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RESUME

Les interactions fonctionnelles (IFs) entre les geénes décrivent en quelque sorte
comment les genes s’influencent mutuellement pour régir le dynamisme des systémes
biologiques. La caractérisation des 1Fs et, en particulier, de leurs réseaux, est donc
d’une importance capitale pour ¢lucider les mécanismes moléculaires complexes liant
les génes chez les organismes modeles et chez 'homme. Afin de mieux comprendre le
fonctionnement de ces réseaux, nous avons développé une approche de génomique
intégrative pour caractériser les IFs, comprenant les interactions génétiques (1Gs), des
organismes vivants. Parallelement, nous avons aussi investigué la prédiction des 1Gs
par des méthodes in silico et sommes venus a la conclusion qu’une meilleure
compréhension des liens entre différents niveaux de données serait bénéfique pour la
prédiction des [Gs. D’abord, la caractérisation d’un réseau d’IGs du nématode
Caenorhabditis elegans nous a permis de mettre en évidence une structure formée de
six classes d’1Gs ayant des propriétés distinctes. Cette ¢tude révele deux classes d’1Gs,
la premiére apparaissant au centre des complexes d’interactions protéine-protéine et
["autre, a Pextérieur de ces complexes. Notre étude suggere aussi que la coordination
des modules fonctionnels, définis par ces deux classes d'lGs, impliquerait des génes
hautement connectés dans le réseau et liés a leurs partenaires fonctionnels via deux
autres classes d'lG. Les genes définis par ces différentes classes d'lG présentent des
caractéristiques distinctes lorsque I'on considere leur connectivité au sein du réseau
d’IG, mais aussi au sein du réseau d’interactions protéine-protéine, leur pléiotropie et
leur redondance fonctionnelle. Nous avons également montré qu’il était possible de
transposer notre méthode d’intégration chez I’humain. Plus précisément nous avons
utilisé notre approche afin de caractériser un réseau d’IFs pour deux sous-types de
cancer du sein. Nous avons ensuite identifié, dans ce réseau, différentes classes d'IFs
ayant des caractéristiques similaires aux classes d'IGs de C. elegans. Nous avons utilis¢
ces classes d'lFs, ainsi que leur niveau de plasticité entre les sous-types de cancer du
sein, pour construire un modele prédictif servant a découvrir des génes potentiellement
impliqués dans la reprogrammation métabolique des cellules cancéreuses, et ce, a
I’échelle du génome. Dans I’ensemble, le modele d'interactome fonctionnel, construit
par notre étude, pourrait permettre de mieux comprendre le role des [Fs au niveau de
la robustesse des systemes biologiques, et le controle qu’elles exercent sur les
processus biologiques. Notre approche pourrait aussi permetire de découvrir de
nouvelles cibles thérapeutiques pour le cancer du sein.

MOTS-CLES : interaction fonctionnelle, interaction génétique, génomique intégrative,
Caenorhabditis elegans, cancer du sein.



ABSTRACT

Functional interactions (Fls) between genes describe how genes influence each other
to govern the dynamics of biological systems. The characterization of Fls, and- their
networks, is therefore very important to elucidate the complex molecular mechanisms
linking genes in model organisms and in humans. To better understand the functioning
of these networks, we have developed an integrative genomic approach to characterize
Fls, including genetic interactions (Gls), of living organisms. At the same time, we
have also investigated the prediction of Gls using in silico methods and have concluded
that a better understanding of the links between different levels of data would be
beneficial for the prediction of Gls. First, the characterization of a GI network in the
nematode Cuaenorhabditis elegans showed a structure formed of six classes of GlIs with
distinct properties. This study reveals two classes of Gls, one appearing at the center
of the protein-protein interactions complexes and the other, appearing outside of these
complexes. Our study also suggests that the coordination of functional modules,
defined by these two classes of Gls, would involve highly connected genes in the
network linked to their functional partners via two other GI classes. The genes defined
by these different GI classes have distinctive characteristics when considering their
connectivity within the GI network, but also within the protein-protein interactions
network, their pleiotropy and their functional redundancy. Also, we have shown that it
is possible to transpose our method of integration to humans. More precisely, we used
our approach to characterize a network of Fls for two subtypes of breast cancer. We
then identified, in this network, different FI classes having similar characteristics with
the Gl classes of C. elegans. We used these classes of Fls, as well as their level of
plasticity between breast cancer subtypes, to construct a predictive model to discover
genes potentially involved in the metabolic reprogramming of cancer cells on a
genome-wide scale. Overall, the functional interactome model, constructed in our
study, could be useful to understand the role of Fls in the robustness of biological
systems and their control over biological processes. Our approach could also reveal
new therapeutic targets for breast cancer.

KEYWORDS: functional interaction, genetic interaction, integrative genomic,
Caenorhabditis elegans, breast cancer.



CHAPITRE |

INTRODUCTION

1.1 Les interactions génétiques

Les interactions génétiques entre deux ou plusieurs genes sont des relations entre ces
genes dont le mécanisme n’est pas toujours connu ou est issu d’une cascade
d’interactions moléculaires (contact physique entre les produits des genes) qui ont un
effet sur le phénotype. Pour se rendre jusqu’a I'expression d’un phénotype, une cellule
emploie une machinerie abondamment complexe dont le point de départ est
I’information contenue dans le génotype. Cette information est fixe et héritée alors que
du coté du phénotype, il est variable et pourrait n’avoir aucun lien intuitif avec
’information provenant du génotype. Ainsi, une des plus grandes difficultés de la
génétique moderne consiste en la compréhension de la relation entre le génotype et le
phénotype d’un individu. Cette relation peut étre illustrée par la génétique des maladies
humaines puisque les pathologies ne sont pas réellement mendélienne, i.e. les maladies
ne sont pas causées par un seul gene dont I’altération le rend inopérant. Le phénotype
principal d’une maladie résulte plus souvent de I’effet combiné d’une multitude de
genes, mais aussi d’autres facteurs (e.g. sexe, ethnicité, habitudes de vie) en plus des
mécanismes €pigénétiques qui modulent I’expression des genes (Gallati, 2014). Mais
alors que les mécanismes épigénétiques sont réversibles et grandement influencés par
I’environnement, il est encore trés difficile de définir leurs réles et leurs contributions

dans la progression d’une maladie.



A Dinverse, comme le génome d’un individu ne change pas. I'effet combiné de
plusieurs génes mutés (ou variants) sur la sévérité de la maladie peut étre mesuré pour
identifier de nouveaux acteurs. Par exemple, la mutation du geéne CFTR associée a
longtemps été vue comme I'unique responsable des symptdmes cliniques de la fibrose
kystique, mais 1l y a aujourd’hui plus d’une trentaine de mutations de génes
modificateurs (genes qui modulent I’expression d’autres genes) donnant licu a des
aggravations ou atténuations des symptoémes de la maladie (Gallati, 2014). Par ailleurs,
dans le cancer du sein, la communauté scientifique a longtemps cru que les patients
ayant une mutation du gene BRCAI ou BRCAZ2, une forme souvent héréditaire du
cancer du sein, aient une survie beaucoup plus courte que ceux ne possédant pas de
mutation. Or, une revue systématique de 66 études sur le sujet a montré qu’avec la prise
d’adjuvant (utilisé en chimioprévention), les patients aux prises avec une mutation
BRCA1/2 ont une survie a peu pres égale a celle des autres patients atteints de cancer
du sein prenant ou pas d’adjuvant (van den Broek et /., 2015). Ceci démontre bien a
quel point, méme en présence d’une mutation d’un geéne associé¢ a la maladie, il est
possible de balancer I’effet négatif de la mutation par la modulation d’un ou plusieurs

autres genes modificateurs.

Le lien qui uni les geénes modificateurs avec la modulation d’un autre géne est
communément appelé interaction génétique (IG). Une IG survient lorsque le produit de
deux ou plusieurs genes variants est un phénotype inattendu (Bateson et al.. 1905). De
facon plus générale, une 1G est identifiée s’il y a une différence entre les phénotypes
mesurés pour le double-mutants et ceux attendus pour chaque mutation individuelle
(DixonCostanzo, et al., 2009). Bien sir, selon la nature de cette différence, une 1G sera
considérée comme négative si le phénotype du double mutant est plus marqué, a
['inverse, elle sera positive si le phénotype est moins sévere. Plus précisément, une
interaction négative peut, a 'extréme, €tre Iétale si la combinaison de deux mutations
dans des genes compris dans deux voies compensatoires (« Between pathway,

nonessential pathways », Figure 1.1a), ou a ’intérieur d’une voie essentielle (« Within



pathway, essential pathways », Figure 1.l1a) conduit a un phénotype non-viable
(DixonCostanzo, et ul., 2009). De fagon similaire, une interaction positive survient par
perte-de-fonction si la mutation dans un deuxiéme gene d’une voie annule la [étalité
induite du gene en amont (« Loss-of-function », Figure 1.1a), ou encore par gain-de-
fonction, si le deuxiéme gene muté d’une voie est situé en aval de celle-ci et qu’elle
annule la [étalité d’un geéne en amont (« Gain-of-function », Figure 1.1a). Mais le
concept entourant une IG peut devenir sensiblement plus complexe lorsque le
phénotype étudié ne résulte pas en létalité. En effet, le niveau quantitatif d’un
phénotype en particulier découle d’un apport multifactoriel de perturbations génétiques
hautement dynamiques et interconnectés entre les différents réseaux biologiques
responsables, par exemple, du développement, de la transcription, du métabolisme ou
de la signalisation (Fox, 1993). Il est donc nécessaire de bien définir le réle que jouent
les IG au sein de la relation entre le génotype et le phénotype d’un organisme ainsi que

ses différents liens avec les autres sources de perturbations génétiques.
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Figure 1.1 Modéles moléculaires pour définir les interactions génétiques.

(a) Les interactions négatives entre deux génes peuvent se produire a l'intérieur d'une méme
voie essentielle (« Within pathway ») ou entre deux voies paralléles non-essentielles
(« Between pathway »). (b) La mutation d'un inhibiteur d’une voie cytotoxique entraine
I'accumulation de produits toxiques pour la cellule. Dans ce cas, une interaction positive
survient si une deuxiéme mutation annule ou diminue I'activité de la voie cytotoxique par perte-
de-fonction (« Loss-of-function »). Autrement, une interaction positive par gain-de-fonction
(« Gain-of-function ») survient lorsque la mutation d’'un géne situé en aval d’'une voie, annule
la létalité d’'un géne en situé en amont. Image tirée de (DixonCostanzo, et al., 2009).

;é«-- n<c-F — 8



1.2 Caractérisation des réseaux d’interactions des systémes biologiques

Les réseaux (structure de graphes) sont réguliérement exploités comme support
graphique pour I’étude et la modélisation des interactions biologiques (Winterbach et
al., 2013). Cette représentation permet d’avoir une vue d’ensemble permettant
d’analyser un petit sous-ensemble d’interactions en tenant compte des propriétés et des
informations globales qui sont habitueﬂement plus facile a expliquer (Barabasi et
Albert, 1999). Ainsi, la caractérisation des réseaux biologiques, aussi appelée biologie
des réseaux, s’effectue a travers une combinaison de techniques et principes issues de
la biologie des systémes, la théorie des graphes et les analyses statistiques et
computationnelles (Barabasi et Oltvai, 2004). Cette caractérisation est associée a la
description de la topologie et la définition des principales propriétés des réseaux
d’interactions biologiques. Parmi ces propriétés, 1’'une des plus notables est la ,
distribution des degrés des nceuds du réseau qui suit une loi de puissance donnant, au
final, un réseau invariant d’échelle (« Scale-free », Figure 1.2b) dont la structure se
situe entre le réseau au hasard (« Random », Figure 1.2a) et le réseau-hiérarchique-
(« Hierarchical », Figure 1.2¢). Les réseaux invariants d’échelle ont été décrits pour
plusieurs systemes biologiques dont le métabolisme du nématode Caenorhabditis
elegans (Jeong et al., 2000), la co-expression des génes chez Saccharomyces cerevisiae
(van Noott et al., 2004) et les interactions protéine-protéine (IPP) chez Homo sapiens
(Stelzl et al., 2005). Dans ce type de structure de réseau, la majorité des noeuds ont
seulement une ou deux connections alors que quelques noeuds ont un grand nombre de
connections (Figure 1.2b). A I’inverse, les réseaux construits au hasard sont homogenes
avec une majorité de noeuds ayant a peu pres le méme nombre de connections (Figure
1.2a). L’avantage du réseau invariant d’échelle pér rapport au réseau constrﬁit au
hasard est qu’il offre une robustesse contre les perturbations faites sur la plupart des

noeuds alors que seulement quelques points (les plus connectés) sont plus sensibles aux




perturbations (Barabasi et Oltvai, 2004). A I’opposée, les noeuds d’un réseau construit

au hasard sont tous susceptibles d’étre fragiles face aux perturbations.

Ensuite, le fait que les réseaux biologiques soient invariants d’échelles met en lumiére
une autre propriété qui est I’existence de noeuds hautement connectés appelés « Hub ».
Ce sont d’ailleurs ces Hubs qui sont les points faibles des réseaux biologiques,
démontré, entre-autre, par leur propension a étre 1étales lorsque leurs génes sont mutés
dans le réseau d’IPP de la levure (Goymer, 2008), ou encore a étre oncogénique lorsque

mutés dans le cancer (Collavin et al., 2010).

Enfin, une autre propriété commune des réseaux biologiques est le phénomene du petit
monde (« small-world ») ol chacune des paires de noeuds ont relativement un court
chemin entres eux (Barabasi et Oltvai, 2004). Par exemple, les métabdlites sont, la
plupart du temps, €loignés 1'un de l’autre par seulement quelques réactions
enzymatiques (Jeong et al., 2000). Cette derniere est aussi intimement liée a une autre
propriété des réseaux biologiques nommée « modularité ». Dans celle-ci, il est montré
que les réseaux ont un haut degré de regroupement (« clustering ») et que des modules
(motifs densément connectés) existent dans des régions locales du réseau (Barabasi et
Oltvai, 2004). En effet, en absence de modularité, le degré de regroupements des
réseaux réels (e.g. sociaux, transports, télécommunications) est cc‘)mparable a celui des
réseéux construits au hasard (Barabasi et Oltvai, 2004). Il est donc raisonnable de
déduire que les réseaux biologiques ont une modularité élevée puisqu’un haut degré de -
regroupement a été observé dans les réseaux métaboliques (Ravasz et al., 2002),

neuronaux (Sporns, 2014) et d’IPP (Wagner, 2001).
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Figure 1.2 Schémas et distributions des degrés de connections dans les
réseaux. o :

La distribution P des degreés k des nosuds du réseau suit une distribution de Poisson dans les
réseaux construits au hasard (a) et une loi de puissance dans les réseaux a échelles invariants

(b). (c) Les réseaux hiérarchiques sont des exemples exirémes de réseaux invariants
d’échelles. Image tirée de (Barabasi et Oltvai, 2004).

1.2.1 Propriétés des réseaux d’interactions protéine-protéine

En plus des propriétés communes aux réseaux biologiques, les réseaux d’IPP possédent

des caractéristiques spécifiques associées au contexte dans lequel ils sont étudiés.



Parmi ces caractéristiques, les protéines hautement connectées (ou Hubs) dans le réseau
d’IPP de la levure ont été montréés comme étant codées, la plupart du temps, par des
geénes essentiels (Jeong et al., 2001; Yu ef al., 2008). Aussi, pour mieux définir ces
protéines, qui occupent des positions centrales dans 1’interactome protéine-protéine,
Yu et al. (2007) ont introduit la notion de protéines « bottleneck ». Ces derniéres sont
des protéines avec un haut degréi de centralité intermédiaire (ou « betweenness »). En
analogie avec le r6le d’un pont ou d’un tunnel dans le réseau routier, les protéines
« bottleneck » représentent les points par lesquels il y a un maximum de chemins les
plus courts entres ces derniers et ’ensemble des noeuds dans le réseau d’interactions
protéine-protéine (Figure 1.3) (Yu er al., 2007). De maniére générale, les protéines
« bottleneck » sont un meilleur indicateur d’essentialité que le degré d’IPP et sont plus
faiblement co-exprimés avec leurs partenaires que les protéines « non-bottleneck » (Yu
et al., 2007). De plus, cette notion permet de classer certaines protéines du réseau d’IPP

en 4 types de nceuds (Figure 1.3) (Yu et al., 2007);

1. selon qu’ils soient des Hubs et des protéines « bottleneck » (« Hub-
bottleneck »);

il. ou pas (« Hub-non-bottleneck »);

1ii. qu’ils ne soient pas des Hubs mais des protéines « bottleneck » (« Non-hub-

bottleneck ») ou

v. pas (« Non-hub-non-bottleneck »).

Ce modele offre la possibilité d’utiliser le degré de centralité¢ intermédiaire pour
découvrir des protéines qui ne sont pas des Hubs, mais qui jouent un réle clé entre deux
processus biologiques importants. Plus récemment, Wuchty (2014) a étendu cette
notion & la connexion entre deux protéines « bottleneck ». Il a montré que le degré de
centralité intermédiaire de ’interaction entre deux protéines « bottleneck » est elle aussi
supérieur a la moyenne des autres interactions (Wuchty, 2014). De plus, en confirmant
cette propriété dans le réseau d’IPP de I’humain, il a trouvé que les protéines qui

partagent une interaction & haut degré de centralité intermédiaire sont plus souvent



associées avec le cancer et sont aussi plus souvent ciblées par des virus que les

protéines qui ne partagent pas ce type d’interaction (Wuchty, 2014).

Hub-bottleneck node

Non-hub-bottieneck node

Hub-non-bottleneck node

Non-hub-non-bottleneck node

Figure 1.3 Schéma représentant quatre catégories de noeuds dans un
réseau. ‘

Les quatre points définis selon le degré de connections et de centralité intermédiaire sont
représentés par différentes couleurs. Les protéines « bottleneck » sont encerclées en pointillé.
Image tirée de (Yu et al., 2007).
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1.2.2 Propriétés des réseaux d’interactions génétiques

En premier lieu, la topologie du réseau d’1G chez la levure, grice aux nombreux efforts
concertés de criblage des IG a grande échelle, est semblable a celui des IPP et des autres
réseaux biologiques et présente une structure invariante d’échelle avec des génes
hautement connectés jouant le rdle de Hubs (Costanzo et al., 2010; Tong et al., 2004).
De ce fait, le degré de connectivité des Hubs d’interactions génétiques corréle avec le
degré d’interactions dans le réseau d’IPP (Costanzo et al., 2010). Les Hubs d’IG ont
aussi une propension a étre des génes essentiels et a étre multi-fonctionnels (associés a
une multitude de fonctions biologiques), tout comme ceux de I’interactome protéine-

protéine (Costanzo ef al., 2010).

A plus petite échelle, le réseau d’interactions génétiques de la levure, basé sur des
interactions négatives (1étales, voir section 1.1), est modulaire et les interactions sont
concentrées entre des genes qui partagent des fonctions biologiques semblables
(Costanzo et al., 2010). Cette organisation modulaire des IG, qui implique
fréquemment des modules denses d’interactions composés en majorité d’interactions
négatives, a abouti a la notion de monochromaticité des IG (Segre er al., 2005)
(Connections en rouge; Figure 1.4). La monochromaticité des IG est observée
lorsqu’un module dense d’interactions est composé en majorité, soit d’IG positives ou
d’1G négatives (Segre et al., 2005). Chez la levure, cette particularité du réseau d’IG a
aussi été observée avec un nombre €levé d’interactions positives a ’intérieur de
certains modules fonctionnels (Connections en vert; Figure 1.4) (Fiedler ef al., 2009;

Schuldiner et al., 2005).
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Figure 1.4 Exemples de modules fonctionnels monochromatiques pour
les interactions génétiques chez la levure Saccharomyces cerevisiae.

Chaque noeud représente un gene lié par une ou des interactions genétiques de type positives
(vert) ou négatives (rouge). Image tirée de (Michaut et al., 2011).

En combinant les IG et les interactions protéine-protéine de la levure, Kelley et Ideker
(2005) ont précisé la notion de monochromaticité selon deux modéles décrivant la

mécanistique des interactions génétiques. Le premier modele d’IG, nommé « between-
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pathways » (i.e. IG concentrées entre les voies), décrit plusieurs interactions génétiques
connectant les membres de deux voies de signalisation ou de métabolisme différentes
(Figure 1.5a) (Kelley et Ideker, 2005). Ce modele est prépondérant pour les IG
négatives de la levure, et donc monochromatiqﬁe, avec une. majorité d’interactions
négatives ayant €té observées entre les membres de deux voies distinctes dans de
nombreuses études qui ont appliqué ce modele dans le réseau d’IG de la levure (Figure
1.5b) (Bandyopadhyay et al., 2008; Bellay et al., 2011; Kelley et Ideker, 2005;
Szappanos et al., 2011; Ulitsky et Shamir, 2007). Le deuxiéme modéle, nommé
« within-pathways » (i.e. & I’'intérieur des voies), décrit un groupement d’IPP ou un
complexe protéique qui est également densément connecté par des interactions
génétiques (Figure 1.5a) (Kelley et Ideker, 2005). Ce modéle }s’appliquerait aux
interactions positives retrouvées entre des génes non-essentiels puisque leurs mutations
- individuelles ne sont pas 1étales et peuvent, au.contraire, mener a une atténuation du
phénotype observé (e.g. le complexe protéique DEFGH; Figure 1.5b). Par contre, cette
hypothése s’est avérée majoritairement fausse pour I’ensemble des interactions
positives chez la levure, et c’est plutdt leur prévalence a connecter des modules
fonctionnels distants ou indépendants qui a été observé (e.g. IG positives entre le
complexe DEFGH et IJKL; Figure 1.5b) (Bellay ef al., 2011; Kelley et Ideker, 2005;
Ulitsky et Shamir, 2007). ‘

L’une des raisons qui pourrait expliquer la supériorité du modele « between-pathway »
sur celui du « within-pathway » réside dans le fait que la plupart de ces études oht :
considéré les voies de signalisation/métabolisme (ou modules:) comme des motifs
denses d’interactions protéine-protéine ou protéine-ADN (Bandyopadhyay ez al., 2008;
Bellay et al., 2011; Kelley et Ideker, 2005; Szappanos ef al., 2011; Ulitsky et Shamir,
2007). En réalité, les voies sont définies comme un groupe de molécules fonctionnant
ensemble, avec ou sans interactions, pour contréler un processus biologique donné

(Kanehisa et al., 2004; Vastrik et al., 2007).
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Figure 1.5 Modéles pour illustrer a la fois la modularité et Ia
monochromaticité des interactions génétiques chez la levure.

(a) Les modéles de base proposent de répartir les interactions génétiques (lignes rouge
" pointillées) selon qu’elles connectent deux modules denses d’interactions protéine-protéine
(lignes bleu, « Between-pathway ») ou qu’elles apparaissent a l'intérieur d’'un module (« Within-
pathway »). (b) La monochromaticité des modéles est expliquée selon une prépondérance
d’interactions négatives (liens en rouge) entre les complexes d’interactions protéine-protéine
(lignes noir pointillées) ou d’interactions positives (liens en vert) apparaissant a l'intérieur d’un
complexe protéique formé par des génes non-essentiels. Image tirée de (Kelley et Ideker,
2005) et (Baryshnikova et al., 2013).
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Du c6té des organismes multi-cellulaires, il n’y pas d’interactome génétique a grande
échelle semblable a la levure dii aux difficultés de criblage expérimental et & la taille
du génome de la plupart de ces especes. Toutefois, des études a petite échelle chez le
nématode C. elegans montrent un réseau dont la topologie est similaire a celle observée
chez la levure avec un réseau invariant d’échelle et la présence de Hubs (Byrne et al.,
2007; Lehner et al., 2006). De plus, les Hubs auraient aussi cette tendance a étre des
geénes essentiels, mais cette observation a été faite dans un réseau d’1G de type négatif
uniquement (Byrne et al., 2007). Aussi, au niveau de la modularité du réseau d’IG de
C. elegans, le modele « within-pathway » semble mieux s’appliquer a une majorité
d’interactions génétiques chez le nématode, a I’inverse de la levure pour qui le modéle
« between-pathway » prédomine (Lehner, 2007). Une des raisons pour expliquer cette
différence résiderait dans la nature des méthodes utilisées pour cribler les IG chez
chacun de ces organismes, mais on ne peut pas exclure la possibilité que cette

différence soit due a la nature méme de ces especes, i.e. uni- versus multi-cellulaires.

1.3 Le criblage in silico des interactions génétiques

Malgré les avantages du criblage a haut-débit des IG en laboratoire, la quantification
nécessaire pour €valuer I’effet de deux mutations sur un phénotype en particulier
requiert une quantité astronomique de mesures qui augmentent selon la taille du
génome de 1’espéce (e.g. la bactérie Escherichia coli ~10 millions de paires de génes
X 10 mesures = 100 millions de mesures, chez ’humain ~200 millions de paires de
génes X 10 mesures = 2 milliards de mesures) (Onami et Kitano, 2006). De plus, le
nombre total d’1G identifié par des études a grande échelle représente moins de 1% de
toutes les paires de genes testées chez la levure et le nématode (Costanzo et al., 2010;

Lehner et al., 2006). Le rendement en interactions identifiées et la couverture en
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nombre de génes sont donc généralement faibles en laboratoire (« systematic screens »,
en bleu, Figure 1.6). Une fagon de surmonter cette difficulté est d’utiliser une approche

in silico dans laquelle une paire de genes en particulier est ciblée (Onami et Kitano,

20006).
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Figure 1.6 Comparaison entre les approches expérimentales de criblages
et les méthodes prédictives d’interactions génétiques chez C. elegans.

Les comparaisons sont faites selon le pourcentage de génes ayant au moins une interaction
(« % of genes with interactions ») et la fraction de paires de génes testées montrant une
interaction (rendement ou « Validation success rate »). Le criblage systématique en laboratoire
(« systematic screens », (Lehner et al., 2006) et (Byrne et al., 2007)) teste seulement quelques
paires de génes di aux nombreux facteurs limitants des manipulations expérimentales. Le
rendement est aussi genéralement faible da a la rareté des interactions génétiques par rapport
au nombre de paires testées. A linverse, la prédiction in silico d'interactions génétiques
(« prediction-based screens ») peut se faire pour I'ensemble des paires de génes selon la
couverture des données utilisées ((Lee, |. et al., 2010), (Lee, A. Y. et al., 2010) et (Zhong et
Sternberg, 2006)). De plus, etant donné la hiérarchisation des paires de génes, seules celles
présentant une trés forte probabilité d’interactions sont testées en laboratoire, augmentant
ainsi le rendement. Image tiree de (Lee, A. Y. et al., 2010).
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Cette méthode consiste a d’abord prédire des IG pour I’ensemble des paires de génes
et de valider en laboratoire par la suite celles qui présentent des grandes chances d'étre
de vraies interactions génétiques. Les rendements et couvertures en nombre de génes
obtenus sont donc supérieurs grace a cette approche (« prediction-based screens » en

rouge, Figure 1.6) (Lee, I. et al., 2010).

Pour prédire des IG chez un organisme, il faut d’abord disposer de données, idéalement
a grande échelle, provenant de sources multiples (e.g. expression des génes,
interactions protéine-protéine, annotations fonctionnelles) (« Data Sources », Figure
1.7) (Madhukar ef al., 2015). Ensuite, les données peuvent étre transformées (e.g. Co-
expression des génes, enrichissement en annotations communes pour deux génes) ou
utilisées directement (e.g. IPP, pourcentage d’homologie entre deux génes) pour
calculer des scores entre les différentes paires de génes qui sont communément appelés
attributs (« Feature extraction », Figure 1.7) (Madhukar et a/., 2015). Comme chacune
des paires de genes se retrouve avec un score pour chacun des attributs, un réseau peut
étre construit en appliquant un seuil minimum sur les scores (Lee, A. Y. ef al., 2010).
Ce réseau peut étre utilis€ par la suite pour construire d’autres attributs (Lee, A. Y. ef
al., 2010; Madhukar et al., 2015). Les attributs sont ensuite combinés dans une matrice
pour toutes les paires de genes (Fig.1.7). Bien que facultatif, ces attributs peuvent aussi
étre évalués individuellement pour leur potentiel prédictif envers les IG afin d’utiliser
seulement ceux présentant des liens forts avec les IG (Lee, A. Y. et al., 2010). Bien que
cela permet de construire un modele plus spécifique au contexte des 1G, ditférents
algorithmes de sélection automatique existent pour utiliser les attributs les plus
performants avant [’étape de [’apprentissage machine (Madhukar et al., 2015). Viens
ensuite le choix d’un ensemble d’entrainement qui, apres intégration, servira de modéle
de base pour la prédiction d’IG (Fig.1.7) (Madhukar er a/., 2015; Onami et Kitano,
2006). Cet ensemble de référence doit étre représentatif et contient idéalement des IG
en nombre suffisant pour étre séparé en deux afin de conserver un certain nombre d’1G

pour les phases de tests (« Training » et « Test », Fig.1.7) (Madhukar ef al., 2015).
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L’ensemble de tests, constituer aléatoirement avec des 1G, servira a évaluer la
performance et la pertinence du modele prédictif construit avec le reste des IG

Madhukar ef al., 2015).

Pour le moment, seule la levure dispose d’un nombre suffisant d’IG pour appliquer
cette approche. Autrement, lors des phases de tests, le modele est évalué pour sa
pertinence envers d’autres [G par diftérentes méthodes d’évaluation en considérant
uniquement |’ensemble d’entrainement non fragmenté (Madhukar er «/., 2015). La
méthode la plus utilisée, appelée validation croisée, consiste a séparer 1’ensemble
d’entrainement au hasard en & sous-ensembles équivalents et de générer les prédictions
pour le K™ sous-ensemble en utilisant les k-1 sous-ensembles comme données
d’entrainements (Schrynemackers ef /., 2013). On applique généralement, de fagon
aléatoire, plus de 5 séparations pour s’assurer d’un échantillonnage approprié¢. A
I’extréme, toutes les séparations sont effectuées avec & = n sous-ensembles dans une
technique appelée « leave-one-out cross-validation » (Madhukar er al., 2015). A la fin,
les prédictions sont évaluées sur un ensemble d’1G réel (positif) et un ensemble négatif
(e.g. paires de geénes pris au hasard), les performances de classification pour chaque
modele sont calculées selon les ratios d’lG et de négatifs correctement prédits par
rapport a la taille de I’ensemble de départ (Madhukar et «/., 2015). Dans I’ensemble,
un modele qui offre de bonnes performances, basées sur un ensemble d’entrainement
suffisamment large, peut étre utilisé ensuite sur ’ensemble des paires de génes d’un
organisme pour prédire des IG et cibler ou caractériser celles qui portent un intérét

particulier.
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Figure 1.7 Survol de I'approche la plus utilisée pour la prédiction
d’interactions génétiques.

Divers types de données a grande échelle sont extraits des bases de données pour étre utilisés
directement ou encore, étre transformés pour construire les attributs (ou « feature »). Ces
attributs sont ensuites combinés dans une matrice pour I'ensemble des paires de génes.
Finalement, un modéle prédictif est construit grace a un ensemble d'entrainement ayant passé
les phases de tests pour servir a la prédiction d’interactions génétiques entre des paires de
génes d'intéréts. Image tirée de (Madhukar et al., 2015).
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1.3.1 Chez la levure S. cerevisiae

Chez les eucaryotes, la levure S. cerevisiae est I'espece qui a bénéficié le plus d’efforts
concertés afin de tester plus de cinq millions de paires de génes expérimentalement
(Baryshnikova et al., 2010; Costanzo et al., 2010). Mais comme ces progres sont
relativement récents, la levure a eu son lot d’études in silico auparavant, en particulier
avant 2010, afin d’augmenter la couverture des genes avec des 1G grace aux outils
prédictifs. Ces études ont aussi mis de I’avant plusieurs méthodes qui sont encore

couramment utilisées dans la prédiction des 1G (Madhukar et al., 2015).

Brievement, Tong er al. (2004) ont montré qu’environ 20% des voisins d’un géne dans
’interactome génétique partagent aussi des interactions génétiques entre eux. Cette
propriété peut donc servir a prédire des [G pour des genes qui sont peu caractérisés
(Tong et al., 2004). Néanmoins, cette approche, généralement appelée regle
d’association, est couramment employée comme technique d’inférence mais nécessite
une quantité¢ adéquate d’information (des IG en 'occurrence) et I’information doit
idéalement étre dépourvue de biais expérimentaux (e.g. un seul géne est testé
systématiquement contre [000 autres plutdt que toutes les combinaisons possibles de
paires de genes) (Gillis et Pavlidis, 2012). Pour pallier a ce probléme (récurrent chez
les organismes autre que la levure), Pandey ef a/. (2010) ont construit 152 attributs,
dérivés de types de données allant de l'expression des genes aux annotations
fonctionnelles, pour prédire des 1G sans avoir recours directement au réseau d’lG pour
la construction des attributs. Pour ce faire, ils ont eu recours a une approche d’arbres
de décisions et & cinq autres types de prédicteurs différents (e.g. analyse discriminante
lin€aire, réseaux de neurones) qu’ils ont combiné ensemble pour maximiser le potentiel
prédictif de chaque type de données (Pandey ef a/., 2010). La combinaison de plusieurs
prédicteurs permet aussi, au final, d’obtenir un consensus au niveau des prédictions. Ils
ont appliqué cette approche pour prédire des interactions génétiques entre les facteurs

de transcription connus chez S. cerevisiae et découvert un grand nombre de nouvelles
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interactions entre ces facteurs. Leur effort a permis de générer des G prédites pour
environ 7,5 millions de paires de genes non-essentiels de la levure (Pandey er «l., 2010).
Ces prédictions n'ont toutefois pas été validées expérimentalement, probablement en

raison des difficultés que cela comporte en termes de temps et d’argent.

Une autre maniere de prédire des [G consiste a exploiter la relation entre les réseaux
d’interactions protéine-protéine et génétiques. Comme la topologie et la connectivité
du réseau des interactions protéine-protéine (IPP) est semblable a celui des I1G (e.g.
réseau invariant d’échelle, présence de hubs), cette information pourrait étre utilisée
pour prédire des [G entre deux génes qui codent pour des protéines qui interagissent
ensemble physiquement (Chipman et Singh, 2009; Kelley et Ideker, 2005; Paladugu et
al., 2008).

Dans I’ensemble, la prédiction d’IG chez S. cerevisiae a permis d’instaurer les bases
de la prédiction d’IG, en particulier chez les organismes supérieurs, mais n’est
¢videmment plus nécessaire chez la levure di aux criblages a grande échelle qui ont
permis de tester preés de la moitié de I'ensemble des paires de génes de cet organisme.
De plus, la piétre conservation des 1G entre les especes ne permet pas d’utiliser
directement les G chez la levure pour les transposer a d’autres especes par orthologie
de genes (i.e. homologie qui tient compte de la divergence entre les especes), il est done
nécessaire de développer des outils prédictifs basés sur des données rattachées a

[’espéece, et ce, pour chacune des especes étudides.

1.3.2 Chez C. elegans

Contrairement a la levure, le nématode Cuenorhabditis elegans n’a que quelques

milliers d’1G de disponibles pour les études a moyen ou large spectre. La prédiction
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d’IG est donc nécessaire pour cette espece. C. elegans possede tout de méme une
multitude de phénotypes bien documentés dans les bases de données, de méme que des

données d’expression et d’IPP {(Howe ef «l., 2016).

La méthodologie générale pour prédire des IG chez C. eleguns emploie habituellement
seulement des données expérimentales, mais peut comprendre aussi des données non-
expérimentales comme la co-citation de génes dans la littérature (Lee, 1. ef «/., 2010).
Bon nombre d’études de prédictions d’1G a grande échelle chez C. elegans utilise
quatre principaux types de données, ’expression des genes, les annotations
fonctionnelles et/ou phénotypes, les IPP et les IG (Chipman et Singh, 2009; Hoehndorf
et al., 2013; Lee, A. Y. et al., 2010; Lee, 1. et al., 2010; Zhong et Sternberg, 2006).
Mais a 'exception de I'expression des geénes (facilitée par les micropuces a ADN ou
« gene microarrays »), bien peu de types de données couvrent les quelques 18 000
genes de C. elegans. Aussi, 1l est important de se rappeler que ce ver n’a que quelques
milliers d’IG validées expérimentalement, empéchant par le fait méme son utilisation
comme réseau dans des analyses prédictives d’IG semblables a celles chez la levure.
La plupart des types de données ne couvrent donc qu’une petite partie du génome du
nématode, laissant beaucoup de données manquantes dans les matrices de paires de

geénes utilisées pour ’'intégration de données (Zhong, W. et Sternberg, 2007).

Pour surmonter cet obstacle, Zhong et Sternberg (2006) ont utilisé deux méthodes, la
premiére consiste a combiner des données d’un méme type, provenant de différentes
sources couvrant chacune une partie de I’ensemble des genes, afin d’optimiser la
couverture du génome. La deuxieme se base sur le principe que si deux genes
interagissent ensemble (pour une espece), leurs orthologues ont aussi plus de chance
d’interagir génétiquement que des paires de genes prises au hasard (Zhong et Sternberg,
2006). Les deux auteurs ont donc intégré cing types de données provenant de trois
especes différentes (C.elegans, S. cerevisiae, D. melanogaster) pour obtenir des
probabilités d’1G pour environ 10% des paires d’orthologues chez le nématode (Zhong

et Sternberg, 2006). La faible couverture en nombre de genes avec au moins une [G
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prédite peut s’expliquer en partie par le fait qu’un nombre restreint de genes chez C.
elegans ont des orthologues chez une des deux autres espéces (Sonnhammer et Ostlund,
2015). Un autre probleme, cette fois au niveau de la spécificité de leur modéle, vient
du fait que les auteurs ont utilisé les IG de la levure et de la drosophile comme attributs
prédictifs pour I’ensemble des paires de genes de C. elegans (Zhong et Sternberg,
2006). Il a été¢ montré que sorti d’un contexte en particulier (e.g. 1G entre génes
essentiels ou IG a P'intérieur d’une voie de métabolisme), les IG sont peu ou pas
conservées entre C. eleguans et S. cerevisiae et ont aussi peu de chance d’étre conservées
entre C. elegans et D. melanogaster (Tischler et al., 2008). L’utilisation des 1G multi-
especes comme attribut prédictif, en comparaison avec des IG spécifiques a I’espece,
est d’ailleurs I'une des raisons de la faible performance de ce prédicteur face a d’autres
(Chipman et Singh, 2009). Par contre, cela n’a pas empéché les auteurs d’obtenir un
bon rendement en validations expérimentales tel que démontré par un haut ratio de
paires de geénes validées par criblage et d’interactions prédites par leur modéle pour ces

mémes paires de génes (Zhong et Sternberg, 2006).

Une autre problématique rencontrée lors de la prédiction d’IG chez le nématode
concerne I’ensemble d’entrainement utilis¢ dans le modele prédictif. Comme
mentionné précédemment, le nématode dispose que de quelques milliers d’IG et
I’utilisation d’un ensemble d’entrainement jugée trop petit peut mener au phénomeéne
de surapprentissage (« overfitting ») ot le modele prédictif n’a plus la flexibilité requise
pour prédire avec succes des nouvelles instances (Okser et al., 2013). La régle est donc
de privilégier, si possible, une grande quantité d’instances validées (exemples positifs)
pour maximiser les chances d’avoir un modele prédictif couvrant la majorité des cas
non-étudiés (Okser ef al., 2013). De plus, les instances positives doivent, dans I’idéal,
couvrir un maximum d’exemples d’IG, selon leurs profils de valeurs des attributs, afin
d’obtenir un ensemble d’entrainement équilibré (Okser er al., 2013). Pour surmonter
ces obstacles, Zong et Sternberg (2006) ont utilisé, en plus des quelques 1 800 IG, les

2 878 interactions protéine-protéine (IPP) de C. elegans validées par double hybride
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(« yeast two-hybrid ») en se basant sur le fait que deux génes qui interagissent ensemble
ont plus de chance de coder pour des protéines qui interagissent physiquement que
deux genes pris au hasard (Tong et al., 2004). Cette propension des paires de génes qui
interagissent génétiquement, a interagir physiquement aussi, n’est toutefois pas
généralisée car dans 1’ensemble, moins de 10% des IG partagent aussi des IPP (Tong
et al., 2004). L’utilisation d’IPP en tant qu’interactions génétique a donc pour effet
d’introduire potentiellement un nombre non négligeable de faux positifs dans

I’ensemble d’entrainement.

Une maniere différente de contourner le manque d’IG chez C. elegans pour la
construction de I’ensemble d’entrainement est d’utiliser les annotations fonctionnelles
(e.g. termes « gene ontology », voies de signalisation) pour former des paires de génes
qui partagent une ou plusieurs annotations en commun (Lee, I. ef al., 2010). Cette
approche permet d’avoir un ensemble d’entrainement comme modeéle qui couvre la
majorité des paires de génes du nématode. Par exemple, en utilisant les annotations
« Gene Ontology » (GO), Lee et al. (2010a) ont construit un ensemble d’entrainement
composé de plus de 600 000 paires de génes pour générer un modéle capable
d’identifier des paires de génes impliquées dans les mémes processus biologiques (co-
fonctionalité). Ils ont ensuite découvert que ce modéle permettait aussi d’identifier des
IG (Lee, 1. et al, 2010). Comme [’objectif principal était de prédire des liens
fonctionnels entre les génes (ou impliqués dans les méme processus), les rendements
en validation expérimentale pour les IG ont été inférieurs a ceux obtenus pour les
approches utilisant les IG comme ensemble d’entrainement (Kelley et Ideker, 2005;
Lee, A. Y. etal., 2010; Lee, I. et al., 2010; Wong et al., 2004; Zhong, W. et Sternberg,
2007). Ce qui est mis en évidence ici témoigne d’un concept important en apprentissage
machine qui survient lorsque des ensembles d’entrainements trés volumineux sont
utilisés. En effet, plus on ajoute d’instances dans 1’ensemble d’entrainement, plus on
augmente le risque d’introduire des instances qui s’éloignent de la vérité en raison de

plusieurs facteurs qui s’ajoutent (e.g. expérimentateurs, méthodes, données
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manquantes, bruit de fond) (Raykar et al, 2009). Dans I’idéal, un ensemble
d’entrainement bien balancé et sélectionné avec soin permet de générer des prédictions
avec beaucoup plus de précisions (Batista et Meira, 2004; Cano et al., 2007). En
utilisant seulement les 1G de C. elegans comme ensemble d’entrainement, nous avons
obtenu les meilleurs rendements en validations expérimentales a ce jour. Le succés de
l'approche adoptée par notre laboratoire ne repose pas uniquement sur le choix d’un
ensemble d’entrainement composé d’IG validées expérimentalement, mais aussi sur
I’utilisation d’attributs capable d’exploiter & la fois les réseaux d’IPP/co-expression des

génes et les associations genes-phénotypes (Lee, A. Y. ef al., 2010).

Plus spécifiquement, pour construire ces attributs, des données d’expression des génes
et des IPP sont colligées pour construire les réseaux de co-expressions et d’IPP (Figure
1.9A). Pour le réseau d’IPP, le degré d’enrichissement en partenaires communs de
chaque protéine dans le réseau est calculé pour construire un attribut prédictif d’IG
(Figure 1.9B). En effet, il a ét¢ montré que deux genes enrichis en partenaires communs
dans le réseau d’IPP ont plus de chance d’interagir génétiquement que les autres (Lee,
A. Y. et al, 2010). Ensuite, comme les phénotypes ne couvrent qu’une partie de
I’ensemble des genes, cette couverture pourrait étre étendue en explorant le voisinage
(les partenaires directs) de chaque géne dans le réseau combiné de co-expressions et
d’IPP qui lui, couvre plus de 80% des génes. On applique ensuite le méme principe
d’enrichissement dans le voisinage, mais cette fois-ci, on calcule 1’enrichissement d’un
phénotype dans le voisinage (nombre de génes associés au phénotype) de deux génes
(Figure 1.9C). Finalement, deux génes enrichis dans leurs voisinages pour un
phénotype donné ont plus de chance d’interagir génétiquement que les autres, d’autant
plus si les deux génes sont aussi associés au phénotype en question (Figure 1.9D) (Lee,
A.Y.etal,2010).



25

A B ; signi:iﬁant?
(O,
II'\

-— protein-protein interaction/interlog O gene/protein

coexpression (r 2 0.35) @ gene with a particular RNAi phenotype

Figure 1.8 Attributs utilisés pour la prédiction d’interactions génétiques.

(A) Les réseaux d'interactions protéine-protéine (IPP) et de co-expressions (non-montrés)
peuvent étre combinés pour étendre la couverture génomique. (B) On peut mesurer le degré
d'enrichissement en partenaires communs entre deux génes dans le réseau d’IPP. (C) Le
réseau combiné de co-expressions et d'IPP est utilisé pour définir le voisinage de deux génes
afin de calculer I'enrichissement en nombre de voisins associés a un phénotype donné. (D)
Pareillement a (C), mais avec l'ajout que les deux génes d'intérét soient aussi associés au
phénotype. Image tirée de (Lee, A. Y. et al., 2010).

En résumé, chez les organismes multi-cellulaires, C. elegans est ’espéce qui a le plus
bénéficié des études de prédiction d’IG gréce, entre autres, a la quantité d’information
disponible dans les bases de données. Mais aussi grace aux nombreuses études sur la
génétique du nématode qui ont permis de rassembler une quantité appréciable d’IG

validées expérimentalement pouvant servir a ’entrainement et/ou & la validation de
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modeles prédictifs pour les IG. Au final, les différentes approches employées pour la
prédiction d’IG chez C. elegans ont le potentiel d’étre appliquées chez d’autres

organismes multi-cellulaires disposant d’un nombre restreint d’IG.

1.3.3 Chez ’humain

Malgré la quantité impressionnante de données & grande échelle et la disponibilité d’IG
découvertes dans des études in vitro chez I’humain, peu d’études in silico ont vu le jour
pour tenter d’explorer le sujet. Parmi les causes possibles, citons la découverte des IG
dites « contexte-spécifiques » (i.e. qui sont détectables dans un seul contexte donné)
(voir section 1.2.2) (Chari et Dworkin, 2013). En effet, pour prédire des IG dans le
contexte d’une maladie, par exemple, il faut une compréhension approfondie des
phénotypes, des voies de signalisation et des mécanismes d’altération propres a cette
maladie, et les données rattachées sont parfois non disponibles (e.g. maladies rares).
Néanmoins, quelques études ont tenté de prédire des IG chez I’humain, notamment
dans le cancer (Jerby-Amon et al., 2014; Lu et al., 2015).

Dans la premiere, les auteurs ont intégré des données d’expression de génes et de
criblage d’IG provenant de plus d’une centaine de lignées cellulaires de différents types
de cancer (Fig. 1.9) (Jerby-Amon et al., 2014). Ils ont ensuite combiné ces résultats
avec ceux provenant du séquengage d’ADN (e.g. nombre de copie d’un géne,
mutations) pour construire des réseaux d’interactions prédites spécifiques a chaque
type de cancer, et pouvant étre utilisés dans le pronostic de la maladie ou dans la
réponse a un médicament (Fig. 1.9) (Jerby-Armon et al., 2014). Dans 1’élaboration de
leur modele prédictif, les auteurs se sont basés sur le principe de coupable par
association pour construire les réseaux d’IG prédites. Plus précisément, en analysant le

réseau d’interaction connu, ils ont émis trois remarques:
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i Les paires de génes qui interagissent négativement ont un taux de co-
mutations (ou co-délétions) plus faible que les paires choisies au hasard
(puisque le contraire serait défavorable, voir 1étal, pour la cellule
cancéreuse).

ii. Les interactants négatifs d’un géne X peuvent étre détectés si la sous-
expression ou la perte de ces génes induit ’essentialité du géne X dans les
criblages shRNA.

iii. Les génes qui interagissent négativement ceuvrent dans la méme voie de

signalisation/métabolique et ont donc tendance a étre co-exprimés.

Ils ont par la suite construit trois mod¢les statistiques basés sur chaque observation, les
IG négatives identifiées expérimentalement formant les ensembles de référence (« gold
standard » en anglais), et ont identifié¢ les paires de génes pour qui les trois tests
statistiques sont significatifs, comme interagissant génétiquement (Jerby-Arnon et al.,
2014). Au final, ils ont obtenu un réseau combiné de 2816 interactions négatives
prédites couvrant 2077 génes. Leur approche a aussi été utilisée avec succés pour
découvrir 44 interactants synthétiques létals du suppresseur de tumeur VHL grace a

des validations par ARN interférant (Jerby-Arnon et al., 2014).

Pour étendre cette couverture a plus de 15 000 génes, Lu et al. (2015) ont utilisé des
données d’expression de geénes pour mesurer leurs fluctuations (expressions
différentielles) dans un réseau d’IG négatives identifiées expérimentalement provenant
de plusieurs types de cancer. Ils ont remarqué que lorsqu’un géne interagit
négativement avec un autre, I’'un d’eux est sur-exprimé pendant que 1’autre est, au
contraire, sous-exprimé (Lu et al., 2015). Cette constatation leur a permis de construire
un modele prédictif pour les paires de geénes qui partagent un motif d’expression
similaire afin de prédire des IG négatives (Lu et al., 2015). Ces prédictions n’ont

toutefois pas été validées expérimentalement.
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Figure 1.9 Schéma de la prédiction d’interactions génétiques négatives
chez ’humain.

Différents types de données sont intégrés avec les interactions génétiques dites « synthétiques
létales » (SL). L’information résultante peut étre utilisée ensuite, par le principe de coupable
par association, pour construire un réseau d’interactions SL prédites. Ces interactions prédites
peuvent éventuellement conduire & un meilleur pronostic ou a une meilleure réponse a un
médicament en ciblant un interactant SL en particulier avec une autre molécule thérapeutique.
Image tirée de (Jerby-Arnon et al., 2014).

1.4 La génomique intégrative dans le cancer du sein

Dans le cadre de cette thése, j’ai travaillé sur les réseaux d’interactions fonctionnelles

du nématode C. elegans. Les principales conclusions de nos études nous ont mené a
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s’interroger sur la génétique du cancer, plus précisément au niveau du cancer du sein.
Les prochaines sections introduisent les notions de bases de cette maladie et exposent

des résultats importants provenant de différentes études intégratives.

1.4.1 Caractéristiques des tumeurs mammaires

Le cancer du sein tient son origine des glandes mammaires, lesquelles sont formées par
une couche extérieure de cellules myoépithéliales qui entourent les cellules luminales
(Figure 1.10). A I’intérieur, se trouve des cellules souches en position basale qui
donneraient lieu, apres différentiation, aux cellules progénitrices (Figure 1.10) (Tiede

et Kang, 2011).

Stem cell

Figure 1.10 Structure cellulaire des glandes mammaires.

Les cellules myoépithéliales (« Myoepithelial ») entourent les cellules luminales (« Luminal »)
dont l'origine proviendrait de cellules souches basales (« Stem cell ») différentiées en
progénitrices (« Progenitor »). Image tirée de (Tiede et Kang, 2011).
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Le cancer du sein est aujourd’hui considéré comme une maladie hétérogene que I’on
peut classer selon le profil d’expression des genes en quatre catégories principales
(Perou et al., 2000, Sorlie et al., 2001; Sorlie ef al., 2003). La premiere, luminale A,
est basée sur la sur-expression du gene codant pour le récepteur a cestrogene (ESRI,
Figure [.11a) et la tumeur retrouvée chez les patients est généralement associée a un
pronostic positif (Figure 1.11b). Une autre catégorie, nommée luminale B, exprime
aussi I’ESR1 (Figure 1.11a), mais est relativement plus agressive dans son potentiel
métastatique avec un grade de tumeur relativement plus élevé (Figure 1.11b). Les
tumeurs de type luminale seraient, par hypothése, composées majoritairement de
cellules myoépithéliales différentiées (Figure 1.11c) La troisieme catégorie, HER2,
exprime fortement le gene ERBB2 (un récepteur pour les facteurs de croissance
épidermiques) et est associée a un pronostic moins favorable (Ignatiadis ez al., 2009).
Enfin, la derniére catégorie, appelée triple négative, n’exprime pas I’ARNm des
récepteurs des autres catégories en plus du récepteur a progestérone (PR) et se divise
normalement en trois sous-types. Le premier, appelée basal (ou « basal-like »), exprime
des marqueurs spécifiques aux cellules basales (e.g. cytokératines CK5) en plus de sur-
exprimer beaucoup de geénes peu ou pas exprimés dans les autres catégories (e.g. la
famille RUNX, Figure 1.11a) (Sotiriou et Pusztai, 2009). Le pronostic du sous-type
basal, et par le fait méme des autres sous-types de la catégorie triple négative, est
généralement tres défavorable (Figure 1.11b). Toujours dans cette catégorie, le sous-
type normal (« normal-like », Figure 1.11a) posséde un profil d’expression des génes
similaire a celui du tissu mammaire normal. Ce sous-type n’est toujours pas reconnu
officiellement comme catégorie en raison du fait qu’il n’a jamais pu étre isolé par
micro-dissection et qu’il pourrait étre le résultat de contamination par du tissu sain dans
les mesures d’expression des genes (Weigelt er al., 2010). Faisant aussi partie de la
catégorie des tumeurs triple-négatives, le dernier sous-type est caractérisé par
I'expression de genes propres aux cellules souches et mésenchymateuses et a une faible
expression des genes de la famille des claudines (« Claudin-low », Figure 1.11¢) (Prat

et al., 2009).
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Bien qu’il existe auj ourd’hui plusieurs outils prédictifs pour aider dans le pronostic du
cancer du sein, les différentes catégories et les sous-types du cancer du sein ne sont pas
encore utilisés comme signatures d’expression des génes afin de mieux cibler les
traitements & administrer pour les patients dont le profil d’expression des génes de leur
tumeur correspond a 1’'une de ces catégories (Dai ef al., 2015). Avant d’utiliser des
outils basés sur les signatures d’expression, il est primordial de mieux définir les
catégories et sous-types de tumeurs du sein sur la base de types de données
complémentaires et de méthodes intégrant différents niveaux de données (Kristensen
etal.,2014).
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Figure 1.11 Caractéristiques des différentes catégories et sous-types de

cancer du sein.

(a) Heatmap d’expression de marqueurs spécifiques a chacune des catégories de cancer du
sein. Le géne ERBB2 (alias HER2) est sur-exprimé dans les tumeurs de types « HER2-
enriched » alors que le récepteur & cestrogéne ESR1 est sur-exprimé dans les catégories
luminales (A et B). Les tumeurs de la catégorie triple négative comprennent les sous-types
« Normal-like », qui ne sur-expriment pas de marqueur particulier, et les « Basal-like » qui
expriment ou sur-expriment des génes associés aux cellules épithéliales de type basale (ici la
famille RUNX). Image tirée de (Chimge et Frenkel, 2013). (b) Pronostic des différentes
catégories de cancer du sein. Image tirée de (Dai ef al., 2015). (¢) Hypothése d'associations
des catégories de cancer du sein avec les différents stades évolutifs des cellules épithéliales.

Image tirée de (Prat et al., 2009).
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1.4.2 Approches existantes pour I’analyse fonctionnelle des tumeurs mammaires

Une fagon de caractériser davantage les catégories de cancer du sein est d’intégrer
plusieurs types de données afin de complémenter I'information fournie par la
quantification du niveau d’expression des genes par RNAseq ou puces a ADN (Dai et
al., 2015). Pour ce faire, plusieurs bases de données sont disponibles. D’un c6té, les
données dites « primaires » proviennent directement des tumeurs de patients et
couvrent [’essentiel de ce qui est mesurable dans une cellule (e.g. niveau
d'accumulation des ARNm, des protéines, des phosphoprotéines et des métabolites,
nombre de copic des genes dans les chromosomes, niveau de méthylation de la
chromatine). De I'autre coté, les données « secondaires » ou dérivées), proviennent soit
d’un traitement statistique des données primaires (e.g. co-expression, profil
mutationnel), soit d’une multitude d’annotations n’ayant pas, a priori, d’association
avec le cancer (e.g. voies métaboliques, [PP, associations géne-maladie) (Kristensen et

al.,2014).

Pour les données primaires, le consortium TCGA a mis en évidence le fait que les
différentes catégories de cancer du sein peuvent étre différentiées non seulement sur la
base de I’expression des genes, mais aussi sur celle de I’expression des protéines, du
nombre de copies des genes et sur le profil mutationnel de certains genes (The Cancer
Genome Atlas Research er al., 2013). Ces types de données peuvent donc étre intégrés
de facon complémentaire pour mieux caractériser les différentes catégories de tumeurs
mammaires et permettent d’offrir, dans le futur, des tests de pronostic basés sur d’autres
types de données que I’expression des genes. L’intégration de plusieurs types de
données a permis d'identifier des sous-types a I"intérieur des principales catégories de
cancer du sein (Nasser ef al., 2011; Netanely ef al., 2016). En effet, en intégrant les
données d’expression et de méthylation des genes, Nasser ef al. (2011) ont démontré
’existence de deux sous-types dans les tumeurs de genre « basal-like » qui sont

associés a des taux de survie différents. Plus récemment, la méme approche



34

d’intégration a ¢été appliquée a des données provenant de tumeurs de la catégorie
luminale A et a montré aussi une différence significative au niveau de la survie des
patients de deux sous-types potentiels de cette catégorie (Netanely et al., 2016). Ces
résultats montrent que les stratégies d’intégration de plusieurs types de données pour
identifier les principales catégories de tumeurs sont plus informatives que |’utilisation

de données d’expression uniquement.

Une autre fagon de faire consiste a dériver les données primaires (données
expérimentales a grande échelle) en réseaux de geénes. Dans ces réseaux, les génes sont
liés si la force d’un type de données en particulier (e.g. co-expression, co-mutation,
méthylation) est supérieure a la moyenne. On intégre ensuite des données secondaires
(données dérivées ou annotations) afin de conférer des propriétés fonctionnelles a
I’ensemble des geénes d’un réseau (Kristensen et «l., 2014). Enfin, on construit des
modeles prédictifs par apprentissage machine ou des signatures de données permettant
de distinguer les génes clés (impliqués dans la progression tumorale) de ceux qui ne
sont pas impliqués. De la méme fagon, les voies de signalisation dominantes ou actives
lors de la progression tumorale peuvent étre distinguées. Ces informations peuvent
servir éventuellement a 1’élaboration de thérapies spécifiques a une catégorie ou au
pronostic de la maladie (Kristensen e al., 2014). La prochaine section couvrira en
détails certaines approches intégratives ayant mené a I’identification de génes ou de

voies clés pour les différentes catégories de cancer du sein.

1.4.3 Identifier des genes conducteurs ou des voies de signalisation clés dans la

progression des tumeurs mammaires

Plusieurs études ont montré [’avantage d’utiliser ou de dériver une ou plusieurs

données primaires et les intégrer aux informations fonctionnelles fournies par les voics
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de signalisation et les fonctions biologiques (Dutta ef a/., 2012; Natrajan et al., 2010;
Suoet al.,2015; Tian et al., 2014). Cette intégration est faite atin d’identifier des génes
clés ou des voies de signalisation importantes de la maladie dans chacune des
catégories de tumeurs du sein (Dutta et «/., 2012; Natrajan et a/., 2010; Suo et al., 2015;
Tian et al., 2014). Les genes clés peuvent étre considérés comme des genes
« conducteurs » car leurs mutations affectent directement le processus d’oncogenése
(Stratton ef al., 2009) A Iopposé, les génes dits « passagers » n’interviennent pas dans
la progression des tumeurs (Stratton e «/., 2009). La définition peut étre étendue A
’altération, par des mécanismes épigénétique (e.g. méthylation) ou encore par
duplication, du gene entrainant la progression tumorale qui peut aussi étre considéré
comme un gene conducteur (De Carvalho ef al., 2012; Dutta et al., 2012). 11 est a noter
qu’il n’existe pas de consensus au sein de |’appellation de genes conducteurs et

passagers dans la littérature.

L identification de ces génes nécessite habituellement de déceler des mutations dans
ces genes, provenant des échantillons de tumeurs, par séquencage de prochaine
génération. La découverte de ces mutations se fait en comparant la séquence des génes
dans les tumeurs a celle de tissus sains du méme patient (Figure 1.12a). L expression
des génes, mesurée dans chacune des catégories de cancer du sein, est aussi utilisée
dans ces études atin d'identifier des génes mutés et sur-exprimés dans ces catégories de
tumeurs (Figure 1.12a). Enfin, les geénes sont classés hiérarchiquement selon leurs
enrichissements fonctionnels dans le réseau de sur-expression des geénes (dérivé a partir
des genes différentiellement exprimés entre le tissu normal et la tumeur) pour identifier

les génes conducteurs (Figure 1.12a) (Suo et al., 2015).

Une autre maniere d’identifier les génes conducteurs dans le cancer est de se baser sur
leurs réles fonctionnels dans la cellule (Chen ef al., 2013; Dutta et al., 2012) ou sur
leurs propriétés topologiques dans le réseau d’IPP (Jonsson et Bates, 2006; Pifiero et
al., 2016; Porta-Pardo et al., 2015). Toujours sur la base des différentes catégories de

cancer du sein, Dutta et «l. (2012) ont montré qu’il était possible d’intégrer
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simultanément les données d’expression et de nombre de copies des geénes dans les
réseaux d’[PP, de régulation transcriptionnelle et de signalisation pour identifier des
genes conducteurs pour chacune des catégories de tumeurs. Pour ce faire, ils ont
d’abord sélectionné les genes pour lesquels le nombre de copies correle avec son
expression dans chacune des catégories de tumeurs. lls ont ensuite appliqué deux filtres
statistiques dont 1’un est basé sur I’expression différentielle entre une catégorie de
patients et les autres catégories dans le but de sélectionner les groupes de genes qui
sont sur- ou sous-exprimés. Le deuxiéme filtre consiste a retenir les sous-groupes de
genes qui sont co-exprimés dans chacune des catégories (Dutta ef /., 2012). Ils ont
ensuite qualifié ces sous-groupes de réseaux conducteurs desquels ils ont identifié les
Hubs (genes hautement connectés) comme ¢€tant des genes conducteurs. Finalement,
ils ont validé expérimentalement 30 génes conducteurs versus 10 geénes passagers
potentiels, pris au hasard, dans 13 lignées cancéreuses en regardant la viabilité des
cellules apres un traitement avec des siRNA dirigés contre ces génes. Aussi, ces genes
conducteurs étaient, pour les tumeurs de type luminale, impliqués dans I’apoptose et
responsable de la résistance aux traitements hormonaux et associés a la transition
épithéliale-mésenchymateuse (EMT) dans les tumeurs de catégorie triple-négative

(Dutta er al., 2012).

De fagon plus générale, utilisation du réseau d’IPP, pour identifier des génes
conducteurs dans le cancer du sein ou autres cancers, a été exploité dans plusieurs
¢tudes grace a la position centrale qu’occupent ces genes a 'intérieur du réseau
d’interactions (Jonsson et Bates, 2006; Pifiero er al., 2016; Porta-Pardo et al., 2015).
En effet, les genes conducteurs sont plus nombreux a coder pour des Hubs (protéines
hautement connectées) dans le réseau d'IPP (Jonsson et Bates, 2006, Pifiero et al., 2016;
Porta-Pardo ef al., 2015). 1ls ont aussi tendance a coder pour des protéines nommées
« bottlenecks » (Pifiero et al., 2016; Porta-Pardo er al., 2015). Les protéines
« bottlenecks » sont associées a un haut degré de centralité intermédiaire ou

« betweenness » ou beaucoup de courts chemins traversent ce noeud. Les
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« bottlenecks » tendent de plus a étre codés par des genes essentiels (voir section 1.2.1)
(Yu et al., 2007). Ces caractéristiques topologiques des genes conducteurs dans le
réseau d’IPP pourraient donc servir éventuellement & complémenter les méthodes
d’intégration existantes pour découvrir des nouveaux geénes conducteurs dans les

différentes catégories de cancer du sein.

Dans un autre ordre d’idée, une des difficultés rencontrées dans P’application clinique
de la découverte de listes de génes conducteurs est que ces génes en question ne sont
généralement pas de bonnes cibles thérapeutiques, en particulier dans les tumeurs de
catégorie triple-négative. En effet, comme leurs mutations conduisent souvent a la
progression tumorale (e.g. TP53) (Stratton ef al., 2009), une molécule dirigée contre
’un de ces génes pourraient évidemment aggraver la situation (Stratton et al., 2009).
Il est donc préférable d’identifier les réseaux fonctionnels entourant les génes
conducteurs afin de trouver des cibles thérapeutiques secondaires (Dutta et al., 2012).
Une des fagcons de faire est de mettre en évidence les voies de
signalisation/métabolisme clés de chacune des catégories de tumeurs selon I’état
d’activation de ces voies (régulées a la hausse ou a la baisse) (Figure 1.12b) (Dutta ef
al., 2012; Natrajan et al., 2010; Tian et al., 2014). L approche générale consiste a
déterminer, pour chacun des sous-types de tumeurs, si certains génes d’une méme voie
sont corrélés pour leurs niveaux d’expression et leurs nombres de copies (Dutta et al.,
2012; Natrajan et al., 2010), ou encore s’ils sont sur-exprimés ou dupliqués par rapport
a des données de tissus sains (Tian et al, 2014). On peut ensuite calculer des
enrichissements en voies de signalisation dans le voisinage du réseau d’[PP (Dutta er
al., 2012), ou encore utiliser directement les annotations provenant des voies de
signalisation/métabolisme pour déterminer I’appartenance de chaque groupe de génes
identifiés (Natrajan et al., 2010; Tian et al., 2014). L avantage de cette approche est
qu’elle permet non seulement de découvrir des génes conducteurs a I’intérieur des voies
clés, mais aussi d’identifier les voies qui sont différentiellement activées dans chaque

sous-type de tumeurs.
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Figure 1.12 Exemples d’approches intégratives pour identifier des génes
conducteurs et des voies de signalisations clés.

(a) Identification de génes conducteurs

en comparant I'expression des génes (« RNA-seq »)

et le profile mutationnel (« Exome-seq ») des tumeurs de chaque catégorie et des tissus

normaux suivi par I'analyse fonctionnel
conducteurs dans le réseau dérivé des

le (« enrichment analysis ») afin d’identifier les génes
expressions selon un score minimum (« Driver Gene

Score »). Image tirée de (Suo et al., 2015). (b) Analyse des voies de signalisation responsables
de la tumorigénése de chaque catégorie de cancer du sein suite a l'intégration des voies
(« Pathway profiles ») et a la classification des données d’expression des génes. Image tirée

de (Tian et al., 2014).
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Des études ont montré que le niveau d'expression des génes conducteurs ne correle pas
avec le nombre de copies de ces génes pour plus de la moitié des génes conducteurs
testés (Gatza ef al., 2014; Myhre et al., 2013). L’utilisation de cette corrélation pour
identifier des genes et des voies clés dans les différentes catégories de tumeurs n’est
donc pas, a priori, idéale au niveau de la sensibilité des modeles prédictifs des génes

conducteurs.

Globalement, les analyses intégratives existantes pour découvrir des voies clés et/ou
des genes conducteurs dans les différentes catégories de cancer du sein ont un potentiel
certain au niveau thérapeutique mais sont tout de méme limitées pour plusieurs raisons
(Kristensen et al., 2014). Parmi celles-ci, les conclusions de la plupart de ces études
sont généralement partielles en raison des nombreux exemples (e.g. génes
potentiellement conducteurs) qui passent inapergus par manque de sensibilité. Pour
augmenter la sensibilité, il est préférable d’analyser un sous-ensemble de données qui
couvre au maximum les exemples, appelé « ensemble de référence » (ou « gold
standard » en anglais), afin de traiter ’ensemble des exemples par diftérents modeles

prédictifs ou signatures de données adaptées (Kristensen et al., 2014).

Une autre raison réside dans le fait que peu de méthodes existantes sont validées in
vivo. En effet, bien que des validations in silico sur des ensembles de données externes
de patients soient faites dans la plupart de ces études (reproductibilité), peu d’entre-
elles valident de fagcon ex vivo, et encore moins valident leurs découvertes sur des
organismes vivants avec les techniques modernes (e.g. criblage par ARN interférant,
édition CRISPR/cas9) (Kristensen er «l., 2014). Finalement, d’un point de vue
statistique, beaucoup d’études intégratives ont utilisé¢ des ensembles de données a
grande échelle provenant de plusieurs plateformes expérimentales ou encore, une
multitude de types de données différents qui font tous augmenter le probleme de la
« dimensionnalité » (i.e. pendre en compte trop de niveaux de données dans ’analyse
tend a augmenter la dimension du probleme et les erreurs). Autrement dit, il vaut mieux

utiliser les données provenant d’une méme plateforme pour diminuer la variabilité et
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évaluer, de facon individuelle, chacun des types de données pour leur pertinence face
aux buts visés (Kristensen ef al., 2014). En suivant ces recommandations, les
découvertes in silico meneront éventuellement a de meilleurs pronostics et a des

thérapies ciblées pour chacune des catégories de cancer du sein.

1.4.4 ldentification de cibles thérapeutiques dans le cancer du sein

L une des thérapies les plus prometteuses récemment identifiée pour le cancer du sein
est la découverte des inhibiteurs PARP (une enzyme cl¢ dans la réparation de I’ADN)
dont plusieurs molécules sont actuellement en essais cliniques pour traiter les tumeurs
arborant la mutation BRCA1/2 (Sistigu et al., 2016). La particularit¢ de cette
découverte est qu’elle repose sur I’existence d’une interaction génétique négative
(synthétique 1étale, voir section 1.1) entre PARP-1 et BRCAI/2. En effet, [’inhibition
de PARP-1 empéche d’abord le recrutement des facteurs de réparation de I’ADN au
niveau du simple brin. Ensuite, en I’absence de la protéine BRCA1/2 fonctionnelle, le
double brin d’ADN apres réplication n’est pas réparé non plus et conduit donc a la mort
de la cellule cancéreuse (Figure 1.13) (Sistigu ef al, 2016). Mais comme elles ont
I"habilité, tout comme les autres types de cancer, de réorganiser leurs mécanismes de
réparation de I’ADN grace au « switch » (changement rapide) de la fonction de certain
geénes conducteurs (Gavande et al., 2016). Le développement de thérapies combinées
ciblant plusieurs voies de réparation de ’ADN est donc a prioriser dans [’avenir

(Gavande et al., 2016).

Pour ce faire, il faut d’abord développer des méthodes pour mieux caractériser les voies
et les réseaux fonctionnels qui régulent et qui influencent les mécanismes de réparation
de I’ADN (Gavande et al., 2016). L intégration de données pour découvrir les voies

clés et les genes conducteurs impliqués dans la régulation des mécanismes de
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réparation de I’ADN offre donc la possibilité de mieux cibler les thérapies par les

inhibiteurs de PARP en les combinant avec d’autres médicaments.

[’exemple précédent illustre bien le phénomene du revirement des genes conducteurs
rencontré dans le cancer, /.e. plusieurs genes semblent adopter une fonction particuli¢re
dépendamment du contexte dans lequel ils se retrouvent (Stepanenko et ¢l., 2013). Un
autre exemple du « switch » des genes conducteurs dans le cancer, mais peu documenté
cette fois, concerne le métabolisme du glucose. Brievement, il a été montré que les
cellules cancéreuses, a 'inverse des cellules normales, utilise la glycolyse comme
source principale d’énergie méme en présence d’oxygene (Warburg, 1956). Ce
phénomene impliquerait que certains genes contrdlent le degré d’activation des voies
impliquées dans le métabolisme du glucose avec d’autres voies pour favoriser la
glycolyse aérobique (EIf et Chen, 2014). Par exemple, le gene PKM2, exprimé durant
le développement embryonnaire, converti le phosphoénolpyruvate en pyruvate
favorisant ainsi la glycolyse (Christofk e «l., 2008). Ce geéne est exprimé dans les
cellules cancéreuses et serait aussi impliqué dans des voies de signalisation (non-
métabolique) en tant que facteur de transcription de plusieurs oncogenes incluant Oct-
4, qui joue un rdle dans le maintien de la cellule dans un état de pluripotence (non-
différentié¢) (Lee, J. et al., 2008). PKM2 régulerait aussi la transcription du facteur
d’induction de I’hypoxie HIF-1 (Luo et al., 2011) et la -caténine (Yang ef «l., 2011).
De plus, comme ce géne n’est pas exprimé dans toutes les cellules, il représente une
bonne cible thérapeutique par des molécules dont plusieurs essais ont été effectués avec
succes (Elf et Chen, 2014). Dans I’ensemble, étant donné que plusieurs geénes qui jouent
un role dans le métabolisme €nergétique des cellules cancéreuses interferent aussi avec
d’autres processus biologiques. Il est nécessaire d’identifier, pour chacun de ces genes,
les voies et les processus dans lesquelles ils sont impliqués ainsi que leurs diftérents
réseaux fonctionnels avec d’autres genes. Ces réseaux de geénes pourraient mener a la
découverte de thérapies combinées pour cibler le métabolisme particulier des cellules

cancéreuses.
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Figure 1.14 L’inhibition de PARP-1 comme thérapie utilisée dans les
tumeurs déficientes pour les génes de la famille BRCA.

L’inhibition de PARP-1 empéche d'abord le recrutement des facteurs de réparation de 'ADN
au niveau du simple brin. Ensuite, en 'absence de la protéine BRCA1/2 fonctionnelle, le double
brin d’ADN apres réplication n’est pas réparé non plus et conduit a la mort de la cellule
cancéreuse. Image tirée de (Ashworth, 2008).
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1.5 Fondement de la these

Il est primordial de mieux comprendre les mécanismes et les contextes dans lesquels
les genes s’influencent entre eux pour régir le dynamisme moléculaire dans les cellules
des organismes vivants. D’un c6té, ces interactions entre les génes sont au centre de la
robustesse et de I’adaptabilité des organismes vivants a leur environnement, mais de

"autre, elles contribuent aussi aux désordres causés par les maladies chez I’humain.

Dans cette these, je fais I’analyse en profondeur d’un interactome génétique chez le
nématode Cuenorhabditis elegans et fais la description d’une approche de génomique
intégrative qui permet de prédire des liens fonctionnels impliquant des geénes clés dans

la reprogrammation métabolique du cancer du sein.

Dans le Chapitre II, il est question d’un retour sur I’ensemble des connaissances
acquises au cours des dernicre années sur les interactions génétiques et comment une
meilleure compréhension du contexte entourant les différents types de données

rattachées peuvent aider a prédire des nouvelles interactions génétiques.

Dans le Chapitre Ill, je présente la caractérisation en profondeur d’un interactome
génétique de C. elegans liant des geénes se trouvant a ['intérieur des voies de
signalisation/métabolique. Cette caractérisation permet de mettre en évidence une
structure formée de six classes d’interactions génétiques ayant des propriétés distinctes.
Ce modele de réseau pourrait permettre de mieux comprendre le réle des interactions
génétiques au niveau de la robustesse des systemes et le contrdle qu’elles exercent sur

les processus biologiques.

Dans le Chapitre [V, je montre d’abord qu’il est possible de transposer a I’humain, une
méthode d’intégration utilisée pour prédire des interactions génétiques chez le
nématode C. elegans. afin de construire un réseau d’interactions fonctionnelles pour
des sous-types de cancer du sein. Ce réseau, présentant des caractéristiques similaires

a celui qui est présenté dans le Chapitre précédent, a été utilisé dans un modele prédictif
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pour découvrir des genes potentiellement impliqués dans la reprogrammation

métabolique des tumeurs mammaires.

Dans 1’ensemble, I’approche et les résultats décrits dans cette thése ouvre la voie a la
caractérisation d’interactomes fonctionnels d’une multitude de maladies chez I’humain
possédant des données d’expression des génes. Ces caractérisations, basées sur nos
résultats, pourraient aussi permettre de découvrir des nouveaux geénes impliqués dans

différents contextes d’une maladie.



CHAPITRE I

LES RESEAUX D’INTERACTIONS GENETIQUES : MIEUX COMPRENDRE
POUR MIEUX PREDIRE

L’ensemble de ce chapitre a été publié¢ en décembre 2013 dans la revue Frontiers in

Genetics, doi: 10.3389/fgene.2013.00290.

Boucher B, Jenna S. (2013) Genetic interaction networks: better understand to better

predict. Frontiers in Genetics. 4 : 290.

Dans ce deuxieme chapitre, il est question de la relation entre le génotype et le
phénotype d’un individu. En informatique, la complexité de I'architecture interne d’un
ordinateur peut étre simplifiée en la représentant en niveaux d’abstraction. De fagon
similaire, pour mieux comprendre la relation entre le génotype et le phénotype, il est
possible de diviser les systemes biologiques en six niveaux d’abstraction. On montre
que les données provenant de chaque niveau d’abstraction ont été utilisées pour prédire
des interactions génétiques de méme que les divers liens existant entre chaque niveau.
On montre aussi que les méthodes existantes pour prédire des interactions génétiques
chez Caenorhabditis elegans n’arrivent pas a couvrir [’ensemble des interactions mais
seulement des portions de celui-ci selon la technique utilisée et qu’il est donc
primordial de mieux définir la structure de I’interactome génétique avant de construire

d’autres modeles prédictifs.
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Pour cet article, j’ai assemblé, organisé et analysé toutes les données nécessaires afin
de comparer les outils /n silico existants pour la prédiction d’interactions génétiques
chez Caenorhabditis elegans. J’ai aussi compilé toutes les statistiques et les principales
conclusions provenant des études en génomique intégrative pour prédire des

interactions génétiques ainsi que les différentes techniques utilisées.

Sarah Jenna a conceptualisé les niveaux d’abstraction des systémes biologiques et a

dirigé I’ensemble des analyses effectuées dans cet article.

Nous nous sommes partagés la rédaction de l'article sur ces différentes parties.

RESUME

Une interaction génétique (IG) entre deux geénes indique généralement que le
phénotype d'un double mutant différe de ce qui est attendu de chaque mutant
individuellement. Dans la derniere décennie, les études quantitatives a grande échelle,
portant sur les interactions génétiques, ont ¢té effectuées a l'aide du criblage
synthétique par tableau génétique (ou « synthetic genetic array » en anglais) et par ARN
interférant dans la levure et Cuenorhabditis eleguns. Ces études ont soulevé des
questions concernant l'interprétation fonctionnelle des IGs, la relation entre les réseaux
d'interactions génétiques et moléculaires, l'utilité des réseaux d’1Gs pour déduire la

fonction des genes et leur co-fonctionnalