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Abstract

English

With the advent of high-throughput sequencing technologies, tremendous progress has been

made in understanding the relationship between genotypes and phenotypes. Advances in

related computational methods have enabled the development of different prioritization meth-

ods that help identify in Whole-Exome Sequencing (WES) data which genetic variants are

responsible for particular disease phenotypes. However, these methods overlook the fact that

a significant proportion of genetic diseases do not follow monogenic inheritance patterns,

but are caused by the interaction of variants in a small number of genes. Developping novel

computational methods to identifying these more complex combinations of genetic variants,

known as oligogenic inheritance, is therefore essential.

In this thesis, we build upon existing approaches to detect oligogenic inheritance models to

make this analysis possible at the whole-exome level. First, we develop a novel database

that collects information on all oligogenic variant combinations reported in the literature. This

database not only aggregates existing knowledge but also introduces a standardized frame-

work for assessing the pathogenicity of variant combinations. Using this database, we develop

a first oligogenic priorization tool: the High-throughput oligogenic prioritizer (Hop). This pre-

dictor integrates pathogenicity scoring, from a machine learning predictor specific to variant

combinations, together with disease relevance scoring, based on knowledge propagation in

biological networks, to rank variant combinations based on how likely they are to explain a

patient’s disease. This tool demonstrates superior performance to existing approaches for

ranking oligogenic combinations in exomes. Finally, we investigate the usefulness of these

computational tools on real patient data. We apply the Hop predictor on a cohort of patients

affected with male infertility, a disease with heterogeneous genetic causes, and investigate the

relevance of the prioritized combinations. This analysis validates the ability of Hop to detect

oligogenic combinations that were manually identified by clinicians, and also showcases its

capacity to identify novel oligogenic signatures in this disease.

In summary, this research demonstrates that it is now possible to directly detect disease caus-

ing variant combinations in whole exome sequencing data using computational approaches.

By introducing a new data repository, computational tools, and analysis protocols, this re-

search opens the way for easier detection and analysis of oligogenic signatures for genetic

diseases.
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French

L’avènement des technologies de séquençage à haut débit a permis de réaliser des progrès

considérables dans la compréhension de la relation entre les génotypes et les phénotypes.

Les progrès des méthodes informatiques ont permis le développement de différents outils

de priorisation qui facilitent l’identification, dans les données de séquençage de l’ensemble

de l’exome (WES), des variants génétiques responsables des phénotypes liés à certaines

maladies. Toutefois, ces méthodes ne tiennent pas compte du fait qu’une proportion import-

ante de maladies génétiques ne suivent pas des modèles de transmission monogéniques,

mais sont en fait causées par la combinaison de variants dans un petit nombre de gènes.

Il est donc essentiel de développer de nouvelles méthodes informatiques pour identifier ces

combinaisons plus complexes de variants génétiques, connues sous le nom d’hérédité oligo-

génique.

Dans cette thèse, nous nous appuyons sur des approches existantes pour détecter les mod-

èles de transmission oligogénique afin de rendre cette analyse possible au niveau de l’exome.

Tout d’abord, nous développons une nouvelle base de données qui rassemble des informa-

tions sur toutes les combinaisons de variants oligogéniques rapportées dans la littérature.

Cette base de données ne se contente pas d’agréger les connaissances existantes, mais

introduit également un système de standards pour l’évaluation de la pathogénicité des com-

binaisons de variants. En utilisant cette base de données, nous développons un premier outil

de priorisation oligogénique : le High-throughput oligogenic prioritizer (Hop). Ce prédicteur

intègre un score de pathogénicité, issu d’un prédicteur d’apprentissage automatique spéci-

fique aux combinaisons de variants, ainsi qu’un score de pertinence pour la maladie, basé

sur la propagation de connaissances dans les réseaux biologiques, afin de hiérarchiser les

combinaisons de variants en fonction de leur probabilité d’expliquer la maladie d’un patient.

Cet outil démontre des performances supérieures aux approches existantes pour la prior-

isation des combinaisons oligogéniques dans les exomes. Enfin, nous étudions l’utilité de

ces outils informatiques sur des données réelles de patients. Nous appliquons le prédicteur

Hop à une cohorte de patients atteints d’infertilité masculine, une maladie dont les causes

génétiques sont hétérogènes, et nous étudions la pertinence des combinaisons classées

par ordre de priorité. Cette analyse valide la capacité de Hop à détecter les combinaisons

oligogéniques identifiées manuellement par les cliniciens et met également en évidence sa

capacité à identifier de nouvelles signatures oligogéniques dans cette maladie. dans cette

maladie.

En résumé, cette recherche démontre qu’il est désormais possible de détecter directement les

combinaisons de variantes pathogènes dans les données de séquençage de l’exome entier à

l’aide d’approches computationnelles. En introduisant un nouveau référentiel de données, des

outils informatiques et des protocoles d’analyse, cette recherche ouvre la voie à une détection

et une analyse plus faciles des signatures oligogéniques des maladies génétiques.
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Nederlands

Dankzij verschillende sequeneringstechnologieën is er enorme vooruitgang geboekt in het

begrijpen van de relatie tussen genotypen en fenotypes. Vooruitgang in gerelateerde compu-

tationele methoden heeft geleid tot de ontwikkeling van verschillende prioritiseringsmethoden

die in volledige exomen (WES) nauwkeurig identificeren welke genetische variant verant-

woordelijk is voor een bepaalde ziekte. Niettegenstaande deze vooruitgang, veronderstellen

deze methoden vaak dat genetische ziekten passen in een monogenetisch overervingsmodel,

wat soms problematisch is. Het is mogelijk dat dezelfde ziekte ook het gevolg is van een

combinatie van varianten in een klein aantal genen, wat door die methoden niet gevonden

wordt. Het is dus belangrijk om nieuwe computationele methoden te ontwikkelen om deze

complexere combinaties van genetische varianten, bekend als oligogenetische combinaties,

te identificeren en dit in WES data. Vetrekkende van een algoritme voor het kwantificeren

van oligogenetische combinaties in genen ontwikkelen we in deze thesis een nieuw algor-

itme voor het rangschikken van pathogene combinaties in volledige exomen. Ten eerste

ontwikkelen we een nieuwe databank die informatie verzamelt over alle oligogenetische vari-

antcombinaties die in de literatuur worden gerapporteerd om de kwaliteit van de pathogene-

citeitvoorspellingen te verbeteren. Deze databank introduceert tevens een gestandaardiseerd

raamwerk voor het beoordelen van de combinaties gerapporteerd in de literatuur. Met deze

databank ontwikkelen we de High-throughput oligogene prioritizer (Hop). Hop combineert een

pathogeniciteitsscore voor de variantencombinatie met een score voor de ziekterelevantie

van het genenpaar, gebaseerd op kennis in biologische netwerken. Deze integratie maakt het

mogelijk om variantencombinaties te rangschikken op basis van hoe waarschijnlijk het is dat

ze de ziekte van een patiënt verklaren. Deze tool demonstreert superieure prestaties ten op-

zichte van bestaande benaderingen voor het rangschikken van oligogenetische combinaties

in exomen. Ten slotte onderzoeken we de bruikbaarheid van onze methode in echte patiënt-

gegevens. We passen de Hop toe op een cohort patiënten met mannelijke onvruchtbaar-

heid, een ziekte met heterogene genetische oorzaken, en onderzoeken de relevantie van de

geprioriteerde combinaties. Deze analyse demonstreert het vermogen van Hop om oligogene

combinaties te detecteren die handmatig door artsen zijn geïdentificeerd, en toont ook zijn

vermogen aan om nieuwe oligogenetische kenmerken van een ziekte te identificeren. Samen-

vattend kunnen we stellen dat het nu mogelijk is om met behulp van Hop ziekteverwekkende

variantencombinaties direct te detecteren in volledige exomen. Door de introductie van een

nieuwe gegevensopslagplaats, computationele methoden en analyseprotocollen opent dit on-

derzoek de weg voor eenvoudigere detectie en analyse van oligogenetische handtekeningen

voor verschilende ziekten.

v





Acknowledgements

My PhD journey has been a challenging, enriching but also very fun adventure. All the work

presented in this thesis, the questionings, the lessons learned, and the enjoyable times would

not have been possible without many people surrounding me during these past four years and

who I want to acknowledge here.

First, I would like to thank my PhD supervisors Tom Lenaerts and Ann Nowé for giving me the

opportunity to work on this project. Special thanks to Tom for his constant optimism, helpful

comments and giving me the opportunity to go travel abroad during this PhD as he knew it

would give me extra motivation.

I would also like to thank Gianluca Bontempi for being on my advisory committee on the ULB

side and providing relevant feedback and help on machine learning and ranking questions, as

well as Pieter Libin for following my PhD progress from the VUB side and giving encouraging

comments on my reports.

I thank the members of my jury for agreeing to evaluate my work. Special thanks to Matthieu

Defrance and Guillaume Smits, who in addition to being on this PhD jury, also followed my

research and provided constructive comments on my work over the years. Thank you to Wim

Vranken, Catharina Olsen, Yves Moreau and Emmanuelle Génin for agreeing to evaluate my

work and providing valuable feedback to improve this thesis.

I want to extend a huge thank you to Maris Laan and her research team at the University of

Tartu for their warm welcome in their group during my three visits to Estonia. I thank especially

Maris for her enthusiasm regarding my work and this collaboration, as well as her extensive

knowledge of genetics which have made the last chapter of this thesis possible. I extend a

special thank you to Avirup Dutta for helping me navigate the datasets as well as cleaning

up the VCF files and running analyses from abroad when I needed to. A warm thank you

to Kristiina, Ana Grete, Anu, Rain and Mario for showing me around Tartu and making me

discover the Estonian culture.

I also want to thank my collaborators at the Erasme hospital: Chantal Depondt for her optim-

istic outlook on my results and Sarah Duerinckx for relevant feedback on the predictions and

visualisation of the results.

I am extremely grateful to the members of the oligogenic team at IBsquare for being such a

fun and collaborative team to be a part of. My first thank you goes to Sofia, who supervised me

during my master thesis before showing me the ropes of PhD work and providing really helpful

support in writing articles and developing new ideas. I thank Charlotte, for the collaborative

work in curating articles for OLIDA, her support in the final months of thesis writing (including

vii



careful reading of this manuscript), her inspiration to scientific communication, and the fun

and gossipy office chit-chats. Thank you to Alex for being so knowledgeable and resourceful

about bioinformatics, the rich scientific discussions, his inspirational attention to detail, and

being a great officemate to share afternoon popcorn with. Thank you to Emma for the support

on adding Hop in analyses pipelines, her helpful insights into cloud infrastructure, and being

a cheerful running buddy during lunchtimes. I also thank Nassim for our collaborative work

on developing VarCoPP2.0 and his relaxed attitude that made everything seem easy. Finally,

I thank Inas for being a great master student to supervise, and an even better PhD student

to work with, and for being a supportive officemate during this last year, especially with her

encouraging and constructive comments on writing this manuscript.

I am very thankful to my colleagues from the IBsquare and MLG research groups for making

this workplace such a lively and cheerful environment. The birthday celebrations in the kitchen,

coffee breaks, lunches and occasional lunch runs made it motivating to come to work every

day.

I also want to thank my friends from Brussels and abroad, for the support and the fun adven-

tures. Thank you to my numerous flatmates around Brussels for the breakfasts, tuesday night

beers and other fun times.

Lastly I want to thank my family for the support and encouragement through the years, as well

as giving me a great excuse to run away to sunny Provence or lively Paris every time Belgium

became too gloomy.

viii



Contents

Abstract iii

Acknowledgements vii

Acronyms and Abbreviations xv

Glossary xix

1 Introduction 1

1.1 Foundations of human genetics . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 The human genome: molecular basis, structure and organization . . 2

1.1.2 Sequencing technologies and mapping the human genome . . . . . 3

1.1.3 Overview of genetic variation . . . . . . . . . . . . . . . . . . . . . . 5

1.2 Studying the genetic basis of rare disorders . . . . . . . . . . . . . . . . . . 8

1.2.1 An introduction to rare disease research . . . . . . . . . . . . . . . . 9

1.2.2 Genetic variation and rare diseases . . . . . . . . . . . . . . . . . . 10

1.2.3 The genetic diseases continuum . . . . . . . . . . . . . . . . . . . . 13

1.2.4 The importance of genetic diagnosis for rare disorders . . . . . . . . 16

1.3 Bioinformatics methods for variant interpretation . . . . . . . . . . . . . . . . 17

1.3.1 From sequencing data to variant calls . . . . . . . . . . . . . . . . . 17

1.3.2 Machine learning models in bioinformatics . . . . . . . . . . . . . . . 19

1.3.3 Classification tools for pathogenicity . . . . . . . . . . . . . . . . . . 21

1.3.4 Prioritization methods . . . . . . . . . . . . . . . . . . . . . . . . . 22

1.3.5 A first generation of digenic predictive tools . . . . . . . . . . . . . . 23

1.3.6 Cohort analyses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

1.4 An introduction to the genetics of male infertility . . . . . . . . . . . . . . . . 25

1.4.1 A multifactorial condition . . . . . . . . . . . . . . . . . . . . . . . . 25

1.4.2 Genetic basis of male infertility . . . . . . . . . . . . . . . . . . . . . 26

1.4.3 Genetic screening and implications for treatment and family planning 29

2 Research objectives and outline 31

2.1 Problem definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.2 Research questions and objectives . . . . . . . . . . . . . . . . . . . . . . . 33

2.3 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.4 Scientific publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.5 Open data and softwares . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

ix



x CONTENTS

2.6 Supervised Master Theses . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2.7 Fundings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3 Materials & Methods 39

3.1 Datasets of human genetic variation . . . . . . . . . . . . . . . . . . . . . . 40

3.1.1 Large population datasets . . . . . . . . . . . . . . . . . . . . . . . 40

3.1.2 The ESTAND male infertility cohort . . . . . . . . . . . . . . . . . . 43

3.1.3 The Variant Call Format (VCF) . . . . . . . . . . . . . . . . . . . . . 45

3.2 Biomedical databases for disease analysis . . . . . . . . . . . . . . . . . . . 47

3.2.1 Main characteristics of biomedical databases . . . . . . . . . . . . . 47

3.2.2 Disease databases . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2.3 Phenotype description and the Human Phenotype Ontology . . . . . 50

3.3 Biological networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.3.1 An introduction to networks . . . . . . . . . . . . . . . . . . . . . . . 51

3.3.2 Types of biological networks . . . . . . . . . . . . . . . . . . . . . . 53

3.3.3 Distance and similarity measures . . . . . . . . . . . . . . . . . . . 54

3.4 Machine Learning concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.4.1 The machine learning procedure . . . . . . . . . . . . . . . . . . . . 58

3.4.2 Types of supervised learning algorithms . . . . . . . . . . . . . . . . 59

3.4.3 Feature selection and interpretation . . . . . . . . . . . . . . . . . . 64

3.4.4 Performance evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.5 Available oligogenic resources . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.5.1 DIDA: a first repository of data on digenic diseases . . . . . . . . . . 72

3.5.2 VarCoPP, a first predictor of variant combination pathogenicity . . . . 73

3.5.3 ORVAL: Bringing oligogenic predictions to the public . . . . . . . . . 75

3.5.4 OligoPVP: a first attempt at oligogenic prioritization . . . . . . . . . . 76

3.5.5 BOCK: contextualizing oligogenic combinations in biological networks 77

3.5.6 Explaining digenic disease mechanisms with ARBOCK . . . . . . . . 78

4 Improving the quality of ground-truth oligogenic data 79

4.1 Motivation and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2 General premises of the curation protocol . . . . . . . . . . . . . . . . . . . 81

4.3 Manual curation and manual scores . . . . . . . . . . . . . . . . . . . . . . 83

4.3.1 Evaluating genetic evidence . . . . . . . . . . . . . . . . . . . . . . 83

4.3.2 Functional evidence . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.3.3 Defining final scores . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.4 Post-curation process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.4.1 Knowledge scores . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.4.2 Metascores . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.5 Maintaining the database up-to-date . . . . . . . . . . . . . . . . . . . . . . 92



CONTENTS xi

4.6 Statistics of the database . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.6.1 General statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.6.2 Statistics on the confidence scores of the oligogenic combinations . . 96

4.6.3 Evolution of the content of the database . . . . . . . . . . . . . . . . 99

4.7 Defining a first set of standards for the reporting of oligogenic combinations . 101

4.8 Database structure, architecture and FAIR implementation . . . . . . . . . . 103

4.9 Usage of OLIDA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.10 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5 Investigation into the prioritization of oligogenic combinations 111

5.1 Motivation and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

5.2 General framework of the method . . . . . . . . . . . . . . . . . . . . . . . 113

5.3 Creating synthetic exomes for performance evaluation . . . . . . . . . . . . 113

5.3.1 Genotype data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

5.3.2 Disease-related data . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5.3.3 Statistics on the synthetic exomes . . . . . . . . . . . . . . . . . . . 116

5.4 Pathogenicity scoring: the VarCoPP2.0 predictor . . . . . . . . . . . . . . . 118

5.4.1 Creation of novel training and testing sets based on OLIDA . . . . . . 119

5.4.2 Annotation with novel features and feature reduction . . . . . . . . . 120

5.4.3 Model structure selection . . . . . . . . . . . . . . . . . . . . . . . . 127

5.4.4 Performance evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 128

5.4.5 Creation of confidence zones for predictions . . . . . . . . . . . . . . 132

5.4.6 Feature importance analysis . . . . . . . . . . . . . . . . . . . . . . 133

5.5 Disease-relevance scoring via network propagation . . . . . . . . . . . . . . 135

5.5.1 Defining a disease-relevance score for gene pairs . . . . . . . . . . . 136

5.5.2 Investigation of different graphs and types of propagation . . . . . . . 136

5.5.3 Investigation of the effect of the restart parameter . . . . . . . . . . . 138

5.5.4 Investigation of different seeds and seeds quality . . . . . . . . . . . 138

5.5.5 Comparison with simpler measures of similarity . . . . . . . . . . . . 140

5.6 Combining pathogenicity and disease-relevance scores into a final ranking . 142

5.6.1 Combining VarCoPP2.0 with disease-information is essential for effi-

cient prioritization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

5.6.2 Different sources of disease information improve ranking . . . . . . . 144

5.6.3 Analysis of the contribution of each score to the ranking . . . . . . . 146

5.6.4 Analysis of the performance of Hop across the whole range of ranks . 147

5.6.5 Influence of the exome template on the performance of Hop . . . . . 148

5.7 Hop outperforms current methods for the task of prioritizing oligogenic variants 149

5.8 Comparing ranking and classification metrics for performance assessment . . 152

5.9 Integration in ORVAL and usage of the tools . . . . . . . . . . . . . . . . . . 155



xii CONTENTS

5.10 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6 A computational analysis protocol for detecting novel oligogenic causes 159

6.1 Motivation and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

6.2 Protocol overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

6.3 Developing an appropriate filtering protocol for VCF files . . . . . . . . . . . 163

6.4 Gene enrichment analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

6.5 Statistics on Hop predictions in the cohort . . . . . . . . . . . . . . . . . . . 169

6.5.1 General statistics on the number of instances and effect of the gene

panel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

6.5.2 General statistics on pathogenic combinations and effect of the Inheritance-

mode filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

6.5.3 Analyzing network structure of top combinations . . . . . . . . . . . 173

6.6 Investigation of diagnosed patients . . . . . . . . . . . . . . . . . . . . . . . 174

6.6.1 Patients with oligogenic diagnosis . . . . . . . . . . . . . . . . . . . 175

6.6.2 Patients with monogenic diagnosis . . . . . . . . . . . . . . . . . . . 187

6.7 Analyzing shared gene pairs among patients . . . . . . . . . . . . . . . . . 190

6.7.1 Patients share more gene pairs than controls . . . . . . . . . . . . . 190

6.7.2 Gene pair enrichment analysis . . . . . . . . . . . . . . . . . . . . 193

6.7.3 Enriched gene pairs in infertile men compared to controls . . . . . . 194

6.7.4 Enriched gene pairs in patients subgroups . . . . . . . . . . . . . . 199

6.8 Analysis of the mechanisms underlying enriched gene pairs . . . . . . . . . 203

6.9 Analyzing shared genes within gene pairs in infertile men . . . . . . . . . . . 205

6.9.1 Enrichment analysis of genes within gene pairs in infertile men com-

pared to controls . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205

6.9.2 Enriched genes in patients subgroups . . . . . . . . . . . . . . . . . 210

6.10 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

7 Discussion and conclusions 215

7.1 Scientific contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216

7.1.1 Developing a comprehensive repository of data on oligogenic diseases 216

7.1.2 Advancing computational methods for the pathogenicity prediction of

variant combinations . . . . . . . . . . . . . . . . . . . . . . . . . . 217

7.1.3 An analysis protocol for detecting oligogenic signatures in large cohorts 218

7.2 Limitations of the current work . . . . . . . . . . . . . . . . . . . . . . . . . 220

7.2.1 Knowledge biases can have strong impact on predictions . . . . . . . 220

7.2.2 From ranking to instance selection . . . . . . . . . . . . . . . . . . . 221

7.2.3 The problem of validation of genetic findings . . . . . . . . . . . . . 222

7.3 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 223



CONTENTS xiii

7.3.1 Maintaining and updating OLIDA: using text-mining approaches and

reducing bias . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 223

7.3.2 Knowledge graph embeddings for disease-relevance scoring . . . . . 224

7.3.3 Bringing oligogenic pipelines to clinicians . . . . . . . . . . . . . . . 225

7.4 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 226

7.4.1 The importance of data quality in variant pathogenicity prediction . . 227

7.4.2 The future of oligogenic disease research . . . . . . . . . . . . . . . 228

A OLIDA decision trees 231

A.1 Functional score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231

A.2 Final score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232

B OLIDA schema 233

C Analysis of gene set degrees in BOCK and knowledge induced biases 239

D Additional information on VCF filtering and gene enrichment analysis 241

D.1 VCF filtering including the GEMINI patients . . . . . . . . . . . . . . . . . . 241

D.2 Gene enrichment plots at different filtering stages . . . . . . . . . . . . . . . 242

E Data on diagnostic variants in the male infertility cohort 245

E.1 Oligogenic diagnostic variants . . . . . . . . . . . . . . . . . . . . . . . . . 245

E.2 Monogenic diagnostic variants . . . . . . . . . . . . . . . . . . . . . . . . . 246

F Details on enriched gene pairs within patient groups 249

F.1 All patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 249

F.2 Patients with NOA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 253

F.2.1 Enriched gene pairs with no filters . . . . . . . . . . . . . . . . . . . 253

F.2.2 Enriched gene pairs with Inheritance Mode filter . . . . . . . . . . . 256

F.3 Patients with OZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 258

F.3.1 Enriched gene pairs with no filter . . . . . . . . . . . . . . . . . . . . 258

F.3.2 Enriched gene pairs with Inheritance Mode filter . . . . . . . . . . . 264

F.4 Patients with cryptorchidism . . . . . . . . . . . . . . . . . . . . . . . . . . 274

F.4.1 Enriched gene pairs with no filters . . . . . . . . . . . . . . . . . . . 274

F.4.2 Enriched gene pairs with Inheritance Mode filter . . . . . . . . . . . 279

G Tables of enriched genes within gene pairs 283

G.1 Patients with NOA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 283

G.2 Patients with OZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 284

G.3 Patients with cryptorchidism . . . . . . . . . . . . . . . . . . . . . . . . . . 285

Bibliography 287





Acronyms and Abbreviations

1KGP 1000 Genomes Project. 40, 63, 69, 91, 94, 119

ACMG American College of Medical Genetics. 12, 13, 176, 177, 182–185, 193

AD Autosomal Dominant. 8, 123, 169, 177

API Application Programming Interface. 48

APS Average Precision Score. 69, 127

AR Autosomal Recessive. 8, 123, 162, 166, 169, 171, 175, 185, 199, 245

ARBOCK Association Rule learning Based on Overlapping Connections in Knowledge graphs.

78, 204

AUC Area Under the Curve. 69, 152

BOCK Biological networks and Oligogenic Combinations integrated as a Knowledge graph.

77, 106, 125, 135, 137, 220

BPO Biological Process Ontology. 54

BRF Balanced Random Forest. 127, 128, 133

CADD Combined Annotation Dependent Depletion. 64, 73, 121

CCDS Consensus Coding Sequence. 42, 163, 164

CCO Cellular Component Ontology. 54

CDF Cumulative Density Function. 69, 70, 136, 137, 139, 141, 143, 152, 153, 155

CHH Congenital Hypogonadotropic Hypogonadism. 29

CNV Copy-number variant. 72, 80, 93, 95, 228

CS Classification Score. 76

DAG Directed Acyclic Graph. 50, 54, 69, 125, 139

DCG Discounted Cumulative Gain. 71

DE Digenic Effect. 23, 72

DIDA Digenic Disease Database. 15, 32, 79, 80

DMD Dual-Molecular Diagnosis. 16, 72

DNA Deoxyribonucleic Acid. 2

DP Read Depth. 163

DS Disease-relevance Score. 113, 136, 141–143, 170, 171, 178, 181, 184, 186, 193, 195–

198, 205, 222, 249–253, 256–258, 264–274, 279–281

DSD Disorder of Sexual Development. 29, 181, 196, 198, 209

ESTAND ESTonian ANDrology. 40, 43, 47, 160, 163, 189, 199, 218, 220

xv



xvi ACRONYMS AND ABBREVIATIONS

FAIR Findable, Accessible, Interoperable and Reusable. 48, 103

FN False Negative. 67

FP False Positive. 33, 67, 73, 130, 132

FS Final Score. 142, 143

FSH Follicle Stimulating Hormone. 43, 203

GARD Genetics and Rare Diseases information center. 48

GEMINI Genetics of Male Infertility Initiative. 44

GnomAD Genome Aggregation Database. 42, 65, 94, 102

GO Gene Ontology. 54, 125, 138, 203, 207, 208, 210, 211, 220

GQ Genotype Quality. 163

GWAS Genome Wide Association Study. 24, 40

HGMD Human Gene Mutation Database. 63, 69

HGVS Human Genome Variation Society. 8

Hop High-throughput oligogenic prioritizer. 111, 113, 142, 148, 150, 152, 154, 156, 160, 162,

218

HPG Hypothalamic-Pituitary-Gonadal. 29, 169

HPO Human Phenotype Ontology. 22, 50, 51, 54, 63, 69, 113, 116, 203, 220

IC Information Content. 125

ICD International Classification of Diseases. 48

IHH Idiopathic Hypogonadotropic Hypogonadism. 181

IM Inheritance Mode. 164, 166, 169–173, 175, 185, 187–190, 194, 200, 205, 209, 211–213,

249

ISPP Inheritance Specific Pathogenicity Predictor. 123

KG Knowledge Graph. 77, 125, 135

LH Luteinizing Hormone. 203

MAF Minor Allele Frequency. 6, 63, 94, 115, 119, 166, 178–180, 182–186, 195, 198, 249–

253, 256–258, 264–274, 279–281

MAP Mean Average Precision. 70, 154, 155

MDI Mean Decrease in Impurity. 66, 133

MFO Molecular Function Ontology. 54

ML Machine Learning. 19, 20, 58, 59, 61, 63, 73, 123, 135, 228

MPO Mammalian Phenotype Ontology. 50, 63

MRR Mean Reciprocal Rank. 70, 71, 154

nDCG normalized Discounted Cumulative Gain. 71, 154, 155

NGS Next-Generation Sequencing. 47



ACRONYMS AND ABBREVIATIONS xvii

NLP Natural Language Processing. 63

NOA Non-Obstructive Azoospermia. 26, 29, 43, 200, 202, 212

OA Obstructive Azoospermia. 26, 28

OLIDA Oligogenic Disease Database. 79, 80

OMIM Online Mendelian Inheritance in Man. 12, 48, 49, 77, 90

ORVAL Oligogenic Resource for Variant Analysis. 23, 75

OZ Oligozoospermia. 29, 43, 200–202, 211, 212

POI Primary Ovarian Insufficiency. 29, 169, 209, 211

PPI Protein-Protein interaction. 23, 53, 55, 57, 73, 75, 112, 125, 220

PR Precision-Recall. 68, 69, 128, 152, 153

PS Pathogenicity Score. 113, 135, 141–143, 170, 171, 180–182, 184, 186, 195–198, 222,

249–253, 256–258, 264–274, 279–281

RF Random Forest. 59–61, 66, 67, 127

ROC Receiver Operating Characteristic Curve. 68, 128, 152, 153

RVIS Residual Variation Intolerance Score. 121, 122

RWR Random-Walk-with-Restart. 56, 57, 63, 113, 135, 136, 140, 220

SNV Single Nucleotide Variant. 6, 25, 80

SPGF Spermatogenic failure. 29, 43, 44

SS Support Score. 76

TN True Negative. 67

TP True Positive. 67, 73

VarCoPP Variant Combination Pathogenicity Predictor. 21, 34, 72, 73, 128, 217

VCF Variant Call Format. 19, 45, 75, 113, 161, 165, 241

VUS Variant of Unknown Significance. 12, 177, 183, 187

WES Whole Exome Sequencing. 4, 5, 22, 30–33, 42–44, 111, 113, 150, 156, 160, 163, 212,

216

WGS Whole Genome Sequencing. 4, 22, 42, 226

XL X-Linked. 123, 169





Glossary

allele Version of the DNA sequence at a particular location. 5, 43

bi-locus combination A combination of variants in two genes that leads to disease. 16, 119

class imbalanced problem Classification problem where the number of instances in a spe-

cific class is much larger than the number of instances in the other class. 68

database Structured collection of data which is electronically stored on a computer system.

47

digenic disease Disease phenotype which is caused or modulated by the interaction of

variants in two distinct genes. 14

dominant disease A category of disease where a single copy of the abnormal variant allele

in a gene from one parent (i.e. in heterozygous state), combined with single copy of its

standard allele from the other parent, is sufficient to lead to a disease phenotype. 10

Dual Molecular Diagnosis Cases where two independent monogenic diseases are present

in an individual due to the segregation of monogenic variants in two different genes. 16

epistasis The mechanisms by which the combined effect of two variants is different than the

expected combined effect. 14

exome The collection of exons, which are the coding parts of the genes. 3, 40

exon Sequence of DNA which codes for a protein. 3

gene panel Set of genes that are known to be associated to a disease and that are used by

clinician to perform genetic testing. 49

genetic architecture The amount and type of variation that influences a trait and provides a

link between genotype and phenotype. 14, 17

genome The complete set of genetic material present in an organism. 2, 40

genotype The collection of genetic variants in an individual. xx, 5

haploinsufficiency Mechanism by which a single copy of a gene is insufficient to produce

the correct phenotype. 10, 123

heterogeneous network Network with different types of nodes . 51

incomplete penetrance A situation where some individuals who carry the pathogenic variant

associated with a particular disease, do not show the associated disease trait. 12

indel Insertion or deletion variant in the DNA sequence. 6, 47, 121

intron Sequence of DNA which does not code for a protein but is between the start and stop

codon of a gene. 3

xix



xx GLOSSARY

Machine Learning The field of computer science that uses statistical techniques to enable a

computer system to learn from a particular type of data and create a predictive model

that can be used in the future. 19

Mendelian disease A disease that is caused by genetic changes (mutations) in a single gene

or due to the abnormalities in the genome and follow the rules of Mendelian genetic

inheritance. 12

modifier A modifier gene/variant is a gene/variant that will affect the expression of another

gene/variant (e.g. it will alter the phenotype caused by the other gene/variant). 174,

189, 205

Monogenic plus modifier A digenic case, where one variant is present in the primary most

pathological gene of the gene pair and alone can infer symptoms of the disease, whereas

the variant at the second less detrimental gene can either affect the severity of the

symptoms or the age of onset. 16

multiplex network Network with one type of nodes but different types of edges . 51

multiplex-heterogeneous network Network that is both heterogeneous and multiplex, i.e.

which has different types of nodes and different types of edges between the same

types of nodes . 51

network Collection of nodes, which represent entities, and edges, which represent connec-

tions between them. 51

node degree The number of edges connected to a node inside a network. 173

oligogenic disease Disease phenotype which is caused or modulated by the interaction of

variants in two or more distinct genes. 13, 14

ontology Standardized and hierarchical vocabulary, which provide a common language for

organising knowledge. 50

phenotype The collection of traits observed in an individual. 5

polygenic disease A polygenic disease is a genetic disease caused by variation in a large

number of genes. 13

precision medicine Fine-tuning of medical care based on the genotype of the patient. 16

recessive disease A category of disease where more than one abnormal variant alleles (e.g.

in homozygous or heterozygous compound state) in a gene are needed in order to lead

to a disease phenotype. 10

Single nucleotide variant Variant which involves the change of a single nucleotide in the

DNA sequence. 6

True Digenic A bi-locus model, where variants in both genes are needed in order to show

symptoms of disease in an individual, whereas those carrying either one of the two

variants remain unaffected. 15



GLOSSARY xxi

variant Sequence of DNA in an individual’s genome which differs from the reference genome.

5

wild-type allele The allele that encodes the most common phenotype in the population. 7

X-linked inheritance Mode of inheritance where a disease is caused by a gene on the X

chromosome, affecting males and females differently due to their different sex chromo-

some compositions (XY for males and XX for females). 11

Y-linked inheritance Mode of inheritance where a disease is caused by a gene on the Y

chromosome, therefore only affecting male individuals. 11





Chapter 1

Introduction

Over the past decades, there have been tremendous advancements in the understanding of

the genetic basis of diseases, and genetic testing and variant interpretation have become

routine procedures for a subset of diseases. These advances have been facilitated by huge

amounts of data regarding genetic variation in relation to human diseases. Such resources

allowed the development of novel computational approaches able to predict the involvement

of genetic variants in human diseases and assist clinical researchers in identifying the causal

genetic variants. While predicting the pathogenicity of monogenic variants is now well estab-

lished, the first attempts at detecting oligogenic causes to disease are still recent and remain

limited.

In this thesis, we build up on the first developed resources for digenic analyses, to introduce

a new database, computational tool and analysis pipeline to enable oligogenic analysis at the

whole-exome level. This transition is made possible by the decreasing cost of sequencing

technologies, which have enabled the collection of large datasets of human genetic data in

relation to diseases at the exome level. Additionally, the development of new computational

methods, such as cloud computing, enable secure data sharing (through encryption, access

control, and secure protocols), and thus provide the means to develop such computational

pipelines.

This first chapter introduces the necessary concepts and knowledge to understand the work

presented in this thesis. First, we introduce the basic notions of human genetics, including the

organization of the human genome, the sequencing technologies that allow for deciphering

of the genome, the different types of genetic variation and how these are linked to human

traits. Secondly, we discuss rare diseases and the importance of studying genetic variation in

relation to these diseases to better understand these disorders and improve patient care. In

the third part, we dive into how bioinformatics approaches and machine learning have helped

comprehend and predict the link between genetic variation and diseases. Finally, we introduce

basic concepts of the genetics of male infertility, a disease further analyzed in the last chapter

of the thesis.
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2 Introduction

1.1 Foundations of human genetics

1.1.1 The human genome: molecular basis, structure and organization

The study of genetics, i.e. how traits are passed from one generation to the next, goes back

to the experiments performed by Gregor Mendel in the mid 19th century, who first introduced

the laws of inheritance and suggested that some traits are inherited through “genes”, the

fundamental unit of heredity [1,2]. It is only years later, with the experiments of Thomas Hunt

Morgan in 1910, that genes were revealed to be located on molecules called chromosomes

[3]. The work of Avery, MacLeod and McCarty in 1944 then demonstrated that chromosomes

were constituted of Deoxyribonucleic Acid (DNA), which became known as the carrier of

genetic information [4]. This molecule was first described in 1869 by Friedrich Miescher, and

was shown to be made up of four building blocks, called nucleotides (Adenine, Thymine,

Guanine and Cytosine), by Phoebus Levene [1, 5]. Finally, it is only in 1953, with the work

of Watson, Crick, Wilkins and Franklin, that the full structure of the DNA double helix was

discovered, demonstrating complementary base-pairing between the different nucleotides,

leading to a shift towards a molecular understanding of human genetics [1,6].

Knowing the structure of the material that carried genetic information, scientists turned to

understanding how this information was encoded. The genetic code was discovered in 1966,

demonstrating that specific sequences of nucleotides code for specific amino acids that make

up proteins [7]. Because different codons or triplets (i.e. sequences of three nucleotides) can

code for the same amino acid, the genetic code is said to be degenerate or redundant. In

the following decades, chemists discovered how to “read” this genetic code, by developing

sequencing technologies which enabled fast deciphering of the genetic code. These techno-

logies are discussed in more details in the next section (1.1.2).

Following the development of these sequencing methods, the first human genome, i.e. the

entirety of the genetic information that makes us who we are, was assembled in 2002 [8].

This revealed that the genome consists of two distinct parts: a nuclear and a mitochondrial

component, which are located in two different organelles of the cell. The nuclear component

of the genome, on which we focus in this thesis, is made up of approximately 3.2 billion base

pairs of DNA, which are organized in 23 pairs of chromosomes. 22 are common between

males and females. The last pair typically consists of two X chromosomes in female individu-

als, and one X chromosome and one Y chromosome in males , although other configurations

can exist [8,9].

Genes are the functional units of the genome and consist of a sequence of nucleotides coding

for a functional product (a protein or RNA molecule), which in turn allows for the proper

function of biological mechanisms in the cells. A gene typically begins by a start codon, which

indicates to the cellular machinery where the coding sequence starts, and ends with a stop

codon, signalling the end of the coding part.
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The mechanism by which the genetic code is translated into a protein product is known as the

“central dogma of molecular biology” [10]. A gene is first transcribed into a messenger RNA

(mRNA), by the transcription machinery, which works directly in the nucleus to transfer the

information contained on the DNA double helix onto a single strand RNA molecule. The mRNA

then undergoes transformations, such as splicing, which removes certain parts of the gene

which do not code for the protein. It is then transferred outside the nucleus to be transformed

into a protein product, a process known as translation, during which each sequence of codon

is translated into an amino acid, which are the building blocks of proteins.

The parts of the gene that actually code for a protein sequence are called exons, but there

are also some non-coding parts between the start and stop codons, which are referred to as

introns and contain regulatory elements, which modulate the expression of the genes [11].

Furthermore, a gene is usually preceded by a promoter region and can be surrounded by

several enhancers and other regulatory sequence elements.

The human genome consists of about 20,000 protein coding genes [12], but also includes

other genes coding for RNA molecules that interact with proteins and regulate different pro-

cesses taking place in the cells [13]. The part of the genome that involves only protein-

coding sequences is known as the exome, and is the main focus of genetic studies and

the work presented in this thesis, although it only represents 2% of the full sequence of

the genome [14]. It is nonetheless important to note that new evidence, brought forward

by advancements in sequencing technologies, is showing that the non-coding parts of the

genome also play an important role in the expression of our traits [15–17].

1.1.2 Sequencing technologies and mapping the human genome

Discoveries in genetics have been greatly facilitated by the development of different methods

to sequence the human genome, i.e. determine the order of the nucleic acid residues. These

sequencing technologies have been traditionally divided in three “generations”, and differ by

the number of DNA molecules they are able to process, the size of the DNA fragments they

are reading (which are known as reads), and the types of genetic variant they are able to

detect [18,19].

The first generation of sequencing technologies dates back to 1977, with the development

of Sanger sequencing [20]. This method uses special specific chain-terminating nucleotides

(ddNTPs) in order to generate fragments of the DNA molecule of different lengths, and then

reads the order of nucleotides by looking at the last nucleotide of each fragment (the ddNTP

which is tagged to be easily readable). Sanger sequencing produces highly accurate results

(99.999% of the read bases are the true bases) and long reads, and remains today the

gold-standard for obtaining accurate information about genetic variation. However, it can only

sequence one fragment of DNA at a time, and is costly due to the number of chemical

reactions required and the cost of ddNTPs [21].



4 Introduction

The second generation of sequencing technologies, appeared in the early 2000s, also con-

sists of synthesizing new DNA molecules and reading what nucleotide is added at each step.

However, these new methods can sequence huge amounts of DNA at a time because they

allow for massive parallelization of the sequencing reaction. Briefly, several DNA molecules

are anchored to a specific location and undergo a “wash and scan” cycle: the cells are flooded

with reagents containing the labeled nucleotides, that are incorporated in the DNA strands

during the synthesis reaction, which is then interrupted in order to scan the cells to identify

the added bases, before treating these bases to prepare for the next cycle. The nature of the

labeled nucleotides and the scanning method depends on the sequencing technology [22].

These technologies are high-throughput, meaning that they can sequence a large amount

of DNA, and have seen their costs dramatically reduce over the years (from 3 billion dollars

for sequencing the first human genome to less than 1000 dollars for a complete genome

sequence today), meaning that they can be easily applied to larger groups of people [23,24].

The third generation of sequencing technologies refers to long-read single-molecule sequen-

cing technologies and was initiated around 2010 [25]. The idea was to obtain the same

throughput as second generation sequencers, but using a single DNA molecule instead of

amplified fragments, and to obtain longer sequencing reads (typically 10-50kb). The former

is important to avoid errors occurring during the amplification while the latter would allow

reduction in errors happening during the mapping of the reads. Third-generation sequencing

has shown to improve the quality of genome assemblies and to allow a better detection of

structural variants (see Section 1.1.3) [26]. Furthermore, these novel sequencing technologies

allow for an easier sequencing of RNA molecules and detection of epigenetic modifications

(i.e. modifications that do not alter the DNA sequence but have an effect on the expression or

silencing of genes) [27], which are not discussed further in this thesis.

Sequencing approaches can also be distinguished based on the type of variants they detect,

as well as the regions of the genome they read. Panel-based sequencing refers to the sequen-

cing of specific gene sets, and therefore allows to detect variants in this gene list specifically,

as well as in regulatory regions. On the other hand, Whole Exome Sequencing (WES) or

Whole Genome Sequencing (WGS) are usually regarded as less biased, because they allow

to detect variants in the full exome or genome of the individual respectively, and can therefore

allow for novel gene - disease associations. Although sequencing costs have dramatically

reduced, WGS remains about 3 times more expensive than WES [25,28].

The choice of sequencing method therefore depends on the type of genetic variants and

analyses a researcher is looking to perform, as well as more practical considerations such

as costs [29]. Although some people advocate for the use of WGS, since it allows to detect

variants in a larger portion of the genome and is usually also more accurate, WES is currently

more widespread, due to its lower cost and the fact that the majority of relevant genetic

variation for genetic diseases has been shown to be located in the coding part of the genome.
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Panel based sequencing is still performed in cases where the genes of interest are well known,

but is now more often replaced by WES with in silico panel testing, i.e. performing WES but

then restricting the downstream analysis to a specific gene set. This method allows to reduce

the potential false positives obtained from WES, but leaves the door open for analysis of other

regions of the exome if needed.

The new generations of sequencing technologies have led to increased accuracy in the se-

quencing of the genome and the release of more and more precise reference genome [30,31],

culminating in the publication of the fully complete human genome, which now also covers

the previously unsequenceable and unalignable regions [32]. A first human pan-genome, i.e.

a representation of the human genome that takes into account genetic variation between

individuals from different populations, was also recently published [33].

1.1.3 Overview of genetic variation

Although the large majority of the genome is common between all human beings, about 0.1%

differs between individuals [34]. This is known as genetic variation, and is part of what makes

each human unique.

Understanding the relationship between genotype — the set of genetic variants carried by

an individual — and phenotype — the physical traits exhibited by the individual — is one of

the main challenges in biology [35]. In the past decades, high-throughput sequencing has

revolutionized the field of human genetics with large-scale data collection such as the 1000

genomes project [36, 37] or the Exome Sequencing Project [38] providing huge amount of

information on human genetic variation.

Genetic variation comes from differences in DNA sequences, and is continuously generated

by the mutational process [39]. Mutations can be either inherited from the parents or acquired,

which are referred to as de novo mutations, and happen by chance due to errors in the DNA

repair process or mutational events such as exposition to mutagens or radiation. Germline

variants refer to variants that are present in the reproductive cells and can be passed on to

other generations, while somatic variants are acquired over the course of an individual lifetime

in other cell types [40]. Genetic variation persists in the genome, enabling evolutionary change

and diversity in populations [39].

Genetic variation can take different forms, and variants can be classified with respect to a

variety of factors. A genetic variant is defined as any specific region of an individual genome

where the DNA sequence of the individual differs from the reference genome, encompassing

both the location and the specific change in the sequence. When multiple versions of a DNA

sequence exist at a particular site within a population, these different versions are called

alleles, with each allele representing a distinct sequence at that locus.
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Figure 1.1: Types of genetic variation found in human genomes: (A) sequence variants which
involve only a small number of nucleotides and (B) structural variants which involve larger
sequences of DNA, where each letters represent different large segment of DNA. Figure
adapted from [40]

A first way to classify genetic variants is according to their frequency in the population. This

is assessed by computing the Minor Allele Frequency (MAF) of a variant, i.e. the frequency

of the less common allele of a variant. Variants with a MAF larger than 1 % are considered

common and sometimes called polymorphisms, while variants with MAFs lower than 1 % are

considered rare [39,40].

Another way to distinguish between different types of variants is according to the size of the

change in DNA sequence they imply (See Figure 1.1).

Sequence variants (Figure 1.1A) refer to variants that span a small number of DNA bases

(usually less than 1000 base pairs [40]). Single nucleotide variants (SNVs) are sequence

variants that are characterized by the change of a single nucleotide in the DNA sequence:

the substitution of a purine by another purine is called a transition while the substitution of

a purine by a pyrimidine or vice versa is a transversion [34]. SNVs are the main source of

genetic variation, with the latest phase of the 1000 genomes project reporting information on

84.7 million of them [37]. A typical genome contains 3.5 to 4 million of SNVs [37] with most

of them being common: only 1 to 4 % of variants in a typical genome have a MAF smaller

than 0.5 % [37]. This means that the majority of the variation present in an individual genome

is shared among several individuals in the population. Insertion-deletions (or indels) refer to
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mutations where a few nucleotides are added/removed at a specific position. Indels which are

not multiple of 3 result in a frameshift mutation, which can completely change the sequence

of amino acid in the protein product or result in a premature stop codon. Finally microsatellite

variants refer to indels in particular repetitive regions of the genetic code.

The remaining variants belong to the global category of structural variants, which imply lar-

ger changes in the DNA sequence [34] (Figure 1.1B). They include copy-number variants

(where a large part of the DNA sequence is duplicated or deleted), block substitutions (which

correspond to the substitution of several adjacent nucleotides), inversions (where the order

of nucleotides is reversed in part of the sequence) and translocations (where pieces of a

chromosome break and are reattached at different sites than their original ones). Structural

variants affect more than 1000 DNA bases, but a typical genome only contains 2,100 to

2,500 of them [37], which represents less than 1 % of total variation in a genome. Structural

variants identification and characterization methods have evolved quickly in the past decade

but were previously less studied, which is partly due to difficulties in detecting them [41].

New information is therefore likely to allow for a better understanding of the mechanisms and

consequences of this type of variation in the near future [42].

Variants also differ by their effect on the individual’s phenotype, which is highly dependent on

the location of the variant and its change in the DNA sequence. Most variants are located

in the non-coding part of the genome and were therefore initially thought to have no direct

consequence. However, recent studies report that variants in intronic regions close to the

exon edges, for example, can have strong repercussions on the phenotype, since they con-

tain critical splicing elements [34, 43]. Non-synonymous variants are mutations in the coding

sequence with a direct effect on the protein sequence: if the mutation leads to a change in

amino acid it is called a missense mutation, while a SNV causing the premature appearance

of a stop codon is termed nonsense. On the contrary, synonymous mutations refer to variants

in the coding region which do not lead to changes in the amino acid sequence of the protein

product, due to the redundancy of the genetic code.

Non-synonymous mutations are therefore assumed to have a higher potential to be deleteri-

ous since they have a direct effect on the protein product of genes, but synonymous mutations

have also been associated with diseases [44].

Finally, mutations have different consequences on the phenotype based on their zygosity. A

given mutation can be homozygous if it is present on both chromosomes of the same pair,

heterozygous if it is only present on one of the two chromosomes (and the other chromosome

therefore presents a wild-type allele copy or allele), or compound-heterozygous if two distinct

mutations occur in the same gene (which means both copies of the gene are mutated but

with a different mutation). Finally, a variant can be hemizygous if is located on the X or Y
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chromosome in a male individual, since the individual only carries one copy of each of the two

distinct sex chromosomes. The effect of the zygosity of the mutation can change depending

on the inheritance mode of the genes: Autosomal Dominant genes are defined as being more

tolerant to heterozygous mutations than Autosomal Recessive genes (see Section 1.2.2).

Due to their versatile nature, genetic variants can therefore be represented using different

coordinates. The more precise description is the genomic coordinates, which gives the chro-

mosome and number of the changed nucleotide, as well as the reference and alternative

(i.e. the mutated residue) nucleotides. Another possibility to represent a genetic mutation at

the DNA level is to give the coding DNA change. This change is given as the gene name,

or transcript ID of the exon, as well as the nucleotide number where the variant is located.

Since genes can have several transcripts, this notation is less precise since if the transcript is

not provided, it is not always possible to retrieve the actual variant. Finally, variants can also

be described at the protein level, by indicating which amino acid of the protein is changed

in which amino acid. However, due to the redundancy of the genetic code, it is not always

possible to trace back which genetic variant correspond to which protein change.

For example, a change of a C to T nucleotide at a genomic position 68208397 of chromosome

15 can be represented as 15:68208397:C:T using genomic coordinates, CLN6(NM_017882.3):

c.679G>A in cDNA coordinates (where CLN6 is the gene in which the variant is found and

NM_017882.3 is the transcript used to compute the coding DNA coordinates) and p.Glu227Lys

in protein change. This diversity of variant representations has been a challenge in genetic

research, since different notations used in different research articles may actually refer to

the same variants. In order to address this issue, guidelines for the notations of variants

have been put in place by the Human Genome Variation Society (HGVS) Nomenclature [45],

and different tools have been developed to convert variant coordinates between the different

formats used [46–48].

1.2 Studying the genetic basis of rare disorders

Genetic variation is linked to a wide variety of traits, which is called phenotypic variation. While

the majority of genetic variation is linked to benign phenotypes, meaning they result in traits

that do not affect health or biological function (e.g., differences in eye color or height), a small

fraction of genetic variants can be deleterious and cause diseases. In this section, we delve

into how human diseases are studied in relation to genetic variation, in order to obtain a more

precise understanding of these diseases and improve the quality of life of people affected by

them.
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1.2.1 An introduction to rare disease research

There are currently about 7,000 rare diseases reported around the world [49], although it is

expected there are many more yet to be identified and classified [50]. While these diseases

individually have a small prevalence (a disease is defined as rare if it affects less than 1 in

2,000 individuals in Europe [51]), they together affect about 3.5–5.9% of the world’s population

which means that 263–446 million persons are currently living with a rare disease [52]. This

makes these diseases an important public health issue [53].

The main challenges faced by affected individuals on one hand include the time to achieve

diagnosis, uncertain diagnosis and inappropriate treatment for the disease. On the other

hand, the main challenge faced by clinicians and researchers when studying rare diseases

is the limited sample sizes [54, 55]. With few individuals affected by a particular condition,

recruiting an adequate number of participants for clinical studies becomes complicated. This

small number of participants can limit the study’s statistical power and robustness, and also

makes it challenging to generalize the findings, as the small group of participants may not

capture the full spectrum of variability in disease presentation, limiting the applicability of the

results to the broader population of patients. The general lack of data on rare diseases hinders

the current efforts to understand their etiology, progression and design optimal strategies for

treatment. Furthermore, rare diseases are characterized by being clinically heterogeneous,

meaning that patients with the same condition can exhibit a wide spectrum of symptoms

(varying in type, severity and onset). This variability complicates both diagnosis and treatment,

as the disease may present with overlapping symptoms across different conditions or follow

unpredictable clinical courses. As a result, developing standardized diagnostic criteria and

effective treatment protocols becomes significantly more challenging for healthcare providers

[56].

To overcome these challenges, the main approach used by researchers is to develop large col-

laborations and networks bringing together researchers and patients from around the world to

study rare diseases [57,58]. This is the case for example of the Undiagnosed Disease Network

(UDN), which collects data on more than 5000 patients affected with rare diseases, for whom

a diagnosis could initially not be obtained [59]. Through data sharing and their re-analysis,

new disease mechanisms were discovered [60]. These initiatives also exist for specific, more

common, diseases, such as the Epi25 project collecting data on patients affected with epilepsy

around the world [61], the ASPIRE autism spectrum disorder cohort [62] or the Deciphering

Developmental Disorder cohort [63].
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Additionally, the development of standardized registries and classification of diseases allow to

pool together data on diseases with similar phenotypic presentation [64,65]. Orphanet, for ex-

ample, has enabled the precise recording of rare diseases, together with a classification of the

diseases. It also provides links to other databases of diseases and is therefore a key resource

in rare disease research, enabling researcher to properly identify gaps in understanding, and

prioritize areas for further investigation [64].

Finally, the more recently developed Human Phenotype Ontology, enables researchers to use

a unified vocabulary when describing the symptoms of patients [66, 67]. This resource has

been shown to enable new discoveries by grouping patients with similar symptoms thanks

to this framework [68–70] and is continuously evolving, now providing a huge structured

vocabulary to describe disease symptoms in detail [71]. Precise description of the symptoms

of the patients through what is called deep phenotyping [72], was shown to be essential to

obtain a better understanding of the genetic mechanisms underlying certain diseases [73].

Through the use of such registries and standardized vocabularies, huge amounts of data have

been collected and shared among researchers on not only the clinical manifestations of these

heterogeneous disorders, but also genetic associations linked to these diseases, paving the

way towards obtaining a molecular diagnosis for genetic disorders.

1.2.2 Genetic variation and rare diseases

It is estimated that around 80% of rare diseases are caused by genetic mutations [52], and that

genetic factors also contribute to many other disorders which are not considered as rare such

as cancer or type 2 diabetes [74]. Genetic diseases can be inherited if the mutation is passed

on from the parents to the affected individual or occur de novo, if the causative mutation

appeared accidentally in the individual [75]. A genetic mutation usually causes a disorder

phenotype by impairing a molecular pathway, i.e. the mutation alters a protein product or a

regulatory region of a gene, leading to an impaired protein function or gene expression, and

thus have implications on the cellular or biological processes possibly leading to a disease

phenotype.

Based on the number of copies of the mutation that are needed to show the disease phen-

otype, diseases are often divided into dominant diseases, i.e. diseases for which a single

allele (or copy of the mutation) is sufficient to cause the disease, and recessive diseases, i.e.

diseases that require both copies of the gene to be mutated. These modes of inheritance also

apply to single genes, where dominant genes have been shown to lead to impaired cellular

function with only one mutation, while recessive genes require mutations in each copy of the

gene to lead to a disease phenotype. This can happen through different mechanisms such as

haploinsufficiency (when one copy of a gene is insufficient to produce the correct phenotype),

gain-of-function (when a mutation leads to a protein with a new function, as opposed to a loss-

of-function mutation which leads to a non-functional protein) or dominant negative (when the
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expression of a mutant protein interferes with the activity of a wild-type protein) behaviours.

Some genes are therefore known to be exclusively dominant (i.e. a single heterozygous

mutation in the gene will have no direct effect on the protein product), exclusively recessive

(i.e. any mutation in the gene will have a direct effect on the protein product), or a mix of both

depending on the condition or on the location of the genetic variant [76]. For diseases which

are caused by mutations in genes located on specific regions of the X-chromosome, the X-

linked inheritance term is used for male individuals. Indeed, males only carry one copy of the

X chromosome and a mutation in a gene located on this chromosome can therefore act as a

dominant mutation since it is the only copy of the gene that is carried.

Figure 1.2: Mechanisms of dominant inheritance (A), Recessive inheritance (B) and X-Linked
inheritance (C). Figure adapted from [40]

Finally, conditions associated with Y-linked inheritance also exist although they are rare since

the Y chromosome is very small and only contains comparatively few genes [40]. With the

exception of variants in genes which have homologues on the X-chromosome, variants on the

Y-chromosomes will be in hemizygous state, and their phenotype will be manifest [40]. Con-

sequently, affected males also have affected fathers, unless a de novo mutation has occurred,
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and all their sons will be affected. An example of Y-linked condition is spermatogenic failure,

which is further discussed in Section 1.4. Other modes of inheritance, such as mitochondrial

inheritance can also be associated with some diseases, but are not further discussed in this

work.

Genetic variants linked to diseases have been shown to have different effects in different

individuals. The penetrance of a mutation defines the proportion of individuals carrying that

mutation who are affected by the associated phenotype. A mutation is therefore known to

have high penetrance if the majority of the individuals carrying this mutation are affected

by the diseases. For example, some alleles present in the BRCA1 gene, which have been

associated to breast and ovarian cancer in women, have been shown to confer an ∼ 80%

risk to develop the cancer, therefore exhibiting high yet incomplete penetrance (less than

100%) [77]. Even when a mutation is 100% penetrant, i.e. all individual carrying the mutation

present the phenotype, this associated phenotype can be of different intensity. This is the

concept of expressivity, which describes the range of traits that can be associated with a

single mutation.

To help clinicians interpret the effect of genetic variants in relation to diseases or phenotypes,

guidelines have been developed to define criteria that need to be taken into account. The

American College of Medical Genetics (ACMG) guidelines for asssessing the pathogenicity of

genetic variants are the most widely used [78]. They lead to the classification of variants in one

of 5 classes: Pathogenic (P), Likely Pathogenic (LP), Variant of Unknown Significance (VUS),

Likely Benign (LB) and Benign (B) [78]. The class a variant is assigned to depends on different

criteria such as frequency in large population databases, functional analysis of the effect of

the variants, segregation in pedigree studies and so on. Each type of evidence is assigned a

separate criteria and these criteria can be combined to assign the variant to one of the classes.

VUS represent variants that could not be categorized as either pathogenic or benign, requires

further analysis and should not be used for clinical decision-making [78]. It is important to note

that these criteria were defined to assess the involvement of a single variant in a particular

phenotype and therefore do not take into account the interaction between variants which are

discussed in the next Section (1.2.3).

In order to have a better understanding of the relationship between genotype and phenotype,

many resources have emerged to collect data on the genes and variants linked to specific

diseases or phenotypes. The Online Mendelian Inheritance in Man (OMIM) database, for

example, collects data on all Mendelian diseases and their associated genes and variants,

comprising as of today data on more than 8000 distinct phenotypes [79]. The Genomics

England PanelApp collects different gene sets of interest that have been linked with specific

diseases, in order to aid researchers in their quest for identifying which genetic variants can

cause a specific disease [80, 81]. At the variant level, ClinVar compiles reports on genetic

variants and their link to diseases or phenotypes [82,83]. Reports on any variant can be com-
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plemented with detailed information supporting the classification of the variant as pathogenic,

benign or of unknown significance, and can come from different research groups, in which

case the information is aggregated to support for re-evaluation of the data. Each variant is

assigned a review score based on the evidence associated and the number of reports on that

particular variant. As of May 2024, ClinVar contains data on almost 3 million genetic variants,

reported by over 3000 submitters. More recently, the Franklin database1 has also emerged as

an important tool for studying genetic variants in relation to disease phenotype, as it allows

to automatically classify variants according to the ACMG criteria for monogenic pathogenicity

assessment, as well as providing links to ClinVar reports and other publications discussing

the genes andor variants of interest.

1.2.3 The genetic diseases continuum

The increased amount of information on human genetic variation acquired through sequen-

cing technologies has recently completely transformed our understanding of genetic diseases

[84].

The traditional framework of genetic diseases makes a distinction between monogenic dis-

eases — which are caused by one rare mutation in a single gene with a large effect — and

complex or polygenic diseases — which are caused by multiple mutations in multiple loci.

The mutations responsible for complex diseases are assumed to be more common and to

have smaller individual consequences. Examples of monogenic diseases include Sickle cell

anemia, Cystic Fibrosis and Huntington disease — which are in fact Mendelian diseases, a

particular sub-type of monogenic diseases where the mutation is inherited [85]. Examples of

complex traits diseases include Alzheimer’s disease, multiple sclerosis and epilepsy [86].

Nevertheless, new information has shown that many previously thought monogenic diseases

are in fact modulated by a number of mutations in other genes, which are called modifiers

[87, 88]. This is the case for cystic fibrosis for example, where although mutations in the

CFTR gene are almost always causative of the disease phenotype [89], the disorder can

be made more or less severe by mutations at different loci [90] and present with very different

phenotypes [91].

This brings up the concept of oligogenic diseases, which encompasses disorders that are

neither monogenic nor complex but rather caused, or modulated, by mutations in a small

number of genes [92]. In fact, genetic diseases are now better understood as a continuum

with oligogenic disorders bridging the gap between monogenic and complex diseases [93], as

illustrated in Figure 1.3.

1. https://franklin.genoox.com-FranklinbyGenoox

https://franklin.genoox.com - Franklin by Genoox
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Figure 1.3: The monogenic to complex diseases continuum. Figure adapted from “The
genetic architecture of long QT syndrome: A critical reappraisal”, Giudicessi et. al. , Trends
Cardiovasc Med. (2018) [94]

The emergence of the concept of oligogenic diseases brings up new challenges, since the

genetic architecture of many of the previously established monogenic diseases needs to be

re-assessed. However, it is also a great opportunity since it paves the way to get a better

understanding of the interaction between genes at a smaller level, which could potentially

lead to new insights into the study of polygenic diseases [84,95].

The simplest case of oligogenic inheritance is digenic inheritance, a term first introduced by

Schäffer as “phenotypes whose pattern of inheritance can be better explained by mutations

in two loci than a variant in one locus alone” [96]. There have been several well established

examples of digenic diseases which include Bardet-Biedl Syndrome [97–99] or long-QT syn-

drome [94,100].

Different mechanisms have been described to explain how variants at different genetic loc-

ations can act together to cause the disease, and thus explain the molecular mechanisms

underlying oligogenic diseases. These mechanisms are referred to under the general term

of epistasis, which was first defined to describe the case when the effect of two variants

together deviates from the expected outcome of combining these mutations [101]. There are

different types of epistatic interactions, including compensatory effects (when the effect of

one variant cancels the effect of the second variant) or synergistic effects (when the effect

of the combined variants is stronger than the sum of the individual effects alone) [102, 103].
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Furthermore, different epistatic mechanisms have been described, depending on whether

the effect is due to the direct interaction between protein products, an additive effect due to

the proteins being in the same pathway, or due to their redundant involvement in a specific

biological function [84,92].

A better understanding of digenic diseases is crucial in order to be able to tackle more complex

oligogenic diseases. In recent years, a lot of progress has been made in this line of research,

partly thanks to the development of the Digenic Disease Database (DIDA), which provided for

the first time public access to a collection of annotated data on variants, genes and gene pairs

that were identified to be causative of digenic diseases [104].

Based on the data collected in DIDA, we can distinguish three types of variant combinations,

depending on the effect they have, as illustrated in Figure 1.4.

Figure 1.4: Three types of digenic inheritance observed in DIDA. Figure taken from
“Predicting disease-causing variant combinations”, Papadimitriou et. al. (2019) [105].

The first class, which is called True Digenic, refers to pathogenic combinations where the

presence of two or more variants in two distinct loci is necessary for the patient to develop

the disease phenotype. The second class, referred to as “Composite”, includes combinations

in which a variant on the major gene causes the disease phenotype, while the variant on the
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second gene modulates this phenotype by either leading to more severe symptoms or an

earlier onset of the disease. This type of combination is sometimes referred to as “Monogenic

plus modifier”. Finally, in the case of Dual Molecular Diagnosis (DMD combinations, variants

in both loci are responsible for either distinct or overlapping disordered phenotypes.

Although DIDA was an important step forward in the understanding of oligogenic disease

mechanisms, the database included variant combinations based on a set of criteria that

was not clearly defined, and has not been updated since 2017. In the literature, variant

combinations involving two genes are referred to as both digenic or bi-locus combinations,

and both terms are used interchangeably throughout this thesis.

1.2.4 The importance of genetic diagnosis for rare disorders

The large majority (80%) of rare diseases have a genetic origin, but the exact genetic causes

remain unknown for a large number of diseases [106]. The experience that patients and their

families go through while waiting for a precise diagnosis is termed “diagnostic odyssey” and

can sometimes last up to 30 years (from the beginning of symptoms to the correct diagnosis)

[107]. It is estimated that about 50% of patients remain undiagnosed. This lack of diagnosis

can mean missed opportunities for tailored treatment, and is linked with a substantial burden

of uncertainty for families as well as high economic costs due to unnecessary diagnostic

procedures [108].

Traditional approaches to diagnosis include detailed clinical evaluation of the patient’s symp-

toms and laboratory tests, but the heterogeneity of rare diseases often makes these meth-

ods insufficient [109]. Novel sequencing technologies, such as WES and WGS have there-

fore proved useful in obtaining genetic diagnosis for cases with atypical or variable pheno-

typic presentations [110–113]. The diagnosis of previously undiagnosed patients can lead to

change in therapeutic strategy, which can in turn lead to improvement of the patients’ well-

being [114]. These novel methods have led to the emergence of the concept of precision

medicine, which aims to achieve the personalization of medical care based on an individual’s

genetic characteristics. Precision medicine, also called “P4” medicine, i.e. personalized, pre-

dictive, preventive and participatory medicine, is to be achieved through a better, more precise,

stratification of patients, specific tests and the identification of new biomarkers, and will lead

to the development of novel treatments through novel drug developments or drug repurposing

[115–117].

However, using sequencing for genetic diagnosis also comes with significant challenges [118–

120]. Properly assessing the causality of a sequence variant in a particular disease remains

difficult, since standards were only recently published [121]. The question of how and what

genetic results should be shared with patients also needs to be ethically addressed, especially

for the development of preventive care based on interpretation of genetic variants [122].

Furthermore, it is important to note that while large amount of data on genetic variation has



1.2. Studying the genetic basis of rare disorders 17

been collected for specific European/Caucasian individuals, the scarcity of data from other

ethnicities implies that genetic testing for these individuals will be less reliable [119]. Finally,

generalizing these analyses to large population data requires the development of efficient and

accurate methods to identify causative variants in sequencing data, which are discussed in

the following section.

1.3 Bioinformatics methods for variant interpretation

New sequencing technologies have allowed for a tremendous amount of data on human

genetic variation to accumulate in the scientific literature. The increased amount of information

on genetic variation calls for proper computational methods in order to analyze and interpret

this variation in relation to disease. In the previous years, a wide variety of variant prioritization

tools have therefore emerged in the field of bioinformatics [123–125]. These tools have two

main purposes: the first one is the discovery of new variant-disease associations and a better

understanding of the genetic architecture of some rare genetic diseases [126]; the second

one is linked to the emergence of precision medicine, which requires proper integration of

“omics” information in disease risk models [127]. In this section, we introduce the different

types of bioinformatics methods that have been developed to interpret genetic variation in

relation to genetic diseases. We first introduce bioinformatics pipelines which transform raw

sequencing data into interpretable variant data, then describe general usage of machine

learning in bioinformatics and then focus on the differences between two main types of variant

pathogenicity prediction methods: classification tools and prioritization methods. We then dive

more specifically into methods that have been developed to identify digenic causes to disease,

and finally introduce strategies and frameworks developed to find genetic causes in cohort

data, in order to establish what are called “genetic signatures” of diseases.

1.3.1 From sequencing data to variant calls

The first step to any genetic analysis is to transform raw sequencing data into what are called

variant calls, i.e. to identify which are the specific genetic variants carried by an individual.

This process involves several steps, made possible with bioinformatics methods (see Figure

1.5).

The first step of this procedure is to align sequencing reads to a reference genome [129,

130]. Nowadays, three different reference genomes are commonly used in the literature: the

GRCh37 assembly, the GRCh38 assembly and the chm13 assembly [131]. The GRCh37

assembly is starting to be outdated, with many resources not maintaining their data in this



18 Introduction

Figure 1.5: Overview of the analysis pipeline from sequencing data to variant calls,
highlighting at each step, some of the main algorithms used. Figure from [128].

assembly anymore, while the chm13 is still very novel, which means that many interpretation

and analysis tools have not yet been adapted to this assembly. Although tools have been

developed to convert variants between assemblies [131], the reference genome used to call

the variants has been shown to lead to discrepancies [132,133].

The main algorithms used to align sequencing reads to a reference assembly include BWA

[134], Bowtie [135] or HISAT2 [136]. These algorithms take as input reads generated from

sequencing machines, in the format of a FASTA or FASTQ file, and look for the best-fitting

positions for these reads on the reference genome by scoring the alignment of the reads to

the genome and using this score to select the optimized location [129, 137]. The algorithms

output SAM (Sequence Alignment file) or BAM (Binary Alignment file) files, which contain the

sequencing reads, the location of their alignment on the genome and the alignment scores.

Several errors can arise during alignment, including misalignment due to repetitive regions

or structural variants [138,139], as well as biases introduced by the reference genome [140–

142].

From the aligned reads, several tools can be used to call variants and obtain the genotypes of

the mutated alleles, after applying a few pre-processing steps to remove duplicate reads,

recalibrate base quality scores, and perform local realignment around indels [29]. When

analyzing several samples, variants can be called individually, for each sample, or jointly. Joint

variant calling has been shown to offer important advantages as it improves the accuracy and

reliability of genetic variant detection by analyzing data from multiple samples simultaneously,
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reducing errors and enhancing variant quality. It also produces calls for every positions, which

allows to differentiate between genomic positions for which a sample is known to have the

reference allele with high confidence and positions for which the sample did not achieve

sufficient coverage. Additionally, it reduces the problem of variant representation difference

and enables the variant caller algorithm to use the genotype information from one sample to

infer the genotype information from another [29]. The main tools used to call variants include

BCFTools [143], FreeBayes [144], GATK Haplotypecaller [145] and Platypus [146]. SNVs are

identified by examining aligned reads at each genomic position to find positions where the

majority of reads differ from the reference genome. Indels are found by looking for regions

where the aligned reads exhibit insertions or deletions relative to the reference genome. These

variant calls are assigned quality scores based on several criteria, to reflect the confidence in

the variant call [29].

Finally, the pipeline results in a Variant Call Format (VCF) file, which contains on separate

lines different types of information on the genetic variants carried by an individual. VCF files

come in two formats: cohort VCF files, which contain information on all variants carried by

individuals in a cohort (and are generated by joint calling of the variants) and individual VCF

files, which contain information on the variants carried by a particular person. In addition to

the information on the variants carried by individuals, VCF files also contain various quality

metrics which reflect the confidence in the read alignments and variant calling processes,

therefore enabling for careful filtering of potentially false positive variant calls (see Section

3.1.3 for more details).

1.3.2 Machine learning models in bioinformatics

Machine Learning (ML) is the process of constructing models by applying sophisticated stat-

istical and computational methods to extract complex patterns from data [147]. The main

advantage of this type of models, with respect to traditional statistical methods, is that they

are sometimes able to discover unexpected associations between input data and predictions.

However, in order to have a good performance, these models usually require quite a large

amount of training data [148].

Increased amount of biological data and recent advances in computational modelling have led

to the application of machine learning models to several biological problems. These applica-

tions cover various biological domains, with models built to solve the gene finding problem (i.e.

finding protein coding regions in human DNA), predict protein structure or understand the link

between genes and disease [147,149,150]. There exist different categories of ML, which are

described in more details in Section 3.4: supervised learning – where the learning happens

from a pre-defined dataset for which the output to predict is known, unsupervised learning

– where the model tries to learn the underlying structure of the data – and reinforcement

learning – where the learning occurs through interactions with the environment [151]. In the
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supervised classification setting, which is often used when trying to predict the pathogenicity

of a variant or gene, a model is trained on a set of instances for which the class label is known.

A dataset is composed of instances, which are represented as a vector of characteristics,

referred to as features. This dataset is then usually split into a training set, testing set and

validation set. The features in the training set are used to determine a set of classification rules

which can establish the class of an instance. These rules are fine-tuned by testing them in the

testing set. The final model can then assign class labels to new instances in the validation

set based on their feature values and this set of classification rules. More details on the ML

procedure are presented in the Materials & Methods chapter of this thesis (Section 3.4).

There exist different types of machine learning models and their performance depends on

the type of data and problem at hand. The most commonly used in bioinformatics include K-

nearest neighbour, Support vector Machine, neural networks and decision tree based models

[147]. The K-nearest neighbour algorithm is an example of what is called “lazy learning” and

attributes a class to an instance by taking the majority class of the K-nearest points in the

feature space, with the nearest points determined by some distance function between the fea-

ture vectors. Support vector machine tries to find a hyperplane that maximizes the separation

between the two classes, the kernel trick making it applicable to non-linear problems. Neural

networks use a network of connected artificial neurons (called nodes) organized in layers

where the output of a node is used as input for another node. The weights of the connections

between nodes are adapted during training and this network can then be used to attribute an

output class to any input feature vector. Finally, in the case of decision trees, the decision logic

is modelled using a tree structure: at each node, a test is applied on the input features and the

outcome of this test takes the classification algorithm to a specific child node, this process is

then repeated until it reaches a leaf node corresponding to a decision. Random forests, which

are used in this work, are ensembles of decision trees: each individual decision tree is trained

on a different subset of the training set and the final output of the Random Forest is obtained

by majority vote of the decision trees [152].

Interpretability of machine learning models has become a huge topic of interest in the past

few years, especially with regards to applications in bioinformatics. The definition of “inter-

pretability” itself can be debated [153], but an interpretable model typically needs to have one

of the 2 following properties: transparency, i.e. one should be able to understand globally how

the model works; or post-hoc explanation, i.e. even if there is no general understanding of

how the model works, one should be able to have information on why a particular instance

was attributed a particular prediction. This second understanding of interpretability is becom-

ing increasingly popular since it allows to interpret “black-box” models (i.e. ML models for

which the decision process is not straightforward) after the fact and therefore not compromise

predictive power for interpretability [154]. Many post-hoc algorithms are therefore constantly

being developed, that are either general or specific to model types [155].
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In bioinformatics, there are three major reasons as to why interpretability is important [154].

The first one is to improve the performance of the model and therefore understand the po-

tential bias that could exist in the training set or the way the model is built. The second

reason is to obtain novel insights on biological problems. As mentioned previously, machine

learning models are sometimes able to make unexpected associations between the input

and output data, and therefore allow to detect novel biological patterns. However, this is

only possible if the user has some understanding of how the model generates a particular

prediction. The last reason for wanting to have an interpretable model is to be able to be

confident about the prediction. This is especially important in clinical applications where the

user needs to be able to interrogate and understand the prediction made by such a model,

especially when it is involved in “high stakes” situations where a prediction error can have

severe consequences [156,157].

1.3.3 Classification tools for pathogenicity

Traditional approaches to variant pathogenicity prediction, used by predictors such as Sort

Intolerant From Tolerant (SIFT) [158] or PolyPhen2 [159], are based on sequence conser-

vation and protein structure to predict the consequence of a missense change on protein

function. These predictors are therefore limited to missense variants and have a relatively

high false positive rate, which means that for an individual, they tend to output a large number

of potentially damaging variants, instead of identifying the actual disease-causing one [160].

New variant classification tools, which have been more successful, are meta-predictors, which

means that they integrate information from many other tools to generate an overall patho-

genicity score. Examples of such tools include Combined Annotation-Dependent Depletion

(CADD) — which uses a Support Vector Machine model to score variants based on annota-

tions from 63 different tools [161] — and the Rare Exome Variant Ensemble Learner (REVEL)

— which integrates 18 individual pathogenicity scores from 13 different prediction tools into a

Random Forest predictor [162].

More recently, deep learning approaches have also shown very good performance on variant

pathogenicity classification. Some of these predictors also appear to function better than

the aforementioned approaches because they rely on unsupervised learning, which prevents

them from learning biases introduced in manually curated datasets [163]. For example, EVE

relies on a variational autoencoder to learn the latent rules that underlie a multiple sequence

alignment [164], and AlphaMissense supplements this approach with structural context from

AlphaFold (a deep-learning based protein structure prediction model) [165,166].

Most of the methods that have been developed so far are therefore focused on single variant

or single gene prediction. However, increased knowledge on digenic diseases has made the

application of such methods to variant combinations possible. The first predictor targeting

directly combinations of variants, the Variant Combination Pathogenicity Predictor (VarCoPP),
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was developed in 2019, and classifies variant combinations as either pathogenic or neutral

[105]. A gene pair pathogenicity predictor was also recently published in 2021, and uses a

similar model as VarCoPP but with the use of novel pair features to identify gene pairs that

are likely to be involved in a digenic disease [167].

1.3.4 Prioritization methods

Variant prioritization is the process of ranking or selecting the subset of variants from an

individual genome that is the most likely to be causative of the patient’s disease. Variant

prioritization tools can be divided into different categories depending on the types of variants

they predict, the level of knowledge required to predict these variants (what variant charac-

teristics are used) and the type of prediction they output (ranking of the variants or selection

of potentially damaging variants) [123]. Three main categories of prioritization methods have

shown most success: text-mining-based, network-based or machine-learning-based. The lat-

ter is becoming increasingly popular as more biological data becomes available [168].

Although they can in theory identify novel genetic causes to disease, prioritization tools are

more oriented towards achieving the precision medicine goal: based on variants character-

istics and background information about the patient’s phenotype, their primary objective is to

identify the variants that are most likely to be causative of the disease and thus help obtain a

molecular diagnostic. These tools are becoming particularly important as sequencing is now

moving in the WES and WGS era (see Section 1.2.4).

Numerous methods have been developed to perform this task [160]. They differ by their

information sources, methods of integrating these sources, types of variants or genes they

prioritize. One source of information that has proven particularly useful in both gene and

variant prioritization is phenotype information, which is now collected and standardized in the

Human Phenotype Ontology (HPO).

These so called “Phenotype-driven” approaches to prioritization have been shown to out-

perform other methods, and are based on the idea that diseases causing similar symptoms

are likely to be caused by similar genes [169]. These methods take as input both the patient’s

phenotype (encoded as HPO terms) as well as the patient’s genotype (in the form of a VCF file

or other standard variant file). Most of these tools involve scoring using a phenotype relevance

component and a pathogenicity component, which are integrated to obtain a final ranking.

The pathogenicity component evaluates the potential of a variant or gene to be involved in a

disease mechanism, and is based on the MAF of the variants [170], pathogenicity predictions

from single variant classifiers [171, 172] or based on the variant effect [173]. The phenotype-

relevance component scores how likely it is for a gene to be involved in the phenotype of

the patient. It is based on previous knowledge about gene-phenotype associations, which is

expanded to score all genes using various methods such as network propagation methods



1.3. Bioinformatics methods for variant interpretation 23

in Protein-Protein interaction (PPI) networks or biomedical ontologies [171, 174] or through

cross-species comparison using semantic similarity [170, 175–177]. They are based on the

guilt-by-association principle and exploit previous knowledge about gene-phenotype associ-

ations to identify genes with similar profiles.

In particular, network-based methods have been extensively used, and rely on the intuitive

aggregation of different sources of information into a network [178]. Different studies have

shown that disease genes are organized into disease modules, which means that novel gene

disease associations can be discovered by looking for genes that are closely related to known

disease-genes in different types of networks [179, 180]. Based on this hypothesis, several

prioritization methods have been developed that uses proximity to known disease genes in

different networks to help prioritize variants or genes [174,181–183].

A recent review about single-variant phenotype-based prioritization tools [125] identifies as

top performing single-variant prioritization methods AMELIE [184], a text-mining based tool,

LIRICAL [185], which uses likelihood-ratio framework based on the Exomiser predictor and X-

rare [186], which incorporates different variant pathogenicity methods with different phenotype

relevance scores into a machine learning model. Nonetheless, these methods are tailored to

identify single variant causes to disease, and may thus not be useful for the detection of more

complex patterns of inheritance.

1.3.5 A first generation of digenic predictive tools

Although several tools have been developed in order to predict the deleteriousness of variants

in single genes (see Section 1.3), the first variant combinations pathogenicity predictor was

created in 2019 [105]. The VarCoPP model is a machine learning predictor which, for the

first time, directly predicted the pathogenicity of variant combinations in gene pairs. It was

trained on the combinations found in DIDA as positive disease-causing instances [104], and

on combinations found in individuals of the 1KGP project as negative instances [37]. The

predictor uses a set of 11 features at the variant, gene and gene pair level to make predictions,

and was shown to have good performance in both cross-validation and on an independent set,

consisting of combinations reported as disease causing in later update of the DIDA database

[105].

In order to make the study of oligogenic diseases more accessible, an online platform was de-

veloped, which integrates the VarCoPP predictor, as well as the Digenic Effect (DE) predictor

[187], which predicts the probability of a variant combination to be one of the three main types

of digenic models (see Section 1.2.3). The Oligogenic Resource for Variant Analysis (ORVAL)

allows for user-friendly exploration of the pathogenicity of oligogenic variant combinations

[188]. It takes as input a list of variants, filters them according to the types of variants that the

predictors can integrate, annotates them with features from different biological levels, creates

all possible variant combinations between the filtered variants and predicts them using the two
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tools. The predicted disease-causing variant combinations are then visualized as a network, to

facilitate module detection. An explanation of the different predictions is available by using the

treeinterpreter module, which evaluates how each feature contributed to the decision of the

classifier. This platform has been used in numerous studies to help identify novel oligogenic

causes to disease [189–193].

Although the performance of VarCoPP is promising, it still has some limitations. The model

has a very complex structure, which not only prevents the expansion of the training set, but

also makes it computationally heavy, leading to increased prediction time, especially for larger

datasets such as exome sequencing data. Additionally, the model was trained on DIDA, which

contains data that was not evaluated based on its quality, and is not up-to-date. Finally,

although it performs well for the analysis of gene panels, the false-positive rate makes the

analysis of unfiltered datasets impossible, since the predictor returns too many irrelevant

combinations as potentially disease-causing.

In addition to VarCoPP, a first prioritization tool for for oligogenic variant combinations was also

developed: OligoPVP [194]. It was developed based on DeepPVP, a single variant phenotype-

driven prioritization tool using a neural network [176]. The predictions of DeepPVP are then

combined with knowledge about PPI to rank oligogenic combinations in two and more genes

(see Section 3.5.4 for a detailed description of the tool).

1.3.6 Cohort analyses

The tools and methods described above all aim at predicting the pathogenicity of either spe-

cific variants or predicting the most likely pathogenic variants in a patient’s exomes. However,

they do not propose a method to detect rare disease signatures in several patients affected

with the same disease for example, or provide a way to analyze directly whole cohorts, which

are becoming increasingly available.

Approaches to find relevant genes and variants for particular diseases within whole cohorts

have also been developed. Genome Wide Association Study (GWAS) for example, has been

shown to be efficient to find association between common variants and diseases [195]. How-

ever, variants associated with rare diseases usually have very low frequency, and are therefore

not likely to be found in several patients within the same cohort. Rare variant association

strategies have therefore been developed, and rely on aggregating variant information inside

biologically meaningful regions such as exons or genes [196–199].

Most association tests are case-control studies, where the goal is to identify genes for which

patients with a particular phenotype are found to have more variants compared to individuals

who do not present with the phenotype. These tests are called burden tests, and are run

by simply aggregating the number of variant carriers in a biological unit (often a gene), and

assess the difference in frequency of carriers between the cases and the controls [196–199].



1.3. Bioinformatics methods for variant interpretation 25

Different burden tests have been developed to consider covariates (e.g. age, sex or body

mass index), model family structure, and take into account the fact that variants in the same

gene can have opposite effects [200–202]. The main assumption behind burden tests is that

a large proportion of variants in the regions are causal [196], which is why the choice of which

variants to include in such burden tests is important [197]. Classification and prioritization

methods described above can be used as a first step to select only variants predicted as

disease-causing to be counted in the burden [197].

Finally, some association tests have been designed to take into account genetic interactions

and thus are potentially able to detect digenic inheritance models. Some are based on case-

control studies as mentioned before, but also integrate gene-gene interaction score or dimen-

sional reduction techniques to test for interaction between all possible SNVs [203–205]. More

recently, a case only method was also developed, and was shown to be able to identify several

digenic combinations in a cohort of patients with craniosynostosis [206,207].

1.4 An introduction to the genetics of male infertility

Infertility is estimated to affect between 8 and 12% of couples worldwide, with a prevalence

increasing in the past few years [208]. In roughly 50% of cases, males are either the primary

cause or contribute significantly [209]. Male infertility is a complex condition which can be

caused by many factors, and affects about 7% of males worldwide [210].

In this section, we introduce basic concepts and current knowledge about male infertility

genetics, to provide a background for the study of the oligogenic basis of male infertility which

is presented in Chapter 6 of this thesis’ work.

1.4.1 A multifactorial condition

The biological mechanisms underlying male infertility are highly diverse. Proper functioning

of the male reproductive system relies on several key steps. The hypothalamic–pituitary axis

must function to stimulate the testes through follicle-stimulating hormone (FSH) and luteiniz-

ing hormone (LH). This signal enables the spermatogenic and androgenic compartments of

the testes to produce sufficient amounts of functional spermatozoa (spermatogenesis) and

testosterone (androgenesis). Finally, sperm must be transported via the male reproductive

ductal system.

Based on these main steps, the etiology of male infertility is categorized into four main groups

[211]: (i) quantitative spermatogenic failure, (ii) ductal obstruction or dysfunction, (iii) altera-

tions of the hypothalamic–pituitary axis and (iv) qualitative spermatogenic disturbances.
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Quantitative spermatogenic failure accounts for about 75% of cases, and encompasses con-

ditions where the issue is the insufficient production of spermatozoids due to primary failure

of spermatogenesis. This can lead to oligozoospermia, which refers to low number of sperma-

tozoids in the ejaculate (concentration <15 million per mL), or Non-Obstructive Azoospermia

(NOA), the most severe case, which refers to the complete absence of spermatozoid produc-

tion. Primary spermatogenic failure can be congenital or acquired [211]. One important cause

of quantitative spermatogenic failure is cryptorchidism, one of the most common congenital

abnormalities among men, which is presumed to be at least partly genetic. This condition

refers to the failure of one or both testes to permanently descend, which can lead to azoo-

spermia in 98% of untreated bilateral cases and 13% of unilateral cases [212].

Azoospermia can also result from ductal obstruction or dysfunction. In this case, it is called

Obstructive Azoospermia (OA), and it is the second main cause of infertility, affecting 40%

of all azoospermic men [213]. Obstructive azoospermia occurs when there is a blockage

or abnormality in the male reproductive ductal system, preventing the transport of sperm.

Common causes include congenital abnormalities, infections, and prior surgeries.

Furthermore, both oligozoospermia and NOA can result from defects in the hypothalamic-

pituitary axis, known as hypogonadotropic hypogonadism or secondary spermatogenic failure.

Hypogonadotropic hypogonadism occurs in 2/3 of cases from Kallman syndrome [214], a

genetic disorder characterized by disturbances in the endocrine system.

Finally, male infertility can result from qualitative spermatogenic disturbances, where the main

issue is the motility, morphology, or viability of sperm. These disturbances may be caused

by genetic factors, hormonal imbalances, environmental factors, or lifestyle choices such as

smoking and excessive alcohol consumption. Abnormal sperm morphology and motility can

significantly impair the ability of sperm to fertilize an egg, leading to infertility.

1.4.2 Genetic basis of male infertility

Due to the variety of biological factors that can play a role in male infertility, the genetic basis is

also very heterogeneous. It is estimated that about 15% of male infertility cases have genetic

explanations [215], although genetic factors are thought to play a bigger role since 72 to 75%

cases are currently categorized as idiopathic, which means that the cause of the disorder can

not yet be identified (Figure 1.6A) [216–218].
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Figure 1.6: Overview of current knowledge in male infertility genetics. (a) Aetiology of male
infertility and proportion of genetically diagnosed and idiopathic cases in different patient
subgroups (based on data from [216]). (b) Different ways genetic testing can help better
manage patients. (c) Current established genetic causes of male infertility. Figure from [218]
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The genetic causes of male infertility have been linked to chromosomal alterations, Y chromo-

some microdeletions and monogenic mutations in specific genes (Figure 1.6c). Chromosomal

alterations mostly affect sex chromosomes, with the most common known genetic cause of

infertility being Klinefelter’s syndrome, which is characterized by extra X chromosomes in male

individuals, resulting in a 47,XXY, 48,XXXY or 49,XXXXY karyotype [219]. Most men with

Klinefelter’s syndrome present with oligozoospermia or azoospermia, resulting from abnormal

testicular development or hormonal imbalance [219].

Several studies have associated microdeletions in the long arm of chromosome Y [220,221],

which is known as “azoospermia factor” to oligozoospermia [222] and azoospermia [223]

(Figure 1.6c). Three regions have been identified within this chromosomal region as critical

for spermatogenesis: AZFa, AZFb and AZFc [221]. They comprise of genes and transcrip-

tional units which are almost exclusively expressed exclusively in testicular tissue [215]. AZFc

microdeletions often result from homologous recombination between repeated sequences,

which are frequent in this chromosome, impacting genes crucial for spermatogenesis [224].

These deletions are linked to phenotypic variability, from total absence of germ cells to severe

oligozoospermia.

Monogenic variants causing male infertility have also been discovered (Figure 1.6c). The num-

ber of genes associated with the disease has been growing fast [218], from a first sytematic

review in 2019 identifying 78 distinct genes [225], to 108 genes reported in 2021 [226], while

an article published this year found close to 500 genes reported to be associated to the

disease [227]. A large proportion of monogenic cases are associated with mutations in the

CFTR gene, which when presenting with homozygous mutations, causes cystic fibrosis [228].

The presence of mutations that do not completely impair the function of this gene have been

shown to cause OA by inducing incomplete formation of the Vas Deferens and Congenital

Bilateral Absence of the Vas Deferens (CBAVD) [229]. CBAVD is present in 6% of males

affected with OA, and in about 2% infertile patients [229].

Several genes are also known to cause Kallmann syndrome, which is the major cause of

hypogonadotropic hypogonadism, leading to abnormalities in the secretion of hormones that

stimulate spermatogenesis. The main gene associated to Kallmann syndrome is KAL1 (also

known as ANOS1), a gene located on the X-chromosome which encode a protein with a

central role in the migration of GnRH-secreting neurons to the hypothalamus. However, other

genes have also been shown to be involved in the inheritance of Kallmann syndrome, such

as genes involved in pathways related to the development and migration of gonadotropin-

releasing hormone (GnRH) neurons [230–232]. In particular, 10 to 12% of Kallmann syndrome

cases have been associated with oligogenic inheritance models [233,234].



1.4. An introduction to the genetics of male infertility 29

Overall, the genetic basis of male infertility remains poorly understood, with more than 500

genes linked to the phenotype in mice [235]. The genes identified as associated to the disease

are involved in many of the key steps leading to SPGF, including the Hypothalamic-Pituitary-

Gonadal (HPG) axis, the development of reproductive organs, sperm motility, spermiogenesis,

spermatogenesis and meiosis [236–238]. Moreover, links between genetic causes of SPGF

and Primary Ovarian Insufficiency (POI) have been documented [218]. These genes are

therefore linked to a heterogeneous spectrum of phenotypes, including Disorder of Sexual

Development (DSD), Congenital Hypogonadotropic Hypogonadism (CHH) as well as the ex-

tremely rare defects of sperm morphology (teratozoospermia) and motility (asthenozoosper-

mia) [218,226]. Monogenic causes for quantitative spermatogenic failure, including NOA and

severe OZ, remain difficult to identify, in part due to the fact that pedigree studies for such

disorders are limited, since the patients are usually the only affected individual [218,237].

Recently, several cohorts of patients affected by male infertility have been recruited and

sequenced, in order to obtain novel insights into the genetics of this condition [227,239–241].

They provide a unique opportunity to develop novel approaches to the molecular diagnostic of

male infertility such as searching for digenic and oligogenic causes, which have been identified

in CHH and DSD [242, 243], as well as test for potential comorbidities such as cancers or

cardiometabolic diseases [218,244]

1.4.3 Genetic screening and implications for treatment and family planning

Properly identifying the cause of the infertility in each case is essential in order to assist

patients in their desire to have children. In particular, understanding the mechanisms of the

disease can help with prevention and treatment, lead to be better clinical management to avoid

unnecessary interventions, and help with the assessment of potential health risks for relatives

as well as with the assessment of potential comorbidities to the patients (Figure 1.6b).

Guidelines have been developed to precise clinical management of the condition and have

started to include genetic testing as part of the clinical work-up, yet it remains limited to

a small number of genetic tests [245]. Clinical testing usually begins with semen analysis,

which allows to evaluate the quantity of spermatozoids and therefore to classify the individual

as either azoospermic, oligozoospermic or normozoospermic [246]. Results from this ana-

lysis are evaluated based on WHO standards [247], and the patient is then referred to a

reproductive specialist. The most common therapeutic intervention is Assisted Reproductive

Technology (ART) [246]. In some cases, hormone levels are also tested, to assess whether

SPGF could be due to secondary hypogonadism. If this is the case, hormonal treatments are

also possible [248].
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Genetic testing is for the major part limited to chromosomal aberrations, Y chromosome

microdeletions, and mutations in the CFTR gene, which, taken altogether, only explain about

10% of all infertility cases [216, 246]. The results of such genetics tests can directly have

prognostic impact for the patients and their offspring, since men diagnosed with Klinefelter’s

Syndrome have lower chances of successful ART, while men with CFTR mutations have

increased risks to have children affected with cystic fibrosis [217]. Recently, WES has also

been applied in an attempt to diagnose more cases, although the results are more complex

to interpret and lead, in the best case scenario in ∼ 10% diagnostic rate [227].

Overall, there is therefore an important need to improve clinical genetic testing of infertile men

in order to be able to develop precision medicine approaches to the disease management

[249, 250]. Recent advancements in the identification of novel genes involved in the disease

shows great promise for a better understanding of the molecular basis of SPGF which will

translate in better clinical management [250].



Chapter 2

Research objectives and outline

With WES becoming part of the standard diagnostic pipeline for patients with suspected

genetic disorders, developing appropriate methods to interpret this data is becoming essential.

In particular, such methods should also be able to detect oligogenic inheritance models, as

such patterns of inheritance are likely to explain part of the cases with missing diagnoses.

In this chapter, we define the problem we are addressing with this thesis, as well as precise

our research questions and two main hypotheses. First, we hypothesize that the development

of a prioritization tool for the detection of oligogenic variant in WES data is possible. Second,

we hypothesize that applying this tool in a cohort of patients affected by male infertility can

generate interesting insights into the genetics underlying this highly heterogeneous disease.

Finally, we also provide the thesis outline and highlight the key publications and contributions

associated to this work.

31
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2.1 Problem definition

Millions of individuals are affected by rare diseases worldwide. Most of these disorders are

thought to have a genetic basis, but the exact genetic causes remain unresolved in the

majority of patients, leading to errors in diagnosis and treatment. Despite significant advances

in the field of human genetics, facilitated by the development of new sequencing technologies

and the advent of novel machine learning methods to predict the pathogenicity of genetic

variants, the majority of patients remain undiagnosed leading to inadequate treatment and

significant burden.

Part of the missing heritability problem might be due to the fact that genetic diseases are ac-

tually caused and modulated by the interaction of variants in multiple genes, through epistatic

mechanisms [251,252]. Although such oligogenic inheritance models have started to receive

attention from researchers, they remain hard to identify and predict due to an insufficient

amount of data and limitations in the state-of-the-art oligogenic prediction methods. With the

increased usage of WES, digenic predictive methods should be improved so they are also

able to tackle this type of data. Yet, since this type of sequencing produces large amount of

variants, the number of combinations to evaluate increases tremendously, calling for proper

software to assist clinicians in such task.

Getting a better understanding of the genetic mechanisms underlying heterogeneous dis-

eases is especially important, as it brings forward opportunities to improve treatments through

precision medicine. This is particularly true for male infertility, a relatively common condition

which can be caused by a variety of factors. In infertility cases with a genetic basis, a precise

understanding of the mechanisms and genes involved is key to provide an appropriate treat-

ment to the patient. A certain proportion of patients exhibiting oligogenic models of inheritance

have already been discovered for this disease, and the establishment of larger cohorts for this

disease opens the way to new discoveries.

To create a robust oligogenic predictor for WES, there is a need for better data regarding

oligogenic variant combinations. While DIDA was an important first step, it has not been

maintained over the years, is limited to combinations of variants in two genes, and does not

provide an assessment of the quality of the curated entries (see Section 1.3.5). The number

of articles reporting oligogenic causes to disease – including variants in two or more genes

– have been significantly increasing over the past few years, suggesting the possibility to

improve digenic predictions through the collection of a larger dataset of higher quality. This,

in turn, will lead to improved diagnostic accuracy and treatment options for patients with rare

genetic diseases.
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2.2 Research questions and objectives

This project is centered around answering three main research questions:

• How can we improve the quality of datasets on pathogenic oligogenic combinations?

• How can we develop an efficient oligogenic prioritization tool that is able to detect, in

patient’s exome data, which variant combinations are most likely to explain the patient’s

phenotype?

• How useful will this tool be in identifying meaningful oligogenic signatures in whole

cohorts?

First, we hypothesize that, using machine learning approaches trained on high quality data,

we can build a prioritization method that sufficiently reduces the number of False Positive

(FP) cases to make the detection of pathogenic variant combinations in exomes feasible.

Secondly, we hypothesize that this tool is relevant to the analysis of whole cohorts, as it

will allow to uncover oligogenic inheritance models underlying specific patient groups. By

addressing these two hypotheses, we aim to achieve two main research objectives.

The first goal of this project is to advance oligogenic predictions and develop an oligogenic

variant prioritization method. Prioritization methods are needed (and go beyond simple patho-

genicity prediction) as they provide an objective mechanism to identify the most relevant gene

variants (as opposed to panels). This will be the first prioritization tool that will directly target

the prioritization of variant combinations (instead of individual variants), by exploiting the

relationship between the involved genes and variants. This variant combination prioritization

approach will allow for an unbiased analysis of WES of patients with diseases suspected to

be attributed to oligogenic models.

The second goal of this project is to generate insights into the genetic nature of male infertility

by identifying meaningful oligogenic signatures for the disease. We will use our novel priorit-

ization tool on the WES data of infertile men in order to generate novel insights on the genetic

architecture underlying this heterogeneous disease. The analysis of this cohort will lead to the

establishment of a computational pipeline to detect oligogenic causes in whole cohorts and

the discovery of specific novel candidate genes and gene pairs for male infertility.

2.3 Thesis outline

The project is divided into 3 main parts, which correspond to three separate chapters: col-

lecting high-quality oligogenic ground-truth data, creating an oligogenic prioritization tool us-

ing machine learning approaches trained on the collected ground truth data, and analyzing

patients cohort data with the newly developed method with the aim to detect meaningful

oligogenic signatures.
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Ensuring high-quality oligogenic data for predictions

In order to develop efficient and reliable machine learning predictors, a certain amount of high-

quality data is required. Since DIDA, which has previously been used as the basis for different

oligogenic predictors, had not been updated for some years, and the quality of the variant

combinations was not properly assessed, the first part of this research was the development

of a novel database for oligogenic variants. The OLIgogenic diseases DAtabase (OLIDA) [253]

is presented in Chapter 4, which collects curated data on all oligogenic variant combinations

reported in the scientific literature. In addition to providing even more digenic cases than those

that were present in DIDA, OLIDA also contains variant combinations in more than two genes,

as well as combinations which involve copy-number variants (CNVs) which were not present

in DIDA. Through its thorough curation protocol, OLIDA also assigns confidence scores to

every combination in the database, based on a quantification of the quality of evidence that

supports the involvement of the variants in the disease.

Investigation into the prioritization of oligogenic variant combinations

The second part of this research investigates how to create a prioritization tool specifically

aimed at the detection of oligogenic variant combinations. In order to do that, we will follow

a similar approach to the most successful single-variant prioritization methods, by combining

a variant combination pathogenicity score with a phenotype relevance score for gene pairs.

The variant combination pathogenicity score will be obtained from an improved version of

VarCoPP, which is trained using the OLIDA dataset, a new set of features and a new model

structure to achieve better predictions. The phenotypic relevance score is computed using

propagation algorithms in a heterogeneous network integrating a various biological networks.

These scores are then combined into a final prioritization score that is used for ranking. The

performance of the method is assessed by using synthetic exomes, i.e. exomes from patients

of the 1KGP to which we insert variants from an oligogenic variant combination not used in

the training.

Chapter 5 presents two novel predictive methods: the VarCoPP2.0 predictor, an improved

version of the original VarCoPP model which predicts the pathogenicity of digenic combin-

ations faster and more accurately [254], and Hop, the High-thoughput oligogenic prioritizer,

a novel prioritization method which integrates the predictions of VarCoPP2.0 together with

disease information in order to rank digenic combinations directly in whole-exome sequencing

data [255].
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Generating novel insights into the genetics of human diseases

The third part of the project investigates how we can use the methods developed in the second

part in order to generate novel insights into the genetic mechanisms underlying male infertility.

To do this, we develop a computational pipeline for the analysis of a cohort of individuals

affected with male infertility recruited at the university of Tartu in Estonia. We first set up a

filtering protocol to retain the variants of interest and then apply the predictors developed in

Chapter 5 to detect novel oligogenic causes to disease.

Based on these predictions, we analyse whether the Hop predictor is able to accurately cap-

ture the oligogenic combinations that were already manually discovered, before we perform a

more exploratory analysis to discover new causes to disease. In particular, we demonstrate

that Hop allows to identify gene pairs that appear to be more frequent in patients compared

to controls, and also identifies potentially relevant novel genes that could be implicated in the

male infertility phenotype.

Finally, we present a discussion and conclusion of our work in Chapter 7, where we highlight

the main scientific contributions of this thesis, as well as the limitations of our research which

opens the way to new research questions and projects.

In general, the “we” pronoun is used in the chapters describing contributions of this thesis.

This pronoun refers to personal individual work with a few exceptions which are the results of

collaborations and which are specified in the relevant sections. In Chapter 4, the development

of OLIDA and its curation protocol resulted from a collaboration with two other researchers,

and the curation work involved 4 people (including myself). Furthermore, in Chapter 5, the

development of VarCoPP2.0 was a collaboration with two other colleagues, and the integration

of Hop and VarCoPP2.0 in the ORVAL platform was also a collaborative work.

2.4 Scientific publications

• Barbara Gravel∗, Charlotte Nachtegael∗, Arnau Dillen, Guillaume Smits, Ann Nowé,

Sofia Papadimitriou, Tom Lenaerts, Scaling up oligogenic diseases research with OL-

IDA: the Oligogenic Diseases Database, Database, Volume 2022, 2022, baac023, ht-

tps://doi.org/10.1093/database/baac023 [253] ∗ Joint first authors

• Nassim Versbraegen, Barbara Gravel, Charlotte Nachtegael, Alexandre Renaux, Emma

Verkinderen, Ann Nowé, Tom Lenaerts and Sofia Papadimitriou, Faster and more ac-

curate pathogenic combination predictions with VarCoPP2.0, BMC Bioinformatics 24,

179 (2023). https://doi.org/10.1186/s12859-023-05291-3 [254]
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• Sofia Papadimitriou, Barbara Gravel, Charlotte Nachtegael, Elfride De Baere, Bart

Loeys, Miikka Vikkula, Guillaume Smits, Tom Lenaerts, Toward reporting standards for

the pathogenicity of variant combinations involved in multilocus/oligogenic diseases,

HGG advances, 4(1), 100165. https://doi.org/10.1016/j.xhgg.2022.100165 [256]

• Barbara Gravel, Alexandre Renaux, Sofia Papadimitriou, Guillaume Smits, Ann Nowé,

Tom Lenaerts, Prioritizing oligogenic combinations in whole exomes, Bioinformatics,

Volume 40, Issue 4, April 2024, btae184, https://doi.org/10.1093/bioinformatics/btae184

[255]

2.5 Open data and softwares

This work has led to the release of one open dataset and two bioinformatics software.

Open data

• OLIDA - OLIgogenic diseases DAtabase [253]

– Description: Website platform to access all the curated data on oligogenic variant

combinations

– Availability:

* Web platform with API: https://olida.ibsquare.be

* Tables, with the different versions: https://zenodo.org/records/10732286,

https://doi.org/10.5281/zenodo.10731105

– License: CC-BY-NC 4.0

Open softwares

• VarCoPP2.0 - Variant Combination Pathogenicity Predictor 2.0 [254]

– Description: ML predictor to predict the pathogenicity of variant combinations in

gene pairs

– Availability:

* Web platform: https://orval.ibsquare.be

* Code to reproduce the paper results: https://github.com/oligogenic/

VarCoPP2.0.git

– License: CC-BY-NC 4.0

• Hop - High-throughput oligogenic prioritizer [255]

– Description: Prioritization tool that ranks in a patient’s exome variant combina-

tions based on how likely they are to cause the patient’s disease.

– Availability:

https://olida.ibsquare.be
https://zenodo.org/records/10732286
https://doi.org/10.5281/zenodo.10731105
https://orval.ibsquare.be
https://github.com/oligogenic/VarCoPP2.0.git
https://github.com/oligogenic/VarCoPP2.0.git
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* Code to reproduce the related publication’s results: https://github.com/

oligogenic/HOP.git

* Python package to run the tool on new data: https://pypi.org/project/

oligopipe/

– License: CC-BY-NC 4.0

2.6 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)

- Thesis co-supervised by Gravel,. B., Renaux, A., Lenaerts, T.

• Vidal Bankier, D. Oligogenic Markers of Antiseizure Medication Response. MSc. Thesis.

MSc in Medicine - Université Libre de Bruxelles (2024) - Thesis co-supervised by

Gravel, B., Depondt, C., Smits, G., Lenaerts, T.
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Chapter 3

Materials & Methods

In this chapter, we introduce the material and technical elements necessary to understand the

work presented in the thesis.

First, we describe the datasets of human genetic variation that are used in this work and

the general format used to collect variant data (Section 3.1). Second, we present the various

biological and biomedical databases and ontologies, which have, through the years, collected

relevant information about genetic variants and human diseases (Section 3.2). We then focus

on introducing concepts of network biology, and how this type of data representation allows to

generate new knowledge, but also to visualize results in a manner that is helpful for clinicians

(Section 3.3).

In a fourth part, we lay out machine learning concepts which are necessary to understand

the tools and methods reported in this thesis work, highlighting the differences between

classification and prioritization algorithms for variant interpretation (Section 3.4). Finally, we

introduce in more details the existing resources which collect, analyze, predict and interpret

oligogenic diseases prior to this thesis’ work (Section 3.5).

39
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3.1 Datasets of human genetic variation

Research in genetics has been facilitated by the collection of large amounts of data regarding

human genetic variation. This has been allowed by the decreasing costs of sequencing tech-

nologies and the launch of large consortiums to study rare diseases (see Section 1.1.3). In

this section, we describe the datasets of human genetic variations that are used in this thesis’

work. First, we introduce background population datasets which collect data on individuals

that are not linked to particular diseases, and second, we introduce the ESTonian ANDrology

(ESTAND) cohort, which collects data on patients and control individuals for studying male

infertility.

3.1.1 Large population datasets

Several large population datasets have been developed over the years, providing data on

background genetic variation across different populations. We here describe a subset of them

which are used in this thesis to generate synthetic exomes or annotate genetic variants based

on their allele frequency in these reference populations.

The 1000 genomes project

The 1000 Genomes Project (1KGP) is the first large international effort to provide a detailed

catalogue of human genetic variation [36,37]. Initiated in 2008, the project aimed to sequence

the genomes of 1000 individuals from around the globe. The dataset now comprises of

deep sequencing exome and genome data of 2504 healthy individuals, from 26 different

populations belonging to 5 main continental populations: Europeans, Africans, East Asians,

South Asians and Americans (Figure 3.1). This dataset has enabled significant insights into

the diversity of human genetic variation [37], as well as facilitated genotype imputation to

support GWAS studies, provided background frequencies to filter non-pathogenic variants

from large sequencing projects and improved our understanding of population genetics [257].

This dataset has been extensively studied and used throughout the years. The data has been

sequenced several times, as well as mapped to the different assemblies of the genome (see

Section 1.1.2), making it one of the large population dataset with highest accuracy in terms

of variant calls [259]. Since it is publicly available, and contains data on a wide diversity of

populations, it can also be used as background to infer genetic ancestry of individuals in other

cohorts and account for population stratification [260,261].

In Chapter 5, we use this dataset as background information for the training and evaluation of

two predictors of pathogenicity of variant combinations.
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Figure 3.1: Worldwide locations of population samples with the whole genome data from
the 1000 Genome Project. Each circle represents the number of genome sequences publicly
available. ASIA: BEB Bengali in Bangladesh; CDX Chinese Dai in Xishuangbanna, China;
CHB Han Chinese in Bejing, China; CHS Southern Han Chinese, China; GIH Gujarati Indian
in Houston,TX; ITU Indian Telugu in the UK; JPT Japanese in Tokyo, Japan; KHV Kinh in
Ho Chi Minh City, Vietnam; PJL Punjabi in Lahore, Pakistan; STU Sri Lankan Tamil in the
UK. AFRICA: ACB African Caribbean in Barbados; ASW African Ancestry in Southwest USA;
ESN Esan in Nigeria; GWD Western Division, The Gambia; LWK Luhya in Webuye, Kenya;
MSL Mende in Sierra Leone; YRI Yoruba in Ibadan, Nigeria; EUROPE: CEU Utah residents
with Northern and Western European ancestry, USA; FIN Finnish in Finland; GBR British
in England and Scotland; IBS Iberian in Spain; TSI Toscani in Italy; THE AMERICAS: CLM
Colombian in Medelin, Colombia; MXL Mexican Ancestry in Los Angeles, USA; PEL Peruvian
in Lima, Peru; PUR Puerto Rican in Puerto Rico. Each circle represents the number of
sequences in the final release. The dotted circles indicate populations that were collected
in diaspora. Figure and caption from [258]
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The UK10K project

The UK10K project is a large scale project designed to characterize genetic variation with

high coverage in the United Kingdom using WES and WGS technologies.

The first goal of the project was to assess how genome-wide genetic diversity influences

various quantitative characteristics, by collecting genotype and phenotype data on 3,781

healthy individuals from two British cohorts of European ancestry: the Avon Longitudinal

Study of Parents and Children (ALSPAC) [262] and TwinsUK [263]. These two cohorts were

sequenced using WGS and different phenotypes were measured such as the Body Mass

Index, blood pressure, etc.

The second goal of the UK10K project was to identify causal mutations for more than 6,000

individuals affected with rare diseases, severe obesity and neurodevelopmental disorders

[264,265]. These individuals were sequenced using WES and are not discussed further since

this data is not used in this thesis.

The WGS data from the healthy population offered interesting insights, identifying 24 million

novel variants and highlighting the importance of increasing sample sizes for improving power

of genetic association studies. Additionally, it led to the release of a large dataset of population

variation [264,265].

In chapter 5 of this thesis, we use data from several samples of the UK10K project as back-

ground or template data to generate synthetic exomes. We had access to data of all individuals

from the ALSPAC cohort. Since these individuals were sequenced using WGS and we wanted

to test a tool designed for analyzing WES data, we first filtered this data to remove non-coding

regions that are further than 150 bases from exon edges based exonic positions from the

Consensus Coding Sequence (CCDS) gene list downloaded from the University of California

Santa Cruz (UCSC) genome browser [266,267].

The Genome Aggregation Database

The Genome Aggregation Database (GnomAD) is a resource developed by a large consor-

tium of researchers to share aggregate exome and genome sequencing data from a variety

of large-scale sequencing projects, making summary data available for the wider scientific

community. It is an extension of the Exome aggregation Consortium (ExAC) database, which

contained only exome variant information [268,269].

Upgraded very recently to version 4, GnomAD now contains data from 807,162 individuals,

which represents a 10-fold increase compared to the previous version, largely due to the

addition of data from over 400,000 individuals from the UK Biobank [270]. Since this update

is very recent (November 2023), the GnomAD database version used throughout this thesis

is the preceding one and we will thus focus this description on this previous release (version

3.1).
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The GnomADv3 dataset contains genetic variation data from the genomes of 76,156 individu-

als, with a significant proportion of individuals being of European origin (∼ 40,000 genomes),

and from 125,748 exomes. This database is an aggregate database, meaning that it does

not allow retrieval of exome or genome data from specific individuals but instead provides

extensive information on genes and their aggregated variation (i.e. one can get information on

the variants present in a gene, but not the identifier of the individual carrying these variants).

In particular, the frequency of specific alleles can be obtained in the different populations

collected in GnomAD, as well as the total number of variants of different types that can be

found in a gene of interest [271].

GnomAD has therefore proven to be a valuable resource in assessing genetic constraint

in the genome, i.e. the extent to which certain genetic variants are restricted due to their

deleterious effect [272, 273]. In particular, it is now routinely used to filter variants based on

allele frequency, as it is the largest such repository. In addition, several gene-intolerance-to-

mutation scores have been developed based on the data collected in this database [273,274].

3.1.2 The ESTAND male infertility cohort

The ESTonian ANDrology (ESTAND) male infertility cohort was recruited at the University of

Tartu in Estonia, by the research group led by professor Maris Laan. This cohort was put

together in order to investigate and discover new genetic causes to male infertility, a disease

for which the genetic etiology is still poorly understood (see Section 1.4).

Overall, there were 844 ESTAND cohort participants which were subjected to WES. The

cohort included 521 patients affected by idiopathic Spermatogenic failure (SPGF) (median age

34) and 323 normozoospermic control men (median age 31). Each individual’s phenotype was

assessed using the same criteria, and considered for instance extremely low sperm counts,

abnormal hormonal parameters (e.g., FSH >10 IU/l; 438 of 521 SPGF cases, 84%), reduced

total testis volume (<30 ml; 318 of 521, 61%), cryptorchidism and hypospadias.

Controls had sperm parameters in the normal range (median sperm count 303.1 x 106 per

ejaculate) and were recruited during an ongoing pregnancy. Sperm quality parameters (motil-

ity and morphology) and time to pregnancy were not considered as exclusion/inclusion cri-

teria for the control group as this information was not available for most patients. Given this

limitation, the control group may include men with other forms of male infertility apart from

quantitative SPGF, which was the focus of forming this study group.

The patient group included 185 individuals affected with Non-Obstructive Azoospermia (NOA),

i.e. individuals with no spermatozoids in the ejaculate, 181 Oligozoospermia (OZ) cases

(median sperm count 2.0x106 per ejaculate), i.e. individuals with low sperm counts, and 155

men with cryptorchidism and SPGF (NOA or OZ).
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Patients diagnosed with known genetic and non-genetic causal factors for male infertility,

such as secondary hypogonadism, seminal tract obstruction, cytogenetic abnormalities, Y-

chromosome microdeletions, sexual dysfunction, androgen abuse, severe traumas and op-

erations in the genital area or chemo- or radiotherapy were excluded from this study. SPGF

due to obstruction was assessed during the andrological workup and screening of the WES

dataset for the CFTR (autosomal recessive) and ADGRG2 (X-linked) genes for variants linked

to congenital obstructive azoospermia and congenital absence of the vas deferens. None of

the study participants carried biallelic or hemizygous disease-causing variants in CFTR or

ADGRG2, respectively. Therefore, congenital obstructive azoospermia could be excluded.

The patient group includes five patients from previously published family studies: (i) one pair

of brothers with the same genetic finding [275], and (ii) one pair of first cousins and their joint

first cousin once removed with variable genetic findings [190]. The rest of the study group

represented unrelated singleton SPGF cases and 322 normozoospermic men.

The sequencing was performed in three different centers, and details on the sequencing

pipelines presented here come from [227].

The 323 control individuals were sequenced as part of the Genetics of Male Infertility Initiative

(GEMINI) project at the Huntsman Cancer Institute High-Throughput Genomics Core Facility

at the University of Utah in Salt Lake City, UT, USA. DNA libraries were constructed using

high molecular weight DNA using the Illumina DNA Prep with Enrichment kit (cat#20025523).

PCR-amplified libraries (500 ng) were enriched for exonic regions by hybridization with the

IDT xGEN Exome Research Panel v2 (cat#10005152), and libraries were sequenced using

2×150 bp paired-end sequencing on Illumina NovaSeq6000 with S4 flowcell.

A small subset of the ESTAND patients (82 individuals) were also sequenced as part of the

GEMINI project. However, these samples weres sequenced at McDonnell Genome Institute of

Washington University in St. Louis, MO, USA. Briefly, WES was performed using an in-house

exome targeting reagent capturing 39.1Mb of exome and 2×150 bp paired-end sequencing on

Illumina HiSeq 4000. Average exome coverage was 80X across sequenced individuals and

platforms.

The WES data of ESTAND subjects generated by the GEMINI pipeline (n=405) were jointly

reanalyzed with an additional 1,855 WES datasets (of other populations) as part of GEMINI

“Phase II”. This reprocessing, which entailed all steps from read mapping to genotype calling,

was performed at the Utah Center for Genetic Discovery, using the UCGD pipeline (v2.13).

Raw sequencing reads were processed and aligned to GRCh38 assembly in an alternate

contig aware manner using BWA-MEM and duplicate read marking with SAMBLASTER. Joint

genotype calling of all samples was done using the Genome Analysis Toolkit (GATK; v3.6.077).
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The major part of the ESTAND patients (447 individuals) were sequenced at the Next Gener-

ation Sequencing Service laboratory of the Institute for Molecular Medicine Finland (FIMM),

Helsinki, Finland. For each sample, 50 ng of gDNA was processed according to the Twist

Human Core Exome EF Multiplex Complete kit manual. Libraries were pooled to 8-plex reac-

tions according to concentration. The exome enrichment was performed using Twist Compre-

hensive Exome probes. The captured library pools were quantified for sequencing using the

KAPA Library Quantification Kit and LabChip GX Touch HT High Sensitivity assay. Sequencing

was performed with the Illumina NovaSeq system. The read length for the paired-end run

was 2×101bp. Sequencing resulted in an average of 59 million reads per exome with an

average median target coverage of 66X. Primary sequencing analysis and variant calling

were performed using the Illumina DRAGEN BioIT Platform. Only subjects with normal sex-

chromosomal ploidy estimations derived from the DRAGEN output were taken forward to

exclude undiagnosed 47,XXY, or other sex chromosomal abnormalities prevalent in infertile

men.

A small number of samples from the initial cohort had their variants aligned to the GRCh37

assembly of the genome, and we found a few duplicate samples in the cohort. After removing

the GRCh37 samples and merging the duplicates, we therefore had access to the data of 510

patients (81 sequenced as part of the GEMINI project and 429 sequenced at the FIMM) and

322 controls (sequenced as part of the GEMINI project).

3.1.3 The Variant Call Format (VCF)

Sequencing data is processed through a series of bioinformatics tools in order to transform

the raw reads in what are called variant calls, i.e. the identified DNA bases where the genetic

code of the individuals sequenced differ from the reference sequence (see Section 1.3.1).

The output of bioinformatics variant-calling pipelines is usually a Variant Call Format (VCF)

file, which contains for each sample sequenced, the different variants carried by the individuals

as well as several metrics that quantify the quality of the variant calls and the accuracy of the

sequencing technology for that particular mutation.

These measures have been standardized for easier interpretation of the variant calls and

are useful to filter the VCF files in order to only retain the variants associated with higher

confidence levels. We here introduce the structure of a VCF file, as well as a few of the key

metrics that are present in these files, what they represent, and how they can be used to filter

variants.
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A VCF file contains a header section and a data section (Figure 3.2a). The header section

contains a certain number of meta-information lines, which includes data on potential filtering

steps previously applied to the VCF file, as well as information on how the VCF file was

obtained (e.g. the reference file used to call the variants). It also includes a tab-delimited

field definition line, which contains the list of samples included in the file. Each subsequent

line contains data on variants, their genotype for the different samples as well as additional

information as defined in the metadata section of the header.

The genotype information is encoded as numbers. A “0” represents the reference allele, while

other numbers (e.g. 1 or 2) indicates the presence of the first or second alternative allele

specified in the “ALT” column. A dot means that the genotype is missing for that specific allele

in that specific sample.

Figure 3.2: The VCF format specification: (a) example of a valid VCF file, (b–f) Alignments and
VCF representations of different sequence variants: SNV, insertion, deletion, replacement,
and a large deletion. Figure from [276]
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Different types of variants can be represented in a VCF (see Figure 3.2(b-f)). It is important to

note that for indels, different representations of the variant can exist (Figure 3.2g), which can

be standardized using specific tools [277].

Some important metrics regarding variants contained in a VCF file include:

• Read Depth (DP): this represents the number of times that specific DNA base was

covered during the sequencing process. This measure is also known as sequencing

depth or depth of coverage, and a minimum value of 10 is usually required to consider

a variant as relevant.

• Genotype Quality (GQ): this represents the probability that the genotype call is wrong

under the condition that the site is being variant.

• Allele Count (AC): This represents the allele count across all samples for the genotype,

in the same order as the listed alleles.

In Chapter 6, we develop a filtering pipeline for VCF files of the ESTAND cohort, where

individuals were sequenced in different centers. In order to compare the datasets and obtain

meaningful results, we therefore have to remove all variants which were obtained in some

sets due to differences in sequencing coverage kits, as well as all variants which had low

sequencing depth or genotype quality. The details of the protocol and the various filters

investigated, based on the VCF information are described in Chapter 6, as they are part

of the development of our analysis protocol.

3.2 Biomedical databases for disease analysis

With the advent of Next-Generation Sequencing (NGS) technologies, unprecedented amount

of data have been generated to associate gene information to specific diseases. Nowadays,

there are more than 100 novel gene disease associations per year [278]. To make sense of

all of this information, several databases and ontologies have been developed to collect this

data into an organized format. In this section, we introduce the features that are common to

biomedical databases as well as describe several databases that link genes to diseases and

that are used in this work to annotate data or serve as training data for the development of

algorithms.

3.2.1 Main characteristics of biomedical databases

A database is a structured collection of data, which is electronically stored on a computer

system. It’s main function is to effectively manage, retrieve, and manipulate extensive amounts

of information. Generally, databases are comprised of tables or files, each containing rows or

records of data with predefined attributes or fields. The main objective of a database is to

offer a centralized, structured, and systematic method for both storing and accessing data.

This facilitates various user tasks including data entry, retrieval, modification, and analysis.



48 Materials & Methods

In order to be useful to the biomedical community, there are therefore certain key character-

istics that are shared by the majority of biomedical databases. Recently, the importance of

such characteristics has been highlighted and standardized with the FAIR principles of data

management, which refer to the fact that all data resources should be Findable, Accessible,

Interoperable and Reusable (FAIR) [279]. These data management principles apply to data

across all fields of research, but we here focus our description on biomedical databases for

studying human diseases, which are used in this work.

First, these databases are usually centered around one or a few main entities, such as human

diseases, genes or variants, and potential links between these entities. In order to clearly

define these entities, they are assigned identifiers, which are specific to the database, and

allow for easy finding of the information.

These databases are made openly available by enabling easy access to the data through

a website or an Application Programming Interface (API), which allows for download and

querying of the database. This fulfills the “Accessible” criteria of the FAIR principles. It is

important to note that in addition to supporting data sharing by making data accessible, many

biomedical databases nowadays also enable collaboration between researchers, by providing

mechanisms for data deposition, sharing, and collaborative annotation, enabling transparency

and reproducibility in scientific research. This is essential to correct and avoid errors in the

data collected in such resources [280].

In addition to providing the actual data, biomedical databases usually include a wide range of

annotations. This additional information is usually obtained from other biomedical databases,

and the use of the identifiers from these external databases therefore allows for interoperab-

ility between different resources. This is especially important for biomedical databases since

several databases co-exist to collect information on the same entities (for example, there exist

different databases for rare diseases, see Section 3.2.2 below), and enabling connections

between these different resources is essential in order to access all information available.

This is done by Orphanet for example, which links each disease to their identifiers in the

OMIM, Genetics and Rare Diseases information center (GARD) and International Classifica-

tion of Diseases (ICD) datasets [64, 281, 282]. Some annotation can also come from specific

bioinformatics tools such as variant pathogenicity predictors (see Section 1.3.3).

Finally, these databases usually provide clear details about the way the data was collected,

annotated and integrated in the resource. This means that the details of the curation protocol

or text-mining strategy are available in the documentation, and that the sources (such as the

doi of the articles where the information was obtained) are also made available. This also

implies proper versioning of the data, so that it is possible to refer to a specific version of

the database and retrieve the data it contained. Overall, these characteristics make a dataset

reusable.
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When designing OLIDA in Chapter 4, these characteristics were taken into account in order

to ensure our database followed the FAIR principles.

3.2.2 Disease databases

We here describe several important databases collecting data on human diseases and asso-

ciated genes which are used in this work.

