information on a more systematic level and confidently examine gene relationships with

traceable evidences. This new resource also expands potential feature engineering and

machine-learning techniques that could be applied to solve existing or new predictive

tasks.

Lastly, we proposed a novel interpretable model that leverages BOCK to provide

meaningful explanations for pathogenic gene interactions. This model is built upon the

semantics of paths between gene pairs in BOCK, effectively learning and applying rules

for predicting potential pathogenic interactions (see Chapter 6). Unlike many existing

machine-learning models, this approach has been designed to be fully transparent, facil-

itating the interpretation and assessment of predictions and providing geneticists with a

much-needed tool to investigate the causal mechanisms behind oligogenic diseases.

Our research contributes significantly to the understanding of disease genetics, pro-

viding novel insights into interpretable machine learning in the biomedical field, the use

of knowledge graphs, and furthering our understanding of oligogenic disease underlying

patterns. Through our various developments and contributions, we explain how these

areas are interconnected and vital for medical genetic research.

7.1.1 Explainable machine-learning in medical genetics

The demand for explainability in machine learning is strong within the biomedical field,

especially in genetics. Experts often seek to understand the rationale behind a particular

prediction, allowing them to apply their domain knowledge when validating the output.

In this thesis, we explored two strategies to explain predictions: the use of post-hoc

explanation techniques for gaining insights into existing statistical models (considered as

black-box models) and the use of inherently interpretable models (or white-box models)

(Section 1.4).

In the ORVAL platform (Chapter 4), we implemented a post-hoc explanation strategy,

where black-box predictions are individually explained by their feature contributions or

contextualised within domain knowledge. For example, we provided users with a detailed
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breakdown of feature contributions for each prediction made by the Variant Combination

Pathogenicity Predictor (VarCoPP) [83], allowing the most influential features driving a

specific prediction to be scrutinised. This approach focuses on the relative importance of

individual features in a specific decision, but does not explicitly reveal how these features

interact or offer a general decision-making rationale for the model [95, 104]. Therefore, to

supplement these explanations, ORVAL leverages prior knowledge to provide contextual

information for the predictions (as discussed in the next section), thereby enabling to

assess the biological significance of biological relationships between predicted candidate

genes.

When developing ARBOCK (Chapter 6), we chose to develop an inherently inter-

pretable model that can provide, at the same time an interpretation of the model’s inner

working and decisions while also providing insightful contextual explanations. ARBOCK

employs a rule-based model that provides both global and local interpretability, reveal-

ing feature interaction and complex patterns to the users while also directly revealing

the model’s inner working. This model also uses highly interpretable features based on

metapaths extracted from BOCK. This provides our model with the ability to gener-

ate predictive explanations in the form of KG subgraphs. Compared to models using

features based on abstract and complex scores, such as in VarCoPP, this approach can

provide concrete domain knowledge and make explanations more intuitive for geneticists

and researchers.

Our research underlines that the interpretability of a model does not depend solely on

the model’s characteristics or post-hoc explanation techniques; the choice of features used

also significantly impacts the explainability of models. Moreover, the use of contextual

explanations based on background knowledge in both ORVAL and ARBOCK can im-

prove trust in predictions by allowing domain experts to assess them based their domain

expertise [133].

As part of our exploration into rule-based models (Chapter 6), we considered using

an associative classification approach [231, 294], guided by the ‘Local Patterns to Global

Models’ (LeGo) principle [233]. This two-step approach begins by mining promising in-

dividual patterns before integrating them into a coherent model for a broader task. We
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performed the mining stage in an unsupervised manner on the minority class instances

– the disease-causing gene pairs – using a frequent itemset mining approach. Our find-

ings suggested that this approach not only permits a more extensive exploration of the

feature space compared to traditional greedy methods but also helps discover useful rules

in an imbalanced dataset [312]. This method controls the number of pathogenic gene

pairs supporting a given pattern, limiting the risk of model overfitting. Finally, the final

model was designed as a decision set classifier [235] due to its inherent ability to enhance

interpretability by enabling each rule to be examined and interpreted independently of

other rules.

These findings can be particularly valuable in the biomedical field, where imbalanced

datasets with rare positive cases are common. Furthermore, our findings emphasise the

importance of model structure when interpretability is a primary concern.

7.1.2 Leveraging background knowledge for biological insights

Another central theme of this thesis was to harness structured background knowledge –

comprising biological networks, biomedical ontologies, and our custom-built KG, BOCK

– to uncover biological insights.

In the case of ORVAL (Chapter 4), our approach transform predictions into a pre-

dicted pathogenic gene network that can be further explored in relation with background

knowledge to assess their biological significance. We developed an analysis of protein-

protein interactions with cellular compartments and provided pathway information from

the Reactome ontology. The latter relates to Gene Set Enrichment Analysis (GSEA)

[139], a method used to detect significant overrepresentation of certain gene functional

annotations within a gene set. Additionally, by examining protein-protein interaction

subnetworks that stem from a pathogenic module, we present evidence of both direct and

indirect protein interactions to the user. This is further reinforced by indications of their

localisation in particular cellular compartments. Collectively, these analyses can highlight

biological interaction patterns, such as the simultaneous involvement of genes in a protein

complex or a particular biological process, providing further support for their potential

coordinated effect in causing the disease phenotype (Section 1.3).

203



Chapter 7. Discussion and Conclusion

In our exploration of BOCK and ARBOCK (Chapter 5 and Chapter 6), we considered

three distinct strategies to leverage heterogeneous network data for predicting potential

pathogenic gene pairs: traditional link prediction metrics, KG embedding methods, and

a fully interpretable technique based on metapath patterns. Each of these methods has

its unique strengths and weaknesses concerning model accuracy and interpretability. One

of these approaches, investigated with a master student, involved the use of a KG em-

bedding model. This technique provided exceptional accuracy on identifying potential

pathogenic gene pairs and would require further investigations. Nevertheless, it presented

interpretability challenges due to its complex, opaque nature. Traditional link prediction

metrics, on the other hand, offered more interpretability but are not ideally suited to han-

dle the inherent complexity of a KG. Lastly, our metapath-based interpretable approach,

developed as part of our core research on ARBOCK, presents a good balance of predictive

power and high interpretability. This last method represents an exciting opportunity to

explore the rich patterns contained within knowledge graphs effectively.

When dealing with our knowledge graph, BOCK, extracting meaningful patterns in a

knowledge graph, aiming to solve a particular link prediction tasks, can be a challenging

endeavour considering the volume and complexity of these graphs. Our ARBOCK frame-

work addresses this challenge by mining association rules from a combinations of different

path types or metapaths. To the best of our knowledge, this is an original approach

that extends over other KG rule mining approaches. Compared to existing KG rule min-

ing approaches such as AMIE, AnyBURL, and RUDIK, our strategy differs significantly.

While these systems attempt to exhaustively mine rules for all types of relationships in

a knowledge graph, our approach focuses on mining rules predictive of a specific label.

We do not incorporate rules with constant attributes in our search, and our scope is re-

stricted to rules based on paths connecting two entities. Additionally, by mining frequent

metapath associations, our method seeks rules that go beyond single “path-rules”, instead

uncovering more specific and complex subgraph patterns. These patterns also include

unification conditions, further enriching their specificity as well as path score thresholds,

reducing explanation complexity.

Additionally, in link prediction problems in networks and knowledge graphs, incom-
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pleteness and noise are often concerns. We demonstrated that using metapaths of various

lengths can help capturing indirect associations between gene pairs, increasing the cover-

age of common associations. Furthermore, to handle noise within the knowledge graphs,

we focused on reliable, high-quality sources for constructing BOCK, and introduced op-

erators capable of filtering out low-quality or less informative paths in ARBOCK.

Previous methods have explored the potential of KG paths for scientific hypothesis

generation. The RPath method [154] leverages paths within a knowledge graph to priori-

tise drugs for specific diseases, guided by transcriptomic data. It further unveils target

proteins along these paths. Similarly, the PoLo method [151] uses policy-guided walks,

informed by logical rules, to predict biomedical links for drug repurposing tasks. Con-

trastingly, our approach uses these KG paths to instruct a machine-learning model that

in turn identifies meaningful paths as explanations. These paths can then also be used

to generate scientific hypotheses regarding the mechanisms and interactors involved in

oligogenic diseases. Therefore, our work contributes to the growing trend of harnessing

the path information in KGs to generate scientifically relevant insights.

7.1.3 Contribution to oligogenic disease research

Our research offers distinct contributions to oligogenic disease research through the use of

the ORVAL variant analysis platform and the exploration of prior knowledge interaction

patterns in BOCK via our novel method ARBOCK.

ORVAL is a concrete research contribution, directly addressed to geneticists and re-

searchers via a user-friendly analysis web platform (Chapter 4). It promotes the use of

predictive approaches on variant combinations and enhance these results with a wealth of

background knowledge and annotations, aiding in biological interpretation. Notably, the

platform creates patient-specific oligogenic networks, potentially elucidating higher-order

gene interactions, such as those involving multiple gene synergies or multiple modifier

genes and enable the investigation of digenic effects in variant combinations [82].

More practically, ORVAL distinguishes itself not only with these features but also with

its speed and intuitive design. By using indexed pre-computed variant-level features, it

allows geneticists to efficiently process variant data and obtain predictions in a short time.
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Furthermore, ORVAL’s modular structure accommodates future updates and integration

of additional predictive methods such as VarCoPP 2.0, which has been implemented

already, and the High-Throughput Oligogenic Prioritiser (HOP) developed as part of

Barbara Gravel PhD thesis. ORVAL has also proven its practical utility, being employed

in clinical research for both the discovery and validation of variant combinations.

In the context of BOCK and ARBOCK, we have shown their potential to highlight

possible mechanisms underlying oligogenic diseases. Indeed, some reported oligogenic

cases exhibit functional evidence of negative epistasis [77, 78, 79]. The ability to detect

or predict involved molecular mechanisms could therefore significantly advance the in-

vestigation of digenic disorders, particularly in cases where the effects of genes are not

fully understood [78]. Gene interactions can be complex, with diseases often resulting

from indirect effects mediated through other genes [313]. Our approach in ARBOCK

aims to reveal such cases, helping to reveal, via the generated explanations, the common

involvement of biological processes, protein complexes or functions which could indicate

synergistic mechanisms. It could also help identify other target genes that might be in-

directly responsible for disease causation. We believe that continuing in this research

direction could contribute substantially to our understanding of complex genetic diseases.

In conclusion, our research serves as a significant step forward in the understanding

and prediction of oligogenic diseases. Through the integration of biological knowledge into

predictive models, and by providing novel tools designed for interpretability and trans-

parency, we have moved closer to revealing the hidden complexity of oligogenic diseases.

This work not only empowers geneticists with the means to more effectively interpret and

validate predictions but also opens up new avenues for future research on these disorders.

7.2 General issues and limitations

Our thesis work made significant contributions through the development of BOCK, AR-

BOCK, and ORVAL. However, there remain certain limitations that need to be addressed

in future research.
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7.2.1 Limitations in prediction accuracy

In ORVAL, the effective application of the machine learning predictors, despite their

high accuracy, presents a challenge due to the nature of genomic data. The predictors,

VarCoPP and its subsequent version, have exhibited impressive accuracy levels, achieving

a False Positive (FP) rate of only 5% and sensitivity of 95% in VarCoPP 2.0. However,

when applying these models to full exomes, the sheer volume of variant combinations to

evaluate results in a large absolute number of incorrect predictions. Even with the low

FP rate, the combinatorial explosion in whole exome analysis could overwhelm geneticists

with false leads. Therefore, for whole exome submissions, users are strongly advised to

use all available filtering options and to submit a gene panel to manage the number of

predictions. Nevertheless, these filters limit the exploration of combinations to well-known

genes, which can hinder discoveries.

Regarding ARBOCK, when considering all prior knowledge contained in BOCK, such

model could reach a sensitivity of 81% and yield a FP rate of 7%. However, as discussed in

Section 6.5, this model’s performance evaluation may be overly optimistic, overestimating

the True Positive (TP) rate due to the coverage discrepancy between known pathogenic

genes and the total gene pool, subsequently limiting its broad applicability. Conversely,

the model evaluated without phenotype information, while free from this bias, offers a

sensitivity of 75% but exhibit a high FP rate of 23%. The lack of specificity in this

model underscores the necessity for integrating novel biological information in BOCK, re-

fining the rule mining with additional features, or coupling this model with more accurate

machine-learning methods for enhanced prediction accuracy.

When evaluated on the identical classification task and using the same training data

as ARBOCK, the Distmult-based model, as described in Section 5.6, exhibits superior

predictive accuracy. This performance gap can be attributed to two primary factors. First,

the Distmult model works in a larger feature space, with embeddings having dimensions

between 200 and 300. Second, it employs a balanced random forest with a tree count

ranging from 340 to 540 and no constraint on tree depth, in contrast to ARBOCK’s simpler

rule-based approach with at most four conditions per rule. This added complexity enables

the Distmult-based model to identify more nuanced patterns that distinguish pathogenic
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gene pairs. However, it raises questions about the nature of the features it leverages

for prediction. Specifically, it is not clear if the model takes into account the types of

relationships and connectivity between gene pairs, or if it is primarily influenced by single-

gene information. Moreover, the high accuracy of the Distmult-based model comes at the

expense of interpretability. Models that employ knowledge graph embeddings are often

labeled as “black boxes”, a significant concern in medical genetics where interpretability

is crucial. The initial stage of embedding leads to a loss of information, limiting the

effectiveness of any subsequent efforts to interpret the model.

7.2.2 Challenges with big data and computational efficiency

In our work on BOCK and ARBOCK, the greatest computational burden arise from

the inherent characteristics of pattern mining and path traversal in large-scale knowledge

graphs. The size and complexity of knowledge graphs present significant challenges. The

generation of rules via association mining in ARBOCK can also generate a large number

of candidate patterns, requiring stringent constraints on the search space to limit the

computational burden. While our methodologies have shown promising results, their

efficiency is inevitably impacted by the intensive computations required.

Additionally, the aspiration to examine higher-order genetic combinations (e.g. tri-

genic, tetragenic, ...) and to integrate additional machine learning methods into ORVAL

introduces further computational complexity, challenged by the combinatorial nature of

these analyses. These computational constraints also limit the current use of ORVAL

to single patient analyses. This restriction can limit its broader clinical applicability, as

analysing cohorts of patients is a recurrent aspect of clinical research.

7.2.3 Limits of model interpretability and explanations

ORVAL, while providing post-hoc interpretability analyses and contextualisation of pre-

dictions, is limited by the scope of these methods. The feature contribution analysis,

which explains the relative importance of features in VarCoPP predictions, can only

show their individual contribution and assume an additive relationship [104]. But this

method cannot display intricate feature interactions or to identify the underlying decision
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thresholds considered by the model. Furthermore, these features, extracted from sophisti-

cated bioinformatics scores like the Inheritance-mode specific pathogenicity prioritisation

(ISPP) score [181], can be challenging to understand due to their abstract nature. These

features are even more complex to interpret when considering their potential interactions.

Moreover, ORVAL employs background knowledge to provide an interpretation of gene

modules from the pathogenic gene network. While this approach can assist in interpreting

the network, it doesn’t directly illustrate the underlying rationale for the prediction.

Therefore, it serves more as an aid to interpretation rather than as a concrete predictive

explanation.

ARBOCK, despite delivering improved interpretability through a rule-based model,

also faces limitations. Its decision set model allows for multiple explanations due to the

independent nature (OR relationship) and potential overlap of rules. When the associated

probabilities of the rules are similar, it can be difficult to identify the most relevant

explanation.

Furthermore, graphical explanations, obtained by translating rules into KG queries,

can result in extensive subgraphs, particularly in dense regions of the KG. Even with the

application of path score thresholds and unification conditions, explanation complexity

can potentially remain high, leading to a need for more manual effort on the user side.

Finally, the task of validating the explanations provided by ORVAL and ARBOCK

presents a challenge that has not been addressed in this thesis. While explanations are

designed to be informative, their utility is subject to evaluation by domain experts on a

case-by-case basis. In ARBOCK, efforts were made to enhance the quality of explanations

through objective metrics, such as the number of rules or paths and the introduction of

a path reliability score to filter out low-quality or non-informative paths. However, the

biological relevance of these explanations is often tied to the specific disease aetiology

under investigation. This aspect of biomedical relevance was not considered in the current

research, leaving room for further work to assess the utility of the generated explanations.
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7.2.4 Issues with the quality of background knowledge

Working with background knowledge and data in our research presents several unique

challenges. Aspects like noise, incompleteness, and bias in our data sources can impact

the quality and reliability of our predictions.

Our predictions, generated using tools such as ARBOCK and ORVAL, are closely

tied to the quality of data in the OLIDA database. Despite deriving from peer-reviewed

publications, this database can contain spurious associations, leading to noise. While

a substantial number of reported clinical cases provide limited familial and statistical

evidences [80], the curated evidence scores can mitigate this problem to some extent [71]

but require time-consuming curation efforts.

Given that oligogenic disease research is a relatively new field, the data in OLIDA is

understandably incomplete. Novel evidence of oligogenicity for various genetic diseases is

yet to be discovered. Furthermore, a bias is present due to a disproportionate focus on

certain digenic diseases. For instance, the discovery of digenic causes for some ciliopathies

(e.g Bardet-Biedl syndrome) has led to increased research into oligogenic causes for other

ciliopathies (e.g Retinitis Pigmentosa). Such investigative bias results in an overrepre-

sentation of certain diseases, challenging the machine-learning assumption of data point

independence.

Biological networks also present their challenges. Despite strict quality criteria, these

networks can be noisy, impacting inference accuracy. Weighted biological networks, such

as co-expression networks or sequence similarity networks, can provide a guide for filtering

potentially spurious associations. However, finding a suitable minimum cutoff to remove

noise is a non-trivial task often left to the researcher’s discretion.

Background knowledge can also be incomplete and biased. Sequence analysis-derived

networks (like protein domains, families, and sequence similarity) are often considered

exhaustive and unbiased, while high-throughput experiments-derived networks (like co-

expression and protein-protein network data) while dense present some biases [289, 290].

In contrast, curated experimental or clinical evidence-derived networks, such as Gene On-

tology or Human Phenotype Ontology associations, are sparse and can be very biased

towards over-studied, especially disease-related genes. Although automatic annotation

210



7.2. General issues and limitations

techniques can somewhat improve coverage for these networks, they may introduce addi-

tional bias [127].

Finally, bioinformatics databases often contain redundant information, a situation

exacerbated by inference methods commonly applied to increase the coverage of these

databases. For example, protein functions can be inferred from protein domains through

methods like InterPro2GO [186], or from sequence similarity via Ensembl Gene Trees

[184]. To mitigate this issue in BOCK, we selectively filtered subsets of inferred data

from the source databases. For instance, in Gene Ontology, we focused on specific an-

notation evidence codes excluding electronically inferred ones. However, despite these

precautions, some inference bias may still exist as inferred annotations also guide biol-

ogists in their formal investigations and data curation. Consequently, even annotations

considered empirically supported can be influenced by these underlying inference meth-

ods. This could manifest as artifactual patterns of co-occurrence in the knowledge graph,

capturing these redundancies rather than true biological relationships.

7.2.5 Knowledge graph data integration simplifications

In the creation of the BOCK knowledge graph, we opted for certain simplifications dur-

ing data integration. Specifically, we chose to connect biomedical ontology terms based

on high semantic similarity, thereby losing the original hierarchical structure of the on-

tologies. This decision was partly motivated by the ARBOCK framework’s limitation on

path length during training. While shorter paths make the computational process more

efficient, they may not traverse complex ontology structures, potentially missing out on

semantically connected terms.

We also applied pre-filtering to co-expression and sequence similarity links to man-

age the graph’s complexity. While this reduces computational demands, it could omit

biologically meaningful but weaker interactions, which may affect the accuracy of models

derived from the graph.

These simplifications, although practical for computational reasons, introduce limita-

tions that could affect the quality of inferences and the granularity of queries made on

the graph. Further research is needed to assess these limitations.
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7.2.6 Assumptions in modelling pathogenic gene interactions

The methodologies and tools developed in this research show promise but are based on

several assumptions and modelling simplifications that warrant further examination.

The first simplification in our approach involves abstracting genetic information to

the gene level, effectively ignoring the identity and position of specific variants within the

gene. This is applicable both for generating explanations in ORVAL and for constructing

our predictive model in ARBOCK. This level of abstraction allows us to focus on the

biological interaction context, operating under the assumption that a damaging variant

exists within the gene, sufficiently altering its function, without specifying which variant it

is or detailing its specific molecular consequences. However, the impact of a specific variant

on protein folding and function is important for understanding its system-level interactions

and potential pathogenicity. We investigated the idea of mapping variant information to

protein domains to understand their impact on specific functions or interactions. However,

this approach is constrained not only by the limited data available for mapping variants to

domains in our training dataset but also by the lack of comprehensive networks capturing

the impact of variants on interactions and on domain-domain interactions.

Another assumption lies in the construction of pathogenic gene networks, such as

done in ORVAL, where we assume that oligogenic disease patterns can be inferred by

aggregating multiple pairwise predictions at the gene level. This strategy compensates for

the scarcity of training data for oligogenic cases involving more than two genes. However,

the validity of this assumption remains to be confirmed.

Regarding the selection of neutral gene pairs used to train our predictive approaches,

assumptions include considering the maximum CADD variant as an effective indicator

of a gene’s pathogenicity potential or setting up the arbitrary threshold of 50 healthy

individuals exhibiting gene pair with pathogenic potential as a condition for considering

the gene pair as neutral. These assumptions introduce an inherent uncertainty in the

neutral gene pair selection process and further research should ensure of the robustness

of this selection strategy.

Lastly, our predictive models frame the problem as a binary classification: disease-

causing (digenic) or neutral. This approach does not account for gene pairs that may
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independently contribute to disease. While our current methodology focuses on inter-

action patterns and is less likely to capture monogenic signals, future methods, such as

those based on KG embeddings, may not be as robust against this issue, as indicated by

preliminary work (Section 5.6). Therefore, additional studies are needed to validate these

assumptions and assess their influence on both the predictive accuracy and interpretability

of our models.

7.3 Future perspectives

Building on this research, there are several directions future work could take, primarily

addressing current limitations and further improving the approaches and tools we have

developed.

7.3.1 Improvements on the training data

To further advance our understanding of oligogenic diseases, refining and expanding our

training data would lead to improved accuracy and open the way to novel predictive tasks.

Expansion and improvements of the OLIDA database

The Oligogenic Disease Database (OLIDA) will gain significant enhancements through

a community curation effort, the expansion of the scientific literature and the establish-

ment of standards for reporting these cases [71, 80], which will potentially improve both

the quantity and quality of our training dataset. To streamline the curation process, a

semi-automated curation approach via an active learning approach is being developed by

Charlotte Nachtegael, which could improve the task of curating these articles.

Improved selection of non-oligogenic variant data

The utility and precision of pathogenicity predictors such as VarCoPP and ARBOCK

could be further improved by enriching our selection of neutral variant and gene com-

binations, tapping into larger cohort data such as provided by the UK10K and 100,000

genomes projects [23, 314].
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In addition, the identification of monogenic cases versus oligogenic ones could be more

accurately achieved by making use of known pathogenic variant associations, such as

provided in ClinVar [33]. The use of such databases could serve as a powerful tool to

distinguish cases with independent gene contributions from those involving the synergy

of multiple genes, thereby refining the results of these predictive tools.

Incorporating experimentally validated epistasis data

Given the essential role of BOCK and ARBOCK in understanding disease mechanisms, we

find it promising to consider experimental datasets that examine negative epistasis, which

could enlighten mechanisms behind oligogenic diseases [57, 77, 78, 79]. Synthetic Sick or

Lethal (SSL) data, derived from model organisms or cell line screenings and available in

databases such as BioGRID [315], present valuable resources, that could be transferred to

human through homology approaches [316]. This integration could allow a comparative

study between these experimentally validated interactions and those described in OLIDA,

with the aid of patterns discovered in BOCK, potentially yielding significant advancements

in our understanding of biological mechanisms driving these diseases.

7.3.2 Expansion of the ORVAL platform

While the ORVAL platform serves as a powerful tool in disease variant prediction, cer-

tain enhancements could improve its clinical utility, user interface, and the quality of

underlying data.

Incorporating trio variant data

Rare disease research often involves comparing the genotypic and phenotypic data of a

patient with those of their parents to study inheritance patterns, which is known as trio

analysis [47]. A logical next step could be to enhance ORVAL’s ability to accept trios as

input, by enabling the submission of additional variant data from both parents into the

patient’s analysis. This feature could help in filtering out variant combinations already

present in both parental datasets, particularly when the parents exhibit no signs of the

disease. Furthermore, the platform could help differentiate between de novo variants and
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inherited ones. In terms of results in the presented gene pathogenicity network, it could

highlight the distinction between newly emerging genes and those that also feature in the

parents’ genetic networks.

Refining the oligogenic network

Several enhancements could be made to the gene pathogenicity network provided in OR-

VAL. For instance, the platform could be updated to visually represent the frequency

of disease-causing gene-pairs. Further work could also be done to devise a less biased

aggregation method, for example by normalising scores by the length of the considered

genes. Nevertheless, this type of aggregations falls into complex considerations related to

the burden of variants and collapsing strategies [47].

Furthermore, the integration of the BOCK knowledge graph and the ARBOCK method

into ORVAL could supplement the gene pathogenicity network analaysis.

Scaling from single-patient to multi-exome analyses

ORVAL’s nature as a public platform might limit its use for analysing sensitive medical

data due to strict data exchange policies. The current configuration also restricts the

number of parallel jobs that can be submitted to five, thus limiting large-scale analy-

ses. To overcome these limitations, a private cloud service version of ORVAL is being

explored. This adaptation, supported by the Foundation 101 Genome 1 and led by Emma

Verkinderen and Nassim Versbraegen, would ensure compliance with data exchange poli-

cies while also facilitating concurrent analyses on multiple patients.

Furthermore, the development of new types of methods and visualisations would be

needed to handle patient heterogeneity and highlight statistically significant variant or

gene combinations. These developments would first require higher exome-level accuracy,

a challenge currently being addressed with the development, by Barbara Gravel, of HOP:

a variant combination prioritiser that leverages BOCK to rank variant combinations by

1https://www.f101g.org/
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integrating the pathogenicity predictions from VarCoPP with phenotypic information that

has been diffused onto the knowledge graph.

Enhancements to the Annotation Database

Our internal annotation database enables rapid feature and annotation retrieval in OR-

VAL. Adding new types of annotations could enhance the interpretability of predicted

results. In addition, it will be necessary to keep these resources updated with the latest

database versions and genome assemblies. For example, the recent construction of a hu-

man pan-genome [317] could help reduce ethnicity bias in the current reference genome

assembly.

Moreover, our integration of pre-computed CADD results and annotations has its

limitations, as some InDel annotations can be missing. A potential solution could be to

run the CADD predictor for these missing variants in real-time and store the results in

our database. Although this could slow down the annotation process, it would enhance

both the coverage and accuracy of the results provided in ORVAL.

7.3.3 Future directions on knowledge graph applications

In considering the future perspectives of the developed KG, BOCK, and its applied meth-

ods, such as ARBOCK, we identified important directions to consider, including data

consolidation, interpretability improvements, feature incorporation, and the extension to

wider applications.

Expansion of the BOCK knowledge graph

Our first point of focus revolves around augmenting the datasets integrated into BOCK.

Currently, we rely on one resource per component type (e.g. co-expression data are derived

from TCSBN/GTEx [195, 196]). However, a future strategy could consider consolidating

diverse resources to enrich data quality. Our selection of thresholds, currently mainly

informed by literature recommendations, should also be reassessed for their optimisation

within our specific tasks. Further, refining the balance between our strategy to simplify

graph structure and the preservation of ontology hierarchy information could yield more
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nuanced and accurate results. Additionally, the inclusion of more specialised networks

such as gene regulatory networks could provide deeper insights gene-gene relationships.

Improvement of ARBOCK path mining

For ARBOCK, the development of systematic assessment methods could enhance the

quality of generated explanations, potentially guided by phenotype relevance. Additional

enhancements could include incorporating gene-level or path-level features to improve the

accuracy of the rule mining process. For example, paths could be scored based on the

essentiality of the traversed genes. We could also explore alternate path scores such as

the Degree-Weighted Path Count (DWPC) [162, 163].

In depth analysis of global topological properties in BOCK

Future research could also examine the topological properties of our knowledge graph,

BOCK. Traditional network analyses often focus on homogeneous networks, investigating

properties like diameter, clustering coefficient, or whether the network exhibits small-

world or scale-free characteristics [191, 318]. However, there is limited research on how

the integration of heterogeneous resources impacts these properties in a biomedical knowl-

edge graph. Understanding these global topological features could offer valuable insights

into the reachability of node pairs via paths and the efficacy of data mining and inference

methods applied to the graph. For instance, the small-world property, if present, could im-

ply efficient information propagation but might also introduce challenges in distinguishing

biologically meaningful paths from random connections. Conversely, a scale-free topology

could indicate the presence of highly connected nodes, which could be of particular in-

terest in the study of disease mechanisms. Investigating these properties could provide a

better understanding that informs the design and interpretation of machine learning and

data mining approaches applied to BOCK.

Exploration of KG latent representations

Looking towards knowledge graph (KG) applications, the exploration of KG latent rep-

resentations via KG embedding methods could help in identifying potential pathogenic
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gene interactions with a high accuracy, as shown by preliminary results and presented

in Section 5.6. However, we have shown that this approach comes at the cost of inter-

pretability and can lead to unexpected behaviours, such as predictions made solely based

on the monogenic signal of one of the genes. Future research should focus on reconciling

accuracy and interpretability. This could be done via techniques like the grey-box ap-

proach [319], which combines a black-box classifier (here the KG embedding approach)

and a white-box surrogate classifier (such as ARBOCK) in a semi-supervised framework.

Additionally, this could also employ post-hoc interpretation techniques like CRIAGE and

XKE [320, 321]. Another potential strategy could involve guiding the KG embedding

approach by focusing on specific path-queries or metapaths, combining the benefits of

latent approaches and the interpretability of these query results [322, 323].

Widening applications and availability

As BOCK and its predictive methods evolve, ensuring broad availability and user-friendliness

of these tools is imperative. Integration into platforms like ORVAL could provide addi-

tional insights.

Beyond identifying pathogenic variant combinations, the scope of BOCK and AR-

BOCK could also be widened to identify modifier genes [56, 61] or to suggest drugs suit-

able for repurposing [163]. While these new applications would require additional data,

they could build upon the foundational principles established in this thesis research.

7.3.4 Assessment of predictive explanations by domain experts

A notable aspect of this research is the focus on generating explanations grounded in

domain knowledge, as opposed to relying solely on abstract features. This approach aims

to make the explanations more interpretable for domain experts, such as researchers and

clinicians. One avenue for future work could involve conducting surveys among these

experts to measure the conditions under which an explanation is deemed satisfactory or

unsatisfactory [122].

To facilitate this, the ORVAL platform could incorporate a grading system that collects

user feedback on the quality of each proposed explanation. This real-world input could
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then be used to refine the explanation-generating algorithms to better meet the needs of

clinicians and researchers specialising in oligogenic diseases.

Additionally, automated methods for assessing the quality of these explanations could

be explored. For instance, external knowledge sources like PanelApp [324] could be em-

ployed to evaluate the relevance of genes involved in the paths generated by the ARBOCK

framework. This automated assessment could serve as a complementary approach to hu-

man expert evaluation, offering a more comprehensive understanding of the explanation’s

quality and relevance.

7.4 Conclusion

The field of medical genetics is evolving, moving away from the traditional ‘one gene - one

phenotype’ model to acknowledge the complexity of oligogenic inheritance, where a few

genes collectively influence disease phenotypes. Our research responds to this evolution

and addresses the critical need for predictive tools that are not only accurate and efficient,

but also interpretable.

To respond to this need, our research focused on leveraging prior biomedical knowl-

edge through two distinct interpretation strategies. In the initial approach, we aimed

to improve the interpretability of opaque predictive models, using post-hoc techniques

to explain and contextualise their predictions. This led to the development of an in-

tegrated web platform that facilitates patient-level variant analyses for geneticists and

places variant combination pathogenicity predictions in the context of biological knowl-

edge. In our subsequent approach, we emphasised full transparency in modelling. We first

constructed a comprehensive knowledge graph to better understand oligogenic diseases.

We then introduced a transparent machine learning model that offers direct insights into

the mechanisms behind pathogenic gene interactions.

By integrating structured biological knowledge with predictive models and improving

their interpretability, we have provided geneticists with tools that can increase confidence

in predictions, allow expert validation, and drive the generation of new hypotheses about

disease mechanisms. This research has highlighted the value of knowledge graph for
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improved inference and insights and the importance of interpretable machine learning,

especially in the biomedical field.

However, our research also revealed multiple challenges, including limitations in predic-

tion accuracy, computational efficiency, and model interpretability that may restrict their

broader clinical applicability. Additionally, the quality of data from current databases

presents another obstacle, as noisy or incomplete data can negatively impact the perfor-

mance of our methods.

Looking forward, we see a clear path for improvement. Enhancements in data collec-

tion, expanding and refining our current approaches, and addressing computational and

interpretative issues present significant opportunities. By addressing these limitations, we

can further advance our understanding of oligogenic diseases.

In conclusion, our work underscores the impactful role of integrating knowledge graphs

and interpretable machine learning in genetic disease research. It provides the scientific

community with practical tools to further this area of study. As we advance on this path,

we are assured these approaches will equip geneticists with the knowledge and tools they

need to uncover the hidden complexity of genetic diseases.
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Ref. Year Publication type Disease

[325] 2020 Clinical study Hereditary angioedema

[326] 2020 Clinical study Bethlem myopathy

[327] 2020 Meta-study Various

[328] 2020 Clinical study Inherited bleeding and platelet
disorders

[85] 2020 Method article Various

[329] 2021 Meta-study Various

[330] 2021 Literature review Various

[331] 2022 Opinion article Hearing loss

[332] 2022 Literature review Early onset neuronal diseases

[333] 2022 Meta-study Rare diseases

[334] 2022 Method article Cardial channelopathies

[335] 2022 Method article Congenital heart defects

[336] 2022 Meta-study Hypoplastic left heart syndrome

[337] 2022 Clinical study Familial arrhythmogenic right
ventricular cardiomyopathy

[338] 2022 Literature review Neuromuscular disorders

[71] 2022 Database article Various

[80] 2023 Opinion article Various

[339] 2023 Clinical study Long QT syndrome, Brugada
Syndrome

[340] 2023 Clinical study Severe adult obesity

Table A.1. Research papers mentioning the ORVAL platform. All scientific publications citing
ORVAL as inspiration, comparison or potential perspective are listed up to April 2023. Other citations
using ORVAL in genetics studies are listed in Table 4.2
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Gene-linked edge type Digenic genes vs. Disease genes Neutral genes vs. Connected genes

associated-Phenotype (aP) 11.00 (***) -3.00 (n.s.)

physInteracts-Gene (pG) -2.00 (n.s.) -3.00 (***)

associated-BiologicalProcess (aBP) 2.00 (***) 0.00 (n.s.)

belongs-ProteinFamily (bPF) 0.00 (*) 0.00 (***)

associated-CellularComponent (aCC) 0.00 (*) 0.00 (***)

associated-MolecularFunction (aMF) 0.00 (n.s.) 0.00 (n.s.)

hasUnit-ProteinDomain (uPD) 0.00 (**) 1.00 (***)

forms-ProteinComplex (fPC) 0.00 (n.s.) 0.00 (*)

seqSimilar-Gene (sG) -0.50 (n.s.) 0.00 (**)

coexpresses-Gene (eG) -10.00 (n.s.) 10.00 (n.s.)

Table A.2. Median differences in edge-type specific degree for related gene sets. The degree
distribution for each gene-linked edge types in BOCK is analysed. The median difference is compared
for pairs of related distributions: digenic genes vs. disease genes (first column), and neutral genes vs.
connected genes (second column), respectively. The p-values indicating the significance of the differences
are shown in parentheses (obtained via Mann-Whitney U tests with Bonferroni correction: * p < 0.05,
** p < 0.01, *** p < 0.001).
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DOME Version 1.0

Data

Provenance OLIDA [71], Mentha [192], STRING db [258], TCSBN [195], GTEx
[196], InterPro [196], CORUM [187], Gene Ontology [189], Human
Phenotype Ontology [129], dbNSFP [185], HGNC [177], Ensembl
[174], UniProt [178]. All these sources are merged as the knowledge
graph BOCK. Negative gene pair data are generated from the 1000
genomes Project [18].

Dataset splits 426 positive instances, 42.600 negative instances for training data.
15 positive instances as validation set.

Redundancy between data splits No overlap

Availability of data Yes: BOCK knowledge graph at: doi.org/10.5281/zenodo.
7185679 and 1000 genome project at: www.internationalgenome.
org

Optimization

Algorithm Associative classification with a weighted set cover approach.

Meta-predictions No.

Data encoding Transformation of gene pair paths into metapath-based rules.

Parameters path cutoff = 3 ; minsup ratio = 0.2 ; max rule length = 3 ; α =
0.5

Features Metapath features obtained by aggregating the path information
for all gene pairs of the positive set.

Fitting To avoid overfitting, rules can only associate 3 different metapaths
and needs to be supported by at least 20% of positive training
instances.

Regularization No

Availability of configuration Yes: github.com/oligogenic/bock_rule_mining

Model

Interpretability White box model (rule-based) with knowledge-based explanations
for gene pairs predicted as positive.

Output Classification probability (with predicted class) and explanation
subgraphs for positively predicted instances

Execution time 1000 samples in 0.56 seconds on a single Intel i5 core.

Availability of software Yes, Github: github.com/oligogenic/bock_rule_mining

Evaluation

Evaluation method Both stratified 10-fold cross validation and evaluation on 15 inde-
pendent validation positive instances

Performance measures Precision, Recall, ROC AUC, PR AUC

Comparison Model with and without phenotype information and the DiGePred
model on the independent validation set.

Confidence Stability of the ROC AUC measure over different folds of cross-
validation (std. 0.03).

Availability of evaluation Yes: Github: github.com/oligogenic/bock_rule_mining

Table A.3. DOME recommendation table consisting of essential information to assess the machine
learning approach [298]. These criteria correspond to the decision set models presented in this study.
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Rule D coverage N coverage p(lD|r)

GaBPrBP1aG ≥ 0.33 & GpGaBP2aG ≥ 0.20 & GpGaCCaG ≥ 0.28 & BP1 = BP2 82 201 0.976
GaBP1aG ≥ 0.06 & GaBP2aGpG ≥ 0.05 & GpGpGpG ≥ 0.29 & BP1 = BP2 81 210 0.975
GaBPaG ≥ 0.12 & GpGaCCaG ≥ 0.26 104 288 0.973
GaBPaG ≥ 0.03 & GaBPaG1pG ≥ 0.22 & GaCCaG2pG ≥ 0.03 & G1 = G2 99 302 0.970
GaBPaG ≥ 0.04 & GaCC1aG ≥ 0.13 & GeGaCC2aG ≥ 0.26 & CC1 = CC2 74 235 0.969
GaBPrBPaG ≥ 0.31 & GpGeG1pG ≥ 0.38 & GpGpG2pG ≥ 0.22 & G1 = G2 81 396 0.953
GaBPaG1pG ≥ 0.06 & GaMFaG2pG ≥ 0.19 & GpGaBPaG ≥ 0.38 & G1 = G2 103 691 0.937
GpG1aBPaG ≥ 0.42 & GpG2aCCaG ≥ 0.26 & G1 = G2 122 831 0.936
GaCCaG1pG ≥ 0.02 & GaBPaGsG ≥ 0.02 & GpGpG2pG ≥ 0.19 & G1 = G2 74 618 0.923
GaBPaG1pG ≥ 0.19 & GaMFaG2pG ≥ 0.18 & GpGaMFaG ≥ 0.36 & G1 = G2 81 683 0.922
GaBPaG1eG ≥ 0.12 & GaMFaG2eG ≥ 0.29 & GpGaBPaG ≥ 0.38 & G1 = G2 86 728 0.922
GsGaBPaG ≥ 0.10 & GsGaCCaG ≥ 0.17 80 725 0.917
GaBPaGsG ≥ 0.13 & GpGaCCaG ≥ 0.19 90 846 0.914
GaBPaGpG ≥ 0.36 & GpG1aCCaG ≥ 0.13 & GpG2bPFbG ≥ 0.01 & G1 = G2 83 786 0.913
GaBPaG1sG ≥ 0.19 & GaCCaG2sG ≥ 0.16 & G1 = G2 83 858 0.906
GeG1aBPaG ≥ 0.25 & GeG2aMFaG ≥ 0.37 & GpGaBPaG ≥ 0.36 & G1 = G2 105 1169 0.900
GaBPaGpG ≥ 0.29 & GpG1bPFbG ≥ 0.05 & GpG2uPDuG ≥ 0.05 & G1 = G2 79 887 0.899
GaBPaG1pG ≥ 0.21 & GaCCaG2pG ≥ 0.03 & GpGuPDuG ≥ 0.10 & G1 = G2 84 986 0.895
GaCC1aG ≥ 0.12 & GpGaCC2aG ≥ 0.23 & GpGsGpG ≥ 0.19 & CC1 = CC2 81 1001 0.890
GeG1aCCaG ≥ 0.02 & GeG2sGpG ≥ 0.34 & GpGaMFaG ≥ 0.33 & G1 = G2 84 1097 0.884
GeG1aCCaG ≥ 0.19 & GeG2aMFaG ≥ 0.09 & GpGaBPaG ≥ 0.38 & G1 = G2 119 1604 0.881
GaBPaGeG ≥ 0.64 & GeG1aBPaG ≥ 0.05 & GeG2pGpG ≥ 0.24 & G1 = G2 90 1403 0.865
GpG1aMFaG ≥ 0.18 & GpG2eGpG ≥ 0.28 & GpGsGpG ≥ 0.18 & G1 = G2 81 1358 0.856
GpG1aCCaG ≥ 0.12 & GpG2aMFaG ≥ 0.24 & GpGbPFbG ≥ 0.08 & G1 = G2 97 1657 0.854
GaBPaGeG ≥ 0.58 & GeGaCC1aG ≥ 0.31 & GpGaCC2aG ≥ 0.22 & CC1 = CC2 115 2511 0.821
GpGaBPaG ≥ 0.14 & GpGaCCaG ≥ 0.25 218 4769 0.821
GaCCrCC1aG ≥ 0.12 & GeGaBPaG ≥ 0.29 & GeGaCC2aG ≥ 0.06 & CC1 = CC2 106 2481 0.810

Table A.4. Rules from a decision set trained without phenotype information. Table pre-
senting the rules of a decision set trained with the parameters chosen in Table 6.1, excluding phenotype
information (DS excl. Pheno). Rules are depicted with multiple conditions separated by &. Each con-
dition can be either a metapath shown in its compact representation together with a path reliability
score minimum threshold (see Subsection 6.2.1 or Subsection 6.3.4) an optional unification condition (see
Subsection 6.3.3) targeting entity types from the metapaths. We also provide the number of training
instances covered during training (D: Disease-causing, N: Neutral) and the associated probability of the
rule p(lD|r) (see Subsection 6.3.5).

225



Appendices

Rule D coverage N coverage p(lD|r)

GaBPaG ≥ 0.08 & GaP1aG ≥ 0.37 & GpGaP2aG ≥ 0.35 & P1 = P2 81 12 0.999
GaBPaG ≥ 0.13 & GaPaG ≥ 0.55 & GaPrPaG ≥ 0.48 94 6 0.999
GaPaG ≥ 0.55 & GaMFaG1pG ≥ 0.22 & GpGpG2pG ≥ 0.28 & G1 = G2 81 12 0.999
GaBP1aG ≥ 0.02 & GaPaG ≥ 0.42 & GpGaBP2aG ≥ 0.09 & BP1 = BP2 74 12 0.998
GaCC1aG ≥ 0.08 & GaPaG ≥ 0.50 & GaCC2aGsG ≥ 0.15 & CC1 = CC2 88 17 0.998
GaPaG ≥ 0.43 & GaBPrBP1aG ≥ 0.32 & GpGaBP2aG ≥ 0.18 & BP1 = BP2 72 13 0.998
GaPaG ≥ 0.53 & GaMFaG1pG ≥ 0.21 & GaPaG2pG ≥ 0.27 & G1 = G2 91 17 0.998
GaPaG ≥ 0.53 & GaBPaG1pG ≥ 0.11 & GaPaG2pG ≥ 0.30 & G1 = G2 110 18 0.998
GaPaG ≥ 0.54 & GpG1aBPaG ≥ 0.07 & GpG2aMFaG ≥ 0.19 & G1 = G2 89 14 0.998
GaBPaG ≥ 0.15 & GaP1aG ≥ 0.06 & GaPrP2aG ≥ 0.26 & P1 = P2 105 19 0.998
GaPaG ≥ 0.54 & GaMFaG1pG ≥ 0.22 & GpGeG2pG ≥ 0.32 & G1 = G2 80 14 0.998
GaPaG ≥ 0.54 & GpG1aMFaG ≥ 0.22 & GpG2eGpG ≥ 0.33 & G1 = G2 82 14 0.998
GaPaG ≥ 0.52 & GaP1aGpG ≥ 0.11 & GaPrP2aG ≥ 0.20 & P1 = P2 143 44 0.997
GaPaG ≥ 0.50 & GaPrPaG ≥ 0.45 225 105 0.995
GaBPaG ≥ 0.00 & GpG1aCCaG ≥ 0.22 & GpG2aPaG ≥ 0.38 & G1 = G2 78 58 0.993
GaBPaG ≥ 0.13 & GaPaG1pG ≥ 0.18 & GpGpG2pG ≥ 0.15 & G1 = G2 87 126 0.986
GaPaG ≥ 0.24 & GaCC1aGpG ≥ 0.21 & GpGaCC2aG ≥ 0.21 & CC1 = CC2 106 160 0.985
GaPaG ≥ 0.41 & GpGeG1eG ≥ 0.24 & GpGpG2eG ≥ 0.24 & G1 = G2 117 180 0.985
GaBPaG ≥ 0.05 & GeG1aCCaG ≥ 0.20 & GeG2aPaG ≥ 0.44 & G1 = G2 79 130 0.984
GaCC1aG ≥ 0.07 & GaPaG ≥ 0.20 & GsGaCC2aG ≥ 0.04 & CC1 = CC2 100 189 0.981
GaP1aGpG ≥ 0.14 & GaP2rPaG ≥ 0.07 & GpGaMFaG ≥ 0.28 & P1 = P2 128 258 0.980
GaBPaG1pG ≥ 0.22 & GpGaPaG ≥ 0.38 & GpG2pG ≥ 0.12 & G1 = G2 83 166 0.980
GaPaG ≥ 0.18 & GaCCaG1pG ≥ 0.12 & GpG2pGpG ≥ 0.12 & G1 = G2 82 183 0.978
GaMFaG1pG ≥ 0.26 & GaPaG2pG ≥ 0.31 & GpGaMFaG ≥ 0.34 & G1 = G2 78 186 0.977
GaBPaGsG ≥ 0.14 & GpGaCCaG ≥ 0.17 & GpGaPaG ≥ 0.25 78 182 0.977
GaBPaG ≥ 0.14 & GaBPaG1eG ≥ 0.34 & GpGpG2eG ≥ 0.04 & G1 = G2 76 235 0.970
GaPaG ≥ 0.22 & GpGaCCaG ≥ 0.20 239 750 0.970
GaPrPaG ≥ 0.24 & GpGaPaG ≥ 0.38 235 750 0.969
GaBPaGpG ≥ 0.35 & GeG1aBPaG ≥ 0.14 & GeG2aPaG ≥ 0.34 & G1 = G2 115 457 0.962
GaBPaGpG ≥ 0.44 & GpG1aBPaG ≥ 0.05 & GpG2aMFaG ≥ 0.19 & G1 = G2 100 422 0.960
GaCCrCCaG ≥ 0.03 & GpG1aCCaG ≥ 0.20 & GpG2aPaG ≥ 0.34 & G1 = G2 85 432 0.952
GaCCrCCaG ≥ 0.13 & GeGaP1aG ≥ 0.48 & GpGaP2aG ≥ 0.28 & P1 = P2 96 692 0.933
GeGaPaG ≥ 0.59 & GpG1aBPaG ≥ 0.01 & GpG2aCCaG ≥ 0.11 & G1 = G2 153 1203 0.927
GaBPaGpG ≥ 0.37 & GeGaBP1aG ≥ 0.10 & GpGaBP2aG ≥ 0.04 & BP1 = BP2 116 984 0.922
GaBPaGsG ≥ 0.03 & GeGaCC1aG ≥ 0.27 & GpGaCC2aG ≥ 0.17 & CC1 = CC2 72 636 0.919

Table A.5. Rules from a decision set trained with phenotype. Table presenting the rules of a
decision set trained with the parameters chosen in Table 6.1, including phenotype information (DS incl.
Pheno). Rules are depicted with multiple conditions separated by &. Each condition can be either a
metapath shown in its compact representation together with a path reliability score minimum threshold
(see Subsection 6.2.1 or Subsection 6.3.4) an optional unification condition (see Subsection 6.3.3) targeting
entity types from the metapaths. We also provide the number of training instances covered during training
(D: Disease-causing, N: Neutral) and the associated probability of the rule p(lD|r) (see Subsection 6.3.5).
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Figure A.2. Influence of decision model’s alpha parameter tuning with path_cutoff=2
Evaluating decision set models with a fixed Path Cutoff = 2, over a spectrum of the decision model’s
alpha (α) values (0.1-0.9) and variable parameters - Minimum Support (minsup_ratio) {0.2, 0.4, 0.6,
0.8}, Max Rule Length (max_rule_length) {2,3,4}, we highlight the performance and characteristics of
the optimal models for each alpha value. This evaluation is performed on the model excluding Phenotype,
prone to study bias. Optimal models for each alpha are selected based on mean AUROC from a stratified
cross-validation, keeping all within 0.01 of the highest performer to ensure comparable accuracy levels.
(A) Mean AUROC of top-performing models evaluated via stratified cross-validation on test sets (B)
Measures of explanation complexity for the associated models, calculated from predicted true positive
(TP) gene pairs on the test sets: Rule Count measures the mean number of rules per match, and Path
Count measures the mean number of paths across all rules, on average per match. (C) Parameter
distribution for the corresponding top-performing models.
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Figure A.3. Influence of minimum support and max rule length parameters tuning, with
path_cutoff = 2. Heatmaps showing the influence of parameters minsup_ratio and max_rule_length
on the performance and explanation complexity for decision models trained with paths excluding Pheno-
type and with fixed parameters: α = 0.5 and path_cutoff = 2.
(A) Effect on the model performance, evaluated with mean AUROC on a stratified cross-validation.
(B) Effect on the model explanation complexity, evaluated with the Path Count measure, measuring the
mean number of paths across all rules, on average per True Positive matches.
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GaBPaG !  0.04 & GaCC1aG !  0.13 & GeGaCC2aG !  0.26 & CC1 = CC2

Gene (G) Biological process (BP) Cellular component (CC)

GaBPrBPaG !  0.31 & GpGeG1pG !  0.38 & GpGpG2pG !  0.22 & G1 = G2

Gene (G) Biological process (BP)

GaBPaG1pG !  0.05 & GaMFaG2pG !  0.18 & GpGaBPaG !  0.37 & G1 = G2

Gene (G) Biological process (BP)

Figure A.4. The three figures below showcase the remaining graphical explanations for the 3rd, 4th

and 5th rules (in order of predicted probability), matching the digenic gene pair MYH7 -ANKRD1 in
decreasing order of predicted probability (see Figure 6.14). Each rule is written in their abbreviated form
(see Table 5.1) with its conditions separated by &. Indices for node types (e.g. G1) are used in unification
conditions (e.g. G1=G2) to constrain entities to be the same across different metapaths. The numerical
value associated to each metapath (e.g. ≥ 0.31) sets the path reliability threshold, which conditions the
minimum path reliability score of all underlying paths.
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Figure A.5. Predictive explanation for the gene pair HOXB3-TG. This figure showcases the ex-
ample of the digenic gene pair HOXB3 -TG, causing congenital hypothyroidism, part of the independent
test set and predicted as disease-causing by the DS excl.Pheno model with the lowest probability among
the 12/15 predicted gene pairs and predicted as neutral by the DS incl.Pheno model. (A) Subgraph
extracted by traversing all paths (excluding those traversing “Phenotype”, “Disease” and “Oligogenic-
Combination” nodes) of a length ≤ 3. A total of 102 paths, 48 nodes and 97 edges exists. (B) Matching
rule from the DS excl.Pheno model, written in its abbreviated form (see Table 5.1) with its conditions
separated by &. The numerical value associated with each metapath (e.g. ≥ 0.14) sets the path reliability
threshold, which conditions the minimum path reliability score of all underlying paths. We display the
number of paths obtained by querying the KG with the rule with that specific gene pair. (C) Returned
explanation subgraph for the rule in (B). Note that, for this gene pair, this explanation provides limited
understanding as both CellularComponent and BiologicalProcess are general terms and the traversed
genes do not have any known associations with the disease.
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Figure A.6. Additional details regarding the gene pair HOXB3-TG in BOCK. This figure
showcases the example of the digenic gene pair HOXB3 -TG, causing congenital hypothyroidism, part of
the independent test set and predicted as disease-causing by the DS excl.Pheno model with the lowest
probability among the 12/15 predicted gene pairs and predicted as neutral by the DS incl.Pheno model.
A. All HOXB3 neighbouring nodes connected with the “associated” edge type in BOCK. HOXB3 is
not associated with any known Phenotype. B. Selection of paths between HOXB3-TG traversing more
relevant entities for understanding the physiopathology of hypothyroidism. This example illustrates that
BOCK contains potentially more informative paths for this gene pair than those associated with the
matching predictive rule as shown in Figure A.5.
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