The Orphanet database, focuses on collecting data and classifying rare diseases in order to

help with diagnosis, care, and treatment of patients suffering from rare diseases. It contains

curated information from the medical literature on 6,172 rare diseases, of which 71.9% are

presumed genetic [52]. The repository is structured and provides a hierarchical classification

of diseases, together with annotation regarding age of onset, phenotype manifestations, mode

of inheritance, associated genes etc. Orphanet also provides links to many other databases

collecting information on diseases.

Online Mendelian Inheritance in Man (OMIM) is the primary repository for collecting genes,

disease phenotypes and the relation between them [281]. It is an extension of the original

Mendelian Inheritance in Man created in 1966 [283]. The data is curated from peer-reviewed

biomedical literature based on criteria that keep evolving, but prioritizes articles that provide

detailed information on the relation between gene and phenotype. The data is centered around

two entities: the gene and the phenotype. Each entity is associated with several relevant

external links to allow for easy interoperability between the different databases. As of April

14th 2024, OMIM contains data on 4,902 genes which are associated to a disease and 7,519

phenotypes for which a molecular cause is known.

The Genomics England PanelApp, contains curated gene panels that collects information

on disease gene panels and allow them to be shared and evaluated by the scientific com-

munity [80, 81]. Gene panels are typically used by clinical researchers to perform genetic

testing, i.e. they are sets of genes known to be associated to a particular disease and are

usually the starting point for clinicians searching for potential pathogenic variants. In such

a context, including a gene that is not appropriate or not including a gene that is potentially

relevant can lead to false-positive discoveries or missed diagnoses respectively. This resource

therefore aims to standardize the decision-making process of which genes to include when

performing gene panel based analysis. The development of this platform enables researchers

to exchange and collaborate on the establishment of standard panels. This allowed to create

different levels of confidence associated with genes in a panel based on reviews from experts

(there are currently three different sets of gene for the panels, associated with three different

confidence levels). Additionally, for each disease panel, the inheritance mode of the gene is

reviewed and specified.
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3.2.3 Phenotype description and the Human Phenotype Ontology

In addition to the aforementioned databases, for which the primary focus is the collection,

classification and sharing of data regarding rare diseases and their genetic associations, an

ontology was also developed to focus on the particular symptoms caused by these diseases:

the Human Phenotype Ontology (HPO). It was initially published in 2008 by a team of re-

searchers in Berlin and has since grown into an internationally maintained resource.

The idea behind developing such an ontology, i.e. a standardized and hierarchical vocabulary,

was to be able to better characterize rare diseases that are phenotypically similar. This could

in turn help generate new discoveries of gene-disease associations, by investigating pathways

that appeared to be disrupted in different diseases with similar symptoms. Furthermore, the

semantic relations between the terms can be used by computational algorithms to gener-

ate new knowledge and associations. Although it was initially designed to characterize rare

diseases, the HPO vocabulary has now been extended to describe more common diseases

[284].

The HPO is structured as a Directed Acyclic Graph (DAG), which is similar to a hierarchy

except that a child term can be related to more than one parent term. However, cycles (cyclic

paths in the graph) are not allowed. In addition to this structure, the HPO includes annotations,

which link the genes to the phenotypes and vice-versa. These annotations are obtained from

the associations between genes and diseases collected in databases such as OMIM, and

the associations between diseases and HPOs. Therefore, a gene that is associated with

two different diseases A and B will be associated with all phenotypic terms associated with

diseases A and B. These associations are available for download on the HPO website.

Nowadays, the HPO contains more than 18,000 terms and 150,000 annotations. The terms

stem from one of 7 main parent nodes: phenotypic abnormality (which has the most des-

cendants), clinical modifier, past medical history, biospecimen phenotypic feature, mode of

inheritance, blood group and frequency. Each term possesses a unique identifier which iden-

tifies it in the ontology DAG, and can be used to obtain its annotations.

As mentioned in Section 1.3.4, several computational algorithms have made use of the HPO

to prioritize genes or variants that are likely to cause disease. Some are based solely on this

ontology, but some also integrate information from phenotypic ontologies from other species

such as the Mammalian Phenotype Ontology (MPO) [285] and the Zebrafish Model Organ-

ism Database [286, 287]. Semantic mappings between these different ontologies have been

developed to facilitate their integrations in algorithms [288–291], and algorithms exploiting

these different ontologies have been shown to perform better than when relying on the HPO

alone [292].
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The HPO is a community driven resource which is continuously growing. The latest update,

described in a recent article from January 2024, even includes a translation of subsets of

terms in 10 languages [293]. It also adds more than 2,000 new phenotypic terms, including

more precise terms for describing male infertility phenotypes, which are relevant for our work

[293]. In order to facilitate the integration of the HPO in clinical practices, several tools have

been developed to make annotation with HPO terms more simple [294–296], including a text

annotator tool from the Monarch Initative, which allows to directly annotate sentences from

scientific publications with relevant HPO terms [297,298].

This text annotation tool and the HPO are used in Chapter 5 to develop the first phenotype-

driven oligogenic prioritization tool.

3.3 Biological networks

All components of the cellular machinery work by interacting with each other and should

therefore not be studied in isolation but rather in the wider context of their associations

with specific biological pathways and protein products. The use of networks to represent

knowledge and study biological entities is therefore essential and has attracted a wide interest

from the biological community in the past decades. In this section, we introduce the concept

of networks, showcase different types of biological networks which are used in this work and

explore different metrics that can be used to measure distances or similarity profiles within a

network.

3.3.1 An introduction to networks

A network or graph is defined as a collection of vertices or nodes and edges, mathematically

defined as G = (V,E), where G represents the network, V the set of all vertices and E the

set of all edges. Vertices typically represent different entities (such as genes or proteins) and

edges represent relations between them (for example protein-protein interactions).

Networks can be directed or undirected, depending on whether the edges have a direction

that defines a starting node and ending node or not. Networks can also be weighted or

unweighted, depending on whether the edges have an associated weight, i.e. a quantification

of the strength of the association.

Networks comprising of nodes of different types, such as a network connecting human genes

to human diseases, are called heterogeneous networks, while networks for which all nodes

are of the same type but with different types of edges, such as a network of genes where

edges represent gene-gene interaction and coexpression, are called multiplex networks. Fi-

nally, a multiplex-heterogeneous network contains different node types but also different edge

types between the same node types.
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A network can be represented by its adjacency matrix W , which is a matrix of size v ∗
v where v is the number of nodes in the graph. Each value in the matrix represents the

presence/absence of an edge from the “row node” to the “column node” and its weight if

the network is weighted. For undirected networks, the adjacency matrix is thus symmetric

while it is not necessarily the case for directed networks.

Investigating the topology of a network, i.e. the way the nodes and edges are arranged,

is important to characterize the properties of the network. Several metrics can be used to

describe the topology of a network, and are described in Table 3.1.

Metric Description

Node degree Number of edges that link a node to any other nodes in the
network.

Node
betweenness

Number of shortest paths between any pair of nodes in the graph
that pass through the node.

Node closeness The minimal sum of all distances in the network for a node.

Node clustering The ratio of the number of edges among a node and its
neighbors and the maximum possible number of edges among
all of them. Basically this denotes the number of node “triangles”
that pass through a node.

coefficient

Edge
betweenness

The number of number of shortest paths that pass through an
edge connecting node i with node j

Network diameter The minimum number of links that separate the two most distant
nodes in a network.

Shortest path The number of links needed to connect every pair of nodes
through their shortest path.length

Global clustering Number of closed triplets over total number of triplets

Table 3.1: Metrics that are used to characterize the topology of a network.

Networks can be organized into modules, which are groups of nodes that are more connected

than other groups of nodes. This was shown to be the case for diseases in biological networks

[299]. Algorithms exist to detect such modules or communities [300], with some commonly

used ones being the Louvain algorithm [301] and Infomap [302].
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3.3.2 Types of biological networks

In biology, networks are useful as they allow to represent different types of interactions which

are essential to understand the big picture of cellular organisation. When studying relations

between genes and diseases, several types of networks are typically used, and we here

present a non-exhaustive list of the most commonly used types, as well as the different

sources of data that exist for these networks. Networks exist at the different levels of biological

organization, from the genetic interaction all the way to phenotypic similarities [179]:

• Gene co-expression: Genes are expressed in particular tissues and in particular time

frames. Positively co-expressed genes refer to genes that are expressed in the same

tissue and the same time frame, sometimes due to the fact that they are necessary

for the same biological processes. On the other hand, genes can also be negatively

co-expressed in which case a gene is silenced while the other one is expressed. In a

co-expression network, each node represent the transcription product of a gene and

each edge reflects the correlation between these products. Understanding gene co-

expression can therefore lead to better understanding of particular biological mech-

anisms and gene function [303, 304]. Co-expression data is obtained from gene ex-

pression analysis, where the amount of RNA transcript molecules from different genes

is quantified using RNA sequencing or microarrays. This analysis is performed on

multiple samples and can be tissue specific or bulk. Gene expressions are then correl-

ated to obtain co-expression data. Databases collecting information on human genes

expression and co-expression data include GTEx [305, 306], GeneFriends [307] and

CoexpresDB [308] to name a few.

• Protein-Protein interaction (PPI) networks: PPI networks collect information on the

proteins that physically interact with each other, and are one of the richest types of

biological networks. Each node usually represents a protein, and an edge between

them represents a physical interaction, which can be associated with a particular weight

representing the strength or confidence in the interaction. PPI networks have been

shown to be mostly scale-free [309]. Data on PPI can be obtained experimentally

(using biophysical methods or high-throughput assays such as Yeast-two-hybrid) or

using computational approaches (empirical based on existing data or theroretical based

on biophysical properties) [309]. There exist a huge number of PPI databases, with the

most commonly used being STRING [310], Intact [311], Mentha [312] and comPPI

[313].

• Pathways networks : Biological pathways are a series of action that leads to a product

or a change in the cell. Components of pathways often interact to result in more complex

biological processes, and are therefore better studied using networks. Such networks

can be represented by pathway nodes, which are connected to each other. For example,
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a node representing DNA replication, would be connected to mitosis, as it is involved in

this larger biological process. These pathway nodes can then also be linked to the dif-

ferent genes and proteins which are involved. This can create pathway co-membership

networks linking genes that are involved in the same pathways. Examples of sources for

pathways information include the widely used REACTOME database [314], the KEGG

database [315] and Pathway Commons [316].

• Gene Ontology (GO) networks: The Gene Ontology (GO) is a standardized vocab-

ulary to describe the function of genes and gene products. Similarly to the HPO, it

can be represented as a DAG where each term stems from one of three main parent

terms: Molecular Function Ontology (MFO), which describes the primary activity of

gene products at the molecular level (e.g. binding to specific molecules or catalyz-

ing reactions), Biological Process Ontology (BPO), which is used to characterize the

biological objective of the gene product (e.g. cell growth or signal transduction), and

Cellular Component Ontology (CCO), which specifies the subcellular location, structure

or complex where the gene product is active (e.g. cytoplasm or mitochondria). The

Gene Ontology DAG is already a graph structure, with nodes being GO terms and

edges representing semantic matchings between these terms. However, this graph is

usually transformed to study gene relations, by linking gene nodes to the GO terms

they are associated with, and linking GO terms together through semantic similarity

measures [317]. Many algorithms have been developed to perform this task [318],

including GOntoSim [319] and GOGO [320].

There exist many more types of biological networks, such as phenotypic similarity networks,

which are based on HPO terms (see Section 3.2.3) that can be linked to the genes they are

associated with and to other HPO terms through semantic similarity measures, as well as

interaction of genes with drug compounds, sequence similarity networks etc.

3.3.3 Distance and similarity measures

Measuring distances and/or similarities between elements in a network is essential, as it can

allow to characterize the links between specific entities and discover potential new interac-

tions between biological entities. We here introduce several important distance and similarity

measures which are used in this work and which have been developed for network analysis

in general or specifically biological networks.
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The biological distance

The biological distance is a measure that was developed specifically for assessing connec-

tions between gene pairs in a PPI network. It was established by a team of researcher to

generate the Human Gene Connectome in 2013 [321,322].

The biological distance was initially computed using the STRING database for PPI information,

but can be applied to any PPI network with weighted edges.

First, the direct biological distance is defined as the distance between two genes that share

a direct connection in STRING, which is the inverted STRING confidence score, and can be

summarized by the following equation:

Di, j =
1

Si, j
(3.1)

where Si, j represents the strength of the interaction in the STRING database (which ranges

between 0 and 1) [310].

To obtain the biological distance between any two genes, the Dijkstra algorithm is used

to obtain the shortest path in the network, i.e. the path that connects the two genes and

minimizes the sum of the direct biological distances [323]. The biological distance between

two genes is then defined as the number of edges in that path (i.e. the degree of separation

between the two genes) multiplied by the sum of direct biological distance:

Bi, j =

Di, j, if C = 1

C(Di,1 +D1,2 + ...+DC−1, j), if C > 1
(3.2)

where Di,1 is the direct biological distance (Equation 3.1) between gene i and gene 1 (the first

gene on the path between genes i and j, as predicted by the Dijkstra algorithm), gene 2 is the

second gene on the path, and gene C−1 is the last gene with a predicted direct connection

to gene j.

The biological distance was shown to be very useful to identify new candidate genes for

a particular disease based on known gene-disease associations [321]. It is also used as a

gene pair feature in the VarCoPP predictor (see Section 3.5.2) and an updated version using

the most recent version of STRING is also used in this work as a gene pair feature for the

VarCoPP2.0 predictor (see Chapter 5).
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Jaccard similarity

Jaccard similarity, also known as Jaccard Index, can be used to measure the similarity and

diversity within sample sets [324]. It is defined as :

J(A,B) =
|A∩B|
|A∪B|

(3.3)

where A and B are two different sets.

Although it was developed to measure similarity between sets, it is also widely used in network

analysis to define the similarity between nodes based on the number of neighbours they share

for example [325, 326]. In Chapter 5, we compare the use of this metric with more complex

algorithms for measuring similarity between nodes in a network, in order to assess which one

is more efficient for ranking gene pairs based on their disease relevance.

Propagation algorithms and the Random-Walk-with-Restart (RWR) algorithms

Network propagation algorithms are methods used to spread or transfer information, through

the nodes and edges of a network, by iteratively updating node values based on their neigh-

bours’ values (Figure 3.3) [327]. They have been shown to be very useful to predict protein

function [328, 329] and detect novel disease-gene associations using biological networks

[174,330,331].

Figure 3.3: Step-by-step illustration of network propagation. The process is shown at different
time points until convergence (t = ∞). The arrows depict the direction of the propagation at
each step, and the node are coloured according to the amount of information they receive. The
square node represents the “seed” node, and the ‘D’ label represents the known or predicted
nodes associated with a disease phenotype. Figure from [327]

Random-Walk-with-Restart (RWR) is a type of network propagation algorithm where the in-

formation from a set of user-defined seed nodes is disseminated through a network, and

which outputs a score for each node in the network, which can be interpreted as a measure

of proximity to the set of seeds (Figure 3.3). This algorithm is known to take into account

both local and global network topology when performing the propagation [327]. It was first
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applied to disease-gene prioritization on a PPI network in 2008 [174]. The main intuition

behind applying an RWR algorithm for disease-gene prioritization is the “guilt-by-association”

principle, which is based on the fact that genes that are involved in the same diseases are

usually close in biological networks.

The RWR is formally defined as :

pt+1 = (1− r)W pt + rp0 (3.4)

where W is the column-normalized adjacency matrix of the graph and pt is a vector in which

the i-th element represents the probability of being at node i at time t. The parameter r is the

restart probability, which is set between 0 and 1 and controls the “spread” of the walk on the

network. If the restart parameter is high, the walker will often go back to the seed nodes, and

only nodes close to the seeds will be traversed, while if the restart parameter is closer to 0, the

walker will be able to reach nodes further from the initial seeds. The p0 vector represents the

initial starting point, and is here constructed by setting equal probabilities to all seed nodes,

with the probabilities summing to 1, which is equivalent to having the random walker start

randomly from any of the seed nodes.

The “classic” RWR algorithm has been further expanded to compute random walks on het-

erogeneous graphs, multiplex graphs and multiplex-heterogeneous graphs (see Section 3.3.1

for a description of these graph types) [332,333]. These extensions are based on considering

each layer of the graphs independently and allow for the walker to “jump” from one layer to the

other, with the goal of keeping the topology of each individual network. They use the same

equation as for the classic RWR, but the W transition matrix is modified to reflect the hetero-

geneous and/or multiplex nature of the graph. These extensions are said to better integrate

the intrinsic properties of the different layers of heterogeneous and multiplex networks.

The main parameter to set for all types of RWR algorithms is the restart parameter r in Equa-

tion 3.4, and controls the ratio of exploration vs exploitation of the prior knowledge (i.e. the set

of seeds). The restart value of 0.7 is often shown to present a good exploration vs exploitation

ratio for biological networks [169, 174, 332, 333], but we still explored how this parameter

affected our results when using this algorithm in Chapter 5. For the RWR-heterogeneous

and RWR-multiplex-heterogeneous algorithms, additional parameters need to be tuned, which

represent the probability of jumping between layers, as well as the probability of restarting in

any of the multiplex layers (when a multiplex layer is at hand). These parameters were not

shown to have a strong effect on the results of the algorithms and the probability of jumping

between the different heterogeneous and/or multiplex layers is therefore usually set to 0.5, a

value which we adopted for this thesis.
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In Chapter 5 of this thesis, we use a RWR approach to score the disease-relevance of gene

pairs. We test different seed types and algorithm types to assess which method has the best

performance for ranking gene pairs based on disease relevance.

3.4 Machine Learning concepts

In this section, we explain important concepts in the field of Machine Learning (ML), which are

necessary to understand part of this thesis’ work. We first introduce what is ML and the ML

procedure, and then go into the details of two main types of algorithms, and their application

to the variant pathogenicity prediction problem. We then highlight the importance of feature

engineering and selection for developing a ML predictor, and explain how these features can

be used to understand how the model functions and the predictions it generates. Finally, we

explain how to evaluate the performance of a ML model, depending on the problem at hand

and the available data.

3.4.1 The machine learning procedure

ML refers to the study and development of algorithms that can learn from data. ML algorithms

are mainly divided into 4 categories: supervised learning, semi-supervised learning, unsu-

pervised learning and reinforcement learning [151]. Supervised learning implies training a

model based on a labeled dataset, so that the trained algorithm can predict as accurately

as possible the label based on a set of characteristics or features which are provided in

the dataset. Unsupervised learning refers to the detection of patterns from unlabelled data,

where the algorithm’s goal is to try to determine the underlying structure of the data, by

performing clustering for example or dimensionality reduction. Semi-supervised learning can

be defined as a hybrid between the aforementioned approaches: the aim is to predict the label

of the sample, but the algorithms can make use of both labelled and unlabelled data. Finally,

reinforcement learning is an approach where learning happens based on the environment

instead of a pre-defined training set. Software agents or machines learn by performing actions

in the environment and evaluate the optimal behavior based on rewards and penalties. This

type of ML is often used in decision making scenarios.

In this work, we use supervised learning algorithms. The supervised learning procedure is

typically divided in two stages: the learning phase and the prediction phase. This process

is usually preceded by a preliminary preparation phase, which includes problem definition

(and thus type of learning), data collection and pre-processing. Although this stage is not

always included as part of the ML procedure, ensuring a high-quality dataset is essential in

order to obtain reliable predictions. In this pre-processing step, the dataset is collected and
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annotated with different features, which will be used by the model. Features can be numerical

or categorical, and are the attributes of the data that will be used by the model to make

predictions. The choice of which features to include in a dataset is therefore essential and is

described in more details in Section 3.4.3.

During the learning phase, one or several models are trained and evaluated to find the optimal

parameter values such that the model can generate the most accurate predictions. This phase

implies splitting the dataset into a training and testing set, with the training set being used to

optimize the model parameters and the testing set being used to evaluate its performance.

Finally, during the testing and prediction phase, the optimized model from the learning phase

is used to predict an external validation set, for which the true labels are known in order to

evaluate its performance on external data. The model can then be used to generate predic-

tions on new data.

3.4.2 Types of supervised learning algorithms

Different types of algorithms can be used depending on the problem the algorithm is trying to

solve. In supervised learning, we distinguish two main problems: the regression problem,

where the variable to predict or estimate is a continuous variable, and the classification

problem, where the variable to predict or estimate is a categorical variable. For the work

presented in this thesis, we will focus on algorithms that have been designed to solve the

classification problem and will additionally describe algorithms aiming to solve the ranking

problem, i.e. ordering items in a set based on their relevance to a particular query.

Classification algorithms

In a classification problem setting, the goal is to estimate the class or category an item belongs

to, based on a series of values called features (see Section 3.4.3). In the context of this thesis,

the classification problem at hand is to determine whether a particular genetic instance (e.g. a

variant, a gene or a combination of variants) is pathogenic or benign. Such problem is known

as binary classification, because it entails assigning the instance of interest to one of two

classes. In supervised ML, the classification problem is approached by training an algorithm

on a training set, which includes a certain number of instances for which the output class is

known, and then using the trained algorithm to determine the class of new instances for which

the class is unknown.

Several categories of algorithms have been defined to perform such a task and each time,

attempt during the training phase, to determine for which values and combinations of feature

values an instance should be classified as one or the other class. In Chapter 5, we use a

Random Forest (RF) algorithm to develop a predictive model for the classification of variant

combination in gene pairs, and thus describe the functioning of this particular algorithm in this

section.
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RFs are based on decision trees, which are aggregated in order to improve accuracy and

avoid overfitting of the data. A decision tree model has a hierarchical structure starting from a

root node, which is connected through edges to child nodes (Figure 3.4a). Each node in the

graph represents a rule or test, that is applied during the classification process and orients

the decision process to the next node based on the test outcome. This process is repeated

until the leaves are reached, i.e. the nodes that are not linked to any child nodes and are

associated with the class label which aims to be predicted. Each rule is based on a condition

set on a particular feature of the dataset. A decision tree can therefore be seen as a series of

questions breaking down the decision-making process [334].

A decision tree is trained starting with all training instances at the root node. It is then grown

by selecting for each node, the feature and threshold that best splits the data, and setting the

rule of the node to that condition. The training data is then divided based on that rule and

the process is iterated for each resulting child node, until achieving one of three conditions:

(i) a terminal node is reached where the data cannot be split anymore (i.e. all instances in

that node belong to the same class), (ii) further splits do not improve predictions, or (iii) a

maximum preset condition is reached (e.g. reaching maximum preset depth).

Two impurity metrics are generally used to identify the feature that best splits the data at each

step in the tree growing process: the Gini impurity or the entropy. The Gini impurity is defined

as :

Gini(t) = 1− p(t)2 − (1− p(t))2 (3.5)

Where p(t) is the proportion of instances belonging to the positive class at node t (and 1− p(t)

is thus the proportion of instances belonging to the negative class).

The entropy is defined as :

H(t) =−p(t)log(p(t))− (1− p(t))log((1− p(t))) (3.6)

Where p(t) is the proportion of instances belonging to the positive class at node t (and 1− p(t)

is thus the proportion of instances belonging to the negative class).

In both cases, the aim is to choose the feature that performs the split that will minimize the

weighted average of the impurity of the resulting child nodes.

Decision trees are used in biological applications and have the advantage of being able to

model non-linear interactions between features as well as being easily interpretable, since the

list of rules associated with each node can be easily retrieved. However, they are prone to

overfitting and can struggle to model high-dimensional data.



3.4. Machine Learning concepts 61

(a) Decision tree binary clas-
sifier

(b) Random forest binary classifier

Figure 3.4: Schematic representation of a decision tree binary classifier (a) and a random
forest binary classifier (b). Figure from [335]

RF overcome these limitations by aggregating multiple decision trees into a single model (Fig-

ure 3.4b). Each tree in a RF is trained on a subset of the training data that is selected randomly

and independently (i.e. through bootstrapping), and can thus consider different features at

each split. When predicting a novel instance, each decision tree outputs a class independently

and the output of the RF is the majority vote over all the trees. By this ensembling approach,

RFs have been shown to be more robust and generalisable than single decision trees. They

have been extensively used in bioinformatics and clinical applications, in particular because

they are able to handle class-imbalanced problems.

Prioritization algorithms

As discussed in section 1.3.4, in variant pathogenicity prediction, prioritization tools refer to

tools for which the aim is to rank genes or variants according to their relevance to a particular

disease or phenotype.

The problem of ranking instances, i.e. sorting elements in a list according to their relevance

to a particular query, can also be approached using ML algorithms. This learning problem

is known in the literature as “preference learning” or “learning to rank” and has been the

focus of several reviews [336–338]. Three types of ranking tasks are usually distinguished:

label ranking, which deals with the ordering of labels to assign to a particular instance,

instance ranking, which involves ordering a set of instances based on their relevance to a

particular query, and object ranking, where objects are ordered based on their properties

and not necessarily in relevance to a particular query [336]. Instance and object ranking

are sometimes used interchangeably, although object ranking is normally more general as

it does not involve ranking linked to specific queries. Examples of applications of ranking

algorithms include search engines, recommender systems and ranking genes for relevance

to disease [336,339].
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In the case of instance ranking, which includes the variant prioritization task, the problem can

be formalized as follows: given a query q and a set of n instances (D1, ...,Dn), we want to fit a

model that will output a score si to each instance Di based on its relevance to the query. We

assume there exist a true relevance score yi which we aim to estimate. Different algorithms

have been proposed and can be further categorized in three approaches based on the choice

of loss function for the learning. In the pointwise approach, each single instance is viewed

independently, and the model assigns the instance a score which is an estimate of the true

relevance score. The loss function is the sum of the distance between each prediction and

the true relevance score, transforming the ranking problem into a regression problem. The

main issue with this approach is that the exact relevance for each instance in a ranking is not

always known, as it is the case for the gene prioritization approach, where some genes are

known to be relevant to a disease but assigning a relevance measure to other genes is not

straightforward. For this reason, the pairwise approach uses the idea of relative preference,

and the training happens by comparing the relevance of each two instances in the set to

perform the ranking. This transforms the ranking problem in a binary classification problem.

The main limitation of this approach is that pairwise ranking is not sensitive to the fact that

relevant instances should be found at the top of the list (see Figure 3.5). Using metrics that

integrate the rank of the relevant instances in the loss function is difficult, since these metrics

are non-differentiable.

Figure 3.5: Illustration of the limitation of the pairwise approach for instance ranking. Panels
A and B show rankings of 2 relevant and 6 irrelevant instances with the same number of
incorrect pairwise rankings (6). In the ranking task, having relevant elements at the top of the
ranking as in panel A is usually favored, showing that the pairwise approach might not always
yield the best ranking.

Finally, the listwise approach aims to address the aforementioned limitations by directly optim-

izing the loss function based on the ranking of the complete list. In order to overcome the fact

that sorting is a non-differentiable operation, different strategies have been developed such

as smoothening the ranks [340], using iterative methods [341,342] or computing a loss based

on permutation [343].
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Although learning to rank algorithms have received significant attention in the ML community,

they have not yet reached many applications in the bioinformatics field [339]. In particular,

while there have been uses of learning to rank algorithms for the prioritization of genes

relevant to diseases [344, 345], there are, to our knowledge, no variant prioritization models

using learning to rank approaches.

In practice, the variant prioritization problem is therefore more often treated as a supervised

classification problem, although the evaluation of the performance differs slightly, as discussed

in Section 3.4.4. We here provide a brief overview of some variant prioritization algorithms to

showcase a few of the main approaches used specifically for variant prioritization. For more

information, these predictors have been the subject of several review articles [125, 160, 346–

349].

The Exomiser suite of algorithms prioritize variants by integrating a variant score together

with a disease-relevance score [169]. The disease relevance score is obtained through either

a random-walk approach [350], a phenotype comparison approach using human data only

[69], a phenotype comparison approach integrating data from other model organisms [170]

or an integration of all three [292]. The variant score is based on the MAF and the maximum

predicted pathogenicity score from a series of predictors (MutationTaster, Polyphen2 and SIFT

in the original publication [69, 170]). The disease-relevance score depends on the method

selected. In the case of the ExomeWalker approach, it is computed by RWR proximity to a set

of seed genes. In the case of the Phenix approach, it is computed using semantic similarity

between the HPO terms of the patients and the HPO terms of known disease genes. Finally,

in the case of the PHIVE (PHenotypic Interpretation of Variants in Exomes) approach, the

disease-relevance score is computed as the semantic similarity between the HPO terms of

the patient and the HPO and MPO terms associated to specific genes, while a mix of these

three scoring methods is used in the hiPHIVE approach. The pathogenicity and disease-

relevance scores are then combined through a logistic regression to generate a final ranking.

This logistic regression model was trained on an equal number of known pathogenic mutations

from the HGMD and neutral variants from the 1KGP.

AMELIE (Automatic Mendelian Literature Evaluation) is a recent tool which aims to provide

clinicians with both a ranking of the gene most likely to cause the disease of a particular

patient and references to articles providing additional information on that gene [184]. The

algorithm relies on a knowledgebase generated by Natural Language Processing (NLP) tech-

niques trained on curated databases. A classifier is trained on 27 features including variant

pathogenicity prediction, phenotype matching between article terms and HPO terms provided

with the patient and various gene and article relevance scores. The training data includes a

set of simulated patients using data from OMIM, and a set of randomized patients as negative

instances [184].
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Finally, the PVP and DeepPVP algorithms are trained using positive and negative data from

the ClinVar database, and rank variants based on variant features, disease mode of inherit-

ance and semantic similarity matching between the patient’s HPO terms and the HPO terms

associated with each gene [175, 176]. A tool based on this framework was also developed to

prioritize oligogenic variants, and is described in Section 3.5.4.

The aforementioned predictors are thus trained as classifiers. However, their aim is to identify

the disease-causing variant for each individual patient, using information from the patient’s

disease. The difference between these tools and other pathogenicity predictors such as CADD

(see Section 1.3.3) is that they are evaluated differently, by testing the ability of the tool to find

the disease-causing variant of a patient in the top prioritized instances. This led us to the

following definition of the difference between pathogenicity predictors and prioritization tools.

In this thesis, the main difference between what we consider as classification algorithms for

pathogenicity, and variant prioritization methods is therefore not in the training of the algorithm

but rather lies in the scope of the method and in the evaluation of its performance. We refer

to algorithms which aim to predict whether a specific variant (or variant combination) is likely

to be disease-causing as a classification tool. On the other hand, tools that aim at identifying

among all variants in a patient’s exome which variant is the most likely to cause the patient’s

disease are addressed as prioritization methods. The differences in performance evaluation

are detailed in Section 3.4.4.

3.4.3 Feature selection and interpretation

In addition to selecting the instances used in the training set and choosing a model struc-

ture, identifying which features are relevant to the problem at hand is one of the key steps

to building a ML predictor. We here discuss two important steps of feature selection: the

manual identification of relevant characteristics for a particular problem, and feature reduction

algorithms, a computational approach to selecting the computationally relevant features from

the set of theoretically relevant ones. Finally, we also introduce feature interpretation methods

as a mean to understand how a particular model makes predictions.

Manual feature selection and feature engineering

Manual feature selection refers to searching for the type of information that can be used to

characterize and annotate the instances in a dataset before presenting it to a ML model. This

process is highly dependent on the problem at hand and the dataset, but several general

considerations can be taken into account, especially for applications in the biomedical field

where model interpretation is important.
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First, features should be selected based on their relevance to the problem at hand. This allows

not only to develop a more accurate predictor but also to be able to obtain biological insights

by interpreting feature importances (see Section 3.4.3 below). Assessing the proportion of

instances which cannot be annotated by a particular feature (e.g. certain variant pathogenicity

scores can only annotate specific types of variants) is also essential, since using such features

will thus lead to many missing values, which can introduce important biases in the predictions

[351]. The maintenance of the source of a feature as well as its updates’ frequency can also be

of interest for the maintenance of the predictor. This is especially important in bioinformatics

where data is accumulating fast and sources of information are being regularly updated. For

example, many scores have been developed to assess gene’s tolerance to mutations. These

scores are obtained from large databases of variant frequencies, which have undergone

significant changes over the past few years. A score measured over old versions of GnomAD

and not updated with the latest releases is not likely to provide valuable insights today.

Finally, feature engineering is important to consider in some cases, and refers to the ap-

plication of transformations to datasets in order to create machine readable characteristics.

For example, network properties of genes or variants can be transformed into features, by

computing several relevant topology or distance metrics (see Table 3.1 in Section 3.3).

These considerations were taken into account when designing the initial feature set for the

VarCoPP2.0 predictor in Chapter 5, and are further discussed in this context.

Feature reduction algorithms

Careful manual feature selection does not necessarily yield the optimal set of features for the

algorithm to learn. Computational feature selection methods, or feature reduction algorithms,

have thus also been developed. These algorithms aim to identify the most relevant set of

features from the original feature set, in order to improve the predictor’s performance and

reduce overfitting. Feature reduction methods are traditionally divided in three categories:

filter approaches, wrapper approaches and embedded approaches [352].

Filter approaches rely on the intrinsic properties of the data (e.g. the distribution of the data),

score features based on their relevance and output a subset to be presented to the model. The

advantage of such methods is that they are fast and can thus be applied to large datasets,

as well as independent from the model structure, which means that different model types

can then be assessed. This can also be a disadvantage, since the selection method will not

generate a feature set that is optimized for the model at hand.

Wrapper approaches, on the other hand, include the model in the feature search. In this setup,

various feature sets are evaluated together with the model structure, by training and testing the

model with each feature set. The search for the optimal feature sets is thus “wrapped” around

the model training. Since the set of all possible subsets of features to evaluate is usually
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too large, heuristic search methods are used to explore the feature sets. These methods

can be divided in two categories: deterministic search and randomized search. The key

advantage of wrapper approaches is that the optimal set of features identified is therefore

tailored to a specific model structure, and that the search takes into account not only features

dependencies, but also interactions between the features and the model. A big drawback of

such approaches is that they are computationally heavy. In Chapter 5, we use a wrapper

approach to select the optimal feature set from a set of manually curated features, to train a

RF algorithm.

Finally, embedded approaches refer to methods where the feature selection is part of the

model. These are usually faster than wrapper approaches, but only exist for specific models.

Understanding feature importances and feature interpretation methods

In order to better understand a ML predictor and the process behind its predictions, feature

interpretation methods can be used. These methods have two main goals: the first one is to

uncover general data patterns that have been identified by the model, which can lead to new

biological insights; and the second one is to be able to understand decisions made by the

model, thus explaining how a prediction was made.

To gain general insights about the model, feature importance measures can be used. These

measures typically rely on permutations of the features in the model which allow to identify

which features are more essential. These measures are typically model dependent, although

they can have similarities [353]. We here discuss in more details feature importances for RF

algorithms which are used in Chapter 5 of this thesis.

In RF algorithms, decision trees are grown by splitting the data based on values of specific

features (see Section 3.4.2). Measuring feature importance can therefore be done directly

based on these splits. A naive measure of feature importance would therefore be to count the

number of times a feature was used in a split over all trees present in the forest. However, a

split at the root of a tree and a split at the end of a tree do not have the same value, which is

why more elaborate measures have been developed.

The main measure used is the Mean Decrease in Impurity (MDI), also called Gini importance.

Since the trees of a random forest are grown by selecting the splits that generate the max-

imum decrease in impurity (see Section 3.4.2), the features that are used to generate splits

with larger decrease in impurity are therefore considered more important. The MDI measure

reflects this idea, and computes for each feature Xi, the sum of all impurity decrease measures

of all nodes in the forest at which a split on Xi has been conducted, normalized by the number

of trees. For classification, the impurity is usually measured by the Gini impurity defined in

Equation 3.5 [354].
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To better understand a particular prediction, “post-hoc” feature interpretation algorithms can

be used. Unlike feature importance measures, these methods compute, for each predicted

instance separately, the contribution of each feature to the attributed class. They provide

detailed information on the link between the extent and the type of influence (i.e. positive

or negative) a variable had on the output prediction. In the case of decision trees and RF

models, the treeinterpreter1 algorithm can be used, which transforms the decision path in

each tree as a sum of feature contributions.

It is important to note that these methods are more relevant when the selected features

can have a biological interpretation, and can thus provide novel insights into the biological

mechanisms underlying the process that one is trying to predict.

3.4.4 Performance evaluation

Finally, an important aspect to consider when developing predictive methods for classification

or ranking, is how to accurately evaluate their performance. Different strategies can be used

based on the scope of the methods, but also on the type and amount of data available.

The idea of a good performance evaluation approach is to measure the performance of the

predictive tool in a setting that is similar to “real- world” usage of the tool.

Classification problems

Cross-validation is a procedure that allows to evaluate the performance of a model using only

the training data. The training set is split into a certain number of different groups, called folds.

The instances belonging to a group are removed from the training set, the model is trained

on the remaining instances and its performance is assessed on the “left out” group that was

not used for training using different performance metrics (see below). This process is then

repeated for all the pre-defined folds. The final performance is then measured as either the

average of the metrics in the different folds (micro-average) or by aggregating the predictions

of the model in each fold and computing the performance metrics on this full prediction vector

(macro-average). However, performance evaluation using only the cross-validation procedure

can introduce bias since the predictor is then trained on all instances in the training set [355].

Ideally, the use of an independent test set, which is never used in the training part, is always

important in order to have an accurate evaluation of the performance of the model.

For classification tools, the main performance metrics are based on the confusion matrix

(Figure 3.6a), which is computed by counting the number of instances which are correctly

classified in both positive and negative classes (True Positive (TP)s and True Negative (TN)s)

and the number of instances which are misclassified in both classes (False Positive (FP)s and

False Negative (FN)s). The most common metrics are summarized in Figure 3.6c.

1. https://github.com/andosa/treeinterpreter
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(a) Confusion matrix (b) Comparing ROC curves

(c) Performance metrics for classification

Figure 3.6: Measures used to evaluate the performance of a two-class classifier. (a) The
confusion matrix is the basis of the different measures used and contains counts of the number
of instances according to the class they belong to and the class label they are attributed
by the predictor. (b) Receiver operating characteristic curves plot the true positive rate as a
function of the false positive rate for different probability thresholds and give an idea of the
predictive power of a classifier. A straight line indicates that the classifier essentially performs
as random class assignment. (Figure from [356]) (c) Description and formulas of commonly
used performance metrics based on the confusion matrix.

For class imbalanced problems, which are common in biomedical problems [357, 358], and

where the number of instances in one of the two classes is much larger than in the other class,

some of the most commonly used metrics such as precision and recall can become biased

and thus be strongly misleading [359, 360]. In this case, Receiver-Operating characteristic

(ROC) curve analysis [361] and Precision-Recall (PR) curve analysis is generally favoured

[362]. ROC analysis is done by plotting the sensitivity (or True positive rate) and specificity
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of the predictions for various threshold values for the different classes. The threshold value

is varied between 0 and 1 and represents the value for which any instance with a probability

above the threshold is predicted as belonging to the positive class and any instance with a

prediction probability below the threshold is predicted as belonging to the negative class. The

area under the curve (AUC) then measures the probability that the model correctly predicts

an instance out of a randomly chosen pair of case and control samples. The AUC ranges from

0.5 (for a completely random classifier) to 1 (for a perfect classifier with 100 % accuracy, see

Figure 3.6b). On the other hand, the PR curve plots the precision as a function of the recall

(or sensitivity or TPR) for different threshold values. The AUC under the PR curve can also be

computed and is called the Average Precision Score (APS).

The definition of which class is considered as positive or negative is arbitrary but in the field of

pathogenicity prediction, the disease-causing class is usually considered as positive (i.e. the

one we want to detect) and the neutral class as negative.

Prioritization tools

We here focus on methods used to assess the performance of variant prioritization tools.

Prioritization tools typically output a ranking of the pathogenic variants, with the most likely

disease-causing variants ranked first, and where a single variant is expected to be relevant. In

order to assess the performance of such tools, they have to be tested on data from a patient’s

exome. However, while large databases of pathogenic variants are available (e.g. ClinVar [83],

HGMD [363]), the exome data of the individuals carrying these pathogenic variants is often

not available, which means that no real test data can be used.

In practice, the performance of prioritization tools is thus evaluated in synthetic exomes.

Exomes from healthy patients are obtained from in-house projects or large databases of

genetic variation (e.g. 1000 Genomes Project (1KGP)), and known pathogenic variants are

inserted into these exomes to be detected by the prioritization method. For phenotype-driven

tools which use HPO terms as additional input, the HPO terms associated with the disease

caused by the pathogenic variant of interest are used. In order to simulate real clinical data,

these HPO terms are sampled at random (up to a maximum of 5 to 10 terms). To test

the robustness of the method to phenotype annotations, some authors have tried to add

random HPOs (to simulate errors in phenotype description) and replace some terms by their

parents in the DAG (to simulate imprecision in phenotype description) [185]. More recently,

the performance of these tools has also been assessed in large cohorts of patients, which are

well annotated, as this is becoming the new standard in the field [125,364].

The performance of the prioritizers is then measured as the percentage of synthetic exomes

where the known pathogenic variants are found in the top k ranked variants for different values

of k. A Cumulative Density Function (CDF) is often computed and plotted, to visualize the

percentage of cases with causal variants ranked within the top k (varied between 1 and
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a maximum value) by each method (see Figure 3.7). This cumulative display is better for

the illustration of results generated under continuously changing conditions than the recall

@K measure (which measures at a specific rank K how many relevant instances have been

found).

Figure 3.7: Illustration of CDF curves for 3 ranking systems and how to read them. The
best performing system (system A) retrieves the relevant instance in all cases in the top 70.
Ranking system B performs better than system C when looking at the top 100, but performs
slightly worse when focusing on the top 20. The dotted lines illustrate how to read the plot to
obtain the proportion of cases for which the relevant instance(s) are retrieved in the top K.

In addition to the CDF curve, other metrics have been developed for evaluating the perform-

ance of a ranking algorithm [365]. We here provide a brief overview of the main metrics,

which we will use in Chapter 5, to compare how different measures of performance affect

the evaluation of our developed methods. The Mean Reciprocal Rank (MRR) computes the

average of the reciprocal rank (i.e. 1/rank) of the first relevant item across all ranked lists of

items. This measure is usually assessed in the top K elements, and the MRR therefore ranges

from 0 (if no relevant element is found in this top K) to 1 (in the case where the top element

of each ranking is relevant). The main limitation of this measure is that it does not take into

account the rank of the other elements, but it is suitable for scenarios where a single instance

is relevant, and is easy to interpret.

The average precision is computed as the average of the precision values for each relevant

item in the list. The precision in a ranking is measured as the proportion of relevant items in the

top K. Base on the average precision, the Mean Average Precision (MAP) can be computed

to measure the performance of a tool by taking the mean of the average precision in each
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ranking produced by that tool. This metric therefore integrates the position of the retrieved

items as well as the precision and the recall, but is less intuitive to compute and more difficult

to interpret. For problems where there is only one relevant item per list, this measure simplifies

to the MRR.

The normalized Discounted Cumulative Gain (nDCG), computed from the Discounted Cumu-

lative Gain (DCG) measure, is based on the assumption that highly relevant instances are

more useful when appearing at the top of the list. To compute the DCG, each item is assigned

a gain based on its particular relevance yi. A popular gain measure is defined as Gi = 2yi −1,

since the exponent puts a lot of emphasis on highly relevant items. Based on its rank i, each

item is also assigned a discount, which acts as penalty to the gain. This discount is often

computed as Di = log2(i+1). The DCG is then computed as:

DCG =
k

∑
i=1

Gi

Di

This measure is usually normalized based on the highest possible DCG, which would be

obtained when all items are ranked correctly, in order to obtain the nDCG. We note that for

ranking problems where there is a single relevant instance in each list (such as the variant

prioritization problem), this measure is simplified to :

DCG =
k

∑
i=1

1
log2(i+1)

The choice of metrics and evaluation set is therefore essential to accurately assess the

performance of a tool in a realistic scenario. In Chapter 5, we assess different methods to

evaluate the performance of our oligogenic prioritization tool, using both the prioritization and

classification metrics described in this section.
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3.5 Available oligogenic resources

As introduced in Section 1.3.5, several databases, tools and resources had already been

developed before the work introduced in this thesis. In this part, we discuss these resources

and their limitations in more detail, highlighting how these were used as the building blocks of

the novel methods and resources developed in this thesis.

3.5.1 DIDA: a first repository of data on digenic diseases

The Digenic Diseases Database, published in 2015, was the first repository of data regarding

digenic diseases. The authors were inspired by the review paper from Schäffer on digenic

inheritance [96], and collected from the scientific literature information on digenic variant com-

binations, i.e. combinations of variants in 2 genes involved in a digenic disease. Information

on variants, genes, variant combinations and the diseases they underlie was obtained by

manual curation of articles. DIDA was updated in the years following its publication and, at

the time of writing, contains information on 258 variant combinations, linked to 52 distinct

diseases. Bardet-Biedl syndrome, familial haemophagocytic lymphohistiocytosis and familial

long QT syndrome are the most represented disorders in the database. Three main types

of digenic models are typically found in DIDA, corresponding to the main types of digenic

inheritance observed (see Figure 1.4 in Section 1.2.3): True Digenic models, Monogenic +

Modifier combinations and Dual-Molecular Diagnosis (DMD) cases.

DIDA has been used to train several machine learning predictors which aim to predict and

help understand the cause of digenic diseases. The Variant Combination Pathogenicity Pre-

dictor (VarCoPP) was the first model to classify variant combinations as either pathogenic or

neutral ( [105] and see Section 3.5.2), while the Digenic Effect (DE) predictor was trained to

initially distinguish between True Digenic and Monogenic + modifier cases [366] and was later

extended to also identify DMD cases [187]. A first oligogenic prioritization tool ( [194] and see

Section 3.5.4) was also benchmarked on the DIDA dataset, and a predictor classifying gene

pairs as likely to be involved in a digenic disease or not was also recently published [167].

These pathogenicity prediction tools in turn helped find novel oligogenic causes to diseases

[189,192,367,368], highlighting the need for continuous collection of data in this area. Never-

theless, DIDA is not perfectly suited for that purpose. Indeed, the database’s architecture was

limited to variant combinations in gene pairs (digenic), excluding all other types of oligogenic

combinations. Moreover, certain types of variants, such as Copy-number variant (CNV)s were

not collected in the database. Furthermore, although DIDA gathers information on whether bi-

locus combinations are supported by familial and functional evidence, the criteria for including

any particular combination was not clearly defined. With the advent of guidelines for reporting

disease causality of genetic variants [121], this type of evidence should be clarified and more

precisely assessed.
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In this work, we present a complete overhaul of the DIDA database, which resolves the

aforementioned limitations, and significantly expand the content of the database (Chapter

4).

3.5.2 VarCoPP, a first predictor of variant combination pathogenicity

The Variant Combination Pathogenicity Predictor (VarCoPP) is a ML model which predicts

the probability that a digenic variant combination is pathogenic. It was trained using instances

from the first version of the DIDA database as positive instances, and variant combinations

obtained from individuals from the 1KGP as neutral instances. VarCoPP was trained as an

ensemble model, in order to tackle the class imbalance problem that arose from the training

data. The final predictor consisted of 500 RFs, which were trained on 500 different training

sets, and which predictions were aggregated in a majority vote (Figure 3.8).

Each random forest learns from a set of 11 features which were selected from an original set

of 21 features using recursive feature elimination, collected from different biological levels:

• At the variant level, the flexibility difference, hydrophobicity difference and CADD scores

of pathogencity are used. The flexibility and hydrophobicity differences are computed as

the change in flexibility and hydrophobicity between the wild-type and mutated amino

acid, based on flexibility and hydrophobicity scales from [370] and [371] respectively.

CADD is a pathogenicity predictor for single variants (see Section 1.3.3 and [161] for

more details).

• At the gene level, both genes are annotated with haploinsufficiency and recessiveness

probability scores. The haploinsufficiency probability is the probability that a single copy

of a gene is insufficient to maintain normal function; it is computed by a predictive

model trained on different properties of known haploinsufficient and haplosufficient

genes [372]. The recessiveness probability is the probability that a given gene will cause

a disease phenotype following its homozygous inactivation; it is here again computed

by a predictive model trained on the different properties of known recessive disease

genes and loss-of-function tolerant genes [373].

• At the gene pair level, the biological distance between the two genes, which measures

how far genes are in a PPI interaction network is used (see Section 3.3.3).

VarCoPP was shown to perform very well in both cross-validation and independent validation

settings. It achieves a TP rate of 0.88 and FP rate of 0.11 in cross-validation, and correctly

predicts 20 of the 23 pathogenic variant combinations in the independent validation set.

Although the performance of VarCoPP is promising, it still presents with some limitations. The

model has a very complex structure, which not only prevents the expansion of the training set,

but also makes is computationally heavy, leading to increased prediction time, especially for

larger datasets such as exome sequencing data. Additionally, the model was trained on the
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Figure 3.8: To solve the class imbalance problem inside the training set of VarCoPP, 500
random 1KGP samples, each containing 200 bi-locus combinations, were extracted using two
types of stratification: each sample contained an equal amount (40) of bi-locus combinations
from individuals of each continent, as well as an equal distribution of degrees of separation
(i.e. a metric of protein-protein interaction distance) between the genes of each pair, following
the degrees of separation distribution of DIDAv1. Each 1KGP sample was used against
the complete DIDAv1 set to train an individual classifier that gives a class probability for
each bi-locus combination. Based on a majority vote among the individual classifiers, the
output of VarCoPP for each tested bi-locus combination is the final class (“neutral” or
“disease-causing”), a Support Score (i.e. the percentage of the classifiers agreeing about
the pathogenic class, SS) and a Classification Score (i.e. the median probability among the
individual predictors that the bi-locus combination is pathogenic, CS). Figure and caption
from [369]
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DIDA database, and the quality of the training data is therefore questionable. Finally, although

it performs well for the analysis of gene panels, the false-positive rate makes the analysis of

unfiltered datasets impossible, since the predictor returns too many irrelevant combinations

as potentially disease-causing.

In this work, we develop a new version of VarCoPP, which is trained on a larger and more con-

fident dataset, integrates more calibrated features from the different biological levels, and em-

ploys a less complex model structure to achieve higher performances in both cross-validation

and independent tests (see Chapter 5).

3.5.3 ORVAL: Bringing oligogenic predictions to the public

The Oligogenic Resource for Variant Analysis (ORVAL) web platform was developed following

the creation of the VarCoPP and the Digenic Effect predictors [105, 187], in order to make

predictions using these tools more accessible to researchers and clinicians, as well as provide

an interactive way of exploring the results generated by these tools [188]. This resource was

first developed in 2019, as a web platform, where a user can input a list of variants of interest to

be predicted, either in the format of a single patient VCF file, or as a list of genomic coordinates

and zygosties. The user is also encouraged to select a gene panel in order to filter the variants

to specific genes of interest, since VarCoPP is more suited for this kind of analysis (see

Section 3.5.2). Once an analysis is submitted, the variants are filtered based on the filtering

criteria used for the training set of VarCoPP, annotated with the features from the different

biological using an in-house database, and all possible combinations of variants in two genes

are generated and predicted using VarCoPP. Predicted pathogenic combinations are then also

analysed with the Digenic Effect predictor.

In addition to predicted scores and classes for each variant combination according to the two

aforementioned predictors(Figure 3.9D and F), ORVAL offers different ways of visualizing the

data in their biological context. The predicted variant combinations can be visualized as a net-

work, to facilitate module detection (Figure 3.9A). An explanation of the different predictions is

available by using the treeinterpreter module (Figure 3.9E), which evaluates how each feature

contributed to the decision of the classifier. Finally, information from external databases such

as PPI connections between genes in the same module and pathway enrichment analyses

are also made available to provide additional information on the biological mechanisms that

can explain oligogenicity (Figure 3.9B&C).
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Figure 3.9: Examples of outputs generated by ORVAL. (A) Interactive oligogenic network built
from all gene pairs having at least one predicted candidate combination. (B) A protein–protein
interaction network where the central nodes circled in purple represent the proteins from a
selected oligogenic module and the external nodes are the first-level interactors. (C) A Tree-
map representing the ontology sized proportionally to the number of mapped genes from
the oligogenic module and colour according to the level on the ontology hierarchy. (D) 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
CS and SS. (E) A boxplot chart, displayed for a specific digenic combination, showing the
contribution of each predictive features into the disease-causing class (in red) or neutral (in
blue). (F) A spider plot, displayed for a specific digenic combination, showing the probabilities
for each class of digenic effect predicted by the DE Predictor, with a highest probability for
True Digenic. Figure from [188].

This platform has received great interest to the biomedical research community, and has

been used in numerous studies to help identify novel oligogenic causes to disease [189–193].

The underlying annotation database was recently updated to include annotations for variants

called using the Hg38 assembly. In this work, we integrate our novel predictive methods in this

platform, to allow for easy use of the methods by the biomedical community.

3.5.4 OligoPVP: a first attempt at oligogenic prioritization

OligoPVP is the first developed oligogenic variant prioritization tool, which was trained on

single variants data using deepPVP, but was tested on combinations from the DIDA database.

In oligoPVP, the score of a combination is computed as the sum of the DeepPVP scores

for the individual variants that make up the combination if they are located in genes that

are connected in the PPI network. Therefore, one of the strong limitations of the tool is that

variant combinations that involve genes that are not connected by PPI will never be scored

and prioritized.
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OligoPVP was tested using combinations from DIDAv2: the 189 variant combinations annot-

ated with HPO terms were used to generate 189 synthetic exome (by inserting the variants

of each combination in an exome from the 1KGP), and the predictor was applied to these

exomes. The results indicate that out of the 87 DIDA combinations which are deemed “inter-

acting” (i.e. the genes are connected in a PPI network), oligoPVP identifies 57 (65 %) as top

hit and 59 (67%) in the top 10 hits and outperforms single-variant prioritizers.

However, the interacting combinations of DIDA represent only 53% of all DIDA combinations,

which means that almost half of the combinations are actually not prioritized by the tool. The

number of combinations which cannot be prioritized is supposed to diminish with time, as new

knowledge about PPIs becomes available. Nevertheless, oligoPVP remains based on scores

from a single variant tool, and might thus also fail to recognise variants which are less rare, or

do not have the same properties as monogenic disease-causing variants.

3.5.5 BOCK: contextualizing oligogenic combinations in biological networks

Biological networks and Oligogenic Combinations integrated as a Knowledge graph (BOCK)

is a resource that was developed at the Interuniversity Institute of Bioinformatics in Brussels

by Alexandre Renaux, in parallel to this thesis’ work and was published in 2023 [374]. We here

introduce it as a completed work, although it was based on the work presented in Chapter 4,

because it was then used as such in the development of our prioritization tool in Chapter 5 of

this thesis.

This Knowledge Graph (KG) integrates different types of bioinformatics resources, together

with information contained in OLIDA (see Chapter 4 or [253]) into a single heterogeneous

network. It integrates protein-protein interactions from Mentha database [312], coexpression

between genes from post-processed Gtex data collected in the TCSBN database [375], se-

quence similarity data between genes from STRING [376], pathway information from [314],

gene ontology terms and their linked to genes from the Gene ontology [377, 378], protein

families from the InterPro database [379], protein complexes from CORUM [380], phenotypic

data from HPO [67], disease data from Orphanet2 and Online Mendelian Inheritance in Man

(OMIM) [79] and oligogenic combinations from OLIDA [253]. The overall architecture of the

network and the number of different instances present is summarized in Figure 3.10.

2. https://www.orpha.net/

https://www.orpha.net/
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Figure 3.10: Summary representation of BOCK showing the 10 different types of nodes that
are present in the graph, as well as the 17 different edges that link these nodes in panel A,
and the node counts in panel B. Figure from [374].

3.5.6 Explaining digenic disease mechanisms with ARBOCK

Based on this knowledge graph, a rule based classification model was trained to identify

specifically the characteristics of paths linking gene pairs that are known to be associated to

an oligogenic disease. This model, called Association Rule learning Based on Overlapping

Connections in Knowledge graphs (ARBOCK), allows to not only predict the probability for a

gene pair to be involved in an oligogenic disease with relatively high performance, but it is also

fully interpretable. This means that for any gene pair predicted to be involved in a disease,

the model can extract the relevant paths from the graph that contributed to the pathogenic

prediction.

These paths can be visualized in the form of a small network, which can help validate the

prediction of the model, therefore improving trust in the prediction, but can also help to gain

insights into the patho-mechanisms of the disease. This model can therefore be very useful to

validate oligogenic findings and/or generate new hypotheses for digenic models. The model

can be run with or without taking into account phenotype nodes in the graph as they were

shown to lead to biases in the explanations and predictions. In Chapter 6, we use ARBOCK

to investigate potential novel digenic combinations that were found in a cohort of patients

affected with male infertility.



Chapter 4

Improving the quality of ground-truth

oligogenic data

In this chapter, we present the Oligogenic Disease Database (OLIDA), a new repository of

data on oligogenic variant combinations linked to human diseases. This database significantly

expands the Digenic Disease Database (DIDA), providing for the first time access to variant

combinations in more than two genes which are reported in the literature as associated to

a human genetic diseases. In addition to the inclusion of new types of combinations and

variants, the database also provides a protocol to assess the quality of the evidence linking

this type of variant combinations to disease. Although such quality criteria existed for the

association of monogenic variants, this is the first time that such criteria are developed for

oligogenic variant combinations.

The novel repository contains unprecedented amounts of data on variant combinations repor-

ted to be causative of genetic diseases, and is then used in the remaining of the thesis to train

novel predictive methods and assess their performance on new unseen data.

We first introduce the basis of the established curation protocol, describing in details the

procedure to assign manual curation score and knowledge curation scores, and then describe

how the database content was kept up-to-date over the years, by performing yearly rounds

of curation. In the second part, we dive into statistics of the database, the effects of the

confidence scores and how the content evolved over the last three years. We then introduce

the first set of quality standards for reporting oligogenic variant combinations in the literature,

which was based on the curation protocol. Finally, we highlight the interface of the database

and how its ease of use has enabled various usage around the world.

79
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4.1 Motivation and objectives

The Digenic Disease Database (DIDA) [104], published in 2015, was an important step for-

ward in the study of oligogenic diseases, by enabling the development of various predictive

tools and serving as the standard repository for digenic data (see Sections 1.3.5 and 3.5.1).

As the number of articles identifying digenic and oligogenic causes to disease is continuously

increasing, this database also started to exhibit some limitations. First, the architecture of the

database only allows for the inclusion of digenic combinations, with a maximum of two variants

per gene, and is limited to certain types of variants (SNVs and small indels). Secondly, due

to the long manual work that is required for data curation, DIDA had not been updated in a

while, with the latest data being collected in 2017. Finally, the criteria for inclusion needed to

be re-evaluated, and precise standards for evaluating the quality of the data were required in

order to objectively quantify the level of evidence associated with a variant combination.

In this chapter, we aim to address these limitations by creating a novel repository of variant

combinations reported in the literature as associated to oligogenic diseases: the Oligogenic

Disease Database (OLIDA). This database is created by manually curating scientific articles

using a precise and detailed curation protocol, which assigns to each combination a confid-

ence score, based on the evidence that supports its involvement in disease. Furthermore, it

includes combinations of variants in more than two genes, without a maximum set number of

variants per gene, as well as oligogenic combinations involving CNVs, a type of variant which

was not present in DIDA. The main goal of OLIDA is to create a comprehensive repository

of data on oligogenic diseases, as well as provide, with the confidence scores, a way to filter

this data based on its quality. The curation protocol introduced is also the basis of a first set

of recommendations for identifying and reporting oligogenic variant combinations involved in

diseases. As such, a secondary aim of OLIDA is to improve the quality of the data regarding

variant combinations associated to oligogenic diseases.

The results presented in this chapter have been published in:

• “Scaling up oligogenic diseases research with OLIDA: the Oligogenic Diseases Data-

base” Barbara Gravel and Charlotte Nachtegael, Arnau Dillen, Guillaume Smits, Ann

Nowé, Sofia Papadimitriou, Tom Lenaerts, Database, Volume 2022, 2022, baac023,

doi:10.1093/database/baac023

• “Toward reporting standards for the pathogenicity of variant combinations involved in

multilocus/oligogenic diseases” Sofia Papadimitriou, Barbara Gravel, Charlotte Nachtegael,

Elfride de Baere, Bart Loeys, Miikka Vikkula, Guillaume Smits and Tom Lenaerts, Hu-

man Genetics and Genomics Advances, 2022, doi:10.1016/j.xhgg.2022.100165
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The development of the curation protocol was the result of discussions between myself,

Charlotte Nachtegael and Sofia Papadimitriou, and the curation of the scientific articles was

divided equally among the three of us, with Inas Bosch replacing Sofia Papadimitriou for the

latest version of the database (curation of articles published in 2023). The development of the

website for the database was the work of Charlotte Nachtegael and Arnau Dillen, while my

contributions focused on the pipeline for annotating the data and attributing the knowldege

scores in the post-curation step.

4.2 General premises of the curation protocol

The developed curation protocol is inspired from the criteria from the paper of Schäffer on

digenic inheritance [96] and the paper from McArthur on the causality of genetic variants in

diseases [121]. The main premise of the protocol is that, for a combination to be associated to

a particular disease, it is required to have sufficient genetic and functional evidence that

links the joint effect of the variants to the disease phenotype. Genetic evidence can be

obtained from pedigree studies (familial evidence) or cohort studies (statistical evidence), and

should show that the segregation of the variants involved in the combination is linked to the

phenotype and that these variants do not co-occur by chance. The functional evidence can

be obtained by functional studies at the gene-combination (gene evidence) and the variant

combination (variant evidence) levels, and should show that the joint effect of the variants

have a deleterious effect on the function of the cell, and that his effect is linked to the observed

phenotype.

In order to assess the quality of the evidence that supports the involvement of a combination

in disease, we assign to each type of evidence a confidence level (with the corresponding

score in parenthesis) as follows:

• Strong (3): If there is strong evidence of the joint pathogenic effect of the variants

leading to the observed phenotype.

• Moderate (2): If there is evidence that the oligogenic combination has an effect on the

observed phenotype, but some information on the underlying mechanism is missing to

constitute a definite proof of oligogenicity.

• Weak (1): If there is evidence that the variants are relevant for the observed phenotype,

but evidence is missing to show that the cause of the phenotype is indeed oligogenic

and that all of the variants need to be present to cause the phenotype.

• Absent (0): If the information presented is not enough, according to our criteria, to

attribute a Weak confidence level.

The curation pipeline is summarized in Figure 4.1.



82 Improving the quality of ground-truth oligogenic data

Figure 4.1: Summary of the curation pipeline for the creation of the (A) Manual scores, (B) Knowledge
scores and (C) Metascores for each oligogenic combination. (A) Research articles are selected
using the keywords ‘digenic OR oligogenic’ in PubMed and assigned to two different curators who
independently extract information of each article. Note that the number of articles shown in this
figure correspond to the search performed in January 2021, for OLIDAv1. A discussion then took
place to reach a consensus for the Manual Scores. The number of articles correspond to the first
version of OLIDA. (B) The data is then processed to formalize the available information using external
databases and ressources. To correct for literature bias, the GENEmanual score for each gene pair
was harmonized among all articles by assigning the maximum GENEmanual found for that gene pair.
To compensate for missing information in the articles due to no prior access to current knowledge,
Knowledge scores were assigned per oligogenic combination, based on the obtained annotations. (C)
Both Manual and Knowledge scores are combined in order to create the confidence Metascores for
each type of evidence by assigning the maximum score found between their corresponding Manual
and Knowledge score. The same procedure as in the manual curation is then followed when decision
trees are used to define the FUNmeta and FINALmeta scores.
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4.3 Manual curation and manual scores

All articles which are found in PubMed1 using the keywords “digenic” and “oligogenic” are first

filtered by removing articles that (i) did not involve humans, (ii) did not report details about

the variants, (iii) only conducted statistics at the gene level, (iv) contained large chromosomal

rearrangements spanning more than one gene. From the initial 1853 articles found in Decem-

ber 2023 (which corresponds to the last OLIDA update), 399 passed these initial criteria and

were manually curated.

Two curators are assigned to each article, extract information, and score the combinations

independently according to specific criteria for each type of evidence (see Table 4.1). A

discussion then takes place between the curators to assign consensus scores to every com-

bination (Figure 4.1, panel A). The manual curation leads to the creation of manual curation

scores, which only scores the information found in the article describing the combination.

Four main types of scores were defined: familial score, which assesses the quality of the

genetic evidence that is obtained from pedigree studies; statistical score, which assesses

the quality of the genetic evidence provided by cohort analyses,; gene pair functional score,

which assesses the quality of the functional evidence that implicates the gene combination

in the disease of interest; and variant functional score, which assesses the quality of the

functional evidence that implicates the variants as pathogenic.

Each score ranges from 0 to 3, except for the statistical evidence score which ranges from 0 to

2, and each score is assigned according to specific criteria detailed in Table 4.1 and explained

below. The scores obtained from manual curation carry the “Manual” suffix.

4.3.1 Evaluating genetic evidence

The first type of evidence we consider is genetic evidence, which assesses whether the

variants reported to be disease-causing are indeed found to be associated with the disease

phenotype, and are not just found by chance. This can be done through pedigree studies, or

cohort analysis, which we evaluate separately.

Familial evidence

For familial evidence, we evaluate the quality of the information brought forward by pedigree

studies. The best type of genetic evidence can be obtained when studying a large pedigree,

where the background environment of the involved individuals is controlled as much as pos-

sible, providing a clear way of studying the segregation of the suspected variants for the

observed phenotype. The score is therefore influenced by the number of direct and indirect

relatives that were sequenced and phenotyped, and how well the variants segregated with the

1. https://pubmed.ncbi.nlm.nih.gov/

https://pubmed.ncbi.nlm.nih.gov/
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phenotype. As “perfect segregation” we define the situation where we have information on the

phenotypes of individuals in the family that carry the combination of variants in question, each

involved variant alone, as well as all possible sub-combinations of the involved variants (in the

case of an oligogenic variant combination involving more than two variants). For defining the

“healthy” individuals, we take into consideration the fact that the oligogenic combinations can

have different effects on the phenotype, the main two being a) the phenotype is only observed

when the specific combination of variants is present in an individual and b) the “monogenic

plus modifiers” scenario, where one variant can have an effect of the phenotype, which is

then modulated by the presence of the extra variant(s) [96, 104]. In the first scenario, healthy

individuals are considered as the ones without any disease phenotype, while in the second

scenario, we also accept as healthy individuals, those with a less severe phenotype or whose

age of onset of disease is later than the individual carrying the oligogenic variant combination

(as shown in Figure 4.2).

Figure 4.2: Examples of family pedigrees that demonstrate a clear genetic segregation for a
digenic variant combination involving gene A and gene B. The digenic variant combination
is associated with the disease phenotype under (A) the true digenic model, where the
simultaneous presence of both variants in an individual are necessary for the development
of the disease phenotype, and (B) the monogenic plus modifier model, where the variant at
the second gene modifies the severity or age of onset of the symptoms caused by variant in
the first gene. Variant A in the first gene is shown in green, variant B in the second gene is
shown in yellow, and the individuals with the disease phenotype are shown with a red or blue
dot, the latter representing a more severe disease phenotype.



4.3. Manual curation and manual scores 85

Statistical evidence

The second type of genetic evidence can be obtained by a statistical study by either using

(a) a cohort formed specifically for the study or (b) one (or more) of the available datasets

containing genetic data of individuals [37, 273, 381]. The score is determined based on the

accurate description of the phenotype of the individuals in the cohort, the number of indi-

viduals considered for the control population, considerations of ethnicity biases (which can

strongly affect any relevant findings [382]), and the precise reporting of variants frequencies

in the patient and control populations. In this case, since the genetic environment can not be

perfectly controlled, the maximum score is moderate, which is only obtained when the authors

specifically searched for the frequency of the combination of variants in a control population.

4.3.2 Functional evidence

The second type of evidence we consider is functional evidence, which assesses whether

there is biologically plausible explanation for the involvement of the reported variants in the

phenotype. This is evaluated at the gene level (assessing whether that the genes’ functions

can be linked to the phenotype) and at the variant level (assessing whether the variants have

an impact on the protein product).

Gene level evidence

The gene combination functional evidence evaluates referenced or experimental evidence

showing (a) a functional relationship between the genes involved in the oligogenic variant

combination and (b) a relevance for the studied disease phenotype. The functional relation-

ship gives information on whether the genes are involved in the same pathway or different

pathways related to the same biological process, are being co-expressed together, have their

gene products directly or indirectly interacting, are co-localised in the cell or are expressed

in the same tissue. The relevance to the phenotype, on the other hand, gives information on

whether the involved biological processes and the tissues in which the genes are expressed

are relevant for the studied phenotype.

A strong gene combination functional evidence should show a synergy between the genes and

an effect on the studied phenotype when these genes are not functional, which is not present

or is different when only either single gene is not functional. For combinations involving more

than two genes, this means that different sub-combinations of gene knock-outs need to be

evaluated independently and compared to the knock-out of all the genes involved, to ensure

that all the genes together are associated to the phenotype.
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Variant level evidence

The variant combination functional evidence evaluates the effect of the combination of variants

on the studied phenotype. This type of evidence is separate from the gene combination

evidence, as not all variants can have a pathogenic effect, even if there is a proof of functional

synergy between the genes of a combination. A strong variant combination evidence should

show a synergistic/additive effect when variants occur together compared to when they occur

alone. The variant combination functional evidence is divided here in experimental evidence

(i.e. in vitro and in vivo experiments described or referenced in the paper) and in silico

evidence (e.g. pathogenic predictors, protein sequence analysis or predictions of disruption of

the protein structure). Here, it should be noted that if a clear effect is shown for loss-of-function

variants, either those present in the studied combination or for different variants in the same

genes, this is also translated as an effect at the gene level. For example, if one of the variants

in the oligogenic combination leads to a single gene knockout that is linked to a clear effect

on the studied phenotype, this effect is also translated at the gene level as gene knock-out

evidence, which is then also used to assign the gene combination manual score.

4.3.3 Defining final scores

The gene combination evidence and the variant combination evidence scores are then com-

bined to obtain the aggregated functional evidence score using decision trees (see Appendix

A.1). For this process, we put more importance on the variant level type of evidence, as it is

more precise and specific to the studied oligogenic variant combination. Finally, the familial,

statistical and functional scores are combined into a final manual score for the oligogenic

combination, using a decision tree (see Appendix A.2). This score represents the overall

quality of the evidence that associates a particular variant combination to a disease based

on the information present in the article only. The creation of the decision trees was done

through an iterative trial-and-error process where we first defined decision trees, which were

then adapted as we curated cases.

FAMmanual: familial evidence based on the article

Weak (1) Moderate (2) Strong (3)
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One of two conditions:

a. The genotypic and pheno-

typic information of only one

healthy first-degree relative is

described

b. Imperfect segregation in a

pedigree with information on

two (or more) first-degree re-

latives

One of two conditions:

a. Information of two (or more)

first-degree relatives, show-

ing a perfect segregation of

the variants according to the

phenotype

b. Imperfect segregation in a

pedigree with information on

first- and second-degree rel-

atives

Information of healthy first-

and second-degree relat-

ives, showing a perfect se-

gregation of the variants ac-

cording to the phenotype

STATmanual: statistical evidence based on the article

Weak (1) Moderate (2) Strong (3)

Implicit evidence that healthy

individuals do not carry

the oligogenic combination,

based on control cohorts

or public databases. Known

control phenotypes, sufficient

control size and matched

ethnicity.

Explicit evidence that healthy

individuals do not carry

the oligogenic combination,

based on control cohorts.

Known control phenotypes,

sufficient control size,

matched ethnicity and

(preferably) similar

sequencing technology.

N.A.

STATknowledge: Statistical evidence based on databases and cohorts

Weak (1) Moderate (2) Strong (3)

The combination is not found

in the 1000 Genomes Project

and relevance of all involved

variants in Clinvar.

N.A. N.A.

STATmeta: Maximum of STATmanual and STATknowledge

Weak (1) Moderate (2) Strong (3)

The oligogenic combination is

not found in the 1000 Gen-

omes Project. Other implicit

evidence of its statistical rel-

evance for the phenotype.

The variant combination is

not found in the 1000 Gen-

omes Project. Additional ex-

plicit evidence that healthy in-

dividuals do not carry the oli-

gogenic combination, based

on control cohorts or public

databases.

N.A.

GENEmanual: Gene functional evidence based on the article
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Weak (1) Moderate (2) Strong (3)

Relevance of involved path-

way(s) or expressed tissues

on the studied phenotype.

One of two conditions:

a) Effect of the gene combin-

ation on the observed pheno-

type using a functional experi-

ment with either only a double

knock-out or multiple single

gene knockouts

b) Direct gene relationship

(e.g. common pathway, direct

interaction) and relevance for

the studied phenotype.

Synergistic or additive ef-

fect of the gene combination

on the observed phenotype

using a functional experi-

ment with single and mul-

tiple gene knock-outs.

GENEknowledge: Gene functional evidence based on databases

Weak (1) Moderate (2) Strong (3)

Relevancy of Reactome or

KEGG pathways linked with

the genes for the observed

phenotype.

One of two conditions:

a) Gene combination forms a

connected PPI network and

the comPPI score of each link

is >0.8

b) Common Reactome or

KEGG pathways, relevant for

the observed phenotype.

N.A.

GENEmeta: Maximum of GENEmanual_harmonized and GENEknowledge

Weak (1) Moderate (2) Strong (3)

Relevance of the genes on

the studied phenotype using

pathway or tissue expression

information.

Direct gene relationship or ef-

fect of the gene combination

on the observed phenotype,

without assessing their indi-

vidual effects.

Synergistic or additive ef-

fect of the gene combination

on the observed phenotype

using a functional experi-

ment with single and mul-

tiple gene knock-outs.

VARmanual: Variant functional evidence based on the article

Weak (1) Moderate (2) Strong (3)
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One of three conditions:

a) All variants are predicted

as pathogenic

b) Functional experiments for

some variants and predicted

pathogenic effects for the rest

c) Functional experiments us-

ing single mutants, with a

promising but not conclus-

ive effect of the oligogenic

combination on the observed

phenotype

One of two conditions:

a) Effect of the variant com-

bination on the observed

phenotype using a functional

experiment with either only

a double mutant or multiple

single mutants

b) Clear pathogenic impact

of the variant combination on

the observed phenotype in an

in silico analysis of the joint

effect of the variants.

Synergistic or additive effect

of the variant combination

on the observed phenotype

using a functional experi-

ment with single and mul-

tiple gene mutants.

VARknowledge: Variant functional evidence based on predictors

Weak (1) Moderate (2) Strong (3)

Pathogenicity prediction for all

variants by at least one pre-

dictor among CADD, SIFT,

MutationTester and Polyphen.

N.A. N.A.

VARmeta: Maximum of VARmanual and VARknowledge

Weak (1) Moderate (2) Strong (3)

Pathogenicity predictions for

all involved variants or incon-

clusive effects of functional

experiments

One of two conditions:

a) Effect of the oligogenic

combination on the observed

phenotype using a functional

experiment with either only

a double mutant or multiple

single mutants

b) Clear pathogenic impact of

the oligogenic combination on

the observed phenotype in an

in silico analysis of the joint

effect of the variants.

Synergistic or additive effect

of the variant combination

on the observed phenotype

using a functional experi-

ment with single and mul-

tiple gene mutants

FUNmanual: Functional evidence based on GENEmanual and VARmanual

FUNmeta: Functional evidence based on GENEmeta and VARmeta

Weak (1) Moderate (2) Strong (3)
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Based on a decision tree, not

enough evidence to suggest

synergy but at least relevance

of genes and variants.

Based on a decision tree,

evidence of functional syn-

ergy and relationship of the

involved genes and variants,

but the joint pathogenic effect

on the studied phenotype is

still not confirmed or clear.

Based on a decision tree,

strong evidence of the func-

tional synergy of both in-

volved genes and variants

on the studied phenotype.

FINALmanual: Overall evidence based only on Manual scores

FINALmeta: Overall evidence based on Manual and Knowledge scores

Weak (1) Moderate (2) Strong (3)

Based on a decision tree, only

evidence of the relevance of

the variant combination for

the observed phenotype, but

not enough to show that the

involved variants are the only

culprits for the studied phen-

otype or that the cause is in-

deed oligogenic.

Based on a decision tree,

good genetic and functional

evidence of an effect of the

oligogenic variant combina-

tion on the observed phen-

otype, but the described in-

formation/mechanism is not

clear or strong enough to

provide proof of oligogenicity.

Based on a decision tree,

strong evidence of the syn-

ergistic/additive effect of the

oligogenic variant combina-

tion on the observed phen-

otype genetically and func-

tionally.

Table 4.1: Summarized descriptions of the curation confidence scores linked to the variant
combinations present in OLIDA. Decision trees (see Appendix A) are used to define the
FUNmanual, FUNmeta, FINALmanual and FINALmeta scores. For each type of evidence,
if the information found for a combination does not fulfil the criteria to provide at least a Weak
(1) score, an Absent (0) score is assigned. Decision trees used to assign the FUN and FINAL
scores are in Appendix A.

4.4 Post-curation process

The information collected during the manual curation then went through several post-processing

step in order to normalize, harmonize and further annotate the data with additional data-

bases (Figure 4.1, panel B). First the variants were converted to genomic coordinates in both

Hg19 and Hg38 genome assemblies using SynVar (http://goldorak.hesge.ch/synvar/), Var-

some [383] and dbSNP [384], and genes were searched in the HGNC database [385] in order

to obtain their standard gene names. Disease names were standardized using Orphanet2 and

OMIM3.

2. https://www.orpha.net/

3. https://www.omim.org/

https://www.orpha.net/
https://www.omim.org/
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Since multiple variant combinations were found in the same gene combinations, we also pro-

ceed to a harmonization of the manual scores, by defining the gene combination harmonized

score (GENE_harmonized) as the maximum of the gene combination scores found over the

course of the manual curation process.

Furthermore, for an oligogenic combination described in multiple papers, we assigned the

highest Manual score from each type of evidence found among the papers describing that

combination and re-calculated its FINALmanual score, using the decision trees. This harmon-

ization can better depict the fact that different papers may focus their efforts in different aspects

of proving the oligogenicity of a combination (e.g. one can focus on the genetic evidence of

an enriched pedigree, and another on proving the synergy of the genes and variants with

functional experiments).

4.4.1 Knowledge scores

In order to compensate for missing information in some articles (e.g. older articles which did

not have access to large biobanks of variants frequencies or missed experimental evidence

which appeared later in time), we created additional scoring measures for certain types of

evidence that could be obtained from search in public external databases. These knowledge

scores have the same strength meaning as the corresponding manual scores.

The statistical knowledge score (STATknowledge) is based on information obtained from the

search of variants in databases of variant frequencies and previous reports of the variants

in the combination as pathogenic in ClinVar [83]. A variant combination is thus attributed a

statistical knowledge score of 1 if all variants involved in the combinations have been reported

as pathogenic in ClinVar, and these variants are not found together in an individual of the

1KGP project. Otherwise, the statistical knowledge score is 0 (Table 4.1).

The gene combination knowledge score (GENEknowledge) is based on information about

whether the genes are known to interact or are involved in a common pathway that is linked

to the phenotype (Table 4.1). Interaction data was obtained from comPPI [313], where only

interaction scores of at least 0.8 were considered. Pathway data was obtained from Re-

actome [314] and KEGG [315], and common pathways between the genes were then manu-

ally screened for relevance to the corresponding disease.

The variant combination knowledge score (VARknowledge) is based on the results from in

silico prediction tools for single variants (Table 4.1). We predicted each variant with SIFT

[158], PolyPhen2 [159], CADD [161] and MutationTaster2 [386]. A variant combination score

was attributed a VARknowledge score of 1 if all variants in the combination were predicted

as disease-causing by at least one pathogenicity predictor. For CADD, the pathogenicity

threshold is defined with the Phred value 15, and for Polyphen2 both “possibly damaging”

and “probably damaging” values are accepted as an indication of deleteriousness.
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4.4.2 Metascores

Finally, for each type of evidence, metascores were defined by combining the manual and

knowledge score (Figure 4.1, Panel C). These scores are given the meta suffix and are

computed as the maximum of the manual and knowledge score for each type of evidence.

The only exception is the statistical score: if the STATknowledge is 0 due to the presence of

the combination in an individual of the 1KGP, then the STATmeta is also 0.

Once the individual metascores (for statistical, gene and variant scores) are defined, the

functional and final metascores are computed using the same decision trees as in the manual

process, this time based on the metascores (see Appendix A). The FINALmeta scores thus

reflect the general confidence level attributed to each combination, using both information

present in the article that reports the combination, but also information that has accumulated

over time and is present in other articles or public biological databases.

4.5 Maintaining the database up-to-date

Following the publication of OLIDA, and the release of the first version of the database in 2022,

we proceeded to yearly updates of the database. At the beginning of each calendar year, we

searched for all articles published during the year which could be found using the keywords

“Digenic OR oligogenic" in PubMed. These articles were then filtered based on the abstracts,

to only include the articles which identified oligogenic combinations in humans. Once again,

two curators were appointed per article in order to assign manual scores to the combinations

independently.

The collected information then went through the same post-curation process, except that we

also included the information present in the previous version of OLIDA.

The GENEmanual_harmonized score was therefore based on the entire database (previous

version and update). This thus resulted in updating the scores of some combinations of the

previous OLIDA releases, if they involved the same gene combinations as some new OLIDA

combinations with a higher GENEmanual score. Scores of all OLIDA combinations were thus

recomputed based on the harmonization over all gene combinations in the database.
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4.6 Statistics of the database

Each update of the database is tagged with a version number. Since we performed yearly

updates of the content, OLIDA is now at version number 4, which contains all oligogenic

variant combinations reported in the literature up to December 2023 (included). The original

version of OLIDA (containing combinations published up to December 2021) will be referred

to as OLIDAv1 for the rest of the thesis, while the subsequent versions of the database are

called OLIDAv2 for the 2022 release, OLIDAv3 for the 2023 release and OLIDAv4 for the 2024

release. We here report on statistics of OLIDAv4.

4.6.1 General statistics

OLIDAv4 contains 1808 variant combinations involving 1198 genes, 3777 variants and 219

diseases. As opposed to DIDA, which only included digenic variant combinations, OLIDA

now includes 423 combinations involving variants in more than 2 (and up to 17) genes.

Furthermore, it contains 129 combinations which involve 70 distinct CNVs, a type of variant

not previously included in DIDA. The content of this database therefore represents a 7-fold

increase as compared to DIDA, the only existing repository of data on digenic diseases before

this work (Figure 4.3).

Figure 4.3: Histogram of the count of the number of entities in OLIDAv4 compared to the
DIDA database.

OLIDA supplements the information present in the articles identifying the combinations with

information from public databases, collecting data on variant effects, variant frequencies and

interaction between the genes implicated in a combination. This information reveals that the

majority of the variants in OLIDA are rare or absent from public databases of genetic variation,
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with 69% and 35% of variants not being reported in the 1KGP and GnomAD, respectively,

while 91% of the variants reported in the 1KGP and 95% of the variants reported in GnomAD

have a Minor Allele Frequency of less than 1% in these databases. Additionally, annotating

the variants with the results of 4 pathogenicity predictors (see Section 4.4.1) reveals that 73%

of these variants are predicted as disease-causing by at least one tool.

In total, we encountered twelve different types of relationships between the genes involved

in a combination and the relevant disease (Figure 4.4). Genes are “Involved in the same

disease” if patients with the same phenotype described or referenced in the manuscript

carried mutations in those genes, together or independently. Pathway information for each

gene was either described in the article or found in the KEGG [315] or Reactome [314] data-

bases, and were then manually screened to check if the genes belong to “Relevant pathways

for the phenotype” or in the “Same pathway”. Similarly, genes were labeled as “Affecting

the same tissue” only if that tissue is relevant for the phenotype. The “Directly interacting”

denotes a protein-protein interaction, either described in the article or retrieved from the

comPPI database. It is distinguished from the “Same protein complex” relation where the gene

products are considered to only fulfil their function when linked together (e.g. the subunits of

a channel). “Indirectly interacting” genes are those whose products indirectly interact with an

intermediate protein, or are involved in a gene regulation mechanism with other gene products

(e.g. transcription factors). “Similar function” indicates that genes have the same function (e.g.

motor proteins). “Co-localization” implies a direct overlap of the location of the gene products

in the cell (e.g. shown using immunofluorescence), while “Same organelle” implies that the

protein products exercise their function in the same organelle (e.g. cilia proteins). The “Co-

expression” relationship implies a positive correlation of the mRNA expression of the genes

in a temporal fashion shown or referenced in the article. Finally the “Monogenic experiments

only” notes the fact that the experimental evidence and the assessment of their pathogenicity

was done on the genes independently (e.g. single knock-outs).

The annotation of combinations with these relationship terms indicate that the vast majority of

combinations in OLIDA (74%) have genes that are known to be involved in the same disease

or are in pathways that are relevant for the disease phenotype (71%). If we look only at the

terms that represent a biological relationship between genes (e.g. same KEGG or Reactome

pathway, expression in the same tissue), out of the 1279 distinct gene combinations, 1189

(93%) combinations have at least one type of gene relationship, with a certain amount of

combinations (72%) having more than one gene relationship type (Figure 4.4). These results

further support the fact that genes involved in similar diseases are also closely related in

biological networks.
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Figure 4.4: Histogram of the different gene relationship types found between the genes
involved in an oligogenic variant combination. The types of gene relationship were obtained
either directly from the articles or from public databases for the relationships for which such
information is available (i.e. the “Relevant pathways for phenotype”, “Same Pathway” and
“Directly Interacting” relationships).

OLIDA collects information on 219 genetic diseases, which is four times the amount of dis-

eases (54) reported in DIDA (Figure 4.3). The most represented diseases in DIDA included

well-known examples of digenic diseases such as Bardet-Biedl syndrome, familial haemo-

phagocytic lymphohistiocytosis and familial long QT syndrome [104]. New diseases happen

to be at the top of this list in OLIDA (Figure 4.5), with Kallmann syndrome and Amyotrophic

Lateral Sclerosis (ALS) being linked to 9% of the variant combinations in the database, while

congenital hypothyroidism and normosmic congenital hypogonadotropic hypogonadism are

each linked to 7% of the total number of combinations. The presence of ALS as one of the

top diseases in OLIDA while it was completely absent in DIDA is mainly due to the fact that

the oligogenic causes associated with this diseases involve CNVs, a type of variant which

was not present in DIDA. OLIDA also includes diseases that were not previously associated

with oligogenic inheritance, such as arthrogryposis syndrome, holoprosencephaly, adolescent

idiopathic scoliosis and Müllerian aplasia. Finally, it is important to note that more than half of

the diseases in OLIDA (59%) are linked with only one or two associated oligogenic combina-

tions.
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Figure 4.5: Bar chart of the number of instances in OLIDA for the ten diseases linked to the
largest number of variant combinations. The diseases are ordered by the number of variant
combinations they are associated with.

4.6.2 Statistics on the confidence scores of the oligogenic combinations

An important innovation of OLIDA is the attribution of confidence scores to every variant

combination reported in the database, which are derived from our detailed curation protocol

(see Table 4.1). This protocol assigns scores for the different types of evidence that link a

combination to a particular disease: familial evidence (FAM), statistical evidence (STAT), gene

functional evidence (GENE) and variant functional evidence (VAR). These confidence levels

are assigned based on information retrieved from the articles identifying the combination

(scores with the ’manual’ suffix), information from external databases (’knowledge’ suffix) and

a combination of both sources of information (’meta’ suffix). These individual scores are then

combined into a final score (FINAL) which reflects the overall strength of the evidence that

links a combination to a particular disease.
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Figure 4.6: Confidence scores and types of evidence associated with the combinations of
OLIDAv4. (A) Distribution of the FINALmanual and FINALmeta scores. (B) Venn diagram of
the number of combinations associated with each type of evidence (Familial, Statistical and
Functional). Heatmap of the number of combinations associated with the different levels of
genetic and functional evidence based on the article information only (manual scores, panel
C) and based on both article and database information (metascore, panel D).

Out of the 1808 combinations in OLIDA, 332 (18%) initially had a FINALmanual confidence

score larger than 0 (i.e. based exclusively on information present in their corresponding

article). The addition of information from external databases to supplement any missing in-

formation from the articles resulted in 579 (32%) oligogenic combinations with a FINALmeta

of 1 or higher (Figure 4.6). The majority of these combinations have a FINALmeta score of 1,

which corresponds, according to our criteria, to the minimum amount of evidence required to

link a combination with a disease.

Based on both article and knowledge information, 1075 (59%) of the combinations are sup-

ported by at least weak statistical evidence, 1052 (58%) are supported by functional evidence,

while only 480 (27%) of the combinations have at least weak familial evidence (Figure 4.6B).

This is partly due to the fact that familial evidence could not be obtained in the post-curation

process, while the statistical and functional evidence were increased with the knowledge

scores. Overall, 202 (11.1%) combinations were supported by all three types of evidence. Only

three combinations, all digenic, are associated with strong oligogenicity confidence (score of

3) for both genetic and functional evidence, while 138 cases are supported by both moderate

genetic and functional evidence (Figure 4.6D).
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The main reason why combinations had final scores of 0 based on either article information

only (FINALmanual) or article information supplemented by external knowledge (FINALmeta)

is the lack of functional evidence (Figure 4.6). Indeed, 833 (46%) combinations presented with

sufficient manual genetic evidence but had a functional score of 0, while only 64 combinations

had a FUNmanual higher than 0 but absent genetic evidence. Finally, there were 449 (25%)

combinations which lacked both functional and genetic evidence considering manual curation,

highlighting an overall problem with the reporting of pathogenic variant combinations in the

literature.

The oligogenic combinations involving more than two genes, which were absent in DIDA,

overall present lower confidence scores than the digenic ones (Figure 4.7). The large majority

(89.4%) of these combinations have a FINALmeta score equal to 0, with 39 (9.2%), 4 (0.9%)

and 2 (0.5%) combinations being assigned a score of 1, 2 and 3, respectively. The distribution

of FINALmeta scores for these combinations is more skewed than the one for the combin-

ations with variants in two genes only, where 851 (61.4%) combinations have a FINALmeta

score of 0, 356 (25.7%) of 1, 131 (9.5%) of 2 and 47 (3.4%) of 3.

Figure 4.7: Proportion of the associated genetic and functional evidence scores for the
digenic (in orange) and higher order (in green) oligogenic variant combinations present in
OLIDA The color gradient represents the confidence score (as “absent”, “weak”, “moderate”,
or “strong” and the corresponding score number from 0 to 3 in parentheses).
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4.6.3 Evolution of the content of the database

Since its first release in 2022, we proceeded to 4 udpates of the content of OLIDA, adding

combinations reported between the years 2021 and 2024. All versions are available in Zenodo

at https://doi.org/10.5281/zenodo.10732286.

Investigating the evolution of the content of the different entities of the database allow to notice

certain biases in the content of the repository. First, we notice that the number of combinations

have almost doubled in the past 4 years, indicating a strong increase in the reporting of

oligogenic combinations in the literature and thus highlighting the need for such a public

repository. However, this huge increase in the number of combinations is not reflected in the

number of diseases the combinations are associated with, which only increased from 158 to

218 (Figure 4.8). This means that the majority of the newly identified variant combinations are

found in association with genetic diseases that were previously shown to display oligogenic

inheritance, and indicates that researchers are probably more prone to search for oligogenic

variants in specific diseases, therefore demonstrating a bias towards specific diseases in the

field of oligogenic research. Similarly, the number of genes in which variant combinations are

found only increased by 1.5 fold, implying that combinations are also increasingly found in the

same genes, probably through their associations to the same diseases.

Second, we observe that the increase in the number of articles reporting on oligogenic variant

combinations also does not follow the increase in the number of variant combinations (Figure

4.8). This means that more variant combinations are identified per article, illustrating a shift

toward a new era where more genetic causes are found through large cohort analyses.

Figure 4.8: Histograms of the number of variants, variant combinations, genes, gene
combinations, articles and diseases over the different versions of OLIDA.



100 Improving the quality of ground-truth oligogenic data

This change in the analyses performed to identify genetic causes to disease is also character-

ized with a decrease in the proportion of combinations in the database associated with familial

evidence over the years, and an increase in the proportion of combinations associated with at

least weak statistical evidence (Figure 4.9).

Figure 4.9: Cumulative proportion of combinations with a familial (FAM), statistical (STAT) or
functional (FUNC) score of at least 1, from the first report of oligogenic combination in 1994
to the last update of the database in 2024.

Finally, it is important to notice that overall, the proportion of combinations which are associ-

ated with sufficient evidence of oligogenicity is not increasing over the years (Figure 4.9). We

can observe that the ratio of combinations supported by at least weak level of evidence for

both familial and functional evidence decreases over the years, even when considering the

integration of knowledge from external databases and pathogenicity predictors for Functional

evidence. This observation led us to define a first set of standards and recommendations

for the reporting and assessment of pathogenicity of oligogenic combinations, which are

summarized in the following section.
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4.7 Defining a first set of standards for the reporting of oligogenic

combinations

One important goal with the creation of the curation protocol of OLIDA is to initiate the

discussion about standards in assessing the pathogenicity of oligogenic variant combinations.

Indeed, while such guidelines exist for single variants, with the ACMG criteria [78] and other

recommendations [121], very little has been done about oligogenic variant combinations,

leading, as we noticed with the confidence scores in OLIDA, to very low levels of evidence

associated with such combinations. Since the number of articles reporting such causes to

disease is continuously increasing, setting such standards is becoming imperative.

In order to insist on the importance of these standards, we published a commentary article

that identifies the key points that medical researchers and biologists should look at when

assessing the pathogenicity of variants in combinations. These are based on the same two

premises as the curation protocol of OLIDA:

• The articles should show evidence that rejects monogenicity, i.e. show that it is the joint

effect of the variants that lead to the observed phenotype and that each variant alone

has a smaller or no effect.

• The rejection of monogenicity should be supported by both genetic and functional

evidence, i.e. there should be proof that the segregation of the variants identified as

linked to the phenotype is not due to chance and that the variants have a synergistic

effect when tested using in vitro, in vivo or in silico experiments.

As shown in Figure 4.10 the definition of such standards is essential as most studies only

present weak or absent evidence when reporting oligogenic combinations in relation to dis-

ease. The proportion of combinations lacking evidence even seems to increase with time (see

Section 4.6.3, although more resources are now becoming available such as large databases

of variant frequencies and prediction tools for variant pathogenicity.
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Figure 4.10: Number of reported oligogenic combinations per year and distribution of
the associated genetic and functional evidence, based on the data collected in OLIDA,
extracted from articles published between January 1994 until December 2023. The colour
gradient represents the confidence score (as “absent”, “weak”, “moderate” or “strong” and the
corresponding score number from 0 to 3 in parenthesis) for the associated genetic (in blue)
and functional (in orange) evidence linked to each oligogenic variant combination in OLIDA.

The main points that we aimed to address in this commentary include the need to better

report on variants in general, including a clear description of the variant coordinates and

the genes they are found in, as well as proper description of the phenotype of the patients

analysed but also of the control individuals, whether they are relatives in the case of a pedigree

study or unrelated individuals in the case of cohort studies. We also point out the different

considerations that should be taken into account when assessing the pathogenicity of variant

combinations related to disease using pedigree studies, statistical studies and functional

analyses. These different points are illustrated by examples of reports of oligogenic variant

combinations associated with strong levels of evidence in OLIDA.

The aim is therefore to improve the quality of the evidence that links oligogenic variant combin-

ations to disease, by providing researchers with an overview of the necessary considerations

for associating such variants to disease, but also to highlight the need for new resources

to assist researchers obtain such information, such as pathogenicity prediction methods for

combinations of variants. In particular, we highlight the need to be able to search for the

frequency of combinations of variants in large population databases such as GnomAD, as

opposed to the current availability of monogenic frequencies of variants.
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4.8 Database structure, architecture and FAIR implementation

The database is built around six entities: the oligogenic variant combinations, its components

which are the variants, the genes, the gene combinations and the diseases, as well as the

references which were curated to extract the variant combinations. Each table contains prop-

erties and attributes attached to the entity, gathered during the curation and the post-curation

process by automatic annotations with several biological databases and tools.

The development of OLIDA consisted of three main aspects. First, a new web portal was built

from the ground up with the Django web framework 4 for the Python programming language.

Second, the database structure was updated and migrated from MySQL to PostgreSQL.

Finally, a REST API was added with open data access standards. The web portal was built in

Django to allow for an improved and more flexible long-term maintenance of the website. This

also comes with added security and improved performance for data access. We updated the

interface of the web portal to use Django’s built-in admin interface to make a custom curator

interface and add user profiles. In combination with a new submission procedure, this should

create a good foundation to make OLIDA into a community-curated data repository.

A new database schema was designed to support oligogenic combinations involving more

than two genes, together with other changes that allow for more flexibility to extend the design.

An overview of this schema can be found in Appendix B.

The newly created web portal for OLIDA was built to make it Findable, Accessible, Inter-

operable and Reusable (FAIR) [279]. To make it more findable, metadata was added to

the site pages to ensure that keywords such as oligogenic would bring users to OLIDA

upon search queries through a search engine. To improve accessibility, the new web portal

allows downloading the data in multiple formats and exploration of the data in different ways.

This also contributes towards making OLIDA interoperable and ensuring that the data is

reusable. The newly added REST API also aims to ensure this. The REST API was built

using the Django REST Framework 5 software library. The specification of the API follows

the OpenAPI 6 standards. The structure of returned data is in JSON and formatted according

to the JSONAPI7 standard. The API can be explored through a Swagger-UI 8 or Redoc 9

interface. To maximize interoperability, extensive metadata describes the different items and

their relationships.

OLIDA is available online at https://olida.ibsquare.be/.

4. https://www.djangoproject.com/

5. https://www.django-rest-framework.org/

6. https://swagger.io/specification/

7. https://jsonapi.org/

8. https://olida.ibsquare.be/api/swagger/

9. https://olida.ibsquare.be/api/redoc/

https://olida.ibsquare.be/
https://www.djangoproject.com/
https://www.django-rest-framework.org/
https://swagger.io/specification/
https://jsonapi.org/
https://olida.ibsquare.be/api/swagger/
https://olida.ibsquare.be/api/redoc/
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The different entities that represent a combination are organized in 6 different tables: variant

combinations, variants, genes, gene combinations, disease and reference tables. Each table

can be accessed through the ‘Browse’ page of the website, and collects different types of

information on the different instances, such as associations with other entities of the database

(e.g. associated genes and variants for oligogenic variant combinations), or annotations from

external tools and databases (e.g. pathogenic predictions for variants or different gene iden-

tifiers for each gene). The content of each column is described in the documentation of the

website, and the columns of interest can be selected to be shown or hidden using the ‘toggle’

function (Figure 4.11B). The full tables with the selected columns can be downloaded directly

in the browse page (Figure 4.11C), with the data sorted in ascending or descending order of

a particular column (Figure 4.11D) according to what was pre-selected by the user.

Figure 4.11: Screenshot of the Browse page of OLIDA with the Oligogenic Variant Combina-
tions selected showing the different possibilities that the database offers. Six different tables
can be browsed (A) with the currently selected one shown in blue. (B) The user can then
select the columns of interest to be displayed in the table and (C) download the table with the
selected columns. (D) In a particular table, data can be sorted in ascending or descending
order based on a particular column’s data. (E) A specific term (e.g. gene name and disease
name) can be used to search all tables. (F) Each row represents a specific instance and (G)
clicking on specific terms in blue will bring the user to the detail page for that specific instance.



4.8. Database structure, architecture and FAIR implementation 105

Each row represents a separate instance, which is also attributed a specific page, reached

by clicking on the instance identifier (Figure 4.11F). This page provides more details on the

variant combination, variant, gene, gene combination, disease or reference of interest (Figure

4.12). Finally, blue terms in the table are clickable (Figure 4.11G) and will redirect the user to

the page for that instance (if it is an OLIDA entity) or to the corresponding external ressource

(e.g. Reactome for pathways, Orphanet for diseases, etc).

OLIDA follows the FAIR principles on data management, by allowing easy access to data

through its API and table downloads, using unique identifiers, enabling links to other other

ontologies and providing a thorough documentation. It further allows for user submission

through its submission interface.

Figure 4.12: Screenshot of the detailed page for Alport syndrome. This page allows the
user to visualize in more detail any instance of the database. It provides (A) links between
this instance and the other entities of the database, as well as (B) clickable links towards
corresponding pages in external databases where information about this entity was retrieved.

4.9 Usage of OLIDA

OLIDA is used actively around the world and the related publication has already been cited

more than 20 times according to google scholar’s statistics. Figure 4.13 highlights the number

of users per country based on google analytics statistics, with the top user countries including

the United States of America, Italy, China and Spain. The datasets available in zenodo have

also been downloaded several times.
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In the citing literature, the database has been mostly used as a reference for showcasing

the existence of oligogenic inheritance models for specific diseases [227, 387–389]. More

recently, some combinations of the database were used to test new base editor systems

able to modify several DNA bases at the same time [390]. These systems are promising for

the modelling of digenic combinations in live cells, which will help the functional validation of

digenic combinations.

Figure 4.13: Number of cumulated OLIDA users per country between April 2023 and May
2024.

Finally, the database has been used to develop novel computational methods in our research

group, including two predictors which are the subject of the next chapter of this thesis [254,

255]. The data has been integrated in context with large biological networks in the BOCK

knowledge graph, which has led to the development of a novel approach to predict and explain

digenic mechanisms [374]. In an attempt to facilitate the curation process, it has also been

used to develop a dataset that can help with automatic detection of such combinations in

text [391].

Our commentary article has also received interesting attention, and the recommendations are

being used by different researchers reporting on novel digenic combinations [227,392,393].
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4.10 Conclusion

OLIDA is now the largest and most comprehensive repository of data regarding variant com-

binations causative of oligogenic diseases. This collection of data regarding variant combin-

ations involving two genes or more paves the way to novel discoveries in the field of genetic

diseases. Indeed, as a first generation of digenic predictive tools were developed based on

the data collected in DIDA, the step forward into the oligogenic spectrum provided by OLIDA

might lead to new predictors able to detect more complex genetic architectures underlying

human diseases.

The new database is built on a completely redesigned schema and website, allowing for an

easier maintenance and improved access to data, closely following the FAIR principles of

data management. With the indexing of the pages in search engines, the existence of an API,

the open availability of the data, the use of unique identifiers and links to existing ontologies,

as well as an explicit data licence, OLIDA now contributes to open science and the study of

oligogenic diseases in the most possible FAIR way. Furthermore, the addition of an interface

enabling submission of data by external users provides a first step towards transforming this

repository into a community maintained resource for oligogenic diseases. The increase of data

and the involvement of the scientific community in their assessment are crucial to advance our

knowledge on the synergistic mechanisms and the genetic components behind oligogenic

diseases.

One of the main novelty of OLIDA is the introduction of a precise curation protocol for evalu-

ating the evidence associating an oligogenic variant combination to a disease. This curation

protocol relies heavily on manual curation, which is then supplemented with external know-

ledge from biological and clinical databases, and results in the attribution of confidence scores

to every combination in the database. These scores are created using structured and clearly

defined criteria reflecting the level of evidence supporting the causality of the combination for

its associated disease. The confidence metascores can be particularly helpful in allowing the

user to assess how confidently a particular combination found in OLIDA is actually linked with

its associated disease based on the existence of adequate genetic and functional evidence.

Since the number of publications identifying oligogenic causes to disease is increasing, the

establishment of clear specialized standards to identify a variant combination as causative

of a particular disease, such as the ones described in our protocol [253] and the related

commentary article [256], is becoming essential.

This curation protocol assigned 579 out of 1808 (38%) oligogenic combinations with a FI-

NALmeta score of 1 or higher, meaning that these combinations have the minimum required

genetic and functional evidence — according to our criteria — to make them at least relevant

to their associated disease. The fact that the majority of oligogenic combinations present in

OLIDA are not assigned a confidence score above 0 can be attributed in most cases to the

absence of sufficient functional evidence, since the description of the functional synergistic
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consequences of the involved variants on the disease phenotype and the role of the genes

they are located in is lacking or unclear. This is an important aspect of our curation protocol, as

it is based on the premise that both genetic and functional evidence showing the synergistic

effect of the involved variants and genes should be present to prove causality for a particular

disease [121]. The lack of such evidence can be mostly explained by the fact that the vast

majority of articles in OLIDA are cohort studies or reports on clinical cases, and, thus, the

authors of these articles were mostly focused on obtaining genetic evidence on the variant

combinations. Furthermore, during the manual curation, we observed discrepancies in the

functional evidence among the different articles describing similar gene combinations as

some lacked certain methodologies that were not available at the time of writing, such as the

use of variant pathogenicity predictors. Moreover, functional knowledge on gene relationships

builds up over time as, for example, most Bardet–Biedl syndrome genes are now known to

be involved in the same protein complex [394], whereas this was not the case when the first

articles suggesting oligogenic inheritance in this disease were published. This observation

motivated our implementation of knowledge and metascores for the combinations, which

helped to objectively increase the functional scores of a significant number of instances.

Nevertheless, it is evident that important functional knowledge on the synergistic mechanisms

among genes, even for those previously reported to be involved in the same disease, is still

missing. This is also reflected in the observation that, when looking at the evolution of the

reports of oligogenic combinations, the proportion of combinations associated with at least

weak levels of evidence is decreasing in all categories except for statistical evidence. As we

opened the discussion about new standards in the reporting of oligogenic combinations with

our two articles, we hope that this limitation in functional evidence will be addressed in future

studies reporting oligogenic cases. It is unfortunately too early to assess the impact of these

recommendations.

The curation process is, at the moment, semi-automatic. This means that, with a good team

of data curators, maintaining the database up-to-date has been relatively easy. However,

this also presents with certain limitation. Indeed, although the annotation and attribution of

the knowledge scores are mostly automated, the initial extraction of information is done by

curators who must read and discuss each article. Certain annotation parts also require manual

input, such as the processing of variant coordinates, for which information is often missing,

leading to an overall time-consuming curation process. The development of data mining tools

specifically for the collection of data on oligogenic diseases, such as the DUVEL dataset [391],

is therefore essential to decrease the time spent extracting information from articles.

Furthermore, the statistics of OLIDA have highlighted the presence of several biases which

need to be addressed, or at the very least taken into account when using this database for

developing predictive tools. First, the vast majority of combinations in OLIDA are found to

be in genes that are known to be involved in the same disease or in relevant pathways for
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phenotype (Figure 4.4). Indeed, it appears from the articles that most studies reporting oli-

gogenic combinations performed gene-panel analysis, which means that they only considered

variants in genes that are known to be involved in the diseases, or at least in related pathways.

Secondly, we observe that in the last 3 years the number of oligogenic combinations reported

have nearly doubled, while the number of diseases associated with these combinations has

not increased at the same rate. This seems to indicate that the majority of the combinations

reported remains associated to the same diseases which are known to be oligogenic, and that

not as many discoveries of oligogenic inheritance models are made in other diseases. Both

these observations seem to indicate the presence of selection, historical and confirmation

bias in oligogenic studies, which have already been noticed in other areas of biomedical

research [395–397].

We acknowledge that the criteria used to attribute the confidence scores could also, in itself,

introduce a bias towards more closely related genes. For example, a moderate GENEmeta

score is assigned to combinations whose genes are involved in the same pathway or are

directly interacting without other clear synergistic experiments for the studied phenotype and a

weak GENEmeta score is assigned to combinations whose genes are involved in different, but

relevant for the phenotype, pathways, without further functional evidence. Nevertheless, it is

important to note that this choice of scoring does not imply that only genes that are biologically

very closely related can be involved in oligogenic diseases. Indeed, phenomena such as

indirect epistasis (i.e. genes being involved in different pathways but that could impact general

important metabolic processes, such as signalling or developmental pathways) show that

understanding the biological mechanisms behind gene interactions is a complex problem. This

choice of scoring rather depicts the fact that the functional evidence described for genes that

are more closely related is usually more direct and clearer compared to the evidence for genes

suggested to be involved in indirect epistasis. For indirect epistasis, additional functional

analyses need to be conducted to demonstrate and clarify the mechanisms involved. If this

is the case, as shown with our curation criteria, the GENEmeta score can be strong. This

observation further depicts the need for improved functional assays to detect epistasis for

such more complex cases.

Despite these limitations, OLIDA has already been widely used across the world, assisting

researchers in obtaining detailed information on variant combinations underlying human dis-

eases, and also enabling the development of novel prediction methods, including two models

which are the topic of the next chapter of this thesis.





Chapter 5

Investigation into the prioritization of

oligogenic combinations

In this chapter, we investigate how to construct a prioritization tool to detect oligogenic causes

to diseases. The chapter introduces two novel methods for the pathogenicity prediction of

oligogenic combinations. The first method is an improved version of the VarCoPP predictor,

which is called VarCoPP2.0 and presents with a higher performance in terms of both predic-

tion quality and computational time. The second method is called High-throughput oligogenic

prioritizer (Hop), and is the first prioritization tool directly targeting the detection oligogenic

combinations in Whole Exome Sequencing (WES) data. It does so by integrating the pre-

dictions of VarCoPP2.0 with a disease-relevance score in order to effectively rank variant

combinations based on how likely they are to be causative of a patient’s disease.

We first present an overview of the developed method, which was inspired by monogenic

variant prioritization tools. In a second step, we detail how we generated synthetic exomes to

assess the performance of the prioritization framework, and present statistics on this dataset.

We then present the two scoring systems integrated our prioritization approach: first the

pathogenicity score, which is obtained by training a new VarCoPP model on an improved

dataset and using a simpler model structure; and second the disease-relevance score, which

is computed using a propagation algorithm from a set of different seeds in a knowledge graph.

Following the description of these two scores, we analyze how to integrate them together to

create a prioritization tool, and investigate several characteristics of the ranking produced by

the individual scores and the combined ranking score. Finally, we compare the performance

of our novel approach with existing prioritization tools, highlighting the necessity of developing

a tool specifically targeting variant combinations.
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5.1 Motivation and objectives

Over the past few years, there have been great advances in the development of algorithms for

understanding the oligogenic architecture underlying genetic diseases. Bioinformatics meth-

ods such as VarCoPP and OligoPVP have shown that the detection of oligogenic causes

to diseases is now possible, and pave the way towards identifying oligogenic combinations

in previously undiagnosed cases. Nevertheless, these methods present limitations, with Var-

CoPP exhibiting a high false-positive rate, limiting its application to small gene panels, and

OligoPVP being restricted by the missing knowledge in PPI data, and thus not able to predict

a certain proportion of known oligogenic combinations (see Section 3.5).

In this chapter, we investigate how we can create a novel prioritization method for oligogenic

variants, and thus make the detection of bi-locus variant combination in exomes possible.

Following from the creation of OLIDA, which provides a larger and more confident ground-truth

dataset for digenic combinations, we first develop an improved version of the VarCoPP model.

We then investigate how we can use this novel predictor, in combination with phenotype

information, in order to create a phenotype-driven prioritizer for variant combinations.

The results presented in this chapter have been published in:

• “Faster and more accurate pathogenic combination predictions with VarCoPP2.0” Nas-

sim Versbraegen, Barbara Gravel, Charlotte Nachtegael, Alexandre Renaux, Emma

Verkinderen, Ann Nowé, Tom Lenaerts and Sofia Papadimitriou, BMC Bioinformatics

24, 179 (2023). https://doi.org/10.1186/s12859-023-05291-3

• “Prioritization of oligogenic variant combinations in whole exomes”, Barbara Gravel, Al-

exandre Renaux, Sofia Papadimitriou, Guillaume Smits, Ann Nowé and Tom Lenaerts,

Bioinformatics, 2024, btae184, https://doi.org/10.1093/bioinformatics/btae184

The work on the development of VarCoPP2.0 (Section 5.4) was done in collaboration with

Nassim Versbraegen and Sofia Papadimitriou, with my contribution mostly focusing on the

literature feature search and annotation, as well as providing feedbacks on the model training

and evaluation. The model was re-evaluated on a larger independent set for the work presen-

ted in this thesis, which is why the results on that set differ from the results presented in the

article.
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5.2 General framework of the method

The development of High-throughput oligogenic prioritizer (Hop) is inspired by what is done in

the most successful monogenic variant prioritization methods, i.e. integrating disease-related

information together with pathogenicity predictions to rank which instances are more likely

to cause the patients’ disease. In our case, the novelty is that we aim to rank combinations

of variants instead of single variants, and we thus want to score the pathogenicity of variant

combinations as well as the relevance of gene pairs to disease.

In order to assess the performance of our predictor, we create synthetic exomes, by inserting

known oligogenic variant combinations from OLIDA in exome data from publically available

datasets (the 1KGP and UK10K projects described in Section 3.1).

For the variant pathogenicity prediction, we decided to develop a new version of the VarCoPP

predictor, which was already very successful at predicting pathogenicity of variants in gene

pairs. Now that we have access to a larger and more confident training dataset for digenic

combinations, which is provided by OLIDA (see Chapter 4), we can build a novel predictor

with improved performance in terms of both predictive power and computational time, which

will be essential to predict whole exome data. This predictor will be used to assign a value

between 0 and 1 to all combinations in an exome, which will represent the probability that the

combination is pathogenic and will be referred to as Pathogenicity Score (PS).

For disease-relevance scoring, we compute the proximity of genes to a set of user-defined

seeds, which represent knowledge about the disease carried by the patient. This score is com-

puted using a Random-Walk-with-Restart (RWR) algorithm in a knowledge graph integrating

different biological networks. We investigate several types of RWR algorithms and seeds to

assess how to best score gene pairs using this approach. This analysis led to the creation

of the Disease-relevance Score (DS), which represents the probability that a gene pair is

involved in a particular disease.

Finally, we investigate how to integrate the PS and DS to generate a final ranking and ana-

lyse the performance of this method to retrieve known oligogenic combinations in synthetic

exomes.

5.3 Creating synthetic exomes for performance evaluation

The method takes as input genotype data, in the form of a Variant Call Format (VCF) file (See

Section 3.1.3), and information about the patient’s disease, in the form of a combination of

Human Phenotype Ontology (HPO) terms, describing the patient’s phenotype, and a gene

panel associated with the disease, or either one of them if only one is available. Since WES

data of patients with an oligogenic disease for which the combination underlying the disease
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Figure 5.1: General framework of the creation of the Hop predictor. (A) Synthetic exomes
are generated to assess the performance of the model, by inserting known pathogenic
combinations from the OLIDA database in exomes from the 1KGP and UK10K datasets.
Each synthetic patients is associated with data about the corresponding diseases in the
form of HPO terms and a gene panel. (B) All possible variant combinations in gene pairs
are generated and assigned a pathogenicity prediction score by the VarCoPP2.0 predictor.
(C) Each combination is also assigned a disease-relevance score, computed through a
propagation algorithm of the disease-related information in a background network. (D)
Pathogenicity and disease-relevance scores are normalized across the exome to have equal
weight and then combined into a FinalScore that is used to rank all combinations in the exome.
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was known are not publicly available, we decided to generate synthetic data, by inserting

known oligogenic combinations into exomes of healthy patients and then investigate where

the combination is ranked by the predictor. This is a commonly used approach for testing the

performance of prioritization methods [171,194,398].

5.3.1 Genotype data

The VCF files are generated by inserting oligogenic combinations from OLIDA [253] in exomes

from the 1000 genomes project (1KGP) [37] and the UK10K project [264].

OLIDA (v3 May 2023) combinations involving variants in two genes were selected and further

filtered based on their confidence scores, considering only combinations with FINALmeta

score of at least 1. This resulted in the inclusion of 420 combinations to insert in 1KGP (and

UK10K) exomes.

Since some of these combinations (the combinations of OLIDAv1) are used as training in-

stances for the VarCoPP2.0 model used for pathogenicity scoring (see Section 5.4), we

divided the 420 OLIDA combinations in a “training set”, which comprises only the OLIDAv1

combinations that are used as training instances for VarCoPP2.0 (301 combinations), and

a “testing set”, which consists of the remaining (unseen) combinations that are used for

independent validation (119 combinations).

We selected 100 individuals at random from the 1KGP project, with 20 individuals from each

continent, as exome templates for our synthetic exomes. Since VarCoPP2.0 is partly trained

on 1KGP data (see Section 5.4), we also included 20 individuals selected at random from

the UK10K ALSPAC cohort as additional, completely independent, exome templates. In total,

our prioritization method is thus evaluated on 36,120 synthetic exomes containing the training

instances (120 templates x 301 combinations) and 14,280 synthetic exomes containing the

testing instances (120 templates x 119 combinations). The identifiers of the OLIDA combin-

ations, and of the 1KGP and UK10K individuals are available in the Hop github repository 1

and annotated data for these instances are available in zenodo 2.

The variants of these synthetic exomes were then filtered based on Minor Allele Frequency

(MAF) and variant position criteria, following what was done for the training of the VarCoPP2.0

model (see Section 5.4). These variant filters are based on the characteristics of the variants

found to be causative of an oligogenic disease as reported in OLIDA. More specifically, we

remove variants with MAF > 3.5%, synonymous variants that are further than 195 nucleotides

from exon edges, and intronic variants.

1. https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds

2. https://zenodo.org/records/8121283

https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds
https://zenodo.org/records/8121283
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5.3.2 Disease-related data

When the information was available, each synthetic patient was annotated with both pheno-

typic data, describing the patient’s symptoms, and a gene panel, associated with the patient’s

disease. The contribution of both types of information for prioritization is analysed in this work.

Phenotypic data is encoded as terms from the HPO [71]. In order to obtain accurate pheno-

typic annotation that would mimic case descriptions, the HPO terms are extracted from the

articles that described the OLIDA combinations. For each OLIDA combination in our training

and test sets, we went back to the article that identified the combinations, and annotated

each described case manually and with the help of the Text Annotator tool from the Monarch

Initiative [297,298]. Each OLIDA combination, and subsequent synthetic patient carrying that

combination, is thus annotated with HPO terms corresponding to the phenotype caused by

that combination. The annotations are available in the Hop github repository 3.

Each synthetic patient is assigned a disease based on the disease linked to the OLIDA

combination carried by that patient. OLIDA links each combination to diseases from the

Orphanet and/or OMIM databases (see Section 3.2.2). To annotate synthetic patients with the

relevant gene panels, an extensive search was conducted in the Genomics England PanelApp

[80] for Orphanet and/or OMIM diseases associated with the combinations in OLIDA. The

association between diseases and gene panel were manually reviewed to ensure accuracy in

matching. The gene panels associated with each OLIDA combination are also made available

in the Hop github repository 4.

5.3.3 Statistics on the synthetic exomes

We here first present statistics on the number of variants and the annotations associated with

the generated set of synthetic exomes.

Statistics on the number of variants in the synthetic exomes

We investigate a few statistics on the variants present in the exome templates used to gener-

ate our synthetic exomes, by collecting data on the number of variants, genes and gene-pairs

in these exomes, across the different samples and depending on their continental distribution

in the 1KGP.

After applying the different filtering steps, each exome template comprised on average of

3,320 variants, located in 2,555 genes, making up 4,540,129 gene pairs and yielding 7,589,030

variant combinations to predict and rank. However, these numbers varied quite a lot across

the exomes, with the smallest exome containing 1,619 variants, found in 1,392 genes making

3. https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds

4. https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds

https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds
https://github.com/oligogenic/HOP/tree/main/data/rwr_seeds
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up 1,399,858 gene pairs and 1,718,173 variant combinations (Figure 5.2). On the other

hand, sample HG03291, a sample from the 1KGP project of African origin, carried 7,330

variants, located in 5,046 genes and leading to 13,819,024 gene pairs and 32,825,878 variant

combinations.

Figure 5.2: Statistics of the number of instances across the different exome templates used
to generate the synthetic exomes. Number of variants (A), genes (B), gene pairs (C) and
variant combinations (D) for the exomes of the samples from different populations used as
templates. Each boxplot represents the distribution over the 20 samples from that population.
All continental populations come from the 1KGP samples, while samples from the UK10K
project are considered as one population.

Overall, African samples from the 1KGP carried a higher number of variants than the other

groups (see Figure 5.2). This led to huge differences in the number of variant combinations

to be predicted and ranked in these exomes, due to combinatorial effects, with the median

number of variant combinations to be predicted among African exomes being more than ∼ 25

million, while it is less ∼ 0.5 million in European individuals.

The samples from the UK10K dataset also appeared to have a higher number of variants than

the European individuals from the 1KGP dataset, which is probably due to the fact this dataset

has been sequenced using a different technology and has been less “polished” over the years

than the 1KGP dataset which has been extensively re-analysed [259].
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Differential disease-related annotation between the “training” and “testing” exomes

The generated synthetic patients were separated in two groups: “training” synthetic patients,

for which the inserted OLIDA combinations belonged to the training set of the VarCoPP2.0

predictor, and “testing” synthetic patients for which the inserted OLIDA combination was

independent from the training set of the VarCoPP2.0 predictor. These synthetic patients were

then annotated with HPO terms and gene panels to describe the disease associated with the

OLIDA combination. Since not all diseases have an associated gene panel, this resulted in a

differential annotation between the “training” synthetic patients and “testing” synthetic patients

which led to slight differences in the performance of the tool when it was evaluated in cross-

validation or in independent validation (Section 5.6. This difference in annotation between

these two sets is quantified in Table 5.1.

HPO terms Gene Panel HPO + Panel
Cross-validation exomes

Percentage of annotated combinations 100% 72% 100%
Average number of seeds per combination 4.80 (σ = 3.81) 112.29 (σ = 185.73) 116.17 (σ = 184.93

Independent validation exomes
Percentage of annotated combinations 100% 87% 100%

Average number of seeds per combination 4.14 (σ = 3.15) 66.70 (σ = 141.26) 70.84 (σ = 140.67)

Table 5.1: Percentage of combinations that are annotated by HPO terms and gene panels
and average number of terms/genes associated with each combination for the three types of
annotations investigated.

While the HPO terms annotation was similar for the two sets, only 72% of the synthetic

“cross-validation” patients could be annotated with a gene panel and 87% of the independent

synthetic patients were annotated with a gene panel.

5.4 Pathogenicity scoring: the VarCoPP2.0 predictor

Since we now have access to a larger and more confident dataset on variant combinations

causative of oligogenic diseases, we have the possibility to create a new version of the

VarCoPP predictor introduced in Section 3.5.2. This new model comprises a new training

dataset – including high-quality digenic OLIDA combinations and similar combinations gener-

ated from the 1KGP dataset, new features – selected from the literature and then through a

feature reduction algorithm, and a novel model structure – chosen from a selection of inter-

pretable model structures able to predict imbalanced datasets. The performance of the new

predictor is evaluated in a cross-validation setting and on an independent set of combinations
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which appeared in the latest version of the OLIDA database. With its improved predictive

performance and decreased computational time, VarCoPP2.0 is perfectly suited to compute

the pathogenicity score for prioritizing digenic combinations in whole exomes in the context of

Hop.

5.4.1 Creation of novel training and testing sets based on OLIDA

Variant combinations from OLIDA (see Chapter 4) were used as “positive” or “disease-causing”

instances and variant combinations found in individuals from the 1KGP were used as “negat-

ive” or “neutral” instances for both the training and testing of the model.

Training set

In order to create the VarCoPP training set, we used variant combinations from the first

version of OLIDA (OLIDAv1) as positive instances. We only selected the variant combinations

involving two genes (i.e. bi-locus combinations) and which had a FINALmeta score of at

least 1. This initial filtering resulted in the inclusion of 301 bi-locus combinations as positive

instances.

In order to obtain neutral combinations, we used data from the 1KGP. We first filtered the

variants so that they had similar characteristics as the OLIDA variants by removing variants

which had a MAF > 3.5% as well as intronic variants and synonymous variants that were not

within 195 nucleotides from the exons edges. Even after this filtering, billions of combinations

can be selected from 1KGP individuals, leading to a class imbalanced problem. We decided

to keep the same class imbalance ratio (1:500) as in the training set of the original VarCoPP

predictor, and selected 150,500 variant combinations from individuals of the 1KGP as follows:

1. 301 individuals from the 1KGP were selected randomly but ensuring equal continental

distribution (i.e. 60 individuals were selected at random from each continent, based on

the project population data).

2. For each individual two mutated genes were selected at random, and for each gene

one or two variants were selected at random (allowing for two heterozygous variants,

one homozygous or one heterozygous variant to be selected from each gene).

3. This process was repeated 500 times to generate 500 sets of variant combinations with

the same number of variant combinations as the OLIDA set, making sure that the same

neutral variant combination did not occur twice.
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Independent validation sets

In order to validate the performance of the model, we use two different independent sets: a

disease-causing independent set, which was used to assess the true and false positive rates

of the predictor and a neutral independent set which was used to assess the true and false

negative rates of the predictor.

The independent disease-causing set include combinations which were obtained from the

latest version of OLIDA at the time of development of the method (OLIDAv3), i.e. variant

combinations which were collected during the first two yearly updates of the database. These

combinations were filtered in the same way as the training set, keeping only the ones involving

two genes, with a FINALmeta score of 1, and which were not present in the training set. This

resulted in the inclusion of 119 disease-causing variant combinations in the independent set.

The independent neutral set was constructed in the same manner as the neutral training set.

10,000 variant combinations were selected at random from 1KGP individuals, following an

equal continental distribution and selecting only variants which had similar characteristics as

OLIDA variants.

5.4.2 Annotation with novel features and feature reduction

The original VarCoPP model used features from the different biological levels to distinguish

between pathogenic and neutral combinations. However, some of these features were no

longer up-to-date and new variant, gene or pair features could be explored. We therefore first

performed a literature search of what computational characteristics could be used and then

applied a feature selection procedure to determine which of the pre-selected features had

the greater predictive power. Features were selected by searching the literature for variant

pathogenicity scores, gene intolerance measures, and measures of genes relatedness. We

also looked for features that were proven successful in other methods of oligogenic prediction.

We initially annotated the training sets of the new VarCoPP with 20 different features at the

variant, gene and gene pair levels. A summary of these features and what they represent can

be found in Table 5.2.
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Feature Feature abbreviation Feature description PMID Version

CADD raw score

CADD1 CADD score variant 1 of gene A

24487276 CADDv1.6
CADD2 CADD score variant 2 of gene A
CADD3 CADD score variant 1 of gene B
CADD4 CADD score variant 2 of gene B

Haploinsufficiency prediction
HIPred_A HIPred of gene A

28137713 N.A.
HIPred_B HIPred of gene B

ISPP_AD_A ISPP prediction for AD mode of inheritance for gene A

27354691 N.A.

ISPP_AD_B ISPP prediction for AD mode of inheritance for gene B
Inheritance mode specific ISPP_AR_A ISPP prediction for AR mode of inheritance for gene A
pathogenicity prediction ISPP_AR_B ISPP prediction for AR mode of inheritance for gene B

ISPP_XL_A ISPP prediction for XL mode of inheritance for gene B
ISPP_XL_B ISPP prediction for XL mode of inheritance for gene B

Selection Pressure (dN/dS)
dN_dS_A Selection pressure for gene A

26896847 v99
dN_dS_B Selection pressure for gene B

Biological distance Biol_Dist Biological distance between gene A and gene B 24694260 v12.2015
Coexpression Coexp Coexpression value between gene A and gene B 30462320 CoexpresDBv8.0

BP_sim Biological Process similarity
10802651

GO release 2021-12-15Gene ontology similarity MF_sim Molecular Function similarity
18460186

CC_sim Cellular Component similarity

Knowledge Graph distance KG_distance
Distance between gene A and gene B in

N.A.
an in-house developed knowledge graph

Table 5.2: Features that were considered for the creation of VarCoPP2.0. Abbreviations as
used in the data files for respective features can be found in the feature abbreviation column.
The PMID column provides the PMID for the associated relevant literature for each feature.
Additionally, the version used in this work are listed in the Version column. Features that are
used in the presented model are marked in bold.

Similarly to what was done in VarCoPP, variant combinations are represented by a feature

vector assigning values to the different variants, genes and gene pair that compose the

combination. For consistency, the genes within a combination are ordered by their tolerance

to variation, which is measured using the Residual Variation Intolerance Score (RVIS) [399],

with the gene that is least tolerant to variation (and thus with the highest RVIS) ordered first

as gene A while the most tolerant gene is second as gene B. Variants within a gene are

also ordered based on their impact on the gene, measured using the Combined Annotation

Dependent Depletion (CADD) score [161]. The first variant in each gene is the variant with

highest CADD score, i.e. the variant perdicted to have the largest impact on the gene.

Variant level features

The variants are annotated with the CADD score as a measure of deleteriousness. CADD is

one of the only pathogenicity predictors to score different types of variants including indels

(which are present in a large amount of OLIDA combinations), integrates different single

variant prediction tools in a meta-prediction and is regularly updated [161]. Variants are scored

using CADD version 1.6 GRCh37.
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Figure 5.3: Distribution of the CADD1 (A), CADD2 (B), CADD3 (C) and CADD4 (D) feature
values in the OLIDA and 1KGP training sets. Each CADD feature corresponds to the raw
CADD score of a different variant in each combination, with CADD1 and CADD2 representing
the CADD scores of the first and second variants in Gene A, while CADD3 and CADD4
represent the scores of the first and second variants in gene B. The genes of a combination
are ordered as gene A and gene B based on their RVIS scores, see Table 5.2.

The distribution of CADD values in the OLIDA and 1KGP sets show that this feature appears

to split well the data (Figure 5.3). The CADD values in the OLIDA set appear to be overall

higher than in the 1KGP set.
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Gene level features

The HIPred [400] predictor is used to annotate genes with a measure of haploinsufficiency.

This ML predictor integrates different types of features to predict haploinsufficiency. The scores

were downloaded from https://github.com/HAShihab/HIPred.

The genes are also annotated with an evolutionary feature: the dN/dS ratio. This measure

quantifies selection pressure by comparing the rate of non-synonymous mutations (dN), which

possibly experience selection with the rate of synonymous mutations (dS), which are pre-

sumed neutral [401]. dN and dS values were downloaded for each gene in human and 9

different organisms from Ensembl Biomart version 99 and the final value was computed as

the mean of the dN/dS ratios in the different organisms.

Finally, the Inheritance Specific Pathogenicity Predictor (ISPP) [402] is used to annotate genes

with measures of pathogenicity. This method uses different features and genes that are known

to be involved in diseases under specific patterns of inheritance to train a ML model that

predicts the probability for each gene to be involved in a disease, under a specific inheritance

mode. The three types of inheritance scores available - Autosomal Dominant (AD), Autosomal

Recessive (AR) and X-Linked (XL) - are used to annotate the genes. Since genes that are not

located on the X chromosome can not be attributed an XL score, their XL score was set to a

negative value of −0.5 as this falls outside of the informative feature range (0-1).

https://github.com/HAShihab/HIPred
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Figure 5.4: Distribution of HIPred_A (A), HIPred_B2 (B), ISPP_AD_A (C), ISPP_AD_B (D)
, ISPP_AR_A (E), ISPP_AR_B (F), ISPP_XL_A (G) and dn_ds_A (H) feature values in the
OLIDA and 1KGP training sets.

The gene features do not appear to split as strongly as the CADD scores (Figure 5.4), at

least on a linear scale. Some differences can be visualised for the ISPP scores, where the

proportion of OLIDA combinations with a high ISPP_AR score seems higher.
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Gene pair features

Gene pairs are annotated with the biological distance, a feature which was already used in

VarCoPP and is a measure of distance between the two genes in a protein-protein interaction

network (See Section 3.3.3 and [322]).

A measure of the co-expression between the genes is also used as gene pair feature. Co-

expression values were obtained from the COeXPRESsed gene DataBase (CoexpresDB),

which integrates data from 23 co-expression platforms and computes the mutual rank as

coexpression measure between two genes [308]. Values for human genes were downloaded

from CoexpresDB version 8.0.

The Gene Ontology (GO) similarity between two genes was computed for each subgraph

of the gene ontology (Biological Process, Molecular Function and Cellular component) in-

dependently, leading to three scores of GO similarity. This was done using a software to

compute HPO similarity measures5, which was adapted to use the GO Directed Acyclic

Graph (DAG), instead of the HPO one. This software computes different semantic similarity

scores (Resnik, SimGIC and Lin), based on the maximum Information Content (IC) among

all pairwise comparison of GO terms. The SimGIC measure was chosen as it was shown to

outperform other semantic similarity scores [403]. For genes that were annotated with several

gene ontology terms, the Best-Match Average (BMA) method, which takes the average of the

maximum similarity score for each pairwise comparison, was used as it is shown to provide

better results [403]. The simGIC function of the software was thus adapted to compute a

simGIC_BMA score.

Finally, we annotated the genes with a distance measured in BOCK [374], which aggregates

information about relationships between genes, pathways, gene ontology terms, protein do-

mains and protein families (Section 3.5.5). The distance between two genes is computed as

the length of the shortest path between the genes in the graph using the Dijkstra algorithm

[323] and then divided by the number of different nodes that are part of the path, in order

to take into account the heterogeneity of the graph: e.g. if two genes are part of the same

biological process (i.e. they are both connected to the same biological process node in the

graph), the length of the path between these genes is 2 and the Knowledge Graph (KG)

distance value is 1 since there are two types of nodes (Gene and Pathway nodes) in the

path. For two genes that are directly interacting through PPI, the KG distance is also 1, since

the length of the shortest path between these genes is 1 and there is only one type of node

involved.

5. https://github.com/jeremymcrae/hpo_similarity
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Figure 5.5: Distribution of BiolDist (A), BPO_sim (B), and KG_dist (C) feature values in the
OLIDA and 1KGP training sets.

The pair features appear to split the data quite well, with OLIDA combinations showing lower

Biological distance and KG_distance, but higher BPO similarity, in comparison the 1KGP

combinations (Figure 5.5).

Feature selection procedure

Following this initial selection of feature through literature search, we performed a computa-

tional feature reduction procedure to select the most relevant features for the model.

Feature selection among the set of 20 potential features (see Table 5.2) was translated to

a heuristic optimisation problem using a wrapper approach (see e.g. [404]). The search was

formulated as a relaxed version of the full VarCoPP classification problem, by only considering

301 positive and 301 negative instances to train one random forest (with 100 trees). The

performance, assessed by the mean F1 score of a 5-fold cross validation, was the objective

function to maximise and all possible subsets of features composed the search space. The

step function consisted of inverting the state of a feature (i.e. include it in the set of features

used for training if it was excluded and vice versa). At each iteration, 10 random neighbors (i.e.

one step removed from the current set) were generated and evaluated. To avoid redundant

computation, memoization was used to store and retrieve the result of the performance com-

putation for each considered set. The search was restarted 10000 times. In each, a different

random starting point is selected in the search to avoid local maxima. Each search continued

until 100 successive search steps did not lead to an improvement.
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5.4.3 Model structure selection

An important objective when creating this new model was for it to be less complex than the

original VarCoPP predictor, which comprised 500 random forests. We therefore investigated

different types of random forests predictors, since they are generally favoured in biological

application and are not completely “black-box” predictors. First, different ensembles of RFs

(which was used by the original VarCoPP model) were investigated by varying the number

of forests and trees within the forests. Second, the use of a single random forest model was

also investigated by varying the number of trees in the forest. Finally, we tested the Balanced

Random Forest (BRF) [405], a type of random forest specially suited for imbalanced datasets.

For each type of model, the performance was assessed in a 5-fold cross-validation setting

using the Average Precision Score (APS). The best model was then selected heuristically,

based on its performance as well as relative complexity of the model (for similar performances,

a simpler model was preferred).

The performance of the different models investigated is shown in Figure 5.6.

Figure 5.6: Average Precision Score of the different model structures evaluated for the
VarCoPP2.0 model. For each model structure, the number of trees (for the Balanced Random
Forests, 500 Random Forests, and single Random Forests) or the number of Forests (for the
ensemble of Random Forests) is varied between 1 and 500 by increments of 10.
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The results show that increasing the complexity of the model (i.e. adding more random forests

in the ensemble or more trees in the random forests) does not lead to a big increase in

performance. Though the ensembles of RFs perform relatively well with a moderate number

of forests or trees, the BRF matches their performance in terms of APS given sufficient trees

composing it, i.e. 400 trees (Figure 5.6). After this point, its performance reaches a plateau.

On the other hand, the single RF consistently under-performs compared to the other models.

Based on these results, we opted to work with a BRF model with 400 trees, since it leads to a

similar or better performance than the other models, while being considerably less complex.

5.4.4 Performance evaluation

The selected model structure for VarCoPP2.0, a BRF with 400 trees, is then evaluated to ob-

tain an accurate assessment of its performance in terms of prediction and computational time.

This performance evaluation is used to create confidence zones for the prediction as well as

compare the performance of the new predictor to the original VarCoPP model, demonstrating

significant improvements, and thus paving the way for its usage in our prioritization setting.

Evaluation in cross-validation and independent test sets

In order to accurately assess the performance of the selected model in the training set, we

first perform a leave-one group out (LOGO) cross-validation procedure (see Section 3.4), with

gene pairs as stratification groups. At each fold of the cross-validation, a gene pair is selected

and all variant combinations which involve that gene pair are removed from the training data

and used as test set. In a second step, we also evaluate the performance of the model on

an independent validation set consisting of combinations added to OLIDA in the most recent

updates of the database (up to OLIDAv3).

In both cases, we compute the Receiver Operating Characteristic Curve (ROC) and Precision-

Recall (PR) curves as well as several performance metrics based on the confusion matrices

which are shown in Table 5.3 (see Section 3.4.4 for a description of the metrics).
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Figure 5.7: ROC curves (A) and PR curves (B) evaluating the performance of the VarCoPP2.0
predictor in a LOGO cross-validation (blue curves) and independent test set (orange curves).
The black dotted line represent the performance of a random classifier. The area-under-the-
curve measure is shown in the legend.

Predicted

Disease Neutral

A
ct

ua
l Disease 268 23

Neutral 7003 143506

(a) Cross-Validation

Predicted

Disease Neutral

A
ct

ua
l Disease 115 4

Neutral 483 9525

(b) Independent Validation

Table 5.3: Confusion Matrices for Disease-causing and Neutral classes in (a) Cross-validation
and (b) Independent validation sets.

The cross-validation results (LOGO) indicate that VarCoPP2.0 classifies bi-locus variant com-

binations with high accuracy, achieving a TP rate of 0.95 and a FP rate of 0.05 (see Table

5.3a). The computed ROC-AUC of 0.986 and the PR-AUC of 0.495 (Figure 5.7) demonstrate

that the predictor performs very well in this cross-validation setting.

As can be observed in Table 5.3b and Figure 5.7, VarCoPP2.0 also shows great sensitivity on

the independent set, being able to classify 115 out of 119 OLIDA combinations as disease-

causing, and mis-predicting only 4.83% of the neutral combinations, similarly to its perform-

ance during the cross-validation. The sensitivity of VarCoPP in this setting is particularly

important, as in medical genetics it is crucial to be able to detect the pathogenic variants

if these are present, and indeed causative, in the patient. A ROC-AUC of 0.993 and a PR-

AUC of 0.769 is obtained in the independent validation setting (Figure 5.7), showing superior

performance to the cross-validation setting. This difference in performance between the cross-
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validation and independent setting is probably due to the fact that data leakage was more

controlled in the cross-validation setting since the combinations in the test set did not involve

the same gene pairs, while this is not necessarily the case for the independent test set.

Indeed, the combinations included in the test set were simply selected for being reported

in a later version of OLIDA, and as we have seen from that there is bias present in OLIDA

(See Chapter 4), it is very likely that the combinations in the independent set involve some

common gene pairs with the training set, and are thus easier to predict.

Comparison with the performance of VarCoPP

The performance of the VarCoPP2.0 model was compared with the performance of the ori-

ginal VarCoPP predictor (trained on the training set containing DIDA combinations) and to

a predictor with the original VarCoPP structure, thus including the initial set of features, but

trained on the new training set including OLIDA combinations as positives (referred to as

VarCoPP OLIDA). The performance of these 3 models was evaluated in the independent

validation set. The results of the comparison (Table 5.4), show that although the inclusion of

the new OLIDA data leads to a slight improvement in performance, it is the combination of the

new features and model structure of VarCoPP2.0 that enables the model to achieve a much

higher performance.

The results indicate that the new model outperforms the original VarCoPP predictor, accur-

ately classifying all but four of the independent pathogenic variant combinations and achieving

a FP rate of about 5% in both cross-validation and independent sets. In comparison, the first

version of the VarCoPP predictor misclassified 13 out of 119 independent combinations, and

presented a FP rate of 7 to 8%.

Predicted
VarCoPP VarCoPP OLIDA VarCoPP2.0

Disease Neutral Disease Neutral Disease Neutral

A
ct

ua
l Disease 106 13 109 10 115 4

Neutral 770 9230 473 9527 475 9525

Table 5.4: Confusion matrices showing the performance of the original VarCoPP, the original
VarCoPP trained using OLIDA instances (VarCoPP OLIDA) and the VarCoPP2.0 predictor in
the independent validation set.
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Figure 5.8: Execution time required to predict a certain number of instances (varied between
1 and 5000) using the VarCoPP and VarCoPP2.0 predictors. The time is measured in seconds
and is shown in log scale for easier comparison of the two models.

An important improvement of the VarCoPP2.0 model is the reduction of complexity of the

model which results in a strong decrease in prediction time, especially when a large number

of bilocus combinations are being predicted. This was measured by computing the prediction

time for both VarCoPP and VarCoPP2.0 on the same set of 10,000 variant combinations. For

the original VarCoPP, the time for predicting 10,000 digenic combinations is 47.5 (σ = .49)

seconds, while VarCoPP2.0 predicts the same samples in 0.08 (σ = .005) seconds.

This difference in computational time is especially important for the use of the predictor with

exome sequencing data, which can include millions of variant combinations to predict.
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5.4.5 Creation of confidence zones for predictions

Similarly to what was done in the original VarCoPP, we define confidence zones based on

the performance of the predictor on the neutral independent set. These confidence zones

are used to identify which combinations predicted as disease-causing are less likely to be

false positives. 99% and 99.9% confidence zones were defined, by selecting the minimum

VarCoPP2.0 score such that the amount of variant combinations in the neutral independent

with a higher VarCoPP2.0 score is less than the confidence level. A threshold of 0.743 is used

for the 99% zone and a classification threshold of 0.891 is used for the 99.9% zone, in which

only 0.1% variant combinations are expected to be FP.

Figure 5.9: Distribution of the VarCoPP score in the OLIDA validation set and the Neutral
validation set with the thresholds for the different confidence zones shown in green (threshold
for pathogenic prediction), orange (threshold for the 99% confidence zone, where there is only
1% of expected FPs) and red (threshold for the 99.9% confidence zone where there is only
0.1% of expected FPs).

Application of these confidence zones in the independent positive set shows that 67 out of

119 (56%) of the disease-causing combinations are in the 99.9% zone, while 98 out of 119

(82%) are in the 99% confidence zone, indicating that the known disease-causing variant

combinations are generally predicted with high scores.
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5.4.6 Feature importance analysis

In order to further examine the contribution of the chosen features for predictions and the

potential existence of any bias, the individual feature importance of the trained model was

examined using the Mean Decrease in Impurity (MDI) measure. A Gini importance boxplot is

presented for each feature over all trees of the BRF in Figure 5.10, providing a global model

interpretation. This interpretation reveals that CADD1 (i.e. the CADD score of the first variant

allele of gene A), CADD3 (i.e. the CADD score of the first variant allele of gene B), Biol_Dist

and BPO_sim are the most important features for prediction.

Figure 5.10: Mean decrease in impurity measure of feature importance across the 400 trees
of the Balanced Random Forest model. Features are ordered based on the median feature
importance across all trees.

Compared to the original version of VarCoPP, we observe that although variant-related fea-

tures, such as the CADD1 and CADD3, remain two of the most important drivers for pre-

dictions, all gene pair features in VarCoPP2.0 (Biol_Dist, BP_similarity and KG_dist) emerge

as the second most important predictive feature group. This demonstrates that VarCoPP2.0,

compared to the original VarCoPP, uses more the biological relatedness information between

genes and that these features contribute to the better performance of the model. This dif-

ference is caused by the fact that the neutral training set of the original VarCoPP model

was stratified using the degrees of separation between genes (i.e. the number of proteins

connecting the protein products of the genes in a pair inside a protein-protein network), a

decision that had made VarCoPP less sensitive to gene-pair related information differences

between the neutral and the disease-causing set.
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Figure 5.11: Boxplot of the feature contributions the disease-causing or the neutral class,
among all positive instances (A) and all negative instances (B) in the validation set inferred
using treeinterpreter. A feature contribution value above 0 indicates a vote for a positive
prediction (i.e. towards the disease-causing class), while a value below 0 indicates a vote
for negative prediction (i.e. towards the neutral class). The more the feature contribution value
deviates from 0, the stronger the vote is for either class
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Moreover, we examine local model interpretations inside the model (i.e. on specific instances),

using treeinterpreter6. This package separates each prediction into a fixed bias value and

contribution values linked to each of the used features, specific to a particular instance being

examined. We observe that the local model interpretations are consistent with the global

model interpretation for both the positive and the negative data set, in the sense that CADD1,

CADD3, Biol_Dist and BPO_sim seem to drive the predictions (or, vote) the most in the

negative direction (i.e. towards the neutral class) for the negative instances and towards the

positive direction (i.e. towards the disease-causing class) for the positive set. Noteworthy is

that variation seems relatively high in both BP_similarity and Biol_Dist contributions for the

positive instances (Figure 5.11).

The distribution of the feature values in the positive and neutral sets, as shown in Section

5.4.2, gives us visual insights into why these features are found to have higher importance. In-

deed, the CADD1 and CADD3 scores seem to exhibit a quite different distribution between the

disease-causing and the neutral sets, with the disease causing variants having higher CADD

scores (Figure 5.3). This difference in distribution is also observed, although less strong, in the

Biol_Dist and BPO_sim features (Figure 5.5), with the gene pairs from the disease-causing

set having smaller distances and higher similarity in comparison to the neutral instances.

In this section, we presented a new ML model for the prediction of the pathogenicity of variant

combinations within gene pairs: the VarCoPP2.0 predictor [254]. We investigate in Section

5.6, how the score outputed by this predictor, which we refer to as Pathogenicity Score (PS),

can be best combined with disease-relevance scoring to prioritize oligogenic variants.

5.5 Disease-relevance scoring via network propagation

In this section, we investigate how to score the disease-relevance of gene pairs, using the

BOCK knowledge graph as background knowledge. More specifically, we investigate the per-

formance of the Random-Walk-with-Restart (RWR) algorithm (see Section 3.3.3), for scoring

the proximity of gene pairs to a set of seeds, which can be provided by the user as either HPO

terms, describing the patients phenotype, or a set of genes which are known to be involved

in the disease of interest, i.e. a gene panel. For the research here, we remove from BOCK

the oligogenic interaction nodes and their links to the diseases and genes nodes (as this is

what the method aims to detect). Moreover, as random walks will be performed on this KG

we do not take into account the edges weights, which results in considering the KG as an

unweighted, multiplex-heterogeneous network with 8 layers (see Section 3.3.1 for definition of

this network terminology).

6. https://github.com/andosa/treeinterpreter

https://github.com/andosa/treeinterpreter
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5.5.1 Defining a disease-relevance score for gene pairs

The RWR algorithm is a network-based method that simulates a random walk starting from

a source node, with a probability of returning to the source at each step, to prioritize or rank

nodes based on their proximity to the source node (see Section 3.3.3). The output of the RWR

algorithm is an approximation of the vector p∞, which contains the probability of reaching each

node in the network, when performing a RWR from a set of pre-defined seed nodes. These

probabilities can be interpreted as a proximity measure to the set of seeds.

By performing a RWR using HPO terms or a gene panel as seeds, we therefore obtain the

proximity of each node in the graph to the set of seeds linked to the disease of interest. This is

used for example in Exomiser [170] to score the phenotype-relevance of genes. For all gene

nodes, this value is defined as the phenotypic relevance score of the gene.

In order to obtain a measure of gene-pair disease-relevance, we investigated 2 ways of com-

bining the individual gene phenotype relevance scores: multiplying and summing the individual

gene scores. Taking the sum of the scores seemed to lead to slightly better performance, and

the Disease-relevance Score (DS) for gene-pair score was thus defined as follows:

DSAB = p∞
A + p∞

B

where p∞
A and p∞

B are the values of vector p∞ at the nodes corresponding to gene_A and

gene_B respectively, with p∞ being the output vector of the RWR algorithm run using the

seeds defining the disease of the patient.

In the following sections, we investigate how different RWR algorithms, parameter settings,

and seeds are efficient at ranking OLIDA gene-pairs based on disease relevance, using BOCK

as network. This was done using the training synthetic exomes described in Section 5.3, and

only assessing the ranks of the gene pairs: all possible gene-pairs of the synthetic exome

gene list are scored based on the different phenotypic-relevance scoring measures, and the

rank of the OLIDA gene-pair is computed. The results are visualized as Cumulative Density

Function (CDF) curves (see Section 3.4.4), which plot the proportion of synthetic exomes for

which the OLIDA gene pair is found in the top K, for varying values of K.

5.5.2 Investigation of different graphs and types of propagation

The subnetwork from BOCK is a multiplex-heterogeneous network (genes are connected in a

PPI network, a coexpression network and a sequence similarity network, and other types of

nodes such as GO terms are also present), and we therefore investigate 3 different types of

RWR algorithms: a classic RWR algorithm, for which the adjacency matrix of the full “flattened”
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Figure 5.12: CDF curves of the rank of OLIDA combinations in training synthetic exomes,
based on the three different types of RWR algorithms for scoring the proximity of gene pairs
to the phenotypic annotations (A), and based on different parameter values for the “classic”
RWR algorithm with HPO terms as seeds (B).

graph was used as transition matrix, a heterogeneous RWR, for which the transition matrix

reflects the heterogeneous nature of the graph but the multiplex layers of the gene-gene

network are flattened, and a multiplex-heterogeneous RWR, for which the transition matrix

reflects the heterogeneous and multiplex nature of the graph (see Section 3.3.3).

In this comparison to investigate the best RWR algorithm, we only used the HPO terms

associated with the synthetic exome data as seeds. Equation 3.4 was computed iteratively

until change between pt and pt+1 fell below 10−9.

The results, shown in Figure 5.12 A, indicate that the different RWR algorithms yield very

similar ranking of the OLIDA combinations, with the classic RWR algorithm performed by

flattening the different layers of BOCK actually showing the best performance when compared

to the other algorithms.

In order to further assess the potential differences between the rankings performed by the

different types of RWR, we computed the Kendall-Tau correlation on the whole gene-pairs

ranking between the different types of RWR. The correlation coefficient is 0.78 (σ = 0.03)

between the RWR classic and the RWR heterogeneous rankings, 0.71 (σ = 0.03) between the

RWR classic and the RWR multiplex-heterogeneous rankings and 0.71 (σ = 0.04) between

the RWR heterogeneous and the RWR multiplex-heterogeneous rankings. This confirms that

although the rankings are different, they are also strongly correlated and that no single al-

gorithm appears to outperform the others.

Based on these results, we decided to pursue the work using the classic RWR algorithm,

since it required a simpler matrix and seemed to show slightly improved performance (Figure

5.12A).
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5.5.3 Investigation of the effect of the restart parameter

The RWR algorithm relies on only one parameter, r, which controls the spread of the walk

in the network. We therefore evaluated the influence of this parameter on our results by

reproducing our results with the restart probability varying between 0.1 and 0.9 with intervals

of 0.2.

The results, presented in Figure 5.12B, show that this parameter has very little effect on the

percentage of exomes for which the known OLIDA combination is ranked in the top K when

K is lower than 50. This is consistent with the conclusions of other works on RWR algorithms

in biological networks, which have shown that except for extreme values, this parameter did

not have a strong effect on the output ranking [174, 332, 333]. Except for a restart of 0.1,

which seems to lead to slightly decreased performance, the curves based on all other restart

parameters seem to overlap. Based on these results, we decided to set the restart to 0.7,

as done in most biological applications of RWR algorithms, and then further investigate the

effect of the parameter on the full ranking (integrating both pathogenicity score and disease-

relevance score) in Section 5.6.

5.5.4 Investigation of different seeds and seeds quality

In order to assess whether using other information sources as seeds for the algorithm can

be useful in prioritizing the combinations, we test three different types of seeds, as well as

combining different seed types as the starting point of the algorithm. We therefore investigate

the use of HPO terms, gene panels and GO terms as seeds for the algorithm. Gene panel

and HPO annotations are described in Section 5.3. For GO annotation, the HPO2GO predictor

was used [406], based on the seed HPO terms, to obtain GO annotations for each gene pair.

It is important to note that not all OLIDA gene pairs could be annotated with all types of seeds,

since for example some diseases do not have associated gene panels, or some diseases are

not associated with any pathway.

We also investigate using the combination of HPO terms and gene panels as source since

they were the seeds that lead to the best rankings individually (see Figure 5.13A).In that case,

all HPO terms and genes in the panel are used as seeds, and if no panel is associated to a

particular disease, the propagation is based only on the HPO terms.

The results indicate that among individual seed types, HPO terms are the best type of seeds

to use as starting point for the RWR algorithm, but integrating both HPO terms and gene panel

information of the disease lead to improved performance (Figure 5.13A). The extremely low

performance of GO terms as seeds is likely to be due to the fact that this source of information

was indirect (the GO terms were not associated to a disease or phenotype but predicted as

linked to HPO terms), leading to imprecise prior information and thus to poor performance.
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Figure 5.13: Cumulative Density Function (CDF) of the ranking of OLIDA gene pairs in the
synthetic training exomes using different types of seeds as the starting point for the RWR
algorithm.

Having identified gene panels and HPO terms as the most efficient seed types for scoring

disease relevance, we investigated whether using annotations of different quality for both

these seeds might have an effect on the ranking.

For the gene panel annotations, we looked at the different levels of confidence associated with

the panels in the Genomics England PanelApp, and compared the use of genes associated

with a confidence level of at least 1, at least 2 and at least 3. For the HPO terms, we

compared the use of the manually curated HPO annotations that we generated from the

papers describing the phenotype of the patients to 4 different sets of HPOs:

• A 50% less precise set, where half of the HPO terms of each combinations are replaced

by the parent HPO term in the DAG of the ontology.

• A set where all HPO terms are less precise, where all HPO terms from the original set

are replaced by their parent term.
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• A set with noise, where random HPO terms were added to the patient HPO terms (half

the number of real HPO terms are added).

• A set with noise and imprecision, where half the HPO terms are replaced by their parent

terms and a random set of half the number of original HPOs are added.

The results for the performance of the algorithm depending on the quality in seed annotation

are shown in Figure 5.13B for the gene panels and Figure 5.13C for the HPO terms. We notice

that the difference in quality of the gene panel does not seem to strongly affect performance

(Figure 5.13B).The best performance is obtained when using gene panels associated with a

confidence of at least 2. This is probably due to the fact that the panels with confidence of at

least 1 contain “noise” in the genes that are not associated with sufficient confidence with the

disease, while the gene panels with a confidence of 3 are too restrained to only genes with

high levels of confidence.

On the other hand, the ranks based on the HPO annotations are highly sensitive to imprecision

and noise. The method appears to be particularly sensitive to imprecision, as we observe a

4-fold reduction in performance when replacing all the seed HPO terms by their parent term.

On the other hand, we only observe a ∼ 1.3 fold decrease in performance in the top 10 when

comparing the ranking based on regular annotations and the ranking based on annotations

with extra noise (Figure 5.13C).

The fact that the ranking based on gene panel annotations is less sensitive to annotation qual-

ity is probably due to the fact that the number of seeds in the panel annotation is much larger

than HPO annotations (see Table 5.1) and that small changes in these sets are therefore less

likely to affect the output of the RWR algorithm. We conclude that keeping both sources of

information since although the HPO terms appear to lead to better performance, this source

of information is also less robust.

5.5.5 Comparison with simpler measures of similarity

Finally, we compare the results obtained with our RWR-based disease relevance measure

with simpler methods of similarity scoring (which do not involve graph propagation). We thus

test three different measures of similarity, each based on the Jaccard index, to rank the gene

pairs based on their similarity to the set of seed HPO terms. The Jaccard index is defined in

Equation 3.3 in Section 3.3.3.

In our case we want to assess the similarity between the HPO terms associated with a gene

pair AB and a set of HPO terms describing the patient’s disease D. We therefore investigate

three measures of similarity based on the Jaccard index:

JaccSim1 = J(A,D)+ J(B,D)

JaccSim2 = J(A∩B,D)
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JaccSim2 = J(A∪B,D)

where A and B are the set of HPO terms associated with the genes A and B respectively,

based on the HPO annotations, D is the set of HPOs used to annotate the patient’s symptoms

and J(A,B) is the Jaccard index between sets A and B.

Figure 5.14: Cumulative Density Function (CDF) of the rank of OLIDA gene pairs in synthetic
training exomes based on different types of similarity measures for ranking. The RWR
similarity measure is based on a “classic” random walk with restart algorithm in the full graph,
while the three other measures are based on different ways to integrate the Jaccard similarity
measure to assess the similarity between the HPO annotation of a gene pair and the seed
HPOs describing the patient’s symptoms.

The CDF for the different Jaccard similarity measures is shown in Figure 5.14 with the CDF

obtained when using the “classic” RWR in the whole network for comparison. The results

indicate that the RWR scoring clearly outperforms the scoring based on Jaccard index, which

is expected, since the RWR relies on all prior-knowledge about gene-gene interactions, phen-

otypic similarities and gene-HPO associations, while the Jaccard index based measures only

make use of the HPO annotations of the gene of interests. These results thus justify the use of

the RWR algorithm for computing the disease-relevance score and confirms that the different

networks are indeed used by the RWR algorithm, and that the propagation is not solely limited

between the HPO terms and gene-HPO associations.

Following from these investigation into disease-relevance scoring for gene pairs, we defined

the Disease-relevance Score (DS) as follows: it is computed using the “classic” RWR algorithm

with HPOs, Gene panel and the combinations of both as seeds, using a restart parameter of

0.7 and is computed as the sum of the individual gene scores. In the next section, we investig-

ate how integrating this score together with the PS can effectively rank variant combinations.
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5.6 Combining pathogenicity and disease-relevance scores into

a final ranking

In the third part of the development of Hop, we investigate the performance of the whole

predictor, integrating the disease-relevance score for gene-pairs based on the RWR algorithm

and the pathogenicity score from VarCoPP2.0.

Different operators were tested to combine the DS and the PS in a Final Score (FS). We

evaluate the use of the minimum of the two scores, the maximum of the two scores, the

average of the two scores and the multiplication of the scores (Figure 5.15A).

Except for the maximum of the two scores, all other operators appeared to perform similarly

well. The average of the PS and the DS seemed to slightly outperform the other operators and

was thus used to compute the FS .

The fact that the maximum of the two scores did not perform as well as the other operators

is probably due to the fact that this operator does not put any minimum condition on each of

the two scores. This leads to any combination with any one of the two scores as high to be

positioned highly in the ranking (even combinations that are predicted as highly pathogenic

but in genes that are not relevant to the disease of interest or vice-versa) and therefore will

not put emphasis on ranking highly the combinations that are both “pathogenic” and relevant

to the disease.

Figure 5.15: Cumulative density function plot of the rankings obtained in the cross-validation
exomes, with the HPO and gene panel seeds for the pathogenicity and disease scores and
for the four different operators tested to combine the two scores (A), and using the "average"
operator for 5 different values of the restart parameter (B). The CDF plots illustrate the
proportion of exomes for which the OLIDA combination is ranked in the top k for k varied
between 1 and 50 (inclusive).

For the final predictor, we therefore opted for the average of the two scores as the final score

used for ranking.
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We further re-analyse the effect of the RWR restart parameter on the final ranking (although it

was already done on the computation of the DS in Section 5.5) since it is the only parameter

to tune in the full model. As before, we do not observe much difference in the performance for

the different values of the restart (Figure 5.15B). We therefore set the restart parameter to 0.3

for the rest of the analyses as it seems to perform slightly better.

5.6.1 Combining VarCoPP2.0 with disease-information is essential for efficient
prioritization

We first assess how efficient each type of score is for ranking combinations in exomes. To

visualize the performance, we plot the Cumulative Density Function (CDF), which shows the

proportion of exomes for which the inserted oligogenic combination is in the top K for varying

values of K. We present results for K ranging up to 50, as we believe this is the maximum

number of combinations a user would realistically consider. The results over the whole range

of rank values are analysed in Section 5.6.4. We compare the ranking performance of using

the PS alone, i.e. the VarCoPP2.0 predictor, the DS alone, i.e. the disease-related information,

and the combination of the two scores (FS). The results of this analysis are shown in Figure

5.16, for the cross-validation on the training exomes, and in Figure 5.17 for the validation on

an independent test set of exomes.

Using, on the one hand, only PS, less than 13% of synthetic exomes had the known patho-

genic OLIDA combination in the top 50 of prioritized variant combinations (Figure 5.16 and

Figure 5.17, green), indicating, as expected, that the VarCoPP2.0 predictor alone is not suf-

ficient for prioritizing digenic combinations in exomes. On the other hand, using only the DS

based on HPO terms, 52% of the exomes used in cross-validation and 57% of the exomes in

the independent set had the OLIDA combination ranked in the top 50 prioritized combinations

(Figure 5.16 and Figure 5.17, orange). By using FS, combining both PS and DS with HPO

terms, 61% of the cross-validation exomes and 70% of the validation exomes contain the

known OLIDA combinations in the top 50 (Figure 5.16 and Figure 5.17, blue). These results

indicate that both PS and DS must be combined to achieve the highest performance.
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Figure 5.16: Performance of Hop in the cross-validation exomes. (A) Cumulative Density
Function (CDF) plot of the rankings obtained in the cross-validation exomes, by using the FS
(blue), DS (Orange), and PS (green) as ranking scores, with HPO terms as seeds (dashed
line), genes from a gene panel as seeds (dotted line) and both HPOs and gene panel as
seeds (solid line). The CDF plots illustrate the percentage of exomes for which the OLIDA
combination is ranked in the top K by each method, with K varying between 1 and 50
(inclusive). (B) Percentage of exomes for which the known OLIDA combination is ranked in
the top 1, top 10, top 20 and top 50 of the cross-validation exomes based on the different
types of scores and seeds for ranking.

5.6.2 Different sources of disease information improve ranking

We investigate here how the different sources of prior knowledge on the disease can lead to

different ranking performances by comparing the use of different seed types for the com-

putation of the DS score. HPO terms have been commonly used as prior information in

state-of-the-art prioritization methods, providing granularity in the description of a patient’s

disease and enabling phenotypic similarity profiling to several diseases, which can lead to the

discovery of new gene-disease associations. Notwithstanding their success, other sources of

prior information could be useful. Here, we investigate whether gene panels, which are readily

used in clinics to assess the possibility of the genetic origin of a disease, provide useful prior

information for ranking.



5.6. Combining pathogenicity and disease-relevance scores into a final ranking 145

Figure 5.17: Performance Hop in the independent validation exomes. (A) Cumulative Density
Function (CDF) plot of the rankings obtained in the independent validation exomes, by using
the Final Score (FS), Disease-relevance Score (DS), and Pathogenicity Score (PS) as ranking
scores, with HPO terms as seeds (dashed line), genes from a gene panel as seeds (dotted
line) and both HPOs and gene panel as seeds (solid line). The Cumulative Density Function
(CDF) plots illustrate the percentage of exomes for which the OLIDA combination is ranked
in the top K by each method, with K varied between 1 and 50 (inclusive). (B) Percentage of
exomes for which the known OLIDA combination is ranked in the top 1, top 10, top 20, and
top 50 of the independent validation exomes based on the different types of scores and seeds
for ranking.

Our results show that, consistently with what was investigated in the creation of the DS, using

both gene panels and HPO terms as seeds for the prioritization algorithm always leads to an

improvement in performance when compared to the use of either type of information alone.

In cross-validation, 64.6% of the known pathogenic combination are identified in the training

exomes in the top 50 when both HPO terms and gene panels are used as starting points

for the algorithm, as opposed to 60% when only HPO terms are used and 53.6% when only

gene panel information is provided (see Figure 5.16). In the independent validation, the OLIDA

combinations are found in the top 50 combinations in 74.3% of the tested exomes when both

types of information are used while this percentage reduces to 68.9% when HPO terms are

used alone and of 70.7% when gene panels are used alone (see Figure 5.17).

In the cross-validation exomes, using HPO terms as prior-information seems to perform better

than using gene panels (Figure 5.16), while the converse is true in independent validation

exomes (Figure 5.17). This difference can partially be explained by the difference in annotation

between the combinations in the training set and in the independent validation set. Only
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72% of the combinations belonging to the training set could be annotated with a gene panel

compared to 87% of the combinations in the test set, which contributed to making this type

of information less useful as a seeding strategy in the first case (see Table 5.1). On the other

hand, since HPO terms are used to describe patients’ symptoms, all combinations can be

annotated with this type of information, which can explain why the performance when using

HPO terms appears to be more consistent between the cross-validation and independent

exomes.

5.6.3 Analysis of the contribution of each score to the ranking

We further investigate the influence of the two individual scores, DS and PS, on the selection

of top-ranked combinations, which suggest that the DS score provides a slightly stronger

contribution to the prioritization of combinations than the PS score; but that the top-ranked

combinations are chosen based on a combination of the scores rather than relying solely on

one of the scores alone.

In order to do this, we decide to focus on the combinations that are ranked at the top,

since these are the combinations that are considered to be the most relevant and which will

require further investigation by the clinician. The objective is to determine whether one of the

individual scores has a stronger impact on the selection of the top-ranked combinations. We

thus analyze how many of the top-ranked combinations (in 4 different tops) are also highly

ranked by the individual scores. This is done for the rankings using both HPO terms and gene

panels as prior information since these seeds lead to the highest performance.

The results show that very few combinations with the highest FS are also highly-ranked

by both individual scores (Figure 5.18). When comparing the overlap between the highly

prioritized combinations based on the FS and the DS score, we find that there is a larger

overlap than when compared to the PS score. This suggests that the DS score provides a

slightly stronger contribution to the prioritization of combinations than the PS score. However,

it’s important to note that the number of overlapping combinations between any individual

score and the FS is quite low, indicating that the top-ranked combinations are chosen based

on a combination of the scores rather than relying solely on one of the scores alone.
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Figure 5.18: Proportion of common combinations at the top K of the rankings generated by
the different scores for K values of (10, 20, 50 and 100). All rankings represent the proportion
of the combinations in the top K of the ranking based on the FS that are also in the top K of
the combinations based on the PS and in the top K of the combinations based on the DS. PS
and FS represent the proportion of the combinations in the top K of the ranking based on the
FS that are also in the top K of the combinations based on the PS. PS and FS represent the
proportion of the combinations in the top K of the ranking based on the FS that are also in
the top K of the combinations based on the PS. Each data point comes from one of the cross-
validation synthetic exomes. In this analysis, both HPOs and Panel were used as seeds.

However, despite this observation, the number of overlapping combinations between any

individual score and the FS remains relatively low (the median of the percentage of common

top combinations between the DS and FS is less than 20%). This implies that the top-ranked

combinations were primarily selected based on a combination of the scores rather than relying

solely on one of the scores alone.

5.6.4 Analysis of the performance of Hop across the whole range of ranks

In this section, we analyze the performance of the tool over the full range of possible ranks.

The results are shown in Figure 5.19, for the cross-validation and independent exomes com-

bined. We show both the results in terms of absolute rank (5.19A) and in terms of percentile

rank (5.19B), since it is important to take into account that the different exomes contain a

diverse range of numbers of combinations that needed to be prioritized (see Section 5.3).
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Figure 5.19: Performance of Hop in the cross-validation and independent exomes over a
large range of ranks. (A) Cumulative Density Function (CDF) plot of the rankings, by using
the FS (blue), DS (Orange), and PS (green) as ranking scores, with HPO terms as seeds
(dashed line), genes from a gene panel as seeds (dotted line) and both HPOs and gene
panel as seeds (solid line). The CDF plots illustrate the percentage of exomes for which the
OLIDA combination is ranked in the top K by each method, with K varying between 1 and
5001e3 (inclusive). (B) Cumulative Density Function (CDF) plot of the rankings, by using the
FS (blue), DS (Orange), and PS (green) as ranking scores, with HPO terms as seeds (dashed
line), genes from a gene panel as seeds (dotted line) and both HPOs and gene panel as
seeds (solid line). The CDF plots illustrate the percentage of exomes for which the OLIDA
combination is ranked in the top K percentile by each method, with K varying between 1 and
30% (inclusive).

Overall, in more than 95% of the exomes, the pathogenic combinations are ranked in the top

1% combinations of the exomes, even though this percentage can represent a large number

of combinations for some exomes (the maximum absolute rank of a combination using Hop is

9841606, for OLI694 inserted in an exome containing over 29 million combination).

The plot shows that for the large majority of the exomes (over 99%), the known pathogenic

combinations were ranked in the top 6% of the exome, although this can represent up to

372000 in absolute rank, due to some exomes containing a very large number of combina-

tions.

5.6.5 Influence of the exome template on the performance of Hop

The performance of Hop appears to be consistent across the different templates used to

generate the synthetic exomes. We observe a slightly lower performance when the predictor

is used in synthetic exomes generated from individuals of African descent (see Figure 5.20A).

This can be explained by the fact that these individuals typically present with a much larger

number of variants, making the problem of prioritization more difficult.
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The performance of the tool is similar and even slightly better in the exomes that were gener-

ated by using data from the UK10K project as templates (Figure 5.20B). This shows that the

performance is not biased by the fact that part of the training set of VarCoPP2.0 was obtained

from individuals of the 1KGP.

Figure 5.20: Cumulative density function plot of the rankings obtained by using the FS in all
synthetic exomes (cross-validation and independent) comparing based on the ethnicity of the
exome template in the 1KGP (A) and comparing based on the dataset used (1KGP or UK10K)
for Europeans (B). Each line represent the rankings of the 420 OLIDA combination inserted
in 20 different exome templates. The CDF plots illustrate the percentage of exomes for which
the OLIDA combination is ranked in the top k by each method, with k varied between 1 and
50 (inclusive).

5.7 Hop outperforms current methods for the task of prioritizing

oligogenic variants

In order to evaluate the relevance of digenic prioritization and to compare the performance

of our method to state-of-the-art tools, we assessed the performance of three alternative

prioritization methods on our independent validation dataset: (i) CADD (v1.6), which is a single

variant prioritizer using only genotype information (ii) Exomiser (v13.1), which is a single-

variant prioritizer using both phenotype and genotype information, and (iii) OligoPVP, which

integrates monogenic prioritization together with PPI information, making it a first attempt

to oligogenic phenotype-based prioritization. Whereas (i) and (ii) serve to show the added

value of prioritization of variant combinations directly, (iii) is used to compare the performance.

These comparisons are made against the different versions of our tool (i.e., using HPO terms,

gene panel and both types of information), with the results shown in Figure 5.21.
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Figure 5.21: Comparison of the performance of the predictor with other prioritization tools.
Percentage of exomes for which the OLIDA combinations is ranked in the Top 1, Top 10 and
Top 50 instances, when using CADD, Exomiser, OligoPVP, and Hop for prioritization.

The results show that Hop, even using only HPO terms as seeds, is more adequate for identi-

fying the (potential) digenic origins of a disease as it ranks the relevant variants earlier (and

in combination) than monogenic prioritizers: Hop ranks the known pathogenic combination in

the top 50 in 69.5% of the synthetic exomes, while CADD and Exomiser only identified the

relevant variants involved in the combination in the top 50 in 6.4% and 22.7% of the exomes

respectively. OligoPVP, the only attempt so far to perform digenic ranking, only identified the

variants involved in the combination in the top 50 in 19.2% of the exomes, demonstrating the

usefulness of our Hop approach for digenic prioritization.

In terms of time of execution, Hop is comparable to Exomiser for the majority of tested exomes,

taking less than 10 minutes to prioritize a whole exome. However, the execution time can get

considerably higher for exomes containing a large number of variants, since the number of

combinations to be predicted then grows quadratically.

It is here important to note that the aim of this comparison is not to diminish the relevance

of the monogenic prioritization tools for exome analysis, but rather to show that they are not

tailored for the identification of oligogenic variants, and that we thus need complementary

approaches, such as the Hop predictor introduced here, to detect such variants in WES data.

To further demonstrate the relevance of the monogenic prioritization approaches, we also

investigate the percentage of exomes for which at least one variant of the OLIDA combinations

in the test set were found in the top 1, top 10 and top 50 (Figure 5.22). These results, which

compute the percentage of exomes for which the minimum rank of a variant involved in a

combination is in the top K variants, indicate that Exomiser has a similar performance as
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Hop to discover at least one of the oligogenic variants in the top 50. In particular, Exomiser

performs slightly better than Hop using only HPO terms at identifying the first causative variant

of a combination, although this predictor only relies on HPOs for disease-relevance scoring.

This is probably due to the more complex disease-relevance scoring used by Exomiser, which

takes advantage of other species phenotypic ontologies, which highlights that this could be

improved in future versions of Hop.

Figure 5.22: Comparison of the performance of Hop with other prioritization tools. Percentage
of exomes for which the OLIDA combinations is ranked in the Top 1, Top 10 and Top 50
instances, when using CADD, Exomiser, OligoPVP, and Hop for prioritization. For Exomiser
and CADD percentage of the exomes for which at least one variant in the combination is found
(minimum rank, full bars) as well as the proportion for which all variants of the combination
are found (maximum rank, striped bars).

It is important to note that this comparison does not diminish the relevance of Hop since

we introduce this predictor as a tool to discover causative variants following the oligogenic

inheritance model. This highlights the need for complementary approaches when diagnos-

ing patients, with tools such as Exomiser being very useful to rank and identify monogenic

causes, while our approach performs better in the task of identifying oligogenic causes. This

comparison also highlights a certain assymetry in the OLIDA combinations present in the test

set, with a large proportion of oligogenic combinations comprising at least one variant with

a strong monogenic effect that can be easily detected by monogenic tools, while the second

variant is more complex to detect using monogenic approaches.
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5.8 Comparing ranking and classification metrics for perform-

ance assessment

In this section, we investigate how both classification and ranking metrics can lead to different

assessments of the performance of computational tools. As described in Section 3.4.4, tools

that aim to classify variants as pathogenic or neutral (i.e. classification tools) and tools that

aim to rank variants based on how likely they are to cause a patient’s phenotype (i.e. prior-

itization tools) are evaluated using different metrics to reflect their performance in a scenario

resembling their “real-world” intended usage.

Evaluating the performance of Hop using classification metrics

First, we investigate the use of classification metrics to compare the performance of the

different scores used by Hop to classify instances. To do so, we use as test set a subset

of the independent test exomes by using all OLIDA independent set combinations as positive

instances and two different sampling strategies for the neutral combinations: a random sample

of 50 combinations from the entire exome and a random sample of 50 combinations from the

top 500 prioritized combinations.

Since the scores are normalized per exome, the PS, DS and FS of the OLIDA combinations

depend on the exome template they are inserted in. This testing set therefore resulted in

14,280 positive combinations (119 OLIDA combinations x 120 exomes) and 714,000 negative

combinations (50 random combinations x 119 OLIDA combinations x 120 exomes). This

performance evaluation analysis was done using the HPO and panel seeds to compute the

DS and FS.

Since we do not have a classification threshold for the Hop predictions, we assess the per-

formances using the ROC and PR curves for the PS, the DS and the FinalScore (Figure 5.23).

We observe that the performance using classification metrics matches what was observed

using the CDF curve. Although the PS and DS scores appear to have similar performance

based on the ROC curve in the random set (AUC of 0.96 and 0.97 respectively), the DS

shows a much higher PR-AUC of 0.82, while the PR-AUC is 0.6 for the PS. This difference in

performance is increased when using the neutral combinations selected from the top ranked

combinations, with the PS having a ROC-AUC of 0.66 and a PR-AUC of 0.08 in that set, while

the DS has values of 0.78 and 0.31 for the same metrics. The evaluation of the performance

of VarCoPP2.0 differs from the evaluation in Section 5.4.4 for three reasons: (i) the negative

set is generated differently, as we here select combinations from synthetic exomes generated

with the inserted OLIDA combinations, which means that there might be neutral combination
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with one of the OLIDA variants, (ii) the imbalance level is different as we here select 50 neutral

combinations for each pathogenic combination, (iii) the VarCoPP2.0 scores have been min-

max normalized over the whole exome which means that the scores are not the same as the

true predicted scores.

Figure 5.23: Evaluation of the different scores of the Hop predictor using the ROC (A) and
PR (B) curves. The evaluation of each score was assessed in OLIDA combinations from the
independent set as positive instances and sampled negative instances from the synthetic
exomes using two sampling strategies: a random sample from the whole exome (full lines)
and a random sample from the top 500 combinaitons (dotted lines).

Furthermore, we here again observe that it is the combination of both scores in the FS that

achieves optimal classification performance, with the FS reaching a ROC-AUC of 0.99 and

0.78 in the random and top combinations sets respectively and a PR-AUC of 0.89 and 0.45 in

the same sets.

This performance comparison highlights the fact that classification metrics reflect well the

performance of a tool for the ranking of instances, since the order of scores from most to least

performant is the same as the one obtained when assessing the CDF curves. Nevertheless,

when only assessing the performance using the ROC curves, we observe that the DS and PS

have a similar performance, while the DS shows much higher recall and ranking performance,

highlighting the need to assess performance using both types of curves.
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Finally, it is important to note that this comparison does not diminish the importance and relev-

ance of the VarCoPP2.0 predictor alone. Although, Hop appears to show higher performance

also for the classification of variant combinations as either pathogenic or neutrals, it does not

have the same scope of application. Indeed, Hop requires the input of seeds to guide the

search, and ranks all combinations based on the scores, but is therefore not useful to assess

the pathogenicity of a specific variant combination outside of an exome context.

Comparing the performance of Hop with other tools using ranking metrics

In this second part of the comparison between classification and ranking metrics, we analyze

the performance of Hop, VarCoPP2.0, and the three predictors used for comparison in Section

5.7 (CADD, Exomiser and OligoPVP) using the ranking metrics described in Section 3.4.4.

For the monogenic prioritizers, these metrics were computed by considering each variant of

the known OLIDA combination as a relevant instance in the ranking, while for the oligogenic

prioritizers, only the full OLIDA combination is considered as a relevant instance. For the

computation of the nDCG metric, relevant instances were assigned a relevance score of 1

and irrelevant instances a score of 0. Each metric was evaluated in the top 50, the top 100

and the full ranking (Figure 5.24).

Figure 5.24: Performance evaluation of CADD, Exomiser, OligoPVP, VarCoPP2.0 and Hop in
the independent set synthetic exomes. The performance is assessed using different ranking
metrics: the Mean Reciprocal Rank (MRR) (A), the Mean Average Precision (MAP) (B) and
the normalized Discounted Cumulative Gain (nDCG) (C).

We observe that using the MRR metric, which is computed as the inverse of the rank of the

first relevant instance in a ranking, Exomiser performs better than Hop (Figure 5.24A). This

is linked to the observation that Exomiser ranks well one of the variants in the combination

(see Section 5.7). Since only the first relevant instance is taken into account by this metric,

this predictor therefore appears to have better performance although only one of the relevant
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items is identified in most cases. This is reflected when using the MAP and nDCG metrics to

assess performance (Figure 5.24B,C), especially when these metrics are computed over the

whole list of ranked items and not the top 50 or top 100 instances. In this case, Hop appears to

outperform both monogenic and other oligogenic tools. The high performance of monogenic

tools using these ranking metrics is due to the fact that these metrics put a lot of emphasis

on having at least one relevant instance at the top of the ranking, and less importance on the

lower ranked relevant instances. This bias might be important for tasks such as information

retrieval or recommender systems, but can be misleading in the task of variant prioritization,

since all relevant variants (in the case of an oligogenic inheritance model) need to be retrieved

for the patient to obtain an accurate diagnosis.

In conclusion, it appears that using such ranking metrics to compare the performance of Hop

to other prioritizers is misleading, since the definition of a relevant instance differs based on

the scope of the used prioritizer. The comparison between Hop and Exomiser, for example, is

strongly affected by the fact that in the top 50 and top 100, Exomiser only recalls one of the

relevant variants and still shows high performance according to these metrics, since they do

not take into account recall. However, these metrics appear to be relevant for the comparison

between Hop and VarCoPP2.0, as it seems that the difference in performance matches the

one observed using the CDF curve.

5.9 Integration in ORVAL and usage of the tools

In order to make our tools easily accessible for other researchers and clinicians, we integrated

both the VarCoPP2.0 and the Hop predictor in the ORVAL platform, as well as its recently

developed python package version [188]. This work was done with the help of Emma Ver-

kinderen and Nassim Versbraegen.

Not many changes were required for the integration of the VarCoPP2.0 model except that

the results section had to be adapted to reflect the fact that the model now outputs a single

pathogenicity score instead of the CS and SS scores outputted by VarCoPP. The S-plot of

the ORVAL results page was thus replaced by a swarm plot showing the distribution of pre-

dicted combinations in each of the possible predicted categories (Neutral, Disease-Causing,

Disease-Causing 99% and Disease-Causing 99.9% confidence). In addition to this integration,

the annotation database used by ORVAL has also been updated to contain data using both

the Hg19 and Hg38 genome assemblies (while only the Hg19 assembly was supported

previously). This allowed to train a VarCoPP2.0 model able to predict variant combinations

aligned on the Hg38 assembly, and add it to the platform. This model shows similar and even

slightly higher performances as compared to the Hg19 model presented here. This represent

an important advancement as it will increase the potential usage of ORVAL and VarCoPP2.0
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since most genomic data is now aligned to the Hg38 assembly. This new VarCoPP2.0 model

has already been used to investigate the pathogenicity of variant combinations in male infertil-

ity patients [227,407], providing additional evidence for the involvement of these combinations

in disease.

The integration of Hop in ORVAL required more adaptations. First, we wanted to be able

to offer both types of analyses, to allow users to predict specific variant combinations with

VarCoPP2.0 or to run panel data, but also to test the Hop method on whole exomes. We

therefore created a new pipeline for Hop, which could be launched through a new input page,

allowing for the input of both HPO terms and a list of genes, which are used as seeds for the

computation of the DS, and the input of the number of top combinations that will be returned. In

order for the number of predicted combinations to remain tractable memory wise (as keeping

all generated combinations from an exome would require too much memory), we implemented

a chunked version of the prediction pipeline: 100,000 combinations are predicted in each

“chunk”, and only the top N combinations are kept in memory, with this list updated at the end

of each round of predictions, and N corresponding to the number of combinations specified by

the user. For now, the output page of the Hop predictions is kept simple, showing only a table

with the top predicted combinations and their respective PS, DS and FS as well as their rank.

The version of ORVAL containing Hop is only available as a service in development, since the

servers need to be upgraded to accomodate for larger datasets.

5.10 Conclusion

In this chapter, we present two novel computational methods, trained on OLIDA, to facilitate

the interpretation of variant combinations in the context of human diseases. First we intro-

duced VarCoPP2.0, which is a direct improvement of the VarCoPP predictor, keeping a similar

basis, but trained on a larger and more confident dataset, including novel features and a

simplified and thus faster model structure. This novel model shows tremendous improvement

in performance over the first version of VarCoPP, but is still inefficient at ranking known

pathogenic combinations in WES data. In order to address this constraint, we develop, the

High-throughput oligogenic prioritizer (Hop), an original and relevant prioritization method

that directly uses oligogenic information at several biological levels in order to rank, in WES

data, variant combinations based on how likely they are to explain a patient’s phenotype. Hop

integrates a pathogenicity score (PS) together with a disease-relevance score (DS), in order to

prioritize the combinations. The DS is computed by propagating information about the patient’s

disease in a heterogeneous network, in order to score the proximity of each gene pair to a set

of user-defined seeds.
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With WES data becoming more easily accessible, the development of oligogenic prioritiza-

tion is becoming increasingly important as current oligogenic prediction methods were not

designed for analyzing such quantities of data. Indeed, although the VarCoPP2.0 predictor

used in this work to obtain the pathogenicity score was shown to have high accuracy in a

classification setting [254], as a prioritization method, it only ranked the known pathogenic

combination in the top 50 in less than 13% of the exomes. This implies that a clinician wanting

to identify potentially pathogenic variant combinations in a patient’s WES data will need to

manually curate a huge number of combinations and investigate their disease relevance in

order to identify the potentially disease-causing combination. With Hop, the disease-relevance

of gene pairs is scored and combined with the pathogenicity prediction in order to provide

the clinician with a ranking of the combinations. We show that by only looking at the top

10 combinations of this ranking, known disease-causing variant combinations can be found

in 59.3% of all synthetic exomes (cross-validation and independent set). This significantly

reduces the amount of work of the clinician, since, in order to obtain the same accuracy using

VarCoPP2.0 alone, more than 3000 variant combinations would need to be investigated.

Moreover, Hop is shown to outperform existing monogenic approaches on the task of ranking

digenic variant combinations in WES data. This does not diminish the usefulness of existing

monogenic approaches, but rather highlights not only the need to design tools specifically

for this task, but also the importance of scoring pathogenicity of variant combinations using

method trained on oligogenic disease cases. Indeed, variants involved in oligogenic combin-

ations have been shown to have different characteristics than variants involved in monogenic

diseases, such as higher MAF and lower monogenic pathogenicity scores for both digenic

and modifier variants [187,256,366]. Hop also introduces a new method to score the disease-

relevance of gene pairs, combining the scores of the RWR algorithm to obtain a gene-pair

proximity score to a set of disease-related seeds. Although prioritization methods have tradi-

tionally relied on phenotype-based approaches, we further investigate the utilization of gene

panels as an alternative source of information for disease-relevance scoring. We demonstrate

that incorporating both phenotypic and panel data can enhance performance. Moreover, by

accommodating both types of information, Hop can perform prioritization even in cases where

the patient’s phenotype is unknown, as long as a gene panel for the disease is available.

Although Hop is highly successful, the predictor’s performance appears to plateau, even

when both HPO terms and disease genes are given as prior information. The first possible

explanation for this limitation is that Hop strongly relies on prior knowledge and is thus limited

by the incompleteness of the available molecular knowledge. This is especially true when

such knowledge is obtained through low throughput acquisition methods, such as the PPI

or gene ontology networks used in this work [408]. In addition to the limitations caused by

incompleteness, using prior knowledge can introduce important biases. This can be seen, for

example, by the fact that digenic genes and disease genes in general are more connected in
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any knowledge graph than human genes overall (see Figure in Appendix C in case of BOCK).

In the case of oligogenic disease, it is possible that the bias present in the HPO to gene

network, where only 23.5% of all human genes are linked to HPO terms, introduces limitations.

Indeed, the link between an HPO term and a gene is created based on known gene-to-

disease associations, from OMIM or Orphanet, and disease-to-HPO associations, from the

HPO database [66]. However, these databases contain almost exclusively data on monogenic

diseases, which implies that genes involved in oligogenic diseases have fewer HPO terms

associations than other disease genes, and is thus likely to explain why knowledge-based

approaches for oligogenic diseases are currently limited by prior knowledge.

The limitations introduced by knowledge bias is further illustrated in our results by the differ-

ence in performance between the cross-validation exomes and the exomes of the independent

set. Indeed, more combinations in the independent set could be annotated with gene panels,

indicating that these combinations were linked with diseases that are overall more studied.

This is likely to explain why our knowledge-based predictor also predicts these combinations

better, especially knowing that, for 79% of the combinations that have an associated panel,

the two genes involved in the combinations are present in the gene panel.

Furthermore, it should be emphasized that Hop, like any prioritization method, provides a

ranked list of variant combinations for all exomes, without offering confidence estimates or

suggesting how many candidates should be kept for further investigation. Given the uncertain

frequency of digenic inheritance in diseases, this is important to consider when using the tool.

Hop is most effectively employed as a complementary approach to existing methods or in

case-control studies for diseases with suspected digenic inheritance. For example, it can be

applied to patients for whom a monogenic diagnosis could not be obtained using traditional

approaches, or to detect genetic modifiers to these monogenic variants.

Finally, it is important to note that the performance of Hop has so far only been evaluated

using synthetic data, and it will be very important to assess the performance of the tool on

real clinical WES data. It will also be essential to assess whether using such a prioritization

approach can be helpful when analyzing not only single patients but also patient cohorts

and assess whether such an approach can help identify oligogenic signatures for specific

diseases. This is done in the next chapter of this thesis.



Chapter 6

A computational analysis protocol for

detecting novel oligogenic causes

In this chapter, we investigate how we can use the Hop predictor developed in the previous

part in order to discover novel oligogenic causes to disease in real patients data. For this

purpose, we work on a cohort of patients affected with male infertility, a relatively common

condition which remains poorly understood and is expected to have a significant fraction of

cases attributed to oligogenic inheritance.

We design a computational analysis protocol for the application of Hop to discover new

oligogenic causes in case/control studies. We first define a VCF filtering protocol to ensure

that the compared regions and variant datasets of cases and controls are compatible. We then

perform gene enrichment analysis to ensure that we don’t find any significant associations

which would be caused by artefacts in the data, as well as investigate potential monogenic

causes in the cohort. We then prioritize each patient with Hop and analyze whether the pre-

dictor is capable of finding the manually diagnosed cases. Finally, we perform an exploratory

analysis of enriched gene pairs and genes within gene pairs in the whole cohort, as well as in

patients subgroups, in an attempt to discover new oligogenic signatures for the disease.

This analysis allows to validate the effectiveness of Hop to identify oligogenic variants in real

patients data, as well as highlights its potential to identify oligogenic signatures in whole co-

horts, thus providing useful insights into the genetic architecture underlying diseases. These

newly identified signatures will need to be further assessed and validated by clinicians in order

to be found as really meaningful.

159
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6.1 Motivation and objectives

For many diseases, only a fraction of cases are genetically diagnosed, while a large proportion

of patients are thought to have a genetic cause which remains to be identified. This is the case

of male infertility, which is a highly heterogeneous condition, with a significant proportion of

cases considered as “idiopathic”, meaning that no etiology is currently known (see Section

1.4). A certain number of cases are suspected to have a genetic origin, and a large number of

genes, involved in a variety of different biological processes, have been reported as potentially

relevant for the disease. However, the diagnostic yield of exome sequencing remains low, in

part due to the fact that some cases are probably caused by oligogenic variants, and that this

model of inheritance is hard to detect.

In the previous chapter, we describe the development of two novel methods for the detection of

oligogenic causes to disease: VarCoPP2.0, which aims to predict the pathogenicity of variant

combinations in gene pairs and is more tailored for the identification of variant combinations in

gene panels, and High-throughput oligogenic prioritizer (Hop), which integrates the predictions

of VarCoPP2.0 together with background information on the patient’s disease in order to

prioritize potentially disease-causing combinations directly from WES data. While these two

methods have been evaluated in test sets comprising of known pathogenic combinations

reported in the latest versions of OLIDA, their potential to discover new oligogenic causes

in real patient data has not been assessed.

In this chapter, we investigate the usefulness of our novel prioritization tool, Hop, for dis-

covering novel oligogenic causes to disease. In doing so, we aim to design a reproducible

computational analysis protocol, which could be applied to any patient-control cohort for a

specific disease in order to detect novel oligogenic signatures for this disease of interest. Our

work is applied to the ESTonian ANDrology (ESTAND) cohort for male infertility (see Section

3.1.2), which has been already extensively studied in a collaboration between members of our

group and researchers at the University of Tartu [227,407]. Several patients in the cohort were

diagnosed with a monogenic cause and a few cases were found to carry oligogenic variants.

This cohort therefore provides a great opportunity for the validation of our method to detect

these oligogenic variants, and is also promising to make new discoveries about the genetic

basis of male infertility, by investigating which gene pairs and variant combinations are found

in common between patients in the cohort based on our novel prioritization approach.
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6.2 Protocol overview

The developed protocol consists of 3 main steps, followed by different downstream analysis

tasks and is schematically represented in Figure 6.1.

Figure 6.1: Overview of the analysis pipeline for the oligogenic analysis of the male infertility
cohort. First the VCF files are filtered to remove variants that are potential sequencing errors,
variant calling errors or in regions that are not properly covered by the different sequencing
kits. Second we perform gene enrichment analysis to discover potential monogenic associ-
ations and assess that all erroneous variants have been removed. This step helps fine tune the
VCF filtering step. Finally, the data of each sample is prioritized with Hop and we investigate
the use of an inheritance mode filter on the results. We analyse the prioritized combinations
by first looking at the diagnosed patients, then investigating enriched gene pairs and finally
investigating enriched genes within gene pairs.

First, we determine how to properly filter the VCF files available. This step is crucial to remove

potential sequencing or variant calling errors that can lead to spurious associations. In addi-

tion, since the samples in our cohort were sequenced using different sequencing technologies,

this step is necessary to remove the variants which were specific to the sequencing kits used,

and thus ensures that our analysis only includes regions which are well sequenced in all

samples.

This filtering step is followed by gene enrichment analysis in different gene sets as well as in

the whole-exome. The goal of this gene enrichment is two-fold: first, we want to ensure that

there is no enrichment in genes that should not be enriched in patients or controls (which

we refer to as “background genes” ) and second, we want to assess whether we can already
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identify monogenic associations in the cohort, whether it is in the candidate gene panel, or in

any gene in the exome. This gene enrichment analysis led to the application of two additional

filters to the VCF, since it appears from this analysis that some genes were enriched due to

other sequencing artefacts (see Section 6.3).

In a third step, all exomes are prioritized with Hop using the gene panel for male infertility

from [227] as seeds, and we investigate different downstream analyses tasks to bring together

the results. We restrict the number of combinations prioritized to 50.

For the subsequent downstream tasks, we add an optional filter based on the inheritance

mode of the genes. With this filter, we do not take into account single heterozygous variants in

genes that are known to have an Autosomal Recessive (AR) mode of inheritance. However, we

keep homozygous and presumed compound heterozygous variants in those genes. The goal

of this optional filter is to not take into account in the results single heterozygous variants in

AR genes since the normal copy of the gene can then compensate for the mutated one [409].

While this is the case for monogenic causes, it is not necessarily true under the oligogenic

inheritance model where a single heterozygous variant in a recessive gene can have an

effect due to its interaction with a second variant [409, 410]. We therefore investigate the

two scenarios.

From these results, we briefly analyse general statistics on the Hop predictions and we then

follow 3 different analyses routes. In the first one, we assess in details the patients that were

already diagnosed with oligogenic variant combinations and monogenic variants by the group

of professor Maris Laan. We look at the rank of the manually diagnosed combinations in the

Hop output, and investigate the top 10 and top 50 prioritized combinations for each patient,

to assess how these variants relate to the ones found manually (Section 6.6). In a second

step, we search for enriched gene pairs within infertile men compared to controls and within

different subgroups of male infertility, in order to detect specific oligogenic signatures within

the patients (Section 6.7). Finally, we also analyze enriched genes within gene pairs, i.e.

genes that are found to be frequently present in the prioritized combinations in the patients

compared to controls, to investigate potential monogenic anchors or modifier genes for the

disease (Section 6.9). This analysis is here again repeated on the whole cohort and in the

different patient subgroups.
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6.3 Developing an appropriate filtering protocol for VCF files

The ESTAND cohort WES data is split in three separate sets (see Section 3.1.2):

• 429 patients whose exomes have been sequenced at at the Finnish Institute for Mo-

lecular Medicine (which we refer to as FIMM patients).

• 81 patients whose exomes have been sequenced at the McDonnell Genome Institute

of Washington University in St-Louis as part of the GEMINI study (which we refer to as

GEMINI patients).

• 322 control individuals whose exomes have been sequenced at the Huntsman Cancer

Institute High-Throughput Genomics Core Facility as part of the GEMINI study (which

we refer to as GEMINI controls).

Since these different sets were sequenced in different centers and using different sequencing

platforms, our first objective is therefore to develop an appropriate filtering protocol for the

VCF files available in order to obtain comparable data between the patients and controls. To

do so, we apply a series of filters to the different VCF files and investigate the number of

variants present in the VCF and for each sample in the different sets (Table 6.1).

While the process of filtering variants in VCF files prior to analysis is essential, and a key step

in any genetics analysis pipeline, there are no clear standards defined. Indeed, the types of

filter to be applied highly depend on the sequencing platform that has been used, the metrics

available in the VCF file, and the type of analysis that is to be performed.

In our case, we investigate different types of filters with two goals: first, we want to remove

any bias that could be linked to the sequencing kit used, and second we want to remove false

positives, i.e. variant calls which should have been reference variants but are due to errors in

the sequencing or variant calling. Indeed, as mentioned in Section 3.1.2, the individuals were

sequenced using three different library kits. The FIMM patients were sequenced using the

Human Core Exome kit from Twist Biosicence, while the GEMINI patients were sequenced

using an in-house exome targeting reagent and the GEMINI controls were sequenced using

the Illumina DNA Prep kit.

The first filter applied is called the “routine” pipeline, and is based on variant quality criteria,

only retaining variants with Genotype Quality (GQ) ≥ 20 and of Read Depth (DP) ≥ 10.

To remove the bias due to sequencing kits, we correct for differential read-depth coverage at

specific loci similarly to what was done in previous studies [411–413]. This filter, which we refer

to as “sufficient coverage” or “SufCov” filter, only retains variants that reside in Consensus

Coding Sequence (CCDS) coding regions (±10 bases of intronic positions), where at least

90% of GEMINI and FIMM-sequenced samples show at least 10-X coverage.
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In addition to these initial filters, gene enrichment analysis revealed that several genes ap-

peared to be significantly enriched, due to specific variants that were found to be carried by a

large number of samples (see Appendix D). To remove these variants, which are due to either

sequencing or variant calling errors, we thus investigate different percentages for cohort allele

frequency filters (referred to as “CAF filters”). These filters remove variants that are present in

more than N% of the samples of a specific set, since these are more likely to be erroneous

variants.

Gene enrichment analysis also disclosed the presence of potential sequencing errors in long

indel variants in specific genes such as PABPC1 (see Appendix D). We therefore further filter

all indels which involve the insertion or deletion of more than 3 DNA bases with the “Indel

filter”.

Finally, we also report on the number of variants per sample after applying the VarCoPP2.0

filters (see Section 5.4.1) as well as the number of variants per sample that would be retained

if we apply the Inheritance Mode (IM) filter described above. These filters are applied per

sample during the prioritization of combinations by Hop for the VarCoPP2.0 filter and during

the analysis of the results for the IM filter.

The variant counts in the complete VCF file and statistics on the variants counts per sample

after applying each filter sequentially are shown in Table 6.1. We can see that the largest

reduction in variants happens with the Sufficient Coverage filter, that removes differences

between the sequencing kits. Out of the 62,417,045 CCDS positions, only 33,249,089 (53.26%)

positions are retained. Such a large reduction in the number of genomic positions investigated

has been observed in other studies [411], and is an essential step when aiming to run

an enrichment analysis between patients and controls which have been sequenced using

different kits. If not for this filter, we would simply observe an enrichment in the regions that

are not properly covered by both kits.
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GEMINI controls

(N=322)

FIMM patients

(N=429)

Filter type Description Global count Sample count Global count Sample count

Routine pipeline

Remove variants

with DP>=10,

GQ>=20

692,322

Min: 33,525
Avg: 72,595.5
Med: 70,948
Max: 115,258

910,225

Min: 68,126
Avg: 112,329.5
Med: 111,040
Max: 146,794

Correct for

sequencing kits

Remove sites that do

not have 10X coverage

in at least 90% of the

samples

162,807
(23.52%)

Min: 15,479
Avg: 20,763.47
Med: 20,838.5
Max: 28,364

185,500
(20.38%)

Min: 19,876
Avg: 20,856.36
Med: 20,851
Max: 22,740

Cohort allele

frequency 2%

Remove variants

with AF>2%

in the cohort

99,706
(14.40%)

Min: 439
Avg: 555.85
Med: 544.5
Max: 1,036

123,544
(13.57%)

Min: 440
Avg: 554.80
Med: 542
Max: 2,445

Indel filter
Remove indels

longer than 3bps

97,784
(14.12%)

Min: 433
Avg: 545.11
Med: 533.5
Max: 1,018

121,238
(13.32%)

Min: 431
Avg: 544.35
Med: 532
Max: 2,414

VarCoPP2.0 filter

Remove variants

with MAF>3.5%

synonymous and

intronic variants.

N.A.

Min: 380
Avg: 484.3
Med: 475.0
Max: 899

N.A.

Min: 386
Avg: 482.3
Med: 471
Max: 1,742

Inheritance mode

filter

Remove single

heterozygous variants

in recessive genes

N.A.

Min: 129
Avg: 181.9
Med: 177
Max: 386

N.A.

Min: 124
Avg: 177.39
Med: 174
Max: 860

Table 6.1: Variant counts in the VCF files after various filters. The global counts represent all
the variants in the VCF file while the sample count show the minimum (Min), average (Avg),
median (Med) and maximum (Max) variant counts per sample for each set. The percentage
under the global counts show the percentage of variants of the raw files which are retained
after applying the filters listed in the rows above and the filter in the current rows. Each filter is
shortly described in the description column. The last two filters are applied per sample, when
running the prioritization algorithm and the global count is thus not shown. The VarCoPP2.0
and Inheritance mode filters are applied per sample and the counts are therefore not shown
in the whole cohort.

After applying all filters, we observe that the number of variants per sample seems to match

between the FIMM patients and GEMINI controls sets. We here primarily focus on these two

sets while the results for the GEMINI patients set are shown in Appendix D. The number of

variants per individual appeared to be significantly reduced in this set after applying the first

filters, leading to the decision to remove these patients from the case-control analysis (Section

6.7.1 & 6.9). These patients were however kept for the diagnosed patients analysis, since half

of the oligogenic diagnoses were found in individuals from this cohort (see Section 6.6).
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On average, before applying the IM filter, each control carried 484.3 variants and each patient

carried 482.3 variants that could be prioritized using Hop (Table 6.1). More than half of these

variants appeared to be single heterozygous variants in presumed AR genes, which means

that each control and patient only carried on average 181.9 variants and 177.4 variants

respectively, after applying the IM filter.

6.4 Gene enrichment analysis

In this second part, we assess whether the different filtering steps performed on the VCF

files have efficiently removed any batch or sequencing artefacts that were initially present in

the data. In order to do this, we investigate the enrichment of variants in two different gene

sets: a “background” gene set, which consists of a list of gene that have been reported in the

literature as housekeeping genes [414], and for which we expect no significant enrichment,

and the candidate gene set for male infertility, which was compiled based on literature search

in [227]. We hypothesize that if the filtering is efficient, we would not observe any enrichment

in the background gene set, but might observe enrichment in the candidate gene set.

To perform the enrichment analysis, we count, for each gene in the gene sets, the number

of samples with at least one “qualifying variant” located in that gene, with different definitions

of “qualifying variant” as described below. We thus obtain a contingency table for each gene,

which counts the number of controls and patients with and without qualifying variants in the

gene. Based on this contingency table, we use the Fisher’s exact test, to compute a p-value

that represents the significance of the difference in enrichment for that gene between the two

populations. This process is repeated for different types of “qualifying variants”:

• All variants: we do not apply further filtering on the variants and thus consider all

variants in the VCF as “qualifying”.

• Rare variants: we only consider variants with MAF < 1% as “qualifying variants”.

• Rare non-synonymous variants: only variants with MAF < 1% which are non-synonymous

(i.e. which have a consequence on the protein product) are considered as “qualifying

variants".

• Rare missense variants: only variants with MAF < 1% which are missense (i.e. which

result in the change of an amino acid) are considered as “qualifying variants”.

The enrichment can be visualised as a Quantile-Quantile (QQ) plot, which represents the ob-

served p-values against the expected p-values (Figure 6.2) when investigating the fully filtered

VCF files before applying oligogenic prioritization, i.e. the files which have been subjected to

the routine pipeline filter, sufficient coverage filter, cohort allele frequency filter and indel filter.

The enrichment plots for intermediate steps of the filtering process can be found in Appendix

D.
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We first investigate the significance of genes within the set of housekeeping and candidate

genes, and then look at whether any gene is found to be significant at the whole exome

level. The threshold for significance of 0.05 is corrected for multiple testing using Bonferoni

correction, to account for the number of genes (20,000 for exome wide significance and 4,300

for gene set significance) and qualifying variant types tested (4 types), and is thus divided

by 16,000 for gene set significance, and by 40,000 for exome wide significance (Figure 6.2

dotted lines).

Figure 6.2: QQplot of the gene enrichment in patients vs controls for different types of
qualifying variants: all variants (A), rare variants (B), rare non-synonymous variants (C) and
rare missense variants (D).

We observe no significant enrichment of any gene with any variant type in the housekeeping

gene set and the candidate gene set, and it appears that no gene reaches exome wide

enrichment significance either (Figure 6.2). The most enriched genes include the ADCY8

gene (p − value = 1.5e − 5 when considering all variants and rare variants), FMN2 (p −
value = 4.8e−6 when considering rare variants), and the DGKZ gene (p− value = 9.7e−5

and p− value = 1.8e−5 when considering rare non-synonymous and rare missense variant

respectively).

Significant enrichment for one or more specific genes was observed during intermediate

filtering steps, and the QQplots obtained with the VCF files at these steps are shown in

Appendix D. In particular, enrichment of particular genes motivated the addition of specific

filters to the procedure. This is the case for the “indel filter”, which was applied after noticing

an enrichment in the PABPC1 gene at the whole exome level when considering rare non-
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Figure 6.3: Population structure of the patient and control cases based on principal
component analysis (PCA). Panel A represents the full PCA while B shows a zoomed version
of the square shown in panel A.

coding variants. Investigating the variants present in this gene in the patients, we noticed that

many variants included large indels in a region which is potentially error prone. Removing

indels larger than 3 base pairs, which should be very rare, removed the enrichment in this

gene.

The fact that no significant enrichment is observed in candidate genes is not necessarily

surprising, given that the monogenic causes identified in the cohort appeared to be relatively

heterogeneous, involving 39 distinct genes (see Appendix E and [227]). Furthermore, given

the size of the patient and control sets, at least 23 patients would need to carry a qualifying

variant in a gene for this gene to be significantly enriched (assuming none of the controls

carried a variant in that gene).

This analysis ensures that any findings that are found through enrichment in gene pairs are not

due to enrichment in specific genes caused by batch effects or potential sequencing artefacts.

Complementary to this gene enrichment analysis, we also do a Principal Component Analysis

(PCA) of the filtered VCF files of the patients and control population to visualize whether

the samples from the two groups overlap. For this analysis, we merge the two filtered VCF

files (after applying all but the VarCoPP2.0 filters), and use the PLINK2 software [415], using

default settings, to obtain the eigenvector and eigenvalues of the PCA. The results, shown in

Figure 6.3, confirms the gene enrichment analysis. Indeed, while it appears that some of the

patient samples are generally more spread out, the patient and controls samples overlap in

the PCA space.
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6.5 Statistics on Hop predictions in the cohort

Following this monogenic enrichment analysis, we run the Hop predictor on all the individuals

in the cohort using different gene panels as seeds.

Analysis panels come from [227] which include an infertility panel comprising 638 genes

combining the following individual panels:

• Replicated studies genes (n=156): Genes that were reported as associated with male

infertility in more than one study.

• Single study genes (n=330): Genes that were reported as associated to male infertility

in a single study.

• POI genes (n=79): Genes that are associated with Primary Ovarian Insufficiency (POI),

since links between POI and male infertility genetics have been reported [218].

• HPG axis genes (n=73): Genes that are implicated in the Hypothalamic-Pituitary-

Gonadal (HPG) axis, which is important for the development and regulation of the male

reproductive system [416].

The full infertility panel of 638 include 2 genes located on the Y chromosome (where variants

could be associated with Y-linked inheritance, see Section 1.2.2), 70 genes located on the

X chromosome (where variants could be associated with X-linked inheritance, see Section

1.2.2) and 566 genes located on autosomal chromosomes.

We run Hop using the combined panel of 638 genes as well as each of the individual panels

independently and investigate general statistics on the prioritized combinations. After priorit-

izing the combinations, we also investigate the use of an Inheritance Mode (IM) filter, which

removes the combinations involving a single heterozygous variant in an AR gene. This type of

filtering is typically applied in clinics, since AR genes are known to be tolerant to heterozygous

variants and clinicians searching for causative variants try to limit the number of variants to

investigate manually to only consider the ones that are most likely to be relevant. However, this

filtering is not typically applied in our oligogenic predictors, since the oligogenic inheritance

model is assumed to be more complex and a single heterozygous variant in an AR gene

might act as a co-contributor to the phenotype. To apply this filter, we obtain the inheritance

mode of each human gene from the information in [227] for the genes in the candidate gene

list and the DOMINO platform [417] for the remaining genes, a tool that predicts the mode of

inheritance of human genes. We then create an IM filtered top 50, which only contains the top

50 combinations of each sample where the combinations include any type of variants in AD

genes and XL genes (since the samples are all male individuals, all variants in genes located

on the X chromosome are hemizygous), as well as homozygous or presumed compound-

heterozygous variants in AR genes. Since the phased genotype was not available from the

VCF files (i.e. whether variants are on the same chromosome or not) we consider any two

variants in the same gene as presumed compound-heterozygous.
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Finally, it is important to note that although Hop uses min-max normalization to give equal

weight to the Disease-relevance Score (DS) and Pathogenicity Score (PS) when ranking the

combinations in an exome, we used the non-normalized version of the VarCoPP2.0 score

to assess the predicted class and confidence zone of each combination that is predicted as

pathogenic. Keeping the information about the confidence zones allows us to have an idea of

the probability of a variant combination to be a false positive based on its pathogenicity score,

and to categorize the ranked combinations based on the VarCoPP2.0 confidence zones.

6.5.1 General statistics on the number of instances and effect of the gene
panel

First, we investigate the number of unique instances obtained in the top 50 of each sample,

when applying Hop using the different gene panels as seeds. This analysis gives us an

idea of the diversity of variants, genes and gene pairs in the combinations prioritized by

Hop. In addition, we analyze the number of combinations for which at least one gene in the

combination is not in the original seed panel, in order to have an estimate of the potential of

the method to generate new discoveries beyond the gene panel. The number of instances

shown here is based on the analysis done without applying the IM filter. We further assess

the effect on the IM filter by comparing the number of combinations where at least one gene

is not in the gene panel when applying this filter on the set of exomes prioritized using the

combined gene panel only (Figure 6.4C).

Overall, most samples have 50 unique and distinct gene pairs in the top prioritized com-

binations (Figure 6.4A). The median number of unique variants in the top 50 combinations

prioritized with the combined panel is 34 and the median number of unique genes is 31

(Figure 6.4A). This indicates that in most cases, a gene and the variants that are located

in it are involved in several combinations (each combination contains 2 genes and up to 4

variants). We notice that the individual gene panels, and especially the smaller ones, appear

to be associated with a larger number of unique variants and genes ranked in the top 50 than

the combined panel (Figure 6.4A). This might be due to the fact that with smaller gene panels,

the prioritization is less constrained by the Disease-relevance Score (DS) and thus ranks

more variants in genes that are not part of the original panel in the top of the list, therefore

diversifying the set of prioritized variants and genes.
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Figure 6.4: General statistics on the instances in the top 50 of each sample, when applying the
Hop predictor with the different gene panels. (A) Boxplots of the number of variants, genes and
gene pairs in the top 50 prioritized combinations. (B) Boxplots of the number of combinations
in the top 50 where at least one gene is not in the gene panel used as seeds. (C) Boxplots
of the number of combinations in the top 50 where at least one gene is not in the gene
panel for the unfiltered and Inheritance Mode filtered results when the combined panel is
used as seeds. Each boxplot is constructed based on all samples in A and separated by the
control/patient status of the sample in B and C.

This hypothesis is supported by the observation that the combinations prioritized show a larger

proportion of variants in genes that are not present in the original panel when the panel used

as seeds is smaller (Figure 6.4B). We observe that for the majority of the samples, around

half of the combinations in the top 50 include at least one gene that is not part of the gene

panel. This supports the fact that Hop does not limit the search for variant combinations within

the gene panel, but extends the predictions to the whole exome.

Moreover, we notice that this proportion is much larger when considering the IM filter than

when looking at all variants independently of their zygosity and inheritance mode of the gene

they are located in (Figure 6.4C). This is probably caused by the small bias in the contribution

of the DS to the top ranked combinations observed in Section 5.6.3. A larger proportion

of combinations ranked in the top 50 are prioritized due to having a high DS than due to

having a large Pathogenicity Score (PS). This means that many variant combinations in the

top 50 are in genes that are part of the gene panel irrespective of the fact that they involve

variant combinations that are predicted with high pathogenicity. When applying the IM filter, we

remove the combinations that have single heterozygous variants in AR genes, and therefore

go further “down” in the rankings and include more combinations with a lower DS involving

genes that are not part of the gene panel.
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6.5.2 General statistics on pathogenic combinations and effect of the Inheritance-
mode filter

We investigate the number of combinations that are predicted as pathogenic and are found

in the 99% and 99.9% confidence intervals according to the VarCoPP2.0 predictor. This is

done by looking for each sample at the proportion of variant combinations that are found in

the three confidence zones (Disease-causing, 99%-confidence zone and 99.9%-confidence

zone), analyzing first all combinations prioritized in the top 50 and second the combinations

obtained in the top 50 when applying the IM filter.

When analyzing all combinations without filtering on the mode of inheritance, the majority

of the samples (458/751, 60.99%) have all of the combinations in their top 50 predicted as

disease-causing by VarCoPP2.0 (Figure 6.5A). On average, across the patients, 98.4% of

combinations are predicted as pathogenic and 73.4% and 47.3% are found in the 99 and

99.9% confidence intervals. In the control group, the proportions are similar, with 98.4%,

73.9% and 47% combinations predicted as disease-causing and within the 99% confidence

and 99.9% confidence zones respectively.

Interestingly, applying the IM filter reduces slightly the proportion of combinations predicted

as disease-causing (Figure 6.5B). In the top 50, only 278 out of the 751 samples (37%)

had all of the prioritized combinations predicted as disease causing. On average, 97% of

combinations are predicted as disease causing in both the patient and control groups, with

80% of combinations found in the 99%-confidence zone and 46% of combinations in the

99.9%-confidence zone in the patient group and 45% of combinations in the 99.9% confidence

zone in the control group.

Figure 6.5: Proportion of combinations in the top 50 obtained running Hop without applying
the IM filter (A) and applying the IM filter (B) that are predicted as disease-causing, in the 99%
confidence interval and in the 99.9% confidence interval for patients and controls.
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6.5.3 Analyzing network structure of top combinations

For each patient, we analyze whether the top prioritized combinations appear to be connected

in a network, as well as whether we can get insights into the topology of these networks. This is

done by generating small networks with the top 10, top 20 and top 50 combinations for each

patient, with each node representing a unique variant or compound heterozygous variant,

and edges representing prioritized combinations in the top K. We then look at whether all

combinations are connected, by computing the number of connected components in each

network. A connected component represents a set of nodes that are connected with each

other by paths.

Overall, we observe that for the large majority of samples (386/429, i.e. 90% of the patients

and 293/322, i.e. 91% of the controls), the top 10, 20 and 50 combinations are connected in

a network comprising a single connected component (Figure 6.6). For a small proportion of

samples, the network is divided in more components, with one patient having a network made

up of 4 components when looking at the top 50 combinations (Figure 6.6C) . These results

are obtained on the top 50 combinations after applying the IM filter, but similar results are

found on the unfiltered tops, with a slightly larger number of samples having networks with

one connected component.

Figure 6.6: Statistics on the network structure of the top combinations for each sample when
using the combined gene panel as seeds. Number of connected components in the network
generated by the top 10 (A), top 20 (B) and top 50 (C) prioritized combination of each sample.
Histogram of the maximum node degrees in in the network generated by the top 10 (A),
top 20 (B) and top 50 (C) prioritized combination of each sample. The networks of the top
combinations are generated by creating a node for each variant in the top combinations and
putting edges between the variants if a combination between the two variants is prioritized in
that top.
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In a second step, we also investigate the topology of these small networks of prioritized

combinations, which can be thought as a representation of the oligogenic signature of each

individual. We decide to look at the degree centrality of the networks, and more specifically

at the maximum degree of the nodes in the networks to assess whether networks tend to be

centered around specific variant nodes. We observe that in each top, there is a significant

proportion of samples, both patients and controls, for which the maximum degree is equal to

the number of combinations (i.e. the number of edges in the network). This means that for

these samples, the network has a “star” structure, with each variant combination stemming

from one unique variant. These networks are likely to be associated with a highly pathogenic

variant, such as a potential monogenic variant, which can thus act as an “anchor” to variant

combinations, as it is always predicted as highly relevant for the disease although with different

secondary, and potentially “modifier”, variants. The proportion of samples with such networks’

structures are 15% for the controls and 17.5% for the patients when considering the top 10

combinations. These percentages decrease as we consider larger number of combinations,

with only 5.1% controls and 3.8% patients showing networks centralized around a single

variant when looking at the top 50 combinations. We further investigate these samples, when

analyzing the patients with a monogenic diagnosis in Section 6.6.2.

Overall, the analysis of the general statistics of the top 50 combinations prioritized by Hop in

the different individuals of the cohort reveals that we do not observe significant differences

between the patients and the controls in terms of number of instances, proportion of com-

binations predicted as disease causing by VarCoPP2.0 or the networks generated by the

top combinations for each patient. To investigate potential differences in the content of these

networks, we further look at the gene pairs shared between patients and controls in Section

6.7, and the genes shared between these groups in Section 6.9.

6.6 Investigation of diagnosed patients

In this section, we investigate how well our Hop approach performs on the patients that have

been manually diagnosed by the team of professor Maris Laan [227,407].

There were 8 patients with an oligogenic diagnosis (4 in the GEMINI patients group and 4

in the FIMM patients group) and 57 patients with a monogenic diagnosis (8 in the GEMINI

patients and 49 in the FIMM patients group).
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6.6.1 Patients with oligogenic diagnosis

Although, the GEMINI patients were excluded from the full cohort analysis, we report here

on the 4 patients with oligogenic combinations from this cohort as well as the 4 patients with

oligogenic diagnosis in the FIMM patients group.

Out of the 8 patients with identified oligogenic combinations as causative for the disease, we

could only obtain the rank of the combinations for 6 individuals, since two variants which were

part of the diagnostic oligogenic combination for samples 233 and 463 were removed during

our filtering procedure (see Appendix E for the full details on the diagnosis variants). The

sufficient coverage filtering step removed the variant in the SOS2 gene of Sample_233 and

removed the variant in the WT1 gene for Sample_463.

Importantly, Sample_233 and Sample_119 were diagnosed using a panel designed for ana-

lyzing RASopathies in infertile men, which means that the panel used to diagnose these 2

samples manually was not the same as the panels used here for prioritization. This can thus

potentially explain the lower rank obtained for the combination found in Sample_119.

Cohort Sample_ID Gene pair
Hop rank Hop rank
(No filter) (IM filter)

FIMM Sample_119 TP63;SPRED1 85 24

HUWE1;DYRK1A 27 9
FIMM Sample_203 DYRK1A;DHX37 39 15

HUWE1;DHX37 2 2

FIMM Sample_274 FANCM;PROKR2 5 3

GEMINI Sample_454 KMT2D;PROK2 119 11

GEMINI Sample_487 NR5A1;PROP1 19 -

GEMINI Sample_491 BRIP1;OTX2 60 7

Table 6.2: Rank of the manually identified oligogenic combination using the Hop predictor
with the combined panel as seeds on the diagnosed patients. The genomic coordinates of the
variants involved in the combinations are in the same order as the list of genes. The rank with
no filter corresponds to the rank in all prioritized combinations while IM filter corresponds to
the rank in the prioritized combinations when removing all combinations involving a single
heterozygous variant in an AR gene. Dashes mean that the rank could not be obtained
because one of the variants was filtered out.

For the remaining samples we observe that the combinations are rather well ranked by the

predictor, and that all combinations are in the top 50 when only considering the results with

the IM filter (Table 6.2).
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In addition to these rankings which were obtained with the gene panel that resulted from

the combination of 4 panels, we also analysed the ranks obtained when using each panel

independently. The results are presented in Figure 6.7.

Figure 6.7: Ranks of the combinations found in the 6 samples with oligogenic diagnosis for
which the variants had not been filter by our filtering protocol. Ranks are computed without
taking into account inheritance mode of genes (A), and taking into account inheritance mode
of genes (B). Each color represents a patient, Sample 203 had a diagnosis of 3 variants and
is therefore represented by 3 dots.

It appears that the combination of panels is the most helpful panel for prioritization, while the

panel containing genes that were only reported in a single study provides the least information.

This was to be expected considering that the genes in which oligogenic diagnoses were found

are part of either the Replicated studies panel (HUWE1, DHX37, FANCM, WT1, NR5A1), the

POI panel (TP63), the HPG panel (PROK2, PROKR2, OTX2, PROP1) or none of the panels

(SOS2, SPRED1, DYRK1A, KIF7, CHEK2, KMT2D, CHEK2, BRIP1).

We then analyze the top predicted combinations for each sample individually, to assess which

combinations are predicted higher than the manually diagnosed one, and assess whether

some variants might have been overlooked during manual diagnosis, as well as understand

potential biases from Hop. For each patient, we assess the identified variants using Franklin
1 and OLIDA. Franklin is a platform that automatically classifies variants based on the ACMG

criteria, and is thus useful to have an idea of the potential pathogenicity of a variant, even

though these criteria are designed for the assessment of monogenic variants [78].

1. https://franklin.genoox.com/clinical-db/home

https://franklin.genoox.com/clinical-db/home
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Sample_119

The top combinations prioritized for Sample_119 appear to be centered around the variant

in gene TP63 which was identified as diagnostic variant (Figure 6.8). The majority of the

variants found in combinations with this TP63 variant are found in genes that are not part

of the panel provided as seeds with the exception of a compound-heterozygous variant in

the LEO1 gene. The LEO1 gene was part of the gene panel including genes reported in a

single study [227]. It was once reported as associated to severe oligosthenozoospermia, a

subtype of oligozoospermia where in addition to having lower sperm counts, patients also

exhibit decreased sperm motility [239]. The gene is reported to have AD inheritance mode,

and Sample_119 carries compound heterozygous mutations in that gene. The first variant

in the LEO1 gene (c.541G>A, p.D181N) is classified as VUS by the ACMG guidelines, and

might therefore be relevant for further investigation. On the other hand, the second LEO1

variant (c.823A>G, p.Arg275Gly) is classified as Benign, fulfilling several evidence criteria

such as being found in Homozygous state in large population databases, and having been

reported as Benign in ClinVar.
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Figure 6.8: Network visualisation of the top combinations prioritised by Hop for Sample_119,
after applying the inheritance mode filter. The top 10 combinations are shown in addition to
the manually diagnosed combination (with rank 24). For each variant, the protein change is
shown if available, otherwise the cDNA change is shown. Variants are also annotated with
their CADD phred score and MAF in the GnomADv3.1. Nodes colored in yellow represent
variants which are found in a gene from the gene panel and nodes colored in blue represent
variants found in other genes. The weight of the edges is inversely proportional to the rank
and the color correspond to the different VarCoPP2.0 confidence zones.

The remaining combinations all involve the TP63 variant and variants in genes that are not

part of the gene panel and all combinations are predicted to be in the 99.9% confidence

interval of VarCoPP2.0 (dark red edges in Figure 6.8, see Section 5.4.5 for a description of

the confidence intervals). The difference in rankings between these variants is simply due to

small differences in DS. The variant in SPRED1, which was identified as diagnostic variant,

is a nonsense variant which is associated with a very high CADD score and would therefore

be easily detected by manual analysis of this network of top combinations. We did not identify

potentially relevant findings in the other variants (such as pathogenic or likely pathogenic

variants, or variants previously reported to be involved in a similar phenotype) for this patient.
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Sample_203

The network of the Top 15 prioritized combinations of Sample_203 appear to have a more

complex topology, with many variant nodes connected to each other (Figure 6.9). The variants

prioritized in the top 5 are variants present in panel genes (TP63, HUWE1, DHX37 and

PPP1R12A), including two of the three diagnostic variants for this sample. We investigate

the two variants in panel genes which were not reported as diagnostic variants. The TP63

variant (c.1531C>A, p.Pro511Thr) is classified as Benign according to the ACMG guidelines,

and has been reported several times in ClinVar as either benign or likely benign. Interestingly,

it has been identified in a patient from a cohort study on Müllerian anomalies, although it was

not further investigated [418]. The PPP1R12A variant (c.1811G>C, p.G604A) is also classified

as Benign according to the ACMG guidelines, as it has been observed in homozygous state

in population databases more than expected for the disease and is generally predicted as

neutral by in silico predictors.

Figure 6.9: Network visualisation of the top combinations prioritised by Hop for Sample_203,
after applying the inheritance mode filter. The top 15 combinations are shown, with the
manually diagnosed combinations having ranks 2, 9 and 15. For each variant, the protein
change is shown if available, otherwise the cDNA change is shown. Variants are also
annotated with their CADD phred score and MAF in the GnomADv3.1. Nodes colored in yellow
represent variants which are found in a gene from the gene panel and nodes colored in blue
represent variants found in other genes. The weight of the edges is inversely proportional to
the rank and the color correspond to the different VarCoPP2.0 confidence zones.



180 A computational analysis protocol for detecting novel oligogenic causes

The combinations involving the compound-heterozygous variant in the DYRK1A gene, which

was not part of the gene panel, are thus predicted with slightly lower ranks, although the

combination involving the HUWE1 and the DYRK1A variants is present in the top 10.

Sample_233

For Sample_233, we could not obtain the rank of the manually diagnosed combinations

since the major diagnostic variant in the SOS2 gene was removed by the coverage filter.

The two other variants in genes CHEK1 and KIF7 are also not found in the top 50, which

is probably due to the fact these variants act as modifiers of the main SOS2 variant and are

therefore not likely to be prioritized in its absence [407]. We nevertheless investigate the top 10

combinations prioritized by Hop to analyze what other variants might be relevant. The network

appears to be centered around variants in the TP63 and ZFPM2 genes which are present in

the gene panel, and the majority of the combinations have a PS in the 99.9% confidence

interval (Figure 6.10).

Figure 6.10: Network visualisation of the top combinations prioritised by Hop for Sample_233,
after applying the inheritance mode filter. The top 10 combinations are shown. For each
variant, the protein change is shown if available, otherwise the cDNA change is shown.
Variants are also annotated with their CADD phred score and MAF in the GnomADv3.1.
Nodes colored in yellow represent variants which are found in a gene from the gene panel
and nodes colored in blue represent variants found in other genes. The weight of the edges
is inversely proportional to the rank and the color correspond to the different VarCoPP2.0
confidence zones.



6.6. Investigation of diagnosed patients 181

The TP63 variant was also found in Sample_203, and is classified as benign (see above for

more detailed description). The ZFPM2 variant (c.1632G>A, p.Met544Ile) is also classified as

benign by the ACMG guidelines, although it is linked to conflicting reports in ClinVar. Interest-

ingly, it was found in homozygous state in a patient with 46,XY Disorder of Sexual Develop-

ment (DSD), and in vitro assessment of the variant showed that it significantly reduced the

interaction with GATA4 [419]. This interaction is known to regulate the expression of key genes

involved in sex determination [420–422]. However, a more recent study reclassifies this variant

as benign, based on updated in silico tools and in vitro assays of the molecular activity of the

mutant in the context of gonadal signalling [423]. This highlights the importance of reproducing

functional findings in order to correct potential errors. Notably, the variant was also reported in

different studies as potentially disease causing in cardiac patients [424, 425]. This patient

presented with a very severe phenotype including typical facial features of RASopathies,

gonadal dysgenesis, impaired mobility and cognitive and intellectual performance. He had

also been diagnosed with Lennox–Gastaut syndrome, characterized by early-onset epilepsy

and pancreatic cancer [407]. The DCC variant (c.2053+9T>C) is classified as benign by the

ACMG guidelines, and was reported several times as such in ClinVar. The BIRC6 (c.7534G>T,

p.Val2512Phe) and WWP1 (c.422G>A, p.Gly141Glu) variants are VUS and could therefore be

further investigated for potential involvement in the severe phenotype.

Sample_274

The network of prioritized combinations for Sample_274 only includes variants in genes that

were part of the gene panel (Figure 6.11). All combinations therefore appear to have high

DS although they have relatively lower PS compared to the other patient networks. Only the

top ranked combination appears to be in the 99.9% confidence interval of the VarCoPP2.0

predictor, while the remaining combinations are in the 99% zone or simply predicted as

disease causing. The two combinations that are ranked higher than the manually diagnosed

combinations involve the FANCM variant, which is one of the two diagnostic variants, in

combination with variants in the CHD7 and POLA1 genes.

The CHD7 variant (c.307T>A, p.Ser103Thr) has been reported several times in ClinVar as

benign. Although it has been found in patients with IHH [426,427], it was shown to be able to

rescue the CHD7 knock-out phenotype in a zebrafish model [427], and can thus be considered

as benign. The fact that this variant is ranked highly by Hop is normal since the gene is indeed

relevant for the disease (with reported disease-causing variants in the gene) and the CADD

score is relatively high, which was shown to be an important feature for the VarCoPP2.0 model

(see Section 5.4.6).
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The POLA1 variant (c.4356C>T, p.Tyr1452=) is a synonymous variant, with a relatively low

CADD score, and is classified as benign by the ACMG guidelines. The fact that this com-

bination is predicted with relatively high PS is surprising. To further investigate, we looked

at the feature contribution analysis for this specific combination, which reveals that the main

features driving the prediction are the pair features, since the genes are close according to

the biological distance and have high biological process similarity.

Figure 6.11: Network visualisation of the top combinations prioritised by Hop for Sample_274
after applying the inheritance mode filter. The top 10 combinations are shown, with the
manually diagnosed combination at rank 3. For each variant, the protein change is shown if
available, otherwise the cDNA change is shown. Variants are also annotated with their CADD
phred score and MAF in the GnomADv3.1. Nodes colored in yellow represent variants which
are found in a gene from the gene panel and nodes colored in blue represent variants found
in other genes. The weight of the edges is inversely proportional to the rank and the color
correspond to the different VarCoPP2.0 confidence zones.
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Sample_454

The network of prioritized combinations for Sample_454 is centered around variants in genes

PROK2 and KLB, which are both part of the combined panel (Figure 6.12). The PROK2

variant is a diagnostic variant, in combination with the KMT2D variant. The KLB variant

(c.2329_2331del, p.Phe777del) is classified as likely benign by the ACMG criteria, and has

once been reported as VUS in Clinvar. It has been identified in homozygous state in large

population datasets.

The remaining variants are found in genes that are not part of the gene panel, with 4 variants

linked to both PROK2 and KLB variants (including the KMT2D diagnostic variant) and one

variant linked only to the PROK2 variant and one variant linked only to the KLB variant.

The KMT2D variant has the highest CADD score among these and would therefore quickly

be identified by manual analysis. All the variants in the non-panel genes, except for the

NEDD4L variant, are classified as VUS and are therefore relevant for further investigation

in an oligogenic inheritance context.

Figure 6.12: Network visualisation of the top combinations prioritised by Hop for Sample_454
after applying the inheritance mode filter. The top 11 combinations are shown, with the
manually diagnosed combination at rank 11. For each variant, the protein change is shown if
available, otherwise the cDNA change is shown. Variants are also annotated with their CADD
phred score and MAF in the GnomADv3.1. Nodes colored in yellow represent variants which
are found in a gene from the gene panel and nodes colored in blue represent variants found
in other genes. The weight of the edges is inversely proportional to the rank and the color
correspond to the different VarCoPP2.0 confidence zones.
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Sample_463

The network of top 10 combinations for Sample_463 only contains one variant in a gene

from the gene panel (Figure 6.13, TUBB3 variant). This variant is intronic, has a relatively low

CADD score, and is classified as benign by the ACMG guidelines. The rank of the manually

diagnosed combination could not be obtained since the CHEK2 variant was filtered out during

the coverage filtering step. The prioritized combinations therefore appear to either have high

PS (5 combinations are in the 99.9% confidence zones) but low DS or have higher DS but low

PS (the combinations are not in any confidence interval).

This type of output from Hop brings back the idea, discussed in Section 5.10 that a prioritiz-

ation algorithm will always provide a ranking, even though the identified combinations are not

necessarily relevant (here they are either not likely to be disease causing or not likely to be

relevant to the disease), and we should thus be careful about the outputed scores.

Figure 6.13: Network visualisation of the top combinations prioritised by Hop for Sample_463
after applying the inheritance mode filter. The top 10 combinations are shown. For each
variant, the protein change is shown if available, otherwise the cDNA change is shown.
Variants are also annotated with their CADD phred score and MAF in the GnomADv3.1.
Nodes colored in yellow represent variants which are found in a gene from the gene panel
and nodes colored in blue represent variants found in other genes. The weight of the edges
is inversely proportional to the rank and the color correspond to the different VarCoPP2.0
confidence zones.
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Sample_487

For Sample_487, the manually diagnosed combinations included a heterozygous variant in

the PROP1 gene which is known to be AR. We therefore analyze the top prioritized combin-

ations for that patient without applying the IM filter. The majority of the variants identified in

the top 19 are located in genes that are part of the gene panel (Figure 6.14). However, it is

important to note that, except for the NR5A1 gene (which contains a diagnostic variant) and

the GLI2 gene, the remaining genes in the network have an AR mode of inheritance. The

variant in the GLI2 gene (c.392G>A, p.Arg131His) is classified as VUS by the ACMG criteria

and was reported as such in ClinVar, and might thus be worth further investigation due to its

high CADD score.

Figure 6.14: Network visualisation of the top combinations prioritised by Hop for Sample_487
without applying the inheritance mode filter. The top 19 combinations are shown with the
manually diagnosed combinations having rank 19. For each variant, the protein change is
shown if available, otherwise the cDNA change is shown. Variants are also annotated with
their CADD phred score and MAF in the GnomADv3.1. Nodes colored in yellow represent
variants which are found in a gene from the gene panel and nodes colored in blue represent
variants found in other genes. The weight of the edges is inversely proportional to the rank
and the color correspond to the different VarCoPP2.0 confidence zones.
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Sample_491

The network of prioritized combinations in Sample_491 is centered around the OTX2 variant,

which is located in a gene present in the gene panel and which is one of the diagnostic

variant for this patient (Figure 6.15). Two other prioritized variants are within genes from the

gene panel and therefore have higher DS scores, although their PS scores are lower than the

one of the manually diagnosed combination (OTX2;BRIP1).

The TKTL1 variant (c.188A>G, p.Tyr63Cys) is classified as VUS by the ACMG guidelines

and was never reported in ClinVar or in other publications. This gene was only recently

reported in a study of patients with azoospermia, and has been shown to have particularly high

expression in the testis [428]. On the other hand, the SPECC1L (c.2882C>T, p.Ala961Val) is

classified as benign and was previously reported as such in ClinVar.

Figure 6.15: Network visualisation of the top combinations prioritised by Hop for Sample_491
after applying the inheritance mode filter. The top 8 combinations are shown, with the manually
diagnosed combination at rank 7. For each variant, the protein change is shown if available,
otherwise the cDNA change is shown. Variants are also annotated with their CADD phred
score and MAF in the GnomADv3.1. Nodes colored in yellow represent variants which are
found in a gene from the gene panel and nodes colored in blue represent variants found
in other genes. The weight of the edges is inversely proportional to the rank and the color
correspond to the different VarCoPP2.0 confidence zones.

We further analyzed the significance of the variants that are prioritized higher than the BRIP1

variant, since some had higher PS. The KAT2B variant (c.1957C>T, p.Arg653Trp) and the

MN1 variant (c.242G>C, p.Gly81Ala) were both classified as benign according to the ACMG

guidelines, and reported in ClinVar as such. The KMT2C variant (c.5053G>T, p.Ala1685Ser)
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is classified as VUS, and was identified as associated to increased Body Mass Index (BMI) in

an exome wide association study performed in japanese individuals [429]. Since this patient

is also affected with obesity, this variant might thus explain this part of his phenotype. Finally,

the STAT5A variant (c.341A>G, p.Tyr114Cys) is also classified as VUS. The STAT5A gene

has been found to affect female fertility in mice models, but no link has yet been made with

male infertility.

The detailed analysis of each patient network presented here indicates that in most cases,

the combinations prioritized by Hop for each individual make sense, and include the manually

diagnosed combinations. This type of visualisation can therefore be used by clinicians to

potentially diagnose patients. The disease-causing variants can indeed easily be identified

in most networks, as they either involve a highly connected variant, or involve variants with

very high CADD scores, standing out from the other nodes in the network. As we have seen in

the analysis of Sample_463, this visualisation also indicates when the ranking produced is not

relevant, as scores appear to be much lower. Even though manual analysis of such networks

for all patients would be time consuming, we believe it might still represent an improvement

over achieving manual diagnosis by looking solely at lists of variants, as it provides a visual

representation of the predictions.

6.6.2 Patients with monogenic diagnosis

Overall, in 57 patients, a monogenic diagnosis was obtained through manual analysis [227,

407]. This means that one or two variants in a single gene were found to explain the patient’s

disease. The list of patient and diagnosis can be found in Appendix E. The majority of the

diagnoses were found in the FIMM patients cohort, with only 8 patients from the GEMINI

cohort having a monogenic diagnosis.

We investigated the ranks of the monogenic diagnostic variants in the Hop predictions. A small

proportion (10/54) of diagnostic variants were removed by our VCF filtering procedure. These

variants, as well as the filters that removed them, are detailed in Appendix E. Therefore,

for 11 patients (6 from the FIMM cohort and 5 from the GEMINI cohort), the rank of the

monogenic diagnostic variants could not be retrieved by the predictor. For the remaining

patients, we computed the rank of the variants as the rank of the first combination in the

prioritized combinations that contained this variant. This was done with and without applying

the IM filter and for the different gene panels.
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Figure 6.16: Rank of the first combination including the monogenic diagnostic variant, without
applying any filtering on the results (A) and by filtering the variants based on the genes
inheritance mode (B). The results are shown using the different panels as seeds for the
prioritization.

Similarly to the oligogenic variants, the combinations involving monogenic diagnostic variants

appear to be ranked highly in the predictions, with the majority of the combinations being

ranked in the top 25 when using the combined panel as seeds (Figure 6.16). Here again it

appears that ranking using the combined gene panel as seeds lead to the best retrieval of

known combinations.

To better visualise the proportion of combinations that were ranked in the top 100 by Hop, we

compute the CDF curves, similarly to what was done in Chapter 5, for the rankings generated

with the different panels and using the two different filtering of the results (Figure 6.17).

Using the combined panel, for all but one patient, the first combination containing the mono-

genic diagnostic was found in the top 100 in the unfiltered results and in the top 50 when

filtering the results using the IM filter. The diagnostic variant that could not be retrieved is a

hemizygous variant in the GLUD2 gene (c.412C>T p.Gln138*), which was found as diagnostic

for Sample_114.
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Figure 6.17: CDF plot of the performance of Hop in identifying the monogenic variants found
in the ESTAND cohort. Each curve represent the use of a different gene panel as seeds for
the prioritization. The CDF curve represents the proportion of patients for which the known
monogenic variant was found in one of the combinations higher than the rank value shown
on the x-axis (varied between 1 and 100). Since for 11/57 patients, the diagnosed monogenic
variant has been filtered out, the maximum proportion of diagnosed patients that could be
found with Hop is 0.81.

In addition to investigating the ranks of the monogenic variants, we checked whether the

networks of the top prioritized combinations in patients with monogenic diagnoses have a

“star” topology and are centered around the monogenic diagnostic variants. In the networks

generated by the top combinations when not taking into account the inheritance mode of

the genes, only one sample had a star network topology. However, when applying the IM

filter, 17, 15 and 7 patients out of the 57 patients with monogenic diagnostic variants had

a “star” network topology structure for the networks generated by the top 10, top 20 and

top 50 combinations respectively. This represents 29.8%, 26.3% and 12% of the patients

respectively, which is higher than the percentage of samples having such network structures

when considering all patients (see Section 6.5.3). Furthermore, the diagnostic variant was

the variant with the most connections in the network for 21 patients when looking at the top

10 and 18 patients when looking at the top 20 and top 50 combinations. This indicates that

some of these monogenic diagnostic variants can act as “anchors” to the predictions, leading

to the prioritization of multiple variant combinations involving the diagnostic variant together

with potential modifiers.

Analysis of the manually diagnosed patients using our Hop predictor therefore allows to

validate that the combinations detected by the predictor match with the manually detected

combinations and confirms the relevance of our tool for the identification of disease-causing

variants in the ESTAND cohort.
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6.7 Analyzing shared gene pairs among patients

Following from these preliminary results, we therefore move towards the investigation of

general patterns of digenic variant combinations in the cohort based on the Hop predictions

in all patients. All results presented onwards are based on the prioritized combinations with

the combined gene panel collecting all 638 candidate genes for male infertility as this panel

seemed to yield better results. We however continue to compare the effect of applying or not

applying the IM filter.

6.7.1 Patients share more gene pairs than controls

We first look at how many gene pairs are shared between patients and between controls in

the top 10, top 20 and top 50 prioritized combinations. We define a gene pair as shared by

two individuals if it contains at least one variant combination that is prioritized in the top K

combinations of both individuals. This is done in the results filtered with the IM filter.

The number of distinct gene pairs that are shared by more than N samples, for N varied

between 2 and the maximum number of samples sharing a particular gene pair is shown

in Figure 6.18. Overall, when considering the top 10 combinations, 194 pairs are shared

by at least 2 patients (out of 3882 distinct gene pairs present in the top 10 of all patient

samples), while 94 gene pairs are shared by at least 2 control samples (out of the 3005 distinct

gene pairs found in the top 10 of all controls individuals). Furthermore, based on the top 10,

246/429 (57%) patient individuals share at least one gene pair with another patient, while

only 124/322 (38.5%) control individuals share at least one gene pair with another control

individual. In the top 20 and top 50, we observe more shared gene pairs among at least 2

samples. Nevertheless, even when considering the top 50, there are 36 patients (8.4%) which

do not share any gene pair with another patient sample, and 45 control samples (14%) which

have only have variants in unique gene pairs. The maximum number of patients sharing a

particular gene pair is 6 (and this is the case for 4 distinct gene pairs in the top 50), while at

most 5 control samples carry a variant combination in the same gene pair.

It therefore appears that patient share more gene pairs in their top 10, 20 and 50 than control

samples, yet, since the patient group is larger than the control group, this might be due to

chance only. To assess whether this difference is statistically significant due to differences in

the groups, and thus to investigate whether this is due to the sharing of potentially relevant

gene pairs among patients, we perform a permutation analysis. The “patient” and “control”

labels of the samples are randomly shuffled 10,000 times and each time, we recompute the

proportion of shared gene pairs in the top 10, top 20 and top 50 combinations of each set. We

then compare the z-score obtained from the true proportion of shared combinations between

patients and controls with the 10,000 z-scores obtained from the random sets and computed

a p− value as the number of times these permuted z-scores are higher than the true z-score

divided by the number of permutations.
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Figure 6.18: Number of distinct gene pairs that are shared by more than N patients or controls,
for varying values of N, when considering combinations in the top 10 (A), top 20 (B) and top
50 (C) variant combinations. A gene pair is shared between two patients if each patient has
at least one variant combination in that gene pair in their top K prioritized combinations for
the three aforementioned values of K. P-values represent the statistical significance of the
difference between the counts, by assessing the difference in ratio of shared combinations
among patients and controls groups using a permutation test.

This indicates that although the number of gene pairs shared by the patient group seem to be

much larger than the number of gene pairs shared among the control group, these differences

are mostly due to the difference in sample size between the groups. We only observe a few

statistically significant differences (Figure 6.18). For instance, there seem to be more gene

pairs that are shared by at least two patients in the top 10, as well as significantly more gene

pairs that are shared by at least 3 patients when considering the top 20 of each sample (Figure

6.18).

This analysis suggests that patients share more gene pairs than controls, which indicates that

potential oligogenic signatures are present in the patient group, and that they are prioritized by

our method. The control group does not present with such enrichment signal, since the variant

combinations that are prioritized in these samples are mostly due to chance and biases of the

method, and there are thus less common findings between the different samples.

To further analyze the difference between these shared gene pairs, we visualise the network

of gene pairs that are shared by more than 3 samples in the patient and controls sets,

when taking into account the top 20 combinations of each sample, since this top showed

a statistically significant difference between patients and controls (Figure 6.18B). Each node

in this network represents a gene and each connection between two genes represent a pair

that is shared by more than 3 samples. By making the size of each node in the network

proportional to the degree of the node (i.e. the number of shared gene pairs it is a part of)

we can visualise the genes that appear to be the most important genes among these shared

combinations. This is done for both the patients and controls set separately, to assess whether

we distinguish different genes in the two sets (Figure 6.19).
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Figure 6.19: Networks of gene pairs shared by at least three samples when considering the
top 20 of each sample, for the patient group (A) and the control group (B). The orange nodes
are genes that are part of the gene panel used as seeds for the prioritization while the blue
nodes are novel genes. The size of the node is proportional to the degree of the node and the
width of the edges is proportional to the number of patients or controls that share the gene
pair.
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We observe that in addition to being larger, the network of gene pairs shared between patients

is more connected than the network of gene pairs shared between controls (Figure 6.19).

Some genes appear to be common between both networks, such as NOTCH2, which is the

gene with the highest degree in both the patients and control sets (Figure 6.19). There also

appear to be common gene pairs, such as the NOTCH2;CHD7 pair which is shared by 4

patients and 3 controls. This indicates that not all gene pairs that are shared between patients

are relevant for further analysis as they might be due to biases of the predictor, which ranks

variant combinations in these gene pairs highly in both patient and control samples. These are

probably due to biases in the DS, as discussed in Chapter 5, and highlights the importance of

performing case-control studies to correct for these biases.

Noticeably, in the patient network, the APP and CFTR genes, which were not in the gene

panel, appear to be common to several shared gene pairs. CFTR is a well known gene asso-

ciated with male infertility (see Section 1.4), but was excluded from the panel of [227] since

variants in this gene were assessed prior to the study and no pathogenic or likely pathogenic

variants based on the ACMG criteria had been identified. However, since these criteria are for

the assessment of monogenic variants, other types of variants in this gene might be relevant

for an oligogenic model and might have been picked up by our approach. The APP gene

encodes for the Amyloid precursor protein, which is mostly known for playing a central role in

the development of Alzheimer’s disease [430]. However, this protein is expressed in multiple

tissues outside of the nervous system and several lines of evidence have started to show its

potential implication in fertility, such as the fact that it is expressed in the rat testis and seem

to be important for spermatogenesis [431], the observation of infertility in mice with double

knock-out of APP and APLP2 [432], and analysis of the APP interactome in testes [433].

6.7.2 Gene pair enrichment analysis

Following the observation that patients appear to share certain gene pairs in their top prior-

itized combinations, we note that some of these gene pairs might be due to biases from the

predictor, as they are also found in the control set. To address this, in this section, we analyze

which gene pairs appear to be significantly more frequent in patients compared to controls.

To do so, we perform the following permutation procedure [369]:

1. We collect the most frequent gene pairs in the Top10, Top20 and Top50 prioritized

combinations of the patient cohort.

2. We calculate the frequency of these gene pairs in the equivalent ranking in the control

population.

3. For each gene pair, we test whether the frequency of the gene pair in the patient

population is significantly higher than the frequency of the gene pair in the control

population, by using a normal one sided test for proportions, and calculate the z-score

of the test.
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4. We then perform a sample permutation, by randomly shuffling the “patient” and “control”

labels of the samples 1000 times. For each iteration n (n), we re-computed the fre-

quency of the gene pairs in the patients and controls sets and computed the associated

z− scoren.

5. Using these permutations, we compute a p−value for each gene pair according to the

following equation

p− value =
∑

N
n=1 I(z− scoren ≥ z− score)

N

where N represents the number of permutations. This p− value thus represents the

proportion of permutations for which the z− score obtained with the shuffled labels is

larger than the actual z− score.

6. We consider gene pairs with a p− value < 0.05 as significantly more frequent in pa-

tients, and relevant for further investigation.

This is done first for all patients compared to controls and then for the different patient sub-

groups.

6.7.3 Enriched gene pairs in infertile men compared to controls

First, we assess whether we could discover enriched gene pairs across the whole cohort. The

procedure described above is thus applied to the whole FIMM patients cohort of 429 infertile

men compared to the 322 control individuals sequenced as part of the GEMINI study. The

significant gene pairs for the IM filtered and unfiltered datasets and for the different tops are

shown below (Table 6.3).

Only two gene pairs appeared to be significantly enriched among patients compared to control

individuals when filtering variants according to the mode of inheritance, and 6 distinct gene

pairs are significantly enriched when not taking into account the inheritance mode of the

genes (Table 6.3). The fact that we do not observe many significantly enriched gene pairs

is probably due to the low statistical power induced by the sample size. With 429 patients

and 322 control individuals, a gene pair has to be shared by a minimum of 6 patients for it to

be significantly enriched (assuming no control is found to carry a variant combination in this

gene pair). As we have seen from the number of shared gene pairs among patients (Section

6.7.1), there are no such gene pairs in the top 10, and only one such gene pair in the top

20 and 4 gene pairs in the top 50. Given the high heterogeneity of male infertility genetics

and the phenotypic heterogeneity of the ESTAND cohort, obtaining such as small number of

statistically significant gene pairs is therefore not surprising.
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Unfiltered Inheritance mode filtered

Gene pair p− value
Num. patients Num. Control

Gene pair p− value
Num. patients Num. Control

carriers carriers carriers carriers

Top 10

Top 20

TTC21A;DNAH1 0.0308 6 0 CHD7;GLI2 0.035 6 0
SLX4;RECQL4 0.036 6 0

Top 50

DNAH11;DNAH8 0.0012 13 0 NCOR1;NOTCH2 0.0348 6 0
DNAH1;DNHD1 0.0168 7 0 CHD7;GLI2 0.035 6 0
TTC21A;DNAH1 0.0182 7 0
GNAS;DNAH1 0.031 6 0

Table 6.3: Significantly frequent gene pairs in the top 20 and top 50 ranking of the patients of
the ESTAND cohort. Genes colored in blue are not part of the initial panel.

We therefore further analyze these gene pairs, by looking, for each patient, at the variant

combinations that are found within these gene pairs and the characteristics of those com-

binations, as well as the detailed scores that led to their prioritization (i.e. the DS and PS for

each combination). These results are presented in Figure 6.20 for the CHD7;GLI2 pair and

Figure 6.21 for the NCOR1;NOTCH2 pair. The detailed results for the gene pairs found to

be statistically significant without taking into account the inheritance mode of the genes are

shown in Appendix F, and are briefly discussed at the end of this section.

Figure 6.20: Variant combinations identified in the gene pair GLI2;CHD7 in different patients
of the ESTAND cohort. The black nodes represent the genes in which the variants are located.
The colored edges represent the predicted variant combinations, with the ID of the patient,
the PS score and DS score. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Details on the variants found in patients in the CHD7;GLI2 pair show that part of these combin-

ations are probably false positives due to the high contribution of the DS to the prioritization. In-

deed, in 5/6 combinations, one of the variant involved has a very low scaled CADD score (<10,

which we would consider the threshold for a variant involved in an oligogenic combination).

This is due in some cases to these variants being synonymous variants, or intronic variants.

Furthermore, the PS of these combinations is relatively low, with only 2 out of 6 combinations

being in the 99% confidence zone. The GLI2 and CHD7 genes are both in the gene panel

used for the prioritization and have well established links to male infertility. Additionally, each

gene is linked respectively to 16 and 70 oligogenic combinations in OLIDA, out of which 2

variant combinations are found to involve both these genes (OLI1746 and OLI575) [253].

These combinations are reported as causative of DSD in two distinct patients [193,434], and

involve CHD7 and GLI2 variants together with other genes. However, both combinations are

associated with confidence scores of 0, indicating that they are not associated to sufficient

evidence for confirmed pathogenicity involvement according to our criteria. This also means

that these combinations were not used in the training set of VarCoPP2.0, and that this finding

is not due to biases in our tools.

We investigate further each variant identified using Franklin to assess whether the intronic

variants are predicted to affect splice sites, and also assess the ACMG guidelines status of

these variants. We also search for the presence of these specific variants in OLIDA to check

whether they have previously been reported as oligogenic causes.

In GLI2, most variants are classified as likely benign, and have been reported as such in

ClinVar. This is the case for the p.D97D, p.D240D, p.A203T, p.D1520N and p.M1352V variants.

However, the reports in ClinVar were mostly assessing the involvement of these variants in

Holoprosencephaly, a birth defect that appears to be unrelated to male infertility. The intronic

variant c.*7G>A is classified as VUS by the ACMG guidelines, although it is predicted benign

by SpliceAI [435]. It is rare in population databases and was never reported in ClinVar. The

variant p.E1301K is also classified as VUS, it presents with low frequency in population

databases and was also never reported in ClinVar.

Interestingly, one of the GLI2 variants (c.4558G>A, p.Asp1520Asn) is found in the OLIDA

combination OLI1159, as it was recently reported in a patient with Kallmann syndrome, in

combination with a FGFR1 variant. This combination is associated with a confidence score

of 0 and is thus not included in the VarCoPP2.0 training set. In our cohort, this variant is

prioritized as part of a compound heterozygous variant and in combination with a synonymous

CHD7 variant (c.1473C>T, p.Ile491=), which has been reported as benign and likely benign

in ClinVar in relation to Charge syndrome and CHD7 related condition.



6.7. Analyzing shared gene pairs among patients 197

In CHD7, 3 out of the 5 variants are also found in OLIDA, indicating that they were previously

reported as an oligogenic cause to disease. In particular, the p.Asn2891Ser variant is found in

two combinations (OLI1294 and OLI1301), with the OLI1294 obtaining a FINALmeta score of

1. It is important to note that this combination was added in OLIDAv3 and that this variant was

therefore not present in the training set of VarCoPP2.0. The remaining variants (c.5051-4C>T

found in OLI1600 and c.307T>A,p.Ser103Thr found in OLI1172) are found in combinations

that have a final confidence score of 0. These combinations were however reported in indi-

viduals affected with either Kallmann syndrome or Hypogonadotropic Hypogonadism, which

are known to cause infertility.

The c.7868C>T, p.P2623L variant, which is not found in OLIDA, is classified as VUS by

Franklin and has been reported as such in ClinVar for the Hypogonadotropic Hypogonadism

phenotype.

Overall, it therefore appears that although the variant combinations found within the GLI2;CHD7

gene pair initially did not seem relevant due to the low CADD scores of the variants and the

relatively low VarCoPP2.0 scores, several of these variants were previously reported as part

of oligogenic variant combinations found in patients with similar phenotypes, and a few of the

other variants are classified as VUS using ACMG criteria, meaning that their potential role

in the phenotype of the patients need to be further assessed. The CHD7 and GLI2 genes

together are good candidates as they have also been reported in the same gene combination

in OLIDA. The biological mechanisms that could potentially explain their joint involvement in

the phenotype are further explored in Section 6.8.

The NOTCH2;NCOR1 pair involves the NOTCH2 gene which is part of the gene panel and

NCOR1, which is not present in the candidate gene list. We here observe that the variant

combinations found have higher PS, and that the majority of combinations (4 out of 6) are

in the 99.9% confidence interval of the VarCoPP2.0 predictor (Figure 6.21). However, the

combinations present with lower DS as they involve variants in a gene that is not in the original

panel.
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Figure 6.21: Variant combinations identified in the gene pair NCOR1;NOTCH2 in the top
50 of 6 patients of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with
the ID of the patient, the PS and DS. Edges are colored based on the confidence interval
of the VarCoPP2.0 score (the darker the color the higher the confidence interval). For each
variant the protein change is provided if available, as well as the scaled CADD score and MAF
in the GnomADv3.1 database.

We here again proceed to further analyze the variants involved in the combinations found

in this gene pair using Franklin for monogenic interpretation and OLIDA for searching for

previous reports of these variants in oligogenic cases.

Although NCOR1 is not included in the gene panel in [227], it has been reported in OLIDA

as part of a variant combination that was found in a DSD patient. This combination (OLI573)

involves two NCOR1 variants including the NCOR1:c.6544G>A,p.Ala2182Thr, which is also

found here in the prioritized combinations of Sample75 and Sample264 (Figure 6.21). OLI573

involves 6 genes and was assigned a final confidence score of 0. According to Franklin, this

NCOR1 variant is nonetheless classified as benign as it has been reported as such in ClinVar.

In NOTCH2, one variant is found in OLIDA, the c.3980A>G, p.Asp1327Gly which is found in

OLI601, a combination involving 7 genes in a DSD patient. This combination is also associated

with a final score of 0, although it has a functional gene score of 1 and statistical score of

1. For the remaining NOTCH2 variants, apart from the c.266C>T, p.Thr89Met variant which

is classified as VUS and was never reported in ClinVar, all other variants (c.4680-8T>A,

c.4897G>A;p.Val1633Ile and c.7075C>G; p.Pro2359Ala) are classified as Benign or Likely
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Benign by Franklin. However, the conditions for which these variants are reported as benign

are often not specified. Interestingly, the c.7075C>G, p.Pro2359Ala variant was reported

to be involved in Primary Ovarian Insufficiency [436]. Functional analysis revealed that the

p.Pro2359Ala variant led to a significant decrease in transcription activity of NOTCH2 [436].

In NCOR1, out of the three remaining variants, 2 are classified as VUS and were never

reported in ClinVar (c.667G>A;p.Val223Met and c.3360G>C,p.Glu1120Asp), while the last

variant (c.4218A>C; p.Leu1406Phe) was reported as benign in ClinVar for an unspecified

condition. Of note, the c.3360G>C,p.Glu1120Asp variant was found in one patient with digital

papillary adenocarcinoma, although the authors do not report any evidence of its involvement

in the pathogenesis [437]. We further investigate the potential disease mechanisms of the

involvement of these two genes in infertility in Section 6.8.

The pairs that are found to be statistically significantly enriched when not taking into account

the inheritance mode of the genes involved variants in genes of the DNAH family, which

encode for dynein axonemal heavy chain proteins, and are important for cell motility [438].

For example, we find the pair DNAH11;DNAH8 as being the most enriched gene pair in the

top 50. However, although DNAH8 is known to be important for sperm flagella and is highly

expressed in sperm cells [439], DNAH11 is almost exclusively expressed in the brain. The

genes in this gene pair are therefore not likely to act together to cause infertility. The pair

DNAH1;DNHD1 might however be relevant, as both genes are expressed in spermatids and

have been shown to be associated with morphological abnormalities of the sperm flagellum.

Furthermore, variant combinations in this gene pair appear to have high pathogenicity scores

(Appendix F). Although both genes are described to have an AR mode of inheritance, and

that the variant combinations found in this gene pair involve, for the most part, single hetero-

zygous variants, they could be relevant under a digenic inheritance model and deserve further

investigation.

6.7.4 Enriched gene pairs in patients subgroups

As mentioned in Section 3.1.2, the patients of the ESTAND cohort can be divided in 3 main

subgroups according to their phenotype. In this part, we therefore assess whether we could

find significantly more frequent gene pairs in these three subgroups as compared to the

controls. Because the size of the patient group is smaller compared to the controls, it it easier

to have statistical significance, and the patients are more likely to have similar oligogenic

causes because they present with a more similar phenotype.
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Patients with azoospermia

There are 183 patients in the cohort diagnosed with Non-Obstructive Azoospermia (NOA), 80

of which were sequenced as part of the GEMINI study and 103 sequenced at the FIMM. We

here assess the enriched gene pairs in the 103 FIMM samples compared to the 322 controls,

using the same procedure as described above.

Unfiltered Inheritance mode filtered

Gene pair p− value
Num. patients Num. Control

Gene pair p− value
Num. patients Num. Control

carriers carriers carriers carriers

Top 10

BRCA2;SLX4 0.0486 3 1 SMARCA4;FGFR1 0.0494 3 1

Top 20

BRCA2;FANCA 0.0466 3 1 SMARCA4;FGFR1 0.043 3 1
BRCA2;SLX4 0.0466 3 1
ATP2B4;DCC 0.0488 3 1

Top 50

CREBBP;AKAP9 0.0108 3 0 EP300;NOTCH2 0.0484 3 1
DNAI1;DNAH8 0.044 3 1 TGFBR3;ERCC6 0.0496 2 0

Table 6.4: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with azoospermia.

We do not observe many significant findings in the group of patients with NOA, with only 3

gene pairs with a p− value less than 0.05 when applying the IM filter and 5 significant gene

pairs in the unfiltered results (Table 6.4). Furthermore, the majority of these gene pairs are

still found to be carried by at least one control individual, and we therefore do not investigate

these pairs further. The details on the variant combinations found in these gene pairs can be

found in Appendix F.

Patients with oligozoospermia

There are 181 patients with Oligozoospermia (OZ), 3 were sequenced using the GEMINI

platform and were thus excluded from the analysis, while 178 were sequenced as part of the

FIMM group and are thus here compared to the 322 infertile men.
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Unfiltered Inheritance mode filtered

Gene pair p− value
Num. patients Num. Control

Gene pair p− value
Num. patients Num. Control

carriers carriers carriers carriers

Top 10

SBF1;BMPR1B 0.0436 3 0 SLIT3;DCC 0.0488 3 0
CHD7;RECQL4 0.0448 3 0

SETX;BLM 0.0484 3 0

Top 20

ATM;RECQL4 0.0048 5 0 CHD7;GLI2 0.0174 4 0
CHD7;GLI2 0.041 3 0 SLIT3;DCC 0.0416 3 0

SBF1;BMPR1B 0.0456 3 0 CHD7;FGFR1 0.0452 3 0
RECQL4;MCM9 0.0498 3 0 TP63;PPP1R12A 0.0468 3 0

Top 50

DNAH11;DNAH8 0.0058 6 0 CHD7;GLI2 0.0196 4 0
ATM;RECQL4 0.01 7 2 NOTCH2;JAG1 0.0392 3 0
CHD7;GLI2 0.0134 4 0 TP63;PPP1R12A 0.0408 3 0

NOTCH2;ATM 0.0142 7 2 NOTCH2;GLI2 0.0424 3 0
CFAP61;DNAH1 0.0146 4 0 SLIT3;DCC 0.0424 3 0
TOP2A;RECQL4 0.0148 4 0 NOTCH2;MCM2 0.0426 3 0
RECQL4;MCM9 0.0208 4 0 TP63;NOTCH3 0.043 3 0
ROS1;USP42 0.0358 3 0 APP;FN1 0.0446 3 0

CSMD1;SH3TC2 0.0404 3 0 CHD7;FGFR1 0.0446 3 0
CHD7;MCM8 0.0422 3 0 NOTCH2;DCHS1 0.0454 3 0

NOTCH2;EIF2B2 0.0432 3 0 CHD7;TENM4 0.048 3 0
NOTCH2;TTC21A 0.0442 3 0

SBF1;BMPR1B 0.0446 3 0
USP42;PRDM9 0.0446 3 0

ATM;ME1 0.0448 3 0
EPHB1;SETX 0.0452 3 0
KLC2;DNAH1 0.0456 3 0
EPHB1;DCC 0.0466 3 0
DCC;POTEJ 0.0476 3 0

SPTBN2;DCC 0.0478 3 0
BRCA2;EXO1 0.0284 0 8

MLH3;RECQL4 0.0414 0 7

Table 6.5: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with oligozoospermia.

We find more significant gene pairs in the group of patients with OZ. Of note, 4 of the samples

carrying variant combinations in the CHD7;GLI2 pair appear to be in this group, and several

pairs that are found to be significantly enriched involve novel genes that are not present in the

original panel (Table 6.5 blue genes), including a gene pair that only involves novel genes (the

APP;FN1 pair). These findings highlight the fact that Hop and our analysis protocol allows for

potential new discoveries from WES and is not too strongly biased towards the seed genes.

The full results on the variant combinations are shown in Appendix F.
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Patients with cryptorchidism

There are in total 152 patients with cryptorchidism. 4 were sequenced with the GEMINI

samples and 148 belong to the FIMM group. We here focus our analysis on the 148 FIMM

patients and look for gene pair enrichment in these patients as compared to the 322 controls.

The cryptorchidism group appears to have fewer significant gene pairs than the OZ group,

when considering the genes’ inheritance mode. Furthermore, except for the NCOR1;NOTCH2

combination which was already discussed above, all these gene pairs involve the GNAS gene.

Unfiltered Inheritance mode filtered

Gene pair p− value
Num. patients Num. Control

Gene pair p− value
Num. patients Num. Control

carriers carriers carriers carriers

Top 10

ROS1;DNAH1 0.033 3 0 GNAS;DNAH1 0.0334 3 0

Top 20

SLX4;RECQL4 0.0286 3 0 GNAS;DNAH1 0.0264 3 0
TTC21A;DNAH1 0.0292 3 0 HERC2;GNAS 0.0278 3 0
POLR3A;SETX 0.03 3 0

WDR11;SEMA5A 0.0304 3 0
ROS1;DNAH1 0.034 3 0
BRCA2;EXO1 0.0446 0 8

Top 50

GNAS;DNAH1 0.0028 5 0 GNAS;DNAH1 0.0314 3 0
DNAH11;DNAH8 0.0032 5 0 NCOR1;NOTCH2 0.0326 3 0
HCN4;ATP2B4 0.0276 3 0 GNAS;MPG 0.0328 3 0

NOTCH2;VWA3A 0.0288 3 0 HERC2;GNAS 0.0336 3 0
FAT4;CELSR3 0.03 3 0

DNAH1;DNHD1 0.0304 3 0
POLR3A;SETX 0.031 3 0
RNF213;ZFHX2 0.031 3 0
CDC14A;DNAH1 0.0312 3 0

ROS1;DNAH1 0.0312 3 0
CENPE;DNAH1 0.0322 3 0
TTC21A;DNAH1 0.0326 3 0
WDR11;SEMA5A 0.0334 3 0

CFAP65;TMEM247 0.0338 3 0
SBF1;SEMA5A 0.0342 3 0
SOHLH1;MCM8 0.0354 3 0
DNAH10;DNAH6 0.037 4 1

BRCA2;EXO1 0.048 0 8

Table 6.6: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with cryptorchidism.

Overall, we observe in the analysis of the different subgroups that we find less enriched gene

pairs in the NOA patients as compared to the other subgroups of patients. This is likely to be

due to the size of the sample set, since there are only 103 samples with NOA, while there

are more patients in the other subgroups. However, this might also be due to the fact that the

NOA phenotype is more extreme and thus more likely to be caused by monogenic variants

than oligogenic ones.
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6.8 Analysis of the mechanisms underlying enriched gene pairs

In order to analyze the potential biological mechanisms underlying the digenicity of certain

pairs, we further investigate them using ARBOCK (see section 3.5.6 and [374]), to generate

graph explanations for each of the identified gene pair.

We investigate the two pairs that were found to be enriched in the whole group of patients:

CHD7;GLI2 and NCOR1;NOTCH2. For each pair, we use the ARBOCK model with and

without phenotype to predict the pathogenicity of the pair and generate explanations for the

predictions, which are then visualised as small networks involving the genes, GO terms, HPO

terms and other entities of the graph which are likely to be relevant to the disease mechanisms

as predicted by the tool (see Section 3.5.6 and [374]).

We observe that the graph explanations of the CHD7;GLI2 mechanisms involve other genes

known to be associated to male infertility such as SOX2 and FGFR1 (Figure 6.22).

Figure 6.22: Explanation graphs generated by ARBOCK for the CHD7;GLI2 gene pair.
Explanation from subgraph (A) is associated with a prediction score of 0.97 and explanation
from subgraph B is associated with a prediction score of 0.84. Nodes are colored according
to the color code of BOCK (see Figure 3.10), genes are in orange, Biological Processes in
red and Molecular functions in pink.

It appears that the CHD7 and GLI2 genes are involved in several developmental processes,

either directly or through physical interaction and coexpression with other genes. In particular,

one of the graph explanations shows that through interaction with SOX2, CHD7 and GLI2 are

both involved in pituitary gland development (Figure 6.22B). This mechanism was investigated

in functional experiments, which show that through physical interaction, CHD7 and SOX2

regulate the expression of different genes in neural stem cells [440]. These genes are part

of the Notch and Shh pathways including GLI2 [440]. Furthermore, this analysis shows that

SOX2 and CHD7 bind the genes JAG1, GLI2 GLI3 and MYCN and activate the expression of

JAG1, GLI2 and GLI3 [440]. Since the pituitary gland is an important regulator of hormones

crucial for spermatogenesis (in particular LH and FSH), alterations in these two genes are

likely to have an effect on male fertility [441].
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Figure 6.23: Explanation graph generated by ARBOCK for the NOTCH2;NCOR1 gene pair.
Nodes are colored according to the color code of BOCK (see Figure 3.10), Genes are in
orange, Biological Processes in red and Molecular functions in pink.

The explanation graphs generated by ARBOCK for the NOTCH2;NCOR1 pair appear to be

more complex, and we here show one such graph which highlights different processes in-

volving both genes (Figure 6.23).

The genes seem to be involved in axon guidance and nervous system development, though

these associations are indirect in the case of NCOR1. It appears from the ARBOCK ex-

planations that NCOR1 is linked to Notch signalling, involving the NOTCH2 gene, through

physical interaction with HEY2. The Notch signalling pathway is important for controlling cell

proliferation, differentiation and death in many organs, which explains why so many biological

processes appear to be found by ARBOCK. In particular, Notch signalling also plays a role

in the development of both female and male reproductive systems, and NOTCH2 has been

found to be highly expressed in different parts of the male reproductive tract [442]. Notch

signalling has been suggested to also be important in sperm maturation [443]. Furthermore,

NCOR1 has been shown to play an important role in developmental processes via regulation

of the Notch signalling pathway [444]. Finally, a mouse model with mutant NCOR1 was shown

to have decreased levels of thyroid hormone and thryoid stimulating hormones, which are

important for male reproduction [445, 446]. Although the mechanism needs to be clarified,

these different lines of evidence point towards the potential involvement of these genes in

infertility.
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6.9 Analyzing shared genes within gene pairs in infertile men

In this section, we turn to investigating whether specific genes appear to be enriched in the

prioritized gene pairs in patients as compared to controls. We apply the same methodology

as for the gene pair, except that this time, the entities counted are the genes found within the

top prioritized combinations.

With this analysis we aim to find genes that appear to be often shared between patients but not

within controls. These genes might either partially cause infertility, with their effects influenced

by alternative genes, or act as modifiers, interacting with various other genes. This analysis

also gives us more statistical power as it is more likely to find patients with common genes in

the cohort than patients with the exact same gene pairs. Furthermore, this allows to focus on

some of the novel exome genes (i.e. genes which are found by Hop which are not part of the

gene panel) and assess their relevance.

6.9.1 Enrichment analysis of genes within gene pairs in infertile men com-
pared to controls

First, we investigate the genes that are found to be significantly enriched within gene pairs

among all infertility patients as compared to controls. We observe that, when taking into

account the IM of the genes, we find much more novel genes (i.e. genes that were not in

the original panel) to be enriched than when looking at the unfiltered results (Table 6.7). This

can be caused by the fact that since we use the same gene panel for prioritization in both

patients and controls and that the top combinations appear to be slightly biased towards the

seed genes, due to the DS, theses genes are more likely to be found in the top prioritized

combinations of both controls and patients, and therefore to not be significantly enriched in

patients. It is important to note that since we performed a single gene enrichment analysis

at the beginning of this chapter, the results presented here represent an enrichment of the

genes within the prioritized pairs, and are not caused by an enrichment in the number of

variants within these genes.

Unfiltered Inheritance mode filtered

Top 10

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

ASZ1 0.005 10 0 PRKCB 0.006 9 0

CDC14A 0.022 12 2 NOTCH2 0.007 57 24

SBF1 0.024 24 8 VCX3B 0.017 11 1

CCDC146 0.039 13 3 PTPRT 0.018 7 0

ROS1 0.043 42 19 TUB 0.02 10 1

DHX37 0.044 15 4 ACTRT1 0.021 7 0
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RNF213 0.044 29 12 GLI2 0.022 28 10

ATM 0.027 6 0

PIAS2 0.028 9 1

LRP5 0.032 6 0

ESR1 0.037 13 3

Top 20

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

ASZ1 0.007 12 1 PRKCB 0.002 12 0

SPO11 0.008 8 0 PTPRT 0.002 13 0

NOTCH2 0.012 52 21 NOTCH2 0.004 62 25

VCX3B 0.013 8 0 VCX3B 0.008 12 1

FEZF1 0.014 8 0 DNMT3A 0.012 8 0

BCORL1 0.015 8 0 GLI2 0.013 30 10

PPM1J 0.021 18 5 SOX30 0.013 8 0

CDC14A 0.027 14 3 BRD2 0.015 8 0

CCDC146 0.028 14 3 FAT4 0.016 11 1

ROS1 0.033 47 21 ESR1 0.018 15 3

RNF17 0.036 9 1 DHX37 0.023 21 6

CSMD1 0.041 39 17 ABL2 0.026 10 1

AXDND1 0.048 10 2 AP2A2 0.027 9 1

BPTF 0.028 25 9

TUB 0.028 12 2

BCORL1 0.034 9 1

TYRO3 0.034 11 2

MAGI1 0.043 13 3

TNRC18 0.043 8 1

AAK1 0.047 8 1

CASZ1 0.048 11 2

FBXO5 0.049 10 2

Top 50

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

NPHP3 0.004 9 0 PTPRT 0.001 27 4

ASZ1 0.005 13 1 ELL 0.002 12 0

FEZF1 0.005 10 0 VCX3B 0.003 16 2

NOTCH2 0.005 60 23 NOTCH2 0.005 66 27

PABPC1 0.005 20 4 SOX30 0.005 13 1

PRKCB 0.005 10 0 DHX37 0.006 26 7

SORL1 0.005 19 4 PABPC1 0.006 29 9

GLI2 0.008 27 8 FAF1 0.008 14 2

VCX3B 0.008 12 1 NCOR1 0.009 27 8
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AAK1 0.01 8 0 PRKCB 0.009 12 1

CAND2 0.01 8 0 TNRC18 0.009 25 7

TUB 0.01 11 1 COL7A1 0.011 40 14

FLNB 0.013 16 3 MLLT10 0.011 12 1

MAGI1 0.013 13 2 TEAD4 0.013 11 1

POTEJ 0.02 27 8 SPEG 0.015 21 6

CCDC146 0.028 14 3 CASZ1 0.016 16 3

MYO6 0.031 13 3 AAK1 0.017 10 1

BCORL1 0.032 9 1 DGKZ 0.019 15 3

FBXO5 0.034 11 2 FAT4 0.02 26 9

CSMD1 0.035 47 22 SH3GL1 0.02 10 1

RNF17 0.036 9 1 IQGAP2 0.021 23 8

SPO11 0.037 11 2 YEATS2 0.021 10 1

SBF1 0.039 42 19 DNAJC13 0.022 21 6

ITGB4 0.045 10 2 BCORL1 0.023 10 1

AXDND1 0.048 10 2 PES1 0.024 11 1

NCOR1 0.049 23 8 RIMS1 0.024 12 2

ADGRL3 0.027 14 3

CHD6 0.029 14 3

FHIP2B 0.029 10 1

MGA 0.031 18 5

XAB2 0.032 21 7

ESR1 0.039 15 4

GORASP1 0.041 21 7

MAGI1 0.041 19 6

LAMA5 0.043 19 6

CIT 0.049 18 6

FBXO5 0.049 10 2

Table 6.7: Significantly frequent genes within gene pairs in the top 10, top 20 and top 50
ranking of the infertile patients compared to normozoospermic males.

Since many genes appear to be significant and further analysing the individual variants in

these genes would be too time consuming, we focus on investigating the enriched Gene

Ontology (GO) terms associated to these genes are present and on assessing whether some

of the novel genes found by this analysis can be relevant for male infertility and could be

therefore considered as novel candidates for the disease.

For the biological process enrichment analysis, we use PANTHER [447], a platform that

performs enrichment analysis of certain types of annotations for a gene list of interest. We

compare all unique genes found in the top 10, top 20 and top 50 combined to the list of all

human genes to test for over-representation of biological processes, molecular function and

cellular component from the GO [378].
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Figure 6.24: GO enrichment analysis for all the genes that are found significantly enriched in
all patients compared to controls when considering the inheritance mode of the genes.

We find a large number of enriched GO terms and therefore only visualise the parent term

when there are several terms from the same branch in the ontology (Figure 6.24). Among

the relevant biological processes, we notice that the male sex differentiation (GO:0046661)

and male gamete generation (GO:0048232) terms are significantly over-represented in our

gene set. We also observe several processes linked to the female reproductive system such

as vagina development, ovulation cycle and mammary gland duct morphogenesis. This can
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indicate that there are more links between the male reproductive genetics and female re-

productive genetics, and that the genes identified can thus be relevant for both reproductive

systems. However, this could also be a bias due to the use of POI genes as seeds for the

algorithm. We also notice several terms linked to developmental processes.

Moreover, we analyse a few of the novel genes found to be enriched (in blue in Table 6.7), by

searching in different databases including OMIM, Franklin and the human protein atlas [448]

to investigate whether these genes might be relevant for male infertility.

PRKCB, the most enriched gene within gene pairs when considering the top 10 and top

20 combinations with IM filtering (Table 6.7), encodes for the protein kinase C beta and

is part of the protein kinase C family. It is important for mitochondrial energy homeostasis

and autophagy and was shown to be differentially expressed during spermatogenesis [449].

Furthermore it is found to be relatively highly expressed in the testis and more specifically in

sertoli cells, which are important for spermatogenesis [450].

The TUB gene encodes a protein that is a member of the Tubby family of bipartite transcription

factors. In human, it has been associated to increased body weight and obesity in several

studies [451–453], which can potentially explain the presence of this gene in our cohort

of patients, since a large proportion of the patients are also affected with obesity [227].

Interestingly, mouse models involving the knock-out of other genes of the Tubby family, such

as TULP2, have been found to be infertile [454, 455]. However, contrary to the TULP2 gene,

TUB is not found to be highly expressed in testes and its relevance to the male infertility

phenotype is therefore not likely.

SOX30, is a member of the SOX family of transcription factors which are involved in the

regulation of embryonic development and determination of cell fate. It is found to be par-

ticularly highly expressed in the testes according to both Franklin and the Human Protein

Atlas. Experiments in mouse models have shown that it has an important role in meiosis

and that homozygous Sox30 deletion led to spermatogenic arrest, leading to an infertile

phenotype in mice [456]. Epigenetic modifications in this gene have also been associated

to NOA patients [457]. Although there are currently no clear genetic associations between

SOX30 variants and male infertility in humans, a variant in this gene was reported as part

of an oligogenic combination in a DSD patient in OLIDA (OLI575 [434]) and we found one

ClinVar report (Accession ID VCV002573119.1) for a VUS found in a patient affected with

azoospermia. These findings therefore seem to support the potential involvement of SOX30 in

male infertility and highlight the need to perform further investigation on this gene. In particular,

the gene pairs involving this gene should be investigated further in order to better understand

the potential oligogenic mechanism.
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Figure 6.25: Gene ontology enrichement analysis for the set of genes found to be statistically
siginificantly enriched in the NOA patient (A) and OZ patient (B) groups.

6.9.2 Enriched genes in patients subgroups

In this final section, we investigate the enriched genes within gene pairs in the different

patients subgroups in order to investigate whether we found particular genes in these different

subtypes of the disease. The tables showing enriched genes within patients subgroups are

available in Appendix G. We here highlight the GO enrichment analysis for these genes as

well as discuss a few of the genes which are found to be enriched specifically in each group.

Patients with azoospermia

In the NOA patient group, there were a total of 18 distinct genes that were significantly

enriched, when taking into account the inheritance mode. The large majority of these genes

were novel, with only NOTCH2 and DHX37 that were part of the original gene panel (Appendix

G). The gene ontology enrichment analysis of this gene set revealed the enrichment of three

GO terms, which are linked to transcription and regulation of cellular processes (Figure6.25A).

Among the novel genes found to be enriched in NOA patients, SMARCA4 is highly expressed

in testes and is not found to be enriched in any other patient subgroups. The protein encoded

by this gene is part of a large complex which is required for transcriptional activation of genes

normally repressed by chromatin. SMARCA4 has been associated to Coffin-Siris syndrome

and cancers [458], and a link with azoospermia is therefore not evident.
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Patients with Oligozoospermia

We find a total of 37 distinct enriched genes in the OZ patient group. Here again, many are

novel with only 6 genes from the original panel. The GO enrichment analysis shows enrich-

ment of specific relevant biological processes such as genitalia development (GO:0048806)

(Figure 6.25B).

Noticeably, both PIAS2 and FAF1 which are found to be enriched in OZ patients are highly

expressed in testes. In particular, PIAS2 was reported to be potentially important for sperma-

togenesis as it is highly expressed in spermatids and spermatocytes [459]. It is also found to

be highly connected in the network of signalling proteins in human spermatozoa [460].

Patients with cryptorchidism

The cryptorchidism patient group presents with 39 enriched genes (Appendix G). Only one

gene ontology term is found to be over-represented in this set of genes, which is why this

group is not shown in Figure 6.25. This term is the cellular component “anchoring collagen

complex”, which is linked to two genes in the cryptorchidism enriched gene set.

Of note, BMPR1A is found to be significantly enriched in the cryptorchidism group, while

it is not enriched in the other subgroups. This gene is in the 638 candidate genes panel,

as it was found to be associated to POI, and is also known to cause Juvenine Polyposis

Syndrome, which has been associated to cryptorchidism in some cases [461,462]. BMPR1A

is involved in the anti-müllerian hormone signalling pathway, which is important for proper

testicular descent, indicating that mutations in this gene might be relevant for cryptorchidism

[463].

Figure 6.26: Number of shared enriched genes when performing gene enrichment analysis
within gene pairs for the different patient groups without any filtering of the results (A), after
Inheritance Mode (IM) filtering (B).
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We show in Figure 6.26 the number of genes that are found to be significantly enriched in

the different patient groups (including all patients). It further indicates that the NOA patient

group shows the smallest number of enriched genes, and that it is more distinct than the

other patient groups. Indeed when considering all results without IM filtering, 9 genes are only

enriched in this NOA group and 9 genes shared with at least one other group, while for the

other groups, the number of shared enriched genes is larger than the number of genes unique

to the group. In particular, we notice that no enriched genes are found in common between

the three subgroups of patients (NOA, OZ and Cryptorchidism in Figure 6.26), suggesting

potentially distinct genetic origins.

Although the majority of the findings presented here deserve more careful analysis and atten-

tion, they highlight that the genes found by our approach include relevant candidates for male

infertility. In particular, we find many novel genes that were not present in the original panel,

which could be assessed further.

6.10 Conclusion

In this chapter, we demonstrate the usefulness of our prioritization method, Hop, in analysing

a real patient dataset. In doing so, we further describe the different steps that should be taken

to apply this predictor to such a dataset, defining for the first time a protocol for the analysis

of oligogenic variant combinations in WES data of a case/control cohort. This protocol is

here applied to a cohort of patients affected with male infertility, but is designed to be fully

reproducible and can therefore be applied to case/control cohorts for other diseases.

The first part of this protocol highlights the need to properly filter VCF files and analyse

enrichment of single genes in order to detect and remove potential sequencing or variant

calling errors which would produce spurious associations. This analysis should be performed

for all genetic association studies, but is especially important in the case of oligogenic analysis

because of the number of combinations that are being tested. Any false positive association

can therefore increase when assessing oligogenic inheritance models. As shown in our ana-

lysis, these false positive associations can arise due to a variety of factors, and it is difficult

to find criteria that will remove all likely sequencing errors. However, it is important to note

that any such filtering of VCF can also lead to the removal of true disease-causing variants,

as we have seen in our analysis with the removal of 2 diagnostic oligogenic variants and

11 monogenic diagnostic variants. Different strategies to improve the quality of the variants

included in the dataset could be explored in the future. In particular, it could be interesting to

try to do joint calling on the variants for the full cohort of samples (patients and controls) from

the BAM files, to generate a gVCF file.



6.10. Conclusion 213

Furthermore, we recommend gene enrichment analysis to detect potential differences between

case and controls cohorts. In particular, this can also generate interesting insights into the

genetics of the disease. While it was not the case here, since we have a relatively small cohort

for a very heterogeneous disease, gene enrichment analysis can give interesting monogenic

findings in some cases [61]. In any case, this analysis is important in order to understand why

certain gene pairs or genes appear to be enriched in the downstream analyses performed on

the oligogenic predictions. Indeed, it ensures that the genes that are found to be enriched in

the gene pairs are found to be enriched due to their potential oligogenic involvement and not

to their over-representation in the patient group.

Analysing general statistics on the combinations prioritized by Hop in patients and controls

allowed to observe a few characteristics of Hop predictions. First we noticed that the majority

of the combinations prioritized form networks, and involve both genes that are in the original

panel as well as novel exome genes, indicating that the tool can make new discoveries. This

analysis also confirmed the small bias towards the disease-relevance score noticed in Chapter

5.

We explored three different analyses paths to investigate how to use the predictions of Hop

to generate new knowledge on the genetics of male infertility. First we assessed the ability

of Hop to discover the previously manually identified causative variants, which validated the

performance of the tool on real patient data. Second we investigated how these predictions

can be used to identify over-represented gene pairs in patients vs controls as well as in patient

subgroups and third, we looked at the potential of the tool to discover new genes that are likely

to be relevant for the disease.

In this analysis we also investigated the use of an Inheritance Mode (IM) filter to remove single

heterozygous variants in genes that are known or predicted to be autosomal recessive and

thus tolerant to these variants. Applying this filter led to a significant reduction in the number

of variants to predict and analyse (see Section 6.3) but also to a significant improvement in

the ranks of the diagnosed combinations by the predictor (Section 6.6). Moreover, it seemed

to lead to a more diverse set of genes in the prioritized combinations (i.e. more genes that

were not in the original panel were part of the top combinations). This filter seems relevant

for clinical interpretation, since it is based on “rules” that are applied by clinicians when inter-

preting genomic variants in the context of disease. However, this filter might not be relevant to

uncover novel digenic mechanisms, and might thus bias predictions and observations towards

cases of dual molecular diagnoses rather than true digenic. It is important to note that most

of the results which were described in further details in this chapter were thus obtained with

the application of this filter, which is a limitation.

It is important to keep in mind that all variants and genes that we highlight as potentially

relevant for male infertility are for now hypothetical, and would need to be further analysed

and tested through functional experiments to validate their involvement.
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Finally, with the exception of the previously diagnosed cases, we have analysed the results

from a cohort perspective, trying to find patterns in the predictions to identify oligogenic

signatures that are shared among patients. As shown by the small number of statistically

significant gene pairs, this approach would require large cohorts to identify meaningful sig-

natures. However, the Hop tool is still relevant with smaller cohorts as it can predict the

potentially causative variant combinations for each patient independently and these can be

further analyzed manually. We show that such analysis is likely to be successful for some

patients, by finding again the previously diagnosed combinations. Manually analysing the top

prioritized network would be time consuming, but might lead to the diagnosis of more patients.



Chapter 7

Discussion and conclusions

In this final chapter, we summarize the research presented in this thesis. First we go through

the main scientific contributions, highlighting the novel database created, the computational

predictive methods developed based on this database and the analysis pipeline to detect

novel oligogenic signatures in whole cohorts. We therefore demonstrate that with our work,

oligogenic analysis of whole cohorts is now possible using whole-exome sequencing data dir-

ectly, without having to filter predictions with a gene panel, which is an important advancement

in the field. In a second part, we discuss the limitations of the current work, following three

main ideas: first we discuss how knowledge biases, which are found in the OLIDA database,

can affect predictive methods and thus influence any result generated using these predictive

tools. Secondly, we discuss the main limitations behind ranking approaches and their integra-

tion in routine clinical practice, specifically the issue that they do not provide a definite number

of instances to examine. Finally, we discuss current issues with validating genetic findings,

whether they are from small pedigree studies such as the clinical cases found in OLIDA or

from larger cohort studies using prioritization methods such as the male infertility analysis

done in this work. Building from these limitations, we introduce ideas for future directions to

improve our work. First by discussing how to maintain the created database while reducing

its bias, second by discussing how the disease relevance score of our prioritization approach

could be improved using deep-learning techniques and third by investigating approaches to

bring our analysis to clinicians without compromising data privacy.

Finally, we provide concluding remarks on this thesis work, by highlighting the importance

of data quality and state our vision of what is needed for the future of oligogenic disease

research.
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7.1 Scientific contributions

With the increase in data collection brought forward by next-generation sequencing techno-

logies, the field of medical genetics have undergone important transformations. With WES

technologies becoming integrated into routine clinical diagnostic pipelines, there has been

an increasing need for computational methods to analyze such data, interpret the genetic

variants in relation to disease, and assist clinicians in providing molecular diagnostics. As

our understanding of the genetic etiology of diseases has shifted from the “one gene - one

disease” paradigm to the idea that more complex patterns of inheritance can cause disease

through epistatic interactions, methods tailored towards the identification of such inheritance

patterns are becoming essential. Machine learning and predictive algorithms show great

promise in this context, but require sufficient amounts of high quality data in order to generate

accurate predictions.

In this thesis, we therefore set to improve the state-of-the-art predictors for such task, in order

to move towards the detection of oligogenic variant combinations in whole-exome sequencing

data. In doing so we achieved three main scientific contributions, which we summarize here.

First, we generated a comprehensive repository of data for collecting information on variant

combinations reported as causative of diseases in the scientific literature. Second, we used

this dataset to train a predictor to prioritize variant combinations in WES data, based on how

likely they are to cause the patient’s disease. And finally, based on this predictor, we develop

an analysis protocol that describes the key steps that should be undertaken when applying

this tool to whole cohorts, in order to identify new genetic causes to disease.

7.1.1 Developing a comprehensive repository of data on oligogenic diseases

As the amounts of data linking genetic variants to diseases is continuously increasing in

the scientific literature, the collection of this data in an organized format, that can be easily

accessed and searched by researchers with an interest in the field is becoming important.

Furthermore, assessing the quality of datasets and genetic associations is important in order

to be able to have confidence in the collected genetic associations, as well as create high-

quality datasets for developing machine learning predictors. While numerous databases have

been developed to collect information on variants associated to disease in monogenic cases,

the only database aiming at collecting such data for oligogenic diseases presented with

limitations. DIDA, published in 2016, was not a comprehensive repository, as it only contained

data from curated articles that fulfilled a number of particular criteria, which were not clearly

defined.
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With the creation of OLIDA, our first main scientific contribution, we achieve two main goals:

first, we create the first comprehensive repository collecting all variant combinations which

have been reported in the scientific literature as causative of an oligogenic disease; and

second, we define a first set of standards for associating an oligogenic variant combination to

disease.

In achieving the first goal, we show that the number of diseases associated with oligogenic

combinations throughout the years have not increased as fast as the number of genetic

variants reported, which thus pinpoints data gaps and biases. OLIDA itself has already grown

a lot in the past three years (the number of variant combinations in the database has almost

doubled), highlighting the importance of maintaining this resource. The number of publications

reporting on oligogenic cases is continuously increasing, and such reports might not have their

place in other databases of variant-disease associations such as ClinVar.

In fulfilling our second objective, we observe that the evidence that supports the involvement

of a variant combination in a disease is different from the standards that exist for associating

monogenic variants to human disease. These considerations are therefore necessary to be

put forward to the scientific community, which we did by publishing a commentary article on the

subject. Furthermore, we show that applying these standards to current reports demonstrate

a very low quality of the reports

In summary, we have created an important repository for oligogenic disease research, which

can help biomedical researchers looking for other cases of oligogenic inheritance in their

diseases, bioinformaticians in developing tools trained on this dataset, biologists in look-

ing for gene pairs to test for interaction, and clinicians in improving reports on oligogenic

combinations by investigating different characteristics of variants (as opposed to monogenic

involvement considerations).

7.1.2 Advancing computational methods for the pathogenicity prediction of
variant combinations

In the second part of this research, we developed two novel computational methods for

assessing the pathogenicity of variant combinations. The first one is an extension of the

previously developed Variant Combination Pathogenicity Predictor, but includes an improved

training set, new features and a simpler model structure. These three changes lead to predic-

tions of higher accuracy and a faster computational time. Interestingly, the number of positive

instances included in the training set did not increase that much compared to the first version

of VarCoPP, going from 200 instances from DIDA in VarCoPP to 301 instances from OLIDA

in VarCoPP2.0, yet the prediction quality of VarCoPP2.0 is much better. This could be due to

the fact that the instances selected were this time of much better quality, and would need to

be tested by, for instance, evaluating the performance of a predictor trained on all instances

of OLIDA regardless of their confidence score.
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In a second step, we integrate the VarCoPP2.0 pathogenicity predictions together with a

disease-relevance score for gene pairs in order to develop the High-throughput oligogenic

prioritizer (Hop). This novel method is the first prioritization tool directly targeting variant

combinations. The only other tool aiming to achieve something similar, OligoPVP [194], relies

on monogenic variant pathogenicity scores, which, as we show in Chapter 5, is not sufficient

for ranking variant combinations. The advancement brought forward by Hop is thus significant,

since, as we show with our comparison of different tools for the task of prioritization, such task

can not be performed using current approaches to prioritization.

In addition to developing this novel method, we experiment with using different seed types

for the disease-relevance scoring, showing that the combination of information from different

sources (in this case gene panels and HPO terms) lead to better prioritization. This is import-

ant to know in the case of oligogenic diseases, since the HPO terms have been associated to

genes mostly based on monogenic associations through OMIM, and are thus biased towards

these genes [71, 79]. We also observe in the top prioritized combinations a small bias to-

wards the disease-relevance score, which is important to keep in mind and understand when

analyzing new results generated from Hop (see Chapter 6). This also indicates that Hop can

potentially be improved, by using a more sophisticated integration of the disease-relevance

and pathogenicity scores. These potential improvements are discussed in more details in

Section 7.3.2.

Besides the initial testing in >50,000 synthetic exomes generated by spiking OLIDA combin-

ations in neutral exomes, we also validated the tool in real patient data from the ESTAND

cohort. Here again, the predictor showed good performance, ranking all the manually iden-

tified combinations in the top 50 when applying a filter based on the inheritance mode, and

ranking 5/8 combinations in the top 50 without applying this filter. We furthermore show that

the predictor also works well at finding monogenic diagnostic variants in the top combinations,

and therefore might also be relevant for the detection of modifiers to these monogenic causes.

It is of course important to note that the number of samples in this validation set is extremely

small, but WES data of patients for which oligogenic causes have been identified is at the

moment extremely rare.

7.1.3 An analysis protocol for detecting oligogenic signatures in large cohorts

Our third and last scientific contribution is the establishment of a first analysis protocol for the

detection of oligogenic signatures in case/control cohorts with WES data. This protocol was

here defined for a cohort of patients with male infertility recruited at the University of Tartu,

but aims to be easily reproducible to be applied in other cohorts of patients with potential

oligogenic causes.
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The protocol highlights key steps that should be taken to limit false positive genetic associ-

ations that are likely to arise when analysing WES data for oligogenic combinations. Indeed,

when searching for digenic combinations, the number of instances that we test for association

with the disease grows quadratically. It is therefore crucial to control for false-positive variants

due to sequencing or calling errors. In this case, we tried to control this number by applying

sequentially different filters on the VCF files based on quality criteria, allele frequency of the

variants in the cohort or size of the indels. These filters removed several potentially false

positive variants but also a certain number of true positive variants which were manually

identified as causative. It will therefore be important to refine these variant filtering criteria for

each cohort independently in order to avoid removing too many real variant calls. This filtering

step is followed by a monogenic gene enrichment analysis, which is important to control for the

potential enrichment of false positive variants, but also can lead to novel monogenic findings

in the cohort.

Our protocol then highlights three important analyses to discover new findings in case/control

cohorts studies. The first is a single patient analysis, where the top prioritized combinations

of each patient are visualized as a small network. The second is a gene pair enrichment

analysis, which has the potential to identify gene pairs that are significantly enriched in pa-

tients compared to controls, and thus potentially represent relevant oligogenic signatures for

the disease. The third analysis is a gene within gene pair enrichment analysis, which has the

potential to identify novel candidate genes for the disease, but also specific modifier genes

that could be part of oligogenic signatures.

The three paths highlighted as analyses need to be further explored to fully understand the

significance of the generated findings. However we believe the steps described are important

to be taken into account by the biomedical community interested in performing such an

analysis. While we are only at an exploratory stage, we were able to show that: (i) the

single patient analysis manages to retrieve the manually identified variant combinations, and

could thus be used as a way to diagnose patients with oligogenic combinations; (ii) the gene

pair enrichment analysis identified pairs that appear to be relevant for the disease, including

variants that were already reported in OLIDA as modifiers for similar phenotypes; (iii) the novel

genes identified are often good candidates for an involvement in male infertility, as they are

expressed in relevant tissues and pathways.

This first analysis also shows the importance of having cohorts of sufficient size to have

enough statistical power to make novel discoveries. We also highlighted this point in our

commentary article [256], insisting on the need to have large cohorts and even larger control

datasets. Another possibility to improve statistical power would be to be able to query large

databases of population variation for the frequency of particular variant combinations or gene

pairs. Overall, we hope that this protocol will help researchers identify the specific concerns

that should be taken into account when aiming to discover new oligogenic combinations in
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cohort studies. This is complementary to our published commentary on standards for the re-

porting of variant combinations causative of disease. Reproducing this analysis in cohorts for

other diseases, ideally with larger number of participants, will be essential to better understand

the strength and limitations of the proposed methodology.

7.2 Limitations of the current work

In this section, we highlight several of the key limitations linked to our scientific contributions.

These open the way to improvements and future directions discussed in the next section. The

first limitation is linked to biases in biomedical data that is translated in our database, but also

our predictive tools and subsequent predictions. The second limitation is linked with the usage

of tools by clinicians, and how to easily interpret the predictions of Hop. The third limitation

is linked to the validation of oligogenic, and genetic findings in general, which is essential to

produce data of good quality but also in the development of precision medicine strategies.

7.2.1 Knowledge biases can have strong impact on predictions

As highlighted in Section 4.6.3, the content of OLIDA appears to be slightly biased, as the

database includes many variant combinations identified in the same diseases and involving

the same genes. Furthermore, the curation protocol that we established is likely to contribute

to a bias in the number of combinations with higher confidence scores which are found in gene

pairs that have direct interactions or are known to be involved in the same pathway. These

biases are important to acknowledge and recognize as they have direct effects on predictions

generated by tools that are trained on these datasets. In order to further characterize them, it

would be important to assess whether VarCoPP2.0 and Hop perform equally well at predicting

variant combinations associated with different disease types. In addition to the biases due to

OLIDA dataset, Hop might also suffer from biases present in BOCK. Indeed, we have noticed

that oligogenic genes (i.e. genes that are known to be associated to an oligogenic disease

in OLIDA), and disease-genes in general, are more connected in BOCK than the remaining

human genes (Appendix C). This is mostly due to the integration of curated experimental

and clinical evidence networks such as the GO and HPO networks, which are heavily biased

towards over-studied genes. Moreover, PPI networks, while dense, have also shown to exhibit

biases [408, 464]. Highly connected genes are in turn likely to affect the RWR algorithm and

thus create false positive associations, as we have seen in the analysis of the ESTAND cohort

where several genes appeared to be highly ranked in both the patient and control groups

(Chapter 6).
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As we are defining protocols for the discovery of novel genetic findings using our tools, these

biases need to be recognized as they might push the research even more strongly into a circu-

larity issue, where predictors trained on biased data generate new biased associations which

are then further added to the training dataset. In particular, the OLIDA curation criteria include

assessing the pathogenicity of variant combinations using in silico predictors of pathogenicity,

which have, so far, mostly been trained on this dataset.

Furthermore, the evaluation criteria for the genetic evidence defined in our curation protocol

currently puts a lot of weight on evidence obtained from pedigree data. Indeed, according to

our criteria, the only way to obtain strong genetic evidence is through this type of analysis,

which can be difficult to perform as it implies the sequencing and analysis of family mem-

bers, who are not always available. As we are witnessing a shift towards cohort studies and

statistical analyses, this criteria will need to be re-evaluated in the future, in order to allow for

strong genetic evidence to be obtained from such analyses. However, since most databases

of population variation do not currently allow for obtaining the frequency of combinations of

variants, we do believe that such strong evidence can not yet be obtained, as assessing

the frequency of variants in combination is essential to assess the significance of oligogenic

findings.

7.2.2 From ranking to instance selection

One of the main limitation of Hop is that although it seems to provide in the majority of cases

a good ranking of the combinations, placing the known diagnostic combination in the top 50,

there is no way of assessing how many combinations are relevant to be considered for further

examination by a clinician or in a statistical approach. In Chapter 6, we have investigated using

different tops (Top 10 , Top 20 and Top 50), but this only increases the number of possibilities

of gene and gene pairs sets to test during further analyses. Furthermore, in this cohort, we

could have an estimate of the number of combinations to consider based on the ranks of the

manually diagnosed combinations, but this is not always possible as diagnosed cases are not

always available.

This is also a known limitation in monogenic variant prioritization tools. To our knowledge,

the only methods that have been developed to address this issue are the LIkelihood Ratio

Interpretation of Clinical AbnormaLities (LIRICAL) framework [185] and the Phenotype-driven

Likelihood Ratio analysis approach (PheLR) [465]. Both approaches use a likelihood ratio

paradigm to score and rank variants based on their potential to cause the disease asso-

ciated with a particular set of HPO terms, which allows to compute a posterior probability

of the patient having the specific disease and the variant being causative of the disease.

Both approaches rely on the HPO database to assess the probability that a patient has

a specific disease depending on whether she presents with a particular symptom. While

this is possible for monogenic diseases, for which such information is extensive, digenic
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and oligogenic diseases are much less characterized, and can actually present with more

diverse phenotypic manifestations. Developing such an approach for oligogenic prioritization

is therefore not currently possible, but defining other criteria for selecting instances, such as

confidence scores in the ranking or predictions will be important in the future.

Although both Pathogenicity Score (PS) and Disease-relevance Score (DS) are made avail-

able by Hop, each score independently is not interpretable and do not provide a systematic

way to select instances. This limitation is especially important for the use of the tool in clinics

where interpretability is essential, and users need an objective way to select relevant variants,

especially if it is for decision making [466,467].

7.2.3 The problem of validation of genetic findings

As highlighted in Chapter 6, all findings generated by our Hop method and analysis protocol

are only supported by statistical evidence and need to be further assessed to be considered

as truly disease-causing. While methods such as ARBOCK [374] can assist with identifying

relevant pathways and interactions that provide additional support for the involvement of the

genes in the disease, some of the graphical explanations generated remain too dense, or only

involve high-level processes that do not provide additional knowledge. Furthermore, these

explanations need to be further validated by domain experts. With databases such as ClinVar,

Franklin and OLIDA, finding other articles reporting on the pathogenicity of identified variants

is now more accessible. Nevertheless, since many genetic diseases are rare, the probability

to find another case with the same variant remains low. Furthermore, the evidence brought

forward by other case reports is once again mostly statistical, as in the majority of cases, the

variants presented in these reports have not been functionally validated.

It is also important to keep in mind the possible circularity argument already put forward in

Section 7.2.1. As we are now developing tools to detect oligogenic variants based on OLIDA,

we need to be careful to not validate the found combinations by looking at whether there were

other reports in that same database. For the variants that we have presented in Chapter 6,

which were found by Hop and also in OLIDA combinations, we ensured that these variants

were not present in our training set. Even so, the genes they were found in might have been

included in training and can thus bias these findings. Alternative detection methods (trained

on other datasets or unsupervised methods) or alternative independent datasets are thus

necessary to ensure proper validation of the findings using such databases.

As we have seen, the study of gene disease associations is entering a new era of cohort

studies with a decrease in functional testing of variants (Section 4.6.3). We have stressed the

importance of functional analysis in our commentary article on standards for the reporting of

oligogenic disease variants [256], but in practice, we are aware that doing such analysis is not

straightforward.
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Recently, a novel method to functionally assess the joint effect of two variants together has

been developed [390]. This functional assay uses a new type of base editing (a genome edit-

ing system derived from CRISPR-Cas9 systems, which allow to introduce precise mutations

in DNA without causing double strand breaks) to directly introduce two mutations at once. The

authors show that a significant proportion of digenic and oligogenic combinations in OLIDA

could now be tested using this novel system. The method is actually tested on two OLIDA

combinations, validating the synergistic effects of these combinations, and demonstrating its

relevance for functional testing of disease variants. This method therefore provides great

promise to validate genetic findings using in vivo digenic assays. However, such functional

experiments are always costly and require experts knowledge which are not always avail-

able in clinical research groups. More collaborative efforts are therefore necessary to obtain

functional validation of genetic findings.

7.3 Future directions

Starting from the aforementioned limitations, we here highlight several ideas for overcoming

these limitations, improving our work and moving forward from the proposed research.

7.3.1 Maintaining and updating OLIDA: using text-mining approaches and re-
ducing bias

In addition to the biases discussed above (Section 7.2.1), one of the main issue linked to

OLIDA is the maintenance of the database in terms of time and resources. Indeed, in our

curation protocol, each article has to be read by two curators independently, before comparing

the responses and annotating the data. While the annotation pipeline is semi-automatic,

several issues remained due to the different ways a variant can be defined and referred to. The

full curation pipeline is therefore time consuming and with the huge increase in the number

of publications reporting on oligogenic variants (see Chapter 4), will not be sustainable in the

future.

We envision two strategies for maintaining this database up-to-date, which could be applied

independently or collectively, and which should also help in reducing the bias present in the

database.

The first idea is to use text mining approaches, which could help identify directly the sections

of the article where the relevant information is found but also eventually directly extract such

information. These strategies would thus lead to huge gains in time for the curator, as manually

searching information in articles was one of the main limiting factor in the curation process.

Furthermore, this approach could also reduce biases which are caused by human curation.

Indeed, the extraction of information about the involvement of genes in disease through
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specific pathways or experiments can sometimes be overlooked by human curation but would

be detected by automatic processes. A first step has already been made in this direction, with

the creation of the Detection of Unique Variant Ensembles in Literature (DUVEL) corpus [391].

This dataset is the first corpus focusing on relations between two genes and two variants (i.e.

digenic variant combinations), providing a potential new benchmark for the detection of such

biomedical relations [391]. The growing interest in the field of text mining to assist curation

of the biomedical literature [468, 469] is promising for the use of these approaches in the

maintenance of OLIDA.

The second idea is to transform OLIDA into a community maintained resource, where entries

are submitted by users, removing the need for curation of the literature. A step forward in this

direction has already been made, with the design of a submission interface on the OLIDA

website. Furthermore, reviews of the evidence associated with particular combinations could

also be attributed by the community, as it is done in ClinVar and the Genomics England

PanelApp [80, 83]. Confidence scores based on curation could thus be complemented with

confidence scores from the biomedical community, which would help improve the level of

evidence associated with each entity, but also reduce bias as these scores would be the

results of aggregating the knowledge of experts from different fields. There has been an

increase in the development of such community databases, allowing for users’ data input

and reviews (e.g. Varsome, ClinVar and Franklin which are used in this work). Crowdsourcing,

i.e. using the voluntary help of large communities to solve problems, has been described

to be promising for such purpose in biomedical research [470]. With growing interest in

oligogenic diseases underlined by the increasing number of publications, this approach also

has considerable potential.

7.3.2 Knowledge graph embeddings for disease-relevance scoring

One of the limitations of Hop that was put forward in Chapter 5 is that its performance appears

to plateau at identifying the correct oligogenic variant combination in the top 20 in 70% of the

tested exomes. One of the potential reason for this is that the knowledge Hop bases itself onto

has been mostly generated by monogenic associations (e.g. HPO to gene links are based on

monogenic associations) and that the approach can thus not always identify the digenic links.

However, this might also be caused by the fact that our Hop approach so far makes use

of a relatively simple algorithm for knowledge propagation, while novel graph representation

techniques are being increasingly used to generate new knowledge. In particular, Knowledge

Graph Embedding (KGE) methods, have shown great promise in identifying novel gene-

disease associations [471], suggesting that such an approach could also generate new know-

ledge for digenic genes. The master thesis of Inas Bosch [472] investigated the use of such

models for the prediction of the pathogenicity of gene pairs using BOCK, and showed very

encouraging results. Using such an approach to compute an improved disease-relevance
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score is thus likely to generate better results. In particular, embedding approaches have been

shown to perform very well in comparing phenotypes [473]. The application of these methods

to monogenic variant or gene prioritization already yielded promising results, outperforming

approaches based on random walks [471,474,475].

Other ideas to improve rankings of Hop include using approaches of learning-to-rank (see

Section 3.4.2) to directly train the predictor to rank the variants instead of using a combination

of knowledge propagation and supervised classification, or using a more sophisticated integ-

ration of the two scores to generate the final ranking, by training another predictor on these

scores using meta-learning approaches.

7.3.3 Bringing oligogenic pipelines to clinicians

While the development of the ORVAL platform was an important step forward in providing

access to the first generation of oligogenic predictive tools such as VarCoPP and the digenic

effect predictor (see Section 1.3.5), new approaches will need to be developed moving for-

ward. Indeed, as the study of human genetics is moving into the whole exome sequencing

era, data privacy concerns are becoming even more crucial as such type of data allows for re-

identification of the patients. Furthermore, when performing whole cohort analyses, pipelines

need to be available so that they can be easily scaled to run in parallel on a large number of

samples.

The “oligopipe” package1 that has been developed in the group will therefore need to be

extended to allow for the analysis of multisample VCFs and the prediction of such data

with Hop. This expansion could also include the gene pair enrichment and gene enrichment

analyses described in Chapter 6, therefore providing a comprehensive package for oligogenic

analyses based on our protocol. For now, this package relies on an annotation database,

which is hosted on the Vlaams Supercomputer Centrum (VSC) and contains values of all

features that are necessary for prediction using our tools. To remain relevant, this database

needs to be updated to include the most recent version of the features, following updates

from predictors such as CADD [476], and databases such as Ensembl for gene information

[477]. While a pipeline for the construction of the database has been developed, changes

in the structure of the datasets will require adaptations of this pipeline, and for each new

version of the annotation database, the predictors will need to be retrained. These technical

developments have been so far carried out by the combined work of Alexandre Renaux, Emma

Verkinderen and Nassim Versbraegen, and were therefore not discussed in this thesis as they

are out of scope. However, we believe it is important to discuss them here as they are essential

to consider when moving forward with these tools. As our predictive methods are improving

in accuracy and gain interest for larger scale analysis, taking into account the technical data

structures the predictors rely on is important.

1. https://pypi.org/project/oligopipe/

https://pypi.org/project/oligopipe/
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Another possibility to bring these analyses pipelines to clinicians and other researchers is to

use cloud infrastructures. A first private cloud version of the ORVAL platform is currently being

investigated in collaboration with the 101 Genomes Foundation. First attempts at running Hop

in the google cloud, in order to analyze data from the Epi25 project which is hosted there, have

also been done in additional work not reported in this manuscript. Genomics data is being

increasingly stored on cloud infrastructure, as it allows for secure sharing of these sensitive

datasets [478]. Developing pipelines that can be run in the cloud and thus be brought to the

data is therefore likely to be beneficial to the biomedical community [479].

In addition to making the tools available, proper documentation and guidelines as to how

the results should be interpreted and analysed will be extremely important to achieve this

transition to the clinics. This involves precise description of the biases that are inherent to the

tools and that need to be taken into account when interpreting the results.

The availability of these computational pipelines and interpretation protocol, will enable the

discovery of oligogenic signatures for new diseases by applying these methods in large co-

horts for which data is already available such as the Epi25 project for epilepsy, or the Decipher-

ing Developmental Disorders (DDD) dataset for developmental disorders. This is essential for

validating the relevance of the methods described in this thesis.

Finally, it will be important to consider how to adapt these resources and methods to detect

oligogenic causes in WGS data, as this is becoming the new standard for genetic analyses.

This sequencing not only covers much larger regions of the genome, but is also more accurate

for the detection of structural variants and copy-number variants. One of the current solutions

simply consists in only predicting variants obtained from WGS which are located in the ex-

ons. This has been done when assessing the performance of Hop on the synthetic exomes

generated from individuals of the UK10K project (Chapter 5), which have been sequenced

using WGS. As more resources emerge for variants located in non-exonic regions, our tools

could be extended to include these type of variants, as well as integrate CNVs and structural

variants. A first step towards this has already been made by integrating CNVs in OLIDA.

However, this still represents a too small training set to create predictors that can directly aim

at the detection of variants in WGS data.

7.4 Concluding remarks

In this last section, we provide concluding remarks on two major themes that come out of

this thesis: the importance of data quality in bioinformatics and our vision of the future of

oligogenic disease research.
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7.4.1 The importance of data quality in variant pathogenicity prediction

Throughout the work presented in this thesis we have encountered several times issues linked

to data quality, which is why we wanted to provide concluding remarks on this topic, which

appears to be common to different fields of bioinformatics.

As the volume of genetic data accumulates, ensuring the quality of this data becomes critical

for accurate variant interpretation. Our evaluation of the evidence put forward to associate

variant combinations to disease showed a relative decrease in the proportion of reports

showing sufficient evidence. Despite the publication of guidelines by American College of

Medical Genetics [78], conflicting interpretations of variants remain common [480,481]. Such

discrepancies and inconsistencies in variant classification can have large effects across dif-

ferent levels of human genetics research, as such associations are used to generate disease-

gene associations, which in turn influence phenotype-gene associations and so on. Further-

more, correct interpretation is essential for proper integration of these practices in a precision

medicine perspective [482].

This issue underlines the necessity for more stringent reporting standards and quality control

protocols to ensure that only robust, reproducible findings are published. The many articles

describing expansions to the ACMG guidelines [483–486], including our article on guidelines

for the reporting of oligogenic variants [256], provide a step forward in this direction, although

with a multiplication of guidelines, they become harder to follow.

In the current era of bioinformatics, data quality is essential at every step of the analysis

pipeline. This includes data collection, curation, annotation and usage in predictive methods.

The initial step of assessing the quality of sequencing data is critical because any errors or

biases introduced at this stage can propagate through subsequent analyses. With large scale

sequencing projects becoming routine, it is important to correct for the many biases that can

arise, including but not limited to batch effects, ethnicity biases and sequencing kits artefacts.

This requires meticulous data analysis and quality control measures, which can oftentimes be

overlooked.

Next, the collected data must be carefully curated and annotated. Proper phenotype annota-

tion, for instance, is essential for the accurate interpretation of genetic variants in relation to

disease (see Section 5.5.4). Accurate annotation and curation of datasets has a direct impact

on the performance, reproducibility and generalizability of predictive methods. With higher-

quality datasets, predictive models will have higher performance but also will produce more

reproducible results, as they will not learn from biases in the datasets. If the training data is of

poor quality, the models will likely produce inaccurate predictions, which can lead to errors in

subsequent results and clinical decisions. This is the case for many variant effect predictors

for example, which were shown to have very different performance across datasets, in part

due to data circularity [487].
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In conclusion, the importance of data quality in variant interpretation, and bioinformatics in

general, can not be understated. As genomic data continues to accumulate, and is predicted

to generate one of the largest “big data” problems [488], the need for rigorous quality control

measures at every step of the research process becomes essential. Ensuring the accuracy

and reliability of genetic data from collection to interpretation is essential for advancing our

understanding of the genetic basis of diseases and translating these findings into meaningful

clinical applications. It is thus by prioritizing data quality that we can improve the reliability

of gene-disease associations, improve predictive models, and eventually, contribute to the

advancement of precision medicine [482].

7.4.2 The future of oligogenic disease research

Overall, with this thesis work, we bring oligogenic disease research forward in different ways.

First we provide new resources to assist clinicians in validating or making new discoveries,

whether it is in whole cohorts or in single patients. With OLIDA, we provide the means for

finding other cases where the same variants, variant combinations, genes or gene pairs were

found to be causative of the disease. While this can rarely provide complete validation of the

involvement of a specific variant combination in a disease phenotype, it can help build up the

evidence for the pathogenic mechanism. With Hop and VarCoPP2.0, we provide the means

to assess the pathogenicity of variant combinations using in silico tools, as well as to identify

other potential variant combinations in a patient’s exome. Finally, with our protocol, we define

the key steps necessary to analyse case/control cohorts with these tools and highlight the

important considerations that should be taken into account when analysing the results.

As the set of resources for analysing oligogenic inheritance models is growing, it is important

to keep in mind the current limitations of the approaches, which we summarize here. First,

our tools remain limited to the predictions of SNVs and small indels, although CNVs are also

increasingly reported. Although we have started collecting oligogenic combinations involving

this type of variants in OLIDA, ML tools to predict the pathogenicity of such variants are still

scarce [489, 490]. In addition to not covering CNVs, our tools are also limited to WES data.

Here again, this is mostly due to limitations in available training data, which has been so

far mostly generated using panels or WES technologies. As more data becomes available,

we envision our oligogenic tools to be relatively easily translatable to cover both CNVs and

variants in other regions of the genome, which could be made possible by the addition of

new features to characterize these types of variants. Finally, it will be important to consider

how to move further in the oligogenic spectrum than the digenic predictions presented here.

One possibility is simply to combine these digenic combinations into small networks, as it was

done in Chapter 6. It will also be important to characterize whether this approach can provide

interesting insights into the mechanisms underlying more complex polygenic diseases.
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We have already highlighted a few ideas on how to improve the performance of the tools,

which should also gain from an increase in the amount of training data available. The main

challenge that lies ahead is thus to bring these prediction and analysis pipelines to clinicians.

This process not only involves the development of user-friendly interfaces and tools to gener-

ate the predictions, but mostly requires the design of careful guidelines and recommendations

on how to interpret the generated results, in light of the potential biases inherent to such

predictive methods.

To end on a positive note, we believe that the work presented here provides strong foundations

to help geneticists, bioinformaticians and clinical researchers better understand the asso-

ciations between variant combinations and human diseases. Moving forward, the datasets,

methods, guidelines and pipelines defined in our work will enable novel discoveries in the

field, which will in turn help refine these methods.





Appendix A

OLIDA decision trees

A.1 Functional score

Figure A.1: Decision tree for defining the FUNmanual and FUNmeta scores of a variant
combination (where, in the second scenario, the VARmanual, GENEmanual and FUNmanual
scores are replaced by VARmeta, GENEmeta and FUNmeta scores accordingly). The orange
nodes represent an evidence score and the edges the value of this evidence score, while
blue nodes represent decision nodes where the aggregated functional score is defined. The
variant combination evidence is considered as the starting point (root) of the decision tree
and, along with the information from the gene combination evidence, is used to define the final
aggregated functional score. As the evidence at the variant level is very important in asserting
whether a specific variant combination is functionally responsible for the observed phenotype,
its absence (VARmanual = 0 ) can only be compensated by a very strong synergistic evidence
at the gene level (GENEmanual = 3).
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A.2 Final score

Figure A.2: Decision tree for defining the FINALmanual and FINAlmeta score of a variant
combination (where, in the second scenario, all scores, apart from the FAMmanual, are
replaced by their corresponding metascores). The orange nodes represent an evidence score
and the edges the value of this evidence score, while blue nodes represent decision nodes
where the final score is defined. The familial genetic score is considered as the starting point
(root) of the decision tree and, along with the statistical score and functional score (whose
value is defined by the decision tree in Figure A.1) is used to define the final score. Based
on this decision tree, there is always a combination of genetic and functional evidence that is
required to obtain a FINAL manual/meta score of 1, and the familial evidence (FAMmanual)
is considered to be primarily important for this decision. A more lenient scenario is found in
the case where the FAMmanual score is strong (=3), meaning that there is strong evidence of
the pathogenicity of the studied variant combination based on the segregation of the involved
variants in a large pedigree, as a variant combination can still be accepted with a final score of
1, if there is at least some minimum functional evidence at the gene level (GENEmeta/manual
= 1).



Appendix B

OLIDA schema

Following here are the entity-relation schemas of OLIDA. Each table represents an entity with

the name in purple and below its attributes, on the left the type of data and on the right their

name. Entities are connected with different types of relations, with different arrows on each

side representing the cardinality of their side of the relationship :

• two parallel straight lines represents exactly one,

• a round and a parallel line represents zero or one,

• a round followed by a fork represents zero or more,

• a fork with one straight line represents at least one or more, i.e. many,
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Figure B.1: Entity relation diagram for the Gene and related entities of OLIDA.
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Figure B.2: Entity relation diagram for the Disease and related entities of the OLIDA
database.
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Figure B.3: Entity relation diagram for the Reference and related entities of the OLIDA
database.
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Figure B.4: Entity relation diagram for the Combination and related entities of the OLIDA
database.
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Figure B.5: Entity relation diagram for the complete OLIDA database.



Appendix C

Analysis of gene set degrees in

BOCK and knowledge induced biases

In order to better quantify the potential biases implied by using a knowledge-graph approach,

we here assess whether certain sets of genes are more likely to be found by the random walk

algorithm. To do this, we investigate the degree of a node, which assesses the number of

nodes a node is connected to. We computed this value for each node in the network and then

visualize and quantify the difference in distribution between 4 sets of genes:

1. Digenic genes used in training (N=323): All genes that are known to be involved in

a digenic disease with sufficient confidence, and which have been used in the training

set of Hop.

2. Oligogenic genes (N=762): All genes that are found to be associated with an oli-

gogenic disease in OLIDAv2.

3. Disease genes (N=4487): All genes which are associated with a disease in the Orphanet

database.

4. All human genes (N=20725): All human genes which are connected in the graph.

The distributions of degrees are shown in Figure C.1. In order to test for significance in the

difference between the distributions, we used the Kolgomorov-Smirnov statistical test [491],

and used Bonferoni correction [492] to adjust the p-values for the 6 pairwise comparisons.

Only comparisons with p-values < 0.05 are shown in Figure C.1.

We observe that gene sets containing genes involved in disease (oligogenic or monogenic,

blue, orange and green boxplots in the Figure C.1) all show significant difference with all

human genes (Red boxplot), and that they typically present with a higher median degree.

However, the distribution of degrees in oligogenic genes does not differ significantly from the

distribution of degrees in monogenic genes. This highlights the fact that the bias present in

BOCK is probably due to study bias, and it is not specific for oligogenic genes.
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Figure C.1: Distribution of the degrees of different gene sets in BOCK.



Appendix D

Additional information on VCF

filtering and gene enrichment

analysis

D.1 VCF filtering including the GEMINI patients

In this section, we report on the number of variants in each cohort after different filtering steps

when considering the GEMINI patients dataset. We only show the results for the “Routine

pipeline”, ’“Sufficient coverage” and “Cohort allele frequency” filters, since after these filtering,

the results appear to be too discordant between the GEMINI patients and the two other

cohorts, and we thus decided to exclude the GEMINI patients. The number of variants for

the GEMINI controls and FIMM patient sets also differs slightly starting from the sufficient

coverage filter, since the intersection of the positions selected by this filter was done on the

three sets in this case.

GEMINI controls

(N=322)

GEMINI patients

(N=81)

FIMM patients

(N=429)

Filter type Description Global count Sample count Global count Sample count Global count Sample count

Routine pipeline

Remove variants

with DP>=10,

GQ>=20

692,322

Min: 33,525
Avg: 72,595.5
Med: 70,948
Max: 115,258

390,728

Min: 57,330
Avg: 70,838.7
Med: 70,681
Max: 82,811

910,225

Min: 68,126
Avg: 112,329.5
Med: 111,040
Max: 146,794

Correct for

sequencing kits

Remove sites that do

not have 10X coverage

in at least 90% of the

samples

160,057
(23.12%)

Min: 15,250
Avg: 20,254.4
Med: 20,323
Max: 27,704

103,678
(26.53%)

Min: 19,442
Avg: 20,431.0
Med: 20,388
Max: 25,091

180,304
(19.81%)

Min: 21,326
Avg: 22,256.9
Med: 22,253.5
Max: 24,037

Cohort allele

frequency 2%

Remove variants

with AF>2%

in the cohort

96,627
(13.96%)

Min: 437
Avg: 548.51
Med: 537
Max: 1,014

38,435
(9.84%)

Min: 186
Avg: 485.9
Med: 402
Max: 6,473

119,254
(13.1%)

Min: 440
Avg: 538.84
Med: 525.5
Max: 2,398

Table D.1: Variant counts in the VCF files after various filters. The global counts represent all
the variants in the VCF file while the sample count show the minimum (Min), average (Avg),
median (Med) and maximum (Max) variant counts per sample for each set. The percentage
under the global counts show the percentage of variants of the raw files which are retained
after applying the filters listed in the rows above and the filter in the current rows. Each filter
is shortly described in the description column.
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D.2 Gene enrichment plots at different filtering stages

In this section, we show the gene enrichment plots at the different stages of the VCF filtering

process between the male infertility patients (referred to as FIMM patients) and the controls

(referred to as GEMINI controls).

We observe a huge number of enriched genes when not applying the cohort allele frequency

filter (Figure D.1).

The amount of genes that appear to be significantly enriched remains relatively high when

removing variants present in more than 5% of the samples in the cohort (Figure D.2).

In both the enrichment plots for the files filtered with 2% frequency in the cohort and 3%

frequency in the cohort, the PABPC1 and FMN2 gene appeared to be enriched when con-

sidering rare synonymous variants. When assessing the variants present within these genes,

we observed that they were mostly long indels around the same genomic locations, which

were potentially sequencing errors. This motivated the implementation of the long indels filter,

which was the last filter applied before running the Hop analysis.

Figure D.1: QQplot of the gene enrichment in patients vs controls after applying the routine
pipeline and the sufficient coverage filter for different types of qualifying variants : all
variants (A), rare variants (B), rare non-synonymous variants (C) and rare missense variants
(D).
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Figure D.2: QQplot of the gene enrichment in patients vs controls after applying the routine
pipeline, the sufficient coverage filter and the cohort allele frequency filter for variants
present in more than 5% of samples for different types of qualifying variants : all variants
(A), rare variants (B), rare non-synonymous variants (C) and rare missense variants (D).

Figure D.3: QQplot of the gene enrichment in patients vs controls after applying the routine
pipeline, the sufficient coverage filter and the cohort allele frequency filter for variants
present in more than 3% of samples for different types of qualifying variants : all variants
(A), rare variants (B), rare non-synonymous variants (C) and rare missense variants (D).
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Figure D.4: QQplot of the gene enrichment in patients vs controls after applying the routine
pipeline, the sufficient coverage filter and the cohort allele frequency filter for variants
present in more than 2% of samples for different types of qualifying variants : all variants
(A), rare variants (B), rare non-synonymous variants (C) and rare missense variants (D).



Appendix E

Data on diagnostic variants in the

male infertility cohort

E.1 Oligogenic diagnostic variants

Cohort Sample_ID Gene pair Variants Filter

FIMM Sample_119 TP63;SPRED1
3:189872929:C:T:Heterozygous -
15:38351302:C:T:Heterozygous -

FIMM Sample_203
HUWE1;DYRK1A

X:53580915:C:A:Hemizygous -

DYRK1A;DHX37
21:37480708:G:A:Heterozygous -

HUWE1;DHX37
21:37493086:G:T:Heterozygous -
12:124971337:C:T:Heterozygous -

SOS2;KIF7 14:50231258:T:C:Heterozygous SufCov
FIMM Sample_233 SOS2;CHEK1 15:89649836:T:G:Heterozygous -

CHEK1;KIF7 11:125644203:C:T:Heterozygous -

FIMM Sample_274 FANCM;PROKR2
14:45189123:C:T:Homozygous -
20:5302327:G:A:Heterozygous -

GEMINI Sample_454 KMT2D;PROK2
12:49024579:G:A:Heterozygous -
3:71772801:G:A:Heterozygous -
3:71781567:C:T:Heterozygous -

GEMINI Sample_463 CHEK2;WT1
22:28725099:A:G:Heterozygous -
11:32434910:A:C:Heterozygous SufCov

GEMINI Sample_487 NR5A1;PROP1
5:177994145:ACT:A:Heterozygous -
9:124491229:C:G:Heterozygous IM filter

GEMINI Sample_491 BRIP1;OTX2
17:61859862:G:C:Heterozygous -
14:56802204:G:C:Heterozygous -

Table E.1: List of samples and their oligogenic diagnostic variants. The filter column indicates
which filter removed the diagnostic variant. SufCov refers to the Sufficient coverage filter and
Indel refers to the filter on indels longer than 3bps, IM filter refers to the Inheritance mode filter
that removes single heterozygous variants in AR genes. A ‘-’ means that the variant was not
filtered. Variants are listed in the same order as the genes.
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E.2 Monogenic diagnostic variants

Table E.2: List of samples and their monogenic diagnostic variants. The filter column indicates
which filter removed the diagnostic variant. SufCov refers to the Sufficient coverage filter and
Indel refers to the filter on indels longer than 3bps.

Cohort Sample_ID Gene Variant Filter

FIMM Sample_10 LZTR1 22:20991684:G:A -

FIMM Sample_18 ROS1
6:117324366:T:TC:Heterozygous SufCov

6:117359831:A:T:Heterozygous -

FIMM Sample_35 TEX14 17:58613423:G:A:Homozygous -

FIMM Sample_44 MCMDC2
8:66896253:C:T:Heterozygous -

8:66901346:T:A:Heterozygous -

FIMM Sample_62 GLI2 2:120975045:A:G:Heterozygous -

FIMM Sample_85 ASZ1 7:117385790:T:C:Homozygous -

FIMM Sample_88 GATA4 8:11708799:C:T SufCov

FIMM Sample_97 12:112489086:A:G -

FIMM Sample_101 FGF8 10:101774779:A:G:Heterozygous -

FIMM Sample_104 TCF12 15:57091880:C:A:Heterozygous -

FIMM Sample_114 GLUD2 X:121048096:C:T:Hemizygous -

FIMM Sample_115 HUWE1 X:53580915:C:A:Hemizygous -

FIMM Sample_123 GLI2 2:120975045:A:G:Heterozygous -

FIMM Sample_131 DMRT1 9:967999:A:G:Heterozygous -

FIMM Sample_133 DHX37 12:124957115:C:CG:Heterozygous -

FIMM Sample_135 SYCP2 20:59915200:C:T SufCov

FIMM Sample_137 ATRX X:77682714:C:A SufCov

FIMM Sample_147 TGIF2LY Y:3579775:GCC:G:Hemizygous -

FIMM Sample_152 DMRT1 9:847030:C:T:Heterozygous -

FIMM Sample_172 SEMA3A 7:84001957:G:A:Heterozygous -
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FIMM Sample_173 DMRT1 9:847000:G:A:Heterozygous -

FIMM Sample_174 AR X:67643362:C:G:Hemizygous -

FIMM Sample_177 NSMF 9:137455628:C:T:Heterozygous -

FIMM Sample_186 KLB 4:39447401:TC:T:Heterozygous -

FIMM Sample_194 WT1 11:32396277:A:T:Heterozygous -

FIMM Sample_200 TUBB3 16:89935404:G:A -

FIMM Sample_205 17:31259047:G:T -

FIMM Sample_209 NR5A1 9:124483004:A:G:Heterozygous -

FIMM Sample_220 NR5A1 9:124500626:G:A:Heterozygous -

FIMM Sample_222 TCF12 15:57263126:C:T:Heterozygous -

FIMM Sample_236 M1AP 2:74581766:C:CA:Heterozygous -

FIMM Sample_239 GATA4 8:11757012:G:A:Heterozygous -

FIMM Sample_246 MCMDC2 8:66901346:T:A:Homozygous -

FIMM Sample_295 RBM5 3:50093753:G:A:Heterozygous -

FIMM Sample_298 PROKR2 20:5314116:C:T:Heterozygous -

FIMM Sample_303 15:66481821:G:C -

FIMM Sample_305 FGF8 10:101774779:A:G:Heterozygous -

FIMM Sample_334 GREB1L 18:21384359:C:T:Heterozygous -

FIMM Sample_339 GREB1L 18:21383541:A:C:Heterozygous -

FIMM Sample_343 TEX14 17:58613423:G:A:Homozygous -

FIMM Sample_353 SOS1 2:39054692:T:G SufCov

FIMM Sample_356 AR X:67546252:T:C:Hemizygous -

FIMM Sample_366 NR5A1 9:124500497:CG:C:Heterozygous -

FIMM Sample_378 LEO1 15:51965956:G:A:Heterozygous -

FIMM Sample_386 NR5A1 9:124500367:G:A:Heterozygous -

FIMM Sample_390 ACTRT1 X:128051659:A:AT:Hemizygous -
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FIMM Sample_399 BNC1 15:83264613:TGACTGCAGCTCTCGATG:T Indel

FIMM Sample_405 PROKR2 20:5314116:C:T:Heterozygous -

FIMM Sample_424 PROK2 3:71781525:AT:A:Heterozygous -

GEMINI Sample_436 FANCM
14:45159189:C:CA -

14:45183764:A:G SufCov

GEMINI Sample_455 DHX37 12:124952504:T:C:Heterozygous -

GEMINI Sample_464 DHX37 12:124952568:T:C:Heterozygous -

GEMINI Sample_477 FANCM
14:45159189:C:CA -

14:45183764:A:G SufCov

GEMINI Sample_478 DCAF12L1 X:126552201:CAA:C:Hemizygous -

GEMINI Sample_480 AR X:67546432:C:A SufCov

GEMINI Sample_509 DDX3Y Y:12915947:CTG:C SufCov

GEMINI Sample_515 SMCHD1 18:2724951:C:T SufCov
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Details on enriched gene pairs within

patient groups

We here show the detailed variant combinations found within each enriched gene pair from

Section 6.7. For the “All patients” group, we only show the gene pairs without the IM filter,

since the other gene pairs are already present in the main text. For the other groups, we show

first in Table format the detail for the gene pairs found to be enriched without applying the IM

filter and then in Figures the gene pairs found to be enriched when appluing the IM filter.

F.1 All patients

We here show the detailed variant combinations found in the significantly frequent gene pairs

found when not applying the IM filter in all patients vs controls.

Figure F.1: Variant combinations identified in the gene pair SLX4;RECQL4 in the top 20 of 4
patients of the ESTAND cohort. The black nodes represent the genes in which the variants
are located. The colored edges represent the predicted variant combinations, with the ID
of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.2: Variant combinations identified in the gene pair DNAH11;DNAH8 in the top 50
of 13 patients of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with
the ID of the patient, the PS and DS. Edges are colored based on the confidence interval
of the VarCoPP2.0 score (the darker the color the higher the confidence interval). For each
variant the protein change is provided if available, as well as the scaled CADD score and MAF
in the GnomADv3.1 database.
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Figure F.3: Variant combinations identified in the gene pair DNAH1;DNHD1 in the top 50 of
5 patients of the ESTAND cohort. The black nodes represent the genes in which the variants
are located. The colored edges represent the predicted variant combinations, with the ID
of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.4: Variant combinations identified in the gene pair DNAH1;TTC21A in the top 50 of
6 patients of the ESTAND cohort. The black nodes represent the genes in which the variants
are located. The colored edges represent the predicted variant combinations, with the ID
of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.5: Variant combinations identified in the gene pair GNAS;DNAH1 in the top 50 of 7
patients of the ESTAND cohort. The black nodes represent the genes in which the variants
are located. The colored edges represent the predicted variant combinations, with the ID
of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.

F.2 Patients with NOA

F.2.1 Enriched gene pairs with no filters
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GenePair Sample_ID VariantA VariantB CADD A CADD B MAF_A MAF_B VarCoPP pred. Rank

BRCA2;SLX4 Sample238 13:32338100:G:A:Htz 16:3591029:G:A:Htz 23.7 8.876 0.0 0.0 Disease-Causing-

99% confidence

9

BRCA2;SLX4 Sample240 13:32340810:C:A:Htz 16:3590229:T:C:Htz 17.77 2.406 0.0 0.0 Disease-Causing 5

BRCA2;SLX4 Sample369
13:32379413:G:A:Htz

16:3589283:C:G:Htz
26.2

24.3
0.008

0.0
Disease-Causing-

2
13:32331021:G:C:Htz 1.936 0.0 99.9% confidence

BRCA2;FANCA Sample365 13:32337239:C:T:Htz 16:89765073:CAG:C:Htz 11.92 9.985 0.0 0.0 Disease-Causing 1

BRCA2;FANCA Sample258 13:32332863:A:G:Htz 16:89740069:C:T:Htz 16.41 0.002 0.0 0.026 Disease-Causing 19

BRCA2;FANCA Sample369
13:32379413:G:A:Htz

16:89740831:G:A:Htz
26.2

4.403
0.008

0.0
Disease-Causing-

12
13:32331021:G:C:Htz 1.936 0.0 99% confidence

ATP2B4;DCC Sample258 1:203727420:C:T:Htz 18:53157503:G:A:Htz 20.8 27.4 0.008 0.003 Disease-Causing-

99.9% confidence

4

ATP2B4;DCC Sample264 1:203727420:C:T:Htz 18:53066161:A:G:Htz 20.8 22.3 0.008 0.003 Disease-Causing-

99% confidence

18

ATP2B4;DCC Sample327 1:203727420:C:T:Htz 18:53322098:A:G:Htz 20.8 25.4 0.008 0.003 Disease-Causing-

99.9% confidence

4

DNAI1;DNAH8 Sample329 9:34514693:C:T:Htz 6:38886850:G:C:Htz 26.9 22.7 0.0 None Disease-Causing-

99.9% confidence

17

DNAI1;DNAH8 Sample354 9:34490011:G:C:Htz 6:38848787:A:C:Htz 26.6 27.5 0.0 0.0 Disease-Causing-

99.9% confidence

32

DNAI1;DNAH8 Sample71 9:34513145:T:C:Htz 6:38872749:A:C:Htz 21.7 27.0 0.0 None Disease-Causing-

99.9% confidence

7

CREBBP;AKAP9 Sample261 16:3729247:A:G:Htz 7:92085625:T:A:Htz 22.5 23.3 0.0 None Disease-Causing-

99.9% confidence

37

CREBBP;AKAP9 Sample71 16:3781229:G:T:Htz 7:92098173:A:G:Htz 22.5 18.41 0.008 0.001 Disease-Causing-

99% confidence

31
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CREBBP;AKAP9 Sample82 16:3770772:G:A:Htz 7:92070953:T:C:Htz 23.7 20.5 0.001 0.002 Disease-Causing-

99.9% confidence

9
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F.2.2 Enriched gene pairs with Inheritance Mode filter

Figure F.6: Variant combinations identified in the gene pair SMARCA4;FGFR1 in the top 50 of
3 patients with NOA of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.7: Variant combinations identified in the gene pair NOTCH2;EP300 in the top 50 of 3
patients with NOA of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.8: Variant combinations identified in the gene pair TGFBR3;ERCC6 in the top 50 of
2 patients with NOA of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.

F.3 Patients with OZ

F.3.1 Enriched gene pairs with no filter
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GenePair Sample_ID VariantA VariantB CADD A CADD B MAF_A MAF_B VarCoPP pred. Rank

CHD7;RECQL4 Sample76 8:60741739:T:A:Htz 8:144513256:C:T:Htz 22.9 22.4 0.013 0.0 Disease-Causing-

99.9% confidence

3

CHD7;RECQL4 Sample192 8:60865619:C:T:Htz 8:144513412:G:A:Htz 25.1 39.0 0.0 0.0 Disease-Causing-

99.9% confidence

1

CHD7;RECQL4 Sample143 8:60781400:C:T:Htz 8:144514032:C:T:Htz 25.0 22.3 0.0 0.003 Disease-Causing-

99.9% confidence

2

SETX;BLM Sample304 9:132349370:C:T:Htz 15:90747403:T:C:Htz 3.279 23.6 0.006 0.001 Disease-Causing-

99% confidence

5

SETX;BLM Sample86 9:132329848:G:C:Htz 15:90763011:G:A:Htz 18.66 8.089 0.0 0.003 Disease-Causing-

99% confidence

9

SETX;BLM Sample404 9:132349370:C:T:Htz 15:90754819:A:G:Htz 3.279 22.0 0.006 0.001 Disease-Causing-

99% confidence

8

SBF1;BMPR1B Sample241
22:50466679:T:G:Htz

4:95129947:G:A:Htz
26.9

25.8
None

0.001
Disease-Causing-

3
22:50466645:G:A:Htz 1.495 0.002 99.9% confidence

SBF1;BMPR1B Sample199 22:50459254:C:T:Htz 4:95148783:G:A:Htz 34.0 28.3 None 0.001 Disease-Causing-

99.9% confidence

10

SBF1;BMPR1B Sample399 22:50447434:C:T:Htz 4:95129947:G:A:Htz 25.1 25.8 0.0 0.001 Disease-Causing-

99.9% confidence

2

ATM;RECQL4 Sample182 11:108244065:C:T:Htz 8:144514199:C:T:Htz 7.609 24.7 0.002 0.001 Disease-Causing-

99% confidence

16

ATM;RECQL4 Sample120
11:108272729:C:G:Htz

8:144511436:G:A:Htz
22.8

22.2
0.017

0.001
Disease-Causing-

1
11:108267276:T:C:Htz 14.93 0.008 99.9% confidence

ATM;RECQL4 Sample143 11:108289005:C:T:Htz 8:144514032:C:T:Htz 9.085 22.3 0.021 0.003 Disease-Causing 17

ATM;RECQL4 Sample306 11:108289034:A:G:Htz 8:144514032:C:T:Htz 7.977 22.3 0.0 0.003 Disease-Causing 6

ATM;RECQL4 Sample211 11:108227865:T:C:Htz 8:144515323:C:T:Htz 3.535 1.438 0.002 0.002 Neutral 49

ATM;RECQL4 Sample204 11:108227849:C:G:Htz 8:144511449:G:A:Htz 23.9 0.55 0.007 0.003 Disease-Causing 40
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ATM;RECQL4 Sample32 11:108326110:G:C:Htz 8:144512483:G:C:Htz 21.4 7.404 0.0 None Disease-Causing-

99% confidence

7

RECQL4;MCM9 Sample129 8:144514032:C:T:Htz
6:118829055:T:A:Htz

22.3
24.5

0.003
0.004 Disease-Causing-

3
6:118931629:C:G:Htz 4.615 0.0 99.9% confidence

RECQL4;MCM9 Sample55 8:144514032:C:T:Htz 6:118856543:G:A:Htz 22.3 13.57 0.003 0.0 Disease-Causing-

99% confidence

7

RECQL4;MCM9 Sample430 8:144516772:G:A:Htz
6:118913414:T:C:Htz

0.744
25.7

0.0
0.003 Disease-Causing

13
6:118856424:C:T:Htz 9.434 0.005 99% confidence

RECQL4;MCM9 Sample171 8:144511990:C:T:Htz 6:118816260:G:A:Htz 10.7 9.727 0.004 0.006 Disease-Causing 22

CHD7;GLI2 Sample320 8:60862233:C:T:Htz 2:120990682:G:A:Htz 26.9 0.092 None 0.0 Disease-Causing 5

CHD7;GLI2 Sample206 8:60845246:C:T:Htz 2:120989815:G:A:Htz 8.019 22.3 0.006 None Disease-Causing 10

CHD7;GLI2 Sample291 8:60742905:C:T:Htz
2:120990472:G:A:Htz

10.64
28.6

0.0
0.009 Disease-Causing-

17
2:120989968:A:G:Htz 5.846 0.009 99% confidence

CHD7;GLI2 Sample200 8:60865611:A:G:Htz 2:120955394:G:A:Htz 19.35 2.376 0.0 0.001 Disease-Causing 31

SPTBN2;DCC Sample406 11:66708270:G:A:Htz 18:53530568:A:G:Htz 0.926 27.8 0.002 None Disease-Causing 24

SPTBN2;DCC Sample13 11:66701195:C:T:Htz 18:53066161:A:G:Htz 0.533 22.3 0.001 0.003 Neutral 46

SPTBN2;DCC Sample62-409 11:66696533:C:T:Htz 18:53305725:T:C:Htz 16.12 22.0 0.0 None Disease-Causing 16

TOP2A;RECQL4 Sample204 17:40400903:C:G:Htz 8:144511449:G:A:Htz 25.6 0.55 None 0.003 Disease-Causing 32

TOP2A;RECQL4 Sample32 17:40398936:A:G:Htz 8:144512483:G:C:Htz 17.04 7.404 0.003 None Disease-Causing 9

TOP2A;RECQL4 Sample72 17:40395479:T:C:Htz 8:144516576:C:T:Htz 22.3 0.579 None 0.003 Disease-Causing 40

TOP2A;RECQL4 Sample302 17:40398936:A:G:Htz 8:144512237:T:C:Htz 17.04 0.044 0.003 0.0 Disease-Causing 9

KLC2;DNAH1 Sample429 11:66261880:A:G:Htz 3:52381677:A:G:Htz 27.4 25.1 0.0 0.0 Disease-Causing-

99.9% confidence

36

KLC2;DNAH1 Sample32 11:66265923:C:T:Htz 3:52347945:G:A:Htz 23.5 21.7 0.001 None Disease-Causing-

99.9% confidence

27

KLC2;DNAH1 Sample368 11:66262174:G:A:Htz 3:52370168:A:C:Htz 26.8 25.0 0.001 None Disease-Causing-

99.9% confidence

9

CSMD1;SH3TC2 Sample321 8:3409570:G:A:Htz 5:149028434:G:A:Htz 25.3 22.7 0.0 0.001 Disease-Causing 33
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CSMD1;SH3TC2 Sample128 8:4637444:C:T:Htz 5:149028434:G:A:Htz 24.2 22.7 0.0 0.001 Disease-Causing 40

CSMD1;SH3TC2 Sample52 8:2942497:A:T:Htz 5:149010302:G:A:Htz 23.4 30.0 0.0 0.0 Disease-Causing 2

NOTCH2;ATM Sample301 1:119915647:G:C:Htz 11:108289789:A:G:Htz 14.64 22.2 0.005 0.001 Disease-Causing-

99% confidence

10

NOTCH2;ATM Sample328 1:120005564:T:C:Htz 11:108326110:G:C:Htz 7.551 21.4 0.0 0.0 Disease-Causing 25

NOTCH2;ATM Sample187 1:120005472:C:A:Htz 11:108252828:A:G:Htz 22.1 18.54 0.009 0.0 Disease-Causing-

99.9% confidence

8

NOTCH2;ATM Sample211 1:119926524:T:C:Htz 11:108227865:T:C:Htz 22.6 3.535 0.006 0.002 Disease-Causing 12

NOTCH2;ATM Sample143
1:119922384:T:A:Htz

11:108289005:C:T:Htz
19.01

9.085
0.001

0.021 Disease-Causing 23
1:119941711:A:C:Htz 8.116 0.0

NOTCH2;ATM Sample58 1:120005472:C:A:Htz 11:108326110:G:C:Htz 22.1 21.4 0.009 0.0 Disease-Causing-

99.9% confidence

4

NOTCH2;ATM Sample57 1:120005472:C:A:Htz
11:108272729:C:G:Htz

22.1
22.8

0.009
0.017 Disease-Causing-

4
11:108267276:T:C:Htz 14.93 0.008 99.9% confidence

EPHB1;SETX Sample282 3:134951923:A:G:Htz 9:132330224:A:C:Htz 22.4 23.0 0.0 0.0 Disease-Causing 23

EPHB1;SETX Sample86 3:135166066:G:A:Htz 9:132329848:G:C:Htz 21.2 18.66 0.002 0.0 Disease-Causing 33

EPHB1;SETX Sample57 3:135201495:G:A:Htz 9:132326938:A:C:Htz 25.2 25.0 0.0 0.003 Disease-Causing-

99% confidence

16

NOTCH2;EIF2B2 Sample321 1:120005472:C:A:Htz 14:75003066:G:C:Htz 22.1 22.9 0.009 0.002 Disease-Causing-

99% confidence

7

NOTCH2;EIF2B2 Sample278 1:119926524:T:C:Htz 14:75003066:G:C:Htz 22.6 22.9 0.006 0.002 Disease-Causing-

99% confidence

14

NOTCH2;EIF2B2 Sample57 1:120005472:C:A:Htz 14:75003066:G:C:Htz 22.1 22.9 0.009 0.002 Disease-Causing-

99% confidence

24

NOTCH2;TTC21A Sample171
1:119915647:G:C:Htz

3:39129310:G:A:Htz
14.64

32.0
0.005

0.002 Disease-Causing 39
1:119929116:C:T:Htz 12.36 0.001

NOTCH2;TTC21A Sample321 1:120005472:C:A:Htz 3:39129310:G:A:Htz 22.1 32.0 0.009 0.002 Disease-Causing-

99% confidence

5
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NOTCH2;TTC21A Sample57 1:120005472:C:A:Htz 3:39137690:C:T:Htz 22.1 25.1 0.009 0.0 Disease-Causing-

99% confidence

28

ATM;ME1 Sample109 11:108299779:A:C:Htz 6:83237739:T:G:Htz 17.59 28.7 0.002 0.0 Disease-Causing 33

ATM;ME1 Sample58 11:108326110:G:C:Htz 6:83430935:C:CG:Htz 21.4 25.0 0.0 0.0 Disease-Causing-

99% confidence

9

ATM;ME1 Sample120
11:108272729:C:G:Htz

6:83253698:T:C:Htz
22.8

25.5
0.017

0.0
Disease-Causing-

4
11:108267276:T:C:Htz 14.93 0.008 99% confidence

CHD7;MCM8 Sample328 8:60741739:T:A:Htz 20:5986117:A:G:Htz 22.9 23.7 0.013 0.008 Disease-Causing-

99.9% confidence

3

CHD7;MCM8 Sample58 8:60742450:A:G:Htz 20:5986117:A:G:Htz 15.57 23.7 0.005 0.008 Disease-Causing 34

CHD7;MCM8 Sample413 8:60742450:A:G:Htz
20:5955229:G:A:Htz

15.57
26.5

0.005
0.011

Disease-Causing 3
20:5955186:A:G:Htz 9.812 0.001

DCC;POTEJ Sample429 18:53066161:A:G:Htz 2:130656831:C:T:Htz 22.3 22.9 0.003 0.007 Disease-Causing 46

DCC;POTEJ Sample406 18:53530568:A:G:Htz 2:130656781:A:T:Htz 27.8 19.05 None 0.006 Disease-Causing 25

DCC;POTEJ Sample62-409 18:53305725:T:C:Htz 2:130656831:C:T:Hmz 22.0 22.9 None 0.007 Disease-Causing 26

EPHB1;DCC Sample429 3:135248421:C:A:Htz 18:53066161:A:G:Htz 9.02 22.3 0.008 0.003 Disease-Causing 23

EPHB1;DCC Sample401 3:135166066:G:A:Htz 18:52906285:C:A:Htz 21.2 11.08 0.002 0.0 Disease-Causing-

99% confidence

3

EPHB1;DCC Sample62-409 3:135179912:C:T:Htz 18:53305725:T:C:Htz 0.281 22.0 0.0 None Disease-Causing 39

ROS1;USP42 Sample304 6:117356626:T:C:Htz 7:6149652:G:A:Htz 16.89 25.5 0.001 0.0 Disease-Causing 24

ROS1;USP42 Sample275 6:117300987:A:C:Htz 7:6154748:G:C:Htz 22.8 23.3 0.02 0.012 Disease-Causing-

99% confidence

28

ROS1;USP42 Sample70 6:117394218:A:G:Htz 7:6149620:A:G:Htz 24.1 24.8 0.002 None Disease-Causing-

99% confidence

3

DNAH11;DNAH8 Sample286
7:21615151:T:G:Htz

6:38803237:C:A:Htz
22.7

25.2
0.0

0.0
Disease-Causing-

25
7:21698186:G:T:Htz 0.052 0.0 99.9% confidence

DNAH11;DNAH8 Sample78
7:21658969:A:G:Htz

6:38938181:C:T:Htz
21.8

25.7
0.0

0.007
Disease-Causing-

30
7:21571797:T:C:Htz 17.4 0.006 99.9% confidence
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DNAH11;DNAH8 Sample86 7:21545075:G:T:Htz 6:38842667:C:T:Htz 22.8 27.9 0.02 0.0 Disease-Causing-

99.9% confidence

24

DNAH11;DNAH8 Sample278 7:21658969:A:G:Htz 6:38938845:A:C:Htz 21.8 26.2 0.0 None Disease-Causing-

99.9% confidence

33

DNAH11;DNAH8 Sample202 7:21606456:A:G:Htz
6:38852717:C:A:Htz

26.4
23.3

None
0.01 Disease-Causing-

30
6:38931867:T:A:Htz 0.379 0.011 99.9% confidence

DNAH11;DNAH8 Sample185 7:21861883:G:A:Htz
6:38973669:G:A:Htz

18.33
55.0

0.004
0.0 Disease-Causing-

33
6:38852717:C:A:Htz 23.3 0.01 99.9% confidence

CFAP61;DNAH1 Sample241 20:20074378:G:A:Htz 3:52392627:G:A:Htz 34.0 24.7 0.0 0.002 Disease-Causing-

99.9% confidence

33

CFAP61;DNAH1 Sample285 20:20290308:C:A:Htz
3:52395043:G:A:Htz

25.4
22.6

0.008
0.0 Disease-Causing-

39
3:52328017:G:A:Htz 12.23 0.001 99.9% confidence

CFAP61;DNAH1 Sample302 20:20228327:G:A:Htz 3:52380002:T:C:Htz 23.9 29.7 0.02 0.0 Disease-Causing-

99.9% confidence

11

CFAP61;DNAH1 Sample395 20:20196636:G:A:Htz 3:52388836:C:T:Htz 23.2 28.9 0.001 0.0 Disease-Causing-

99.9% confidence

23

USP42;PRDM9 Sample419 7:6154748:G:C:Htz
5:23527533:T:TGG:Htz

23.3
23.5

0.012
0.004 Disease-Causing-

9
5:23527530:CAA:C:Htz 14.75 0.004 99% confidence

USP42;PRDM9 Sample275 7:6154748:G:C:Htz 5:23527732:C:T:Htz 23.3 22.7 0.012 0.0 Disease-Causing-

99% confidence

22

USP42;PRDM9 Sample416 7:6135895:C:T:Htz 5:23527321:G:A:Htz 22.9 24.6 0.003 0.001 Disease-Causing-

99% confidence

13
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F.3.2 Enriched gene pairs with Inheritance Mode filter

Figure F.9: Variant combinations identified in the gene pair SLIT3;DCC in the top 50 of 3
patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.10: Variant combinations identified in the gene pair CHD7;FGFR1 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.11: Variant combinations identified in the gene pair TP63;PPP1R12A in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.12: Variant combinations identified in the gene pair NOTCH2;JAG1 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.13: Variant combinations identified in the gene pair NOTCH2;GLI2 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.14: Variant combinations identified in the gene pair NOTCH2;MCM2 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.15: Variant combinations identified in the gene pair TP63;NOTCH3 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.16: Variant combinations identified in the gene pair APP;FN1 in the top 50 of 3
patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.17: Variant combinations identified in the gene pair CHD7;FGFR1 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.18: Variant combinations identified in the gene pair NOTCH2;DCHS1 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.
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Figure F.19: Variant combinations identified in the gene pair CHD7;TENM4 in the top 50 of
3 patients with OZ of the ESTAND cohort. The black nodes represent the genes in which the
variants are located. The colored edges represent the predicted variant combinations, with the
ID of the patient, the PS and DS. Edges are colored based on the confidence interval of the
VarCoPP2.0 score (the darker the color the higher the confidence interval). For each variant
the protein change is provided if available, as well as the scaled CADD score and MAF in the
GnomADv3.1 database.

F.4 Patients with cryptorchidism

F.4.1 Enriched gene pairs with no filters
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GenePair Sample_ID VariantA VariantB CADD A CADD B MAF_A MAF_B VarCoPP pred. Rank

ROS1;DNAH1 Sample41 6:117300987:A:C:Htz
3:52326879:C:G:Htz

22.8
32.0

0.02
0.0 Disease-Causing-

3
3:52332280:A:G:Htz 23.3 0.003 99% confidence

ROS1;DNAH1 Sample113 6:117318198:G:T:Htz 3:52381773:A:G:Htz 24.4 25.4 0.0 0.001 Disease-Causing-

99% confidence

8

ROS1;DNAH1 Sample170 6:117300974:C:T:Htz 3:52375988:G:A:Htz 24.6 23.7 0.001 0.002 Disease-Causing-

99% confidence

6

POLR3A;SETX Sample75 10:78021605:G:A:Htz 9:132342716:A:C:Htz 28.6 23.4 None 0.003 Disease-Causing-

99.9% confidence

1

POLR3A;SETX Sample223 10:77986123:T:C:Htz 9:132349370:C:T:Htz 22.6 3.279 0.006 0.006 Disease-Causing 2

POLR3A;SETX Sample90 10:78022289:C:T:Htz 9:132327789:G:A:Htz 2.72 23.4 0.005 0.001 Disease-Causing 18

WDR11;SEMA5A Sample333 10:120904077:G:A:Htz 5:9237823:C:T:Htz 30.0 17.85 0.001 0.0 Disease-Causing 15

WDR11;SEMA5A Sample83 10:120904077:G:A:Htz 5:9044470:G:A:Htz 30.0 23.0 0.001 0.001 Disease-Causing-

99% confidence

15

WDR11;SEMA5A Sample140 10:120904077:G:A:Htz 5:9066553:C:T:Htz 30.0 19.74 0.001 0.0 Disease-Causing 13

TTC21A;DNAH1 Sample227
3:39109131:A:G:Htz 3:52346662:A:C:Htz 14.32 22.8 0.001 0.0

Disease-Causing 10
3:39125424:C:T:Htz 3:52359344:C:T:Htz 6.258 0.178 0.004 0.002

TTC21A;DNAH1 Sample180
3:39138609:G:A:Htz 3:52395043:G:A:Htz 26.4 22.6 0.008 0.0 Disease-Causing-

5
3:39130250:C:T:Htz 3:52328017:G:A:Htz 0.294 12.23 0.0 0.001 99.9% confidence

TTC21A;DNAH1 Sample113 3:39131029:C:T:Htz 3:52381773:A:G:Htz 12.37 25.4 None 0.001 Disease-Causing-

99% confidence

13

SLX4;RECQL4 Sample178 16:3584860:G:A:Htz 8:144511449:G:A:Htz 14.28 0.55 0.002 0.003 Disease-Causing 6

SLX4;RECQL4 Sample126 16:3584860:G:A:Htz 8:144511449:G:A:Htz 14.28 0.55 0.002 0.003 Disease-Causing 16

SLX4;RECQL4 Sample336 16:3589614:T:C:Htz
8:144516576:C:T:Htz

23.0
0.579

0.001
0.003

Disease-Causing 11
8:144511449:G:A:Htz 0.55 0.003

SBF1;SEMA5A Sample83 22:50447434:C:T:Htz 5:9044470:G:A:Htz 25.1 23.0 0.0 0.001 Disease-Causing 23

SBF1;SEMA5A Sample3 22:50466179:C:T:Htz 5:9226869:C:T:Htz 23.2 23.3 0.002 0.0 Disease-Causing 34
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SBF1;SEMA5A Sample21 22:50464824:T:C:Htz 5:9226869:C:T:Htz 23.6 23.3 0.001 0.0 Disease-Causing 14

GNAS;DNAH1 Sample294 20:58855245:C:T:Htz
3:52359369:C:A:Htz

9.815
20.2

0.0
None

Neutral 36
3:52386299:C:T:Htz 19.89 0.002

GNAS;DNAH1 Sample174 20:58854392:C:T:Htz 3:52392627:G:A:Htz 20.3 24.7 0.023 0.002 Disease-Causing-

99% confidence

17

GNAS;DNAH1 Sample300 20:58854392:C:T:Htz
3:52326302:T:C:Htz

20.3
18.18

0.023
0.004

Disease-Causing 50
3:52332352:A:G:Htz 16.57 0.004

GNAS;DNAH1 Sample29 20:58853749:A:G:Htz 3:52352606:G:A:Htz 16.47 22.9 0.002 0.0 Disease-Causing 31

GNAS;DNAH1 Sample382 20:58854392:C:T:Htz
3:52332280:A:G:Htz

20.3
23.3

0.023
0.003 Disease-Causing-

16
3:52346662:A:C:Htz 22.8 0.0 99% confidence

DNAH1;DNHD1 Sample227
3:52346662:A:C:Htz

11:6498469:A:T:Htz
22.8

18.98
0.0

None
Disease-Causing-

21
3:52359344:C:T:Htz 0.178 0.002 99.9% confidence

DNAH1;DNHD1 Sample29 3:52352606:G:A:Htz 11:6568195:C:T:Htz 22.9 23.3 0.0 0.001 Disease-Causing-

99.9% confidence

47

DNAH1;DNHD1 Sample424 3:52366791:G:T:Htz 11:6547572:T:A:Htz 26.3 35.0 0.002 0.0 Disease-Causing-

99.9% confidence

22

NOTCH2;VWA3A Sample137 1:120005472:C:A:Htz 16:22152554:G:A:Htz 22.1 25.7 0.009 0.001 Disease-Causing-

99% confidence

30

NOTCH2;VWA3A Sample366 1:120005472:C:A:Htz 16:22121092:A:G:Htz 22.1 31.0 0.009 0.0 Disease-Causing-

99% confidence

15

NOTCH2;VWA3A Sample74 1:119926524:T:C:Htz 16:22149834:C:T:Htz 22.6 17.98 0.006 0.0 Disease-Causing 30

RNF213;ZFHX2 Sample118 17:80374528:G:T:Htz 14:23522108:G:A:Htz 26.8 23.2 0.0 0.0 Disease-Causing 40

RNF213;ZFHX2 Sample425 17:80373040:G:A:Htz 14:23527630:C:T:Htz 23.4 23.8 0.003 0.0 Disease-Causing 45

RNF213;ZFHX2 Sample93 17:80337649:C:T:Htz 14:23522137:C:T:Htz 23.9 24.2 0.0 0.0 Disease-Causing 29

DNAH10;DNAH6 Sample93 12:123848820:G:A:Htz 2:84593994:C:A:Htz 26.7 17.26 0.008 None Disease-Causing-

99.9% confidence

41

DNAH10;DNAH6 Sample167 12:123928562:T:C:Htz
2:84707547:G:A:Htz

27.6
25.1

0.001
0.003 Disease-Causing

23
2:84517989:C:T:Htz 15.45 0.007 -99.9% confidence



F.4.P
atients

w
ith

cryptorchidism
277

DNAH10;DNAH6 Sample331
12:123870407:C:T:Htz

2:84529097:AT:A:Htz
22.8

23.1
0.014

0.0
Disease-Causing-

22
12:123875490:C:T:Htz 20.7 0.015 99.9% confidence

DNAH10;DNAH6 Sample217 12:123787868:A:C:Htz
2:84707547:G:A:Htz

20.5
25.1

0.0
0.003 Disease-Causing-

16
2:84517989:C:T:Htz 15.45 0.007 99.9% confidence

DNAH11;DNAH8 Sample383
7:21599943:C:A:Htz

6:38973669:G:A:Htz
23.4

55.0
0.0

0.0
Disease-Causing-

28
7:21558882:A:G:Htz 22.7 0.012 99.9% confidence

DNAH11;DNAH8 Sample234 7:21619115:A:C:Htz 6:38938181:C:T:Htz 19.94 25.7 None 0.007 Disease-Causing-

99.9% confidence

23

DNAH11;DNAH8 Sample310 7:21765459:C:T:Htz
6:38886870:T:C:Htz

23.0
26.1

0.0
0.005 Disease-Causing-

35
6:38823020:G:C:Htz 22.4 0.0 99.9% confidence

DNAH11;DNAH8 Sample353 7:21748602:C:G:Htz 6:38973669:G:A:Htz 20.3 55.0 0.002 0.0 Disease-Causing-

99.9% confidence

42

DNAH11;DNAH8 Sample424 7:21748602:C:G:Htz 6:38852717:C:A:Htz 20.3 23.3 0.002 0.01 Disease-Causing-

99.9% confidence

26

CENPE;DNAH1 Sample100 4:103145116:T:G:Htz 3:52332280:A:G:Htz 5.19 23.3 0.004 0.003 Disease-Causing 26

CENPE;DNAH1 Sample151 4:103180359:T:C:Htz
3:52350578:A:G:Htz

8.67
27.8

0.0
0.004 Disease-Causing-

18
3:52370124:C:T:Htz 2.146 0.0 99% confidence

CENPE;DNAH1 Sample345
4:103159060:A:C:Htz

3:52372030:A:G:Htz
19.02

10.43
0.011

0.001 Disease-Causing 21
4:103148884:G:A:Htz 0.136 0.011

SOHLH1;MCM8 Sample134 9:135697628:C:T:Htz 20:5985980:G:T:Htz 23.2 28.2 0.002 0.0 Disease-Causing-

99% confidence

16

SOHLH1;MCM8 Sample110 9:135697628:C:T:Htz 20:5955247:A:G:Htz 23.2 25.7 0.002 0.001 Disease-Causing-

99% confidence

24

SOHLH1;MCM8 Sample310 9:135698370:G:A:Htz 20:5986117:A:G:Htz 22.2 23.7 None 0.008 Disease-Causing 25

CDC14A;DNAH1 Sample151 1:100499218:G:A:Htz
3:52350578:A:G:Htz

25.2
27.8

0.002
0.004 Disease-Causing-

3
3:52370124:C:T:Htz 2.146 0.0 99.9% confidence

CDC14A;DNAH1 Sample194 1:100499218:G:A:Htz 3:52383885:C:T:Htz 25.2 28.8 0.002 None Disease-Causing-

99.9% confidence

8
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CDC14A;DNAH1 Sample142 1:100499218:G:A:Htz
3:52326302:T:C:Htz

25.2
18.18

0.002
0.004

Disease-Causing 27
3:52332352:A:G:Htz 16.57 0.004

CFAP65;TMEM247 Sample309 2:219013946:T:C:Htz 2:46480456:G:C:Htz 27.2 23.1 0.003 0.003 Disease-Causing-

99% confidence

8

CFAP65;TMEM247 Sample355 2:219027915:G:A:Htz 2:46480712:G:A:Htz 23.9 18.19 0.0 0.0 Disease-Causing 48

CFAP65;TMEM247 Sample159 2:219013946:T:C:Htz 2:46480712:G:A:Htz 27.2 18.19 0.003 0.0 Disease-Causing 16

HCN4;ATP2B4 Sample194 15:73322743:G:A:Htz
1:203727420:C:T:Htz

22.4
20.8

0.002
0.008 Disease-Causing-

20
1:203683341:G:A:Htz 8.76 0.003 99.9% confidence

HCN4;ATP2B4 Sample407 15:73322516:C:G:Htz 1:203722694:G:C:Htz 20.9 22.4 0.001 0.001 Disease-Causing-

99.9% confidence

3

HCN4;ATP2B4 Sample314 15:73322788:C:T:Htz 1:203722694:G:C:Htz 16.64 22.4 0.0 0.001 Disease-Causing 22

FAT4;CELSR3 Sample228 4:125319813:A:T:Htz
3:48645795:G:A:Htz

22.7
32.0

0.001
0.001 Disease-Causing-

4
3:48659715:C:A:Htz 22.0 0.0 99.9% confidence

FAT4;CELSR3 Sample222 4:125320069:T:A:Htz 3:48656847:G:A:Htz 23.5 23.1 0.003 None Disease-Causing-

99.9% confidence

33

FAT4;CELSR3 Sample229
4:125468676:C:T:Htz

3:48660755:C:T:Htz
23.3

27.0
0.003

0.0
Disease-Causing-

4
4:125487377:T:C:Htz 6.69 0.004 99.9% confidence
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F.4.2 Enriched gene pairs with Inheritance Mode filter

Figure F.20: Variant combinations identified in the gene pair GNAS;DNAH1 in the top 50
of 3 patients with cryptorchidism of the ESTAND cohort. The black nodes represent the
genes in which the variants are located. The colored edges represent the predicted variant
combinations, with the ID of the patient, the PS and DS. Edges are colored based on the
confidence interval of the VarCoPP2.0 score (the darker the color the higher the confidence
interval). For each variant the protein change is provided if available, as well as the scaled
CADD score and MAF in the GnomADv3.1 database.
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Figure F.21: Variant combinations identified in the gene pair HERC2;GNAS in the top 50
of 3 patients with cryptorchidism of the ESTAND cohort. The black nodes represent the
genes in which the variants are located. The colored edges represent the predicted variant
combinations, with the ID of the patient, the PS and DS. Edges are colored based on the
confidence interval of the VarCoPP2.0 score (the darker the color the higher the confidence
interval). For each variant the protein change is provided if available, as well as the scaled
CADD score and MAF in the GnomADv3.1 database.
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Figure F.22: Variant combinations identified in the gene pair GNAS;MPG in the top 50
of 3 patients with cryptorchidism of the ESTAND cohort. The black nodes represent the
genes in which the variants are located. The colored edges represent the predicted variant
combinations, with the ID of the patient, the PS and DS. Edges are colored based on the
confidence interval of the VarCoPP2.0 score (the darker the color the higher the confidence
interval). For each variant the protein change is provided if available, as well as the scaled
CADD score and MAF in the GnomADv3.1 database.





Appendix G

Tables of enriched genes within gene

pairs

G.1 Patients with NOA

Top 10

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

CBX2 0.001 8 2 ESR1 0.014 5 3

CSMD1 0.03 10 12 SMARCA4 0.017 8 7

ROS1 0.043 13 19 DHX37 0.036 6 6

HS6ST1 0.049 6 6 PTK2B 0.044 5 4

Top 20

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

CBX2 0.002 8 4 ESR1 0.005 6 3

CCDC146 0.006 6 3 SMARCA4 0.022 9 9

CEP250 0.008 12 11 NOTCH2 0.029 17 25

SMARCA4 0.008 7 4 COL7A1 0.041 6 6

TP53BP1 0.042 6 6

DHX37 0.047 6 6

Top 50

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

CBX2 0.006 10 10 TNRC18 0.003 10 7

CCDC146 0.008 6 3 ESR1 0.008 6 4

COL7A1 0.008 7 5 PTPRT 0.009 7 4

MYO6 0.008 6 3 NOTCH2 0.02 18 27

PABPC1 0.008 7 4 SMARCA4 0.022 9 9

CEP250 0.009 12 12 COL7A1 0.023 11 14

SMARCA4 0.026 9 9 GORASP1 0.023 7 7

283
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NOTCH2 0.039 15 23 DHX37 0.027 8 7

RAB3GAP2 0.049 6 6 DNAJC13 0.044 6 6

PABPC1 0.045 8 9

NOS1 0.046 6 6

Table G.1: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with cryptorchidism.

G.2 Patients with OZ

Top 10

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

GLI2 0.024 11 7 ACTRT1 0.001 7 0

EPHB1 0.049 10 7 TUB 0.004 7 1

VCX3B 0.004 7 1

GLI2 0.012 15 10

PIAS2 0.012 6 1

ANK3 0.03 8 4

NOTCH2 0.036 25 24

Top 20

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

ACTRT1 0.001 7 0 ACTRT1 0.001 7 0

PPM1J 0.002 12 5 FAF1 0.002 7 1

NOTCH2 0.024 24 21 VCX3B 0.004 7 1

TEX13C 0.012 6 1

TUB 0.013 7 2

MAGI1 0.015 8 3

GLI2 0.02 15 10

PIAS2 0.023 7 3

Top 50

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

ACTRT1 0.001 7 0 ACTRT1 0.001 7 0

MAGI1 0.004 9 2 MGA 0.003 12 5

PPM1J 0.006 12 6 FAF1 0.004 10 2

ASZ1 0.007 6 1 SOX30 0.004 7 1

VCX3B 0.008 7 1 TEX13C 0.006 7 1

TUB 0.009 6 1 VCX3B 0.007 8 2

SORL1 0.021 9 4 ADGRL3 0.009 8 3
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GLI2 0.026 13 8 CASZ1 0.011 8 3

DCAF17 0.027 6 2 IQGAP2 0.015 13 8

RIF1 0.027 6 2 PTPRT 0.016 10 4

POLR1B 0.028 6 2 MAGI1 0.018 11 6

NOTCH2 0.031 25 23 PIAS2 0.023 7 3

CHD7 0.042 20 18 NCOR1 0.026 12 8

XRRA1 0.044 7 4 POLR1B 0.028 7 3

SMARCAL1 0.049 6 3 VCX 0.033 8 5

DNAJC13 0.036 10 6

HNF1B 0.036 7 3

PABPC1 0.038 13 9

SF3B3 0.04 8 5

CIT 0.042 10 6

NOTCH2 0.045 27 27

Table G.2: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with cryptorchidism.

G.3 Patients with cryptorchidism

Top 10

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

RNF213 0.016 14 12 BMPR1A 0.011 7 2

SBF1 0.022 11 8 LEO1 0.035 6 3

DNAH1 0.035 31 45 GLI2 0.043 10 10

Top 20

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

TUBA3C 0.018 6 2 BCORL1 0.003 6 1

RNF213 0.024 17 18 PTPRT 0.004 5 0

SBF1 0.026 12 11 BMPR1A 0.011 7 2

CDC14A 0.035 6 3 AP2A2 0.012 5 1

DNAH6 0.048 18 22 FAT4 0.013 5 1

DGKZ 0.019 5 1

SNAPC4 0.021 6 2

LEO1 0.035 6 3

GLI2 0.043 10 10

IGSF1 0.045 7 5

NOTCH2 0.046 20 25

Top 50



286 Tables of enriched genes within gene pairs

Gene p− value
Num. patients Num. Control

Gene p− value
Num. patients Num. Control

carriers carriers carriers carriers

BCORL1 0.004 6 1 BCORL1 0.003 6 1

FLNB 0.01 7 3 XAB2 0.003 13 7

POTEJ 0.012 11 8 PTPRT 0.004 10 4

KPNA2 0.015 6 2 FAT4 0.008 13 9

IFT74 0.016 5 1 CACNA1B 0.012 7 3

RNF213 0.016 22 25 DNHD1 0.016 8 5

BMPR1A 0.02 7 3 KPNA2 0.016 7 3

MMRN1 0.024 9 7 BMPR1A 0.017 7 3

NOTCH2 0.03 20 23 NCOR1 0.022 10 8

DNAH6 0.032 21 25 PPRC1 0.023 9 6

NCOR1 0.032 10 8 DGKZ 0.034 6 3

GLI2 0.033 10 8 DHX37 0.036 9 7

SLC26A8 0.039 8 6 RBM5 0.041 6 4

TUBA3C 0.04 6 3 COL7A1 0.044 13 14

Table G.3: Significantly frequent gene pairs in the top 10, top 20 and top 50 ranking of the
patients with cryptorchidism.
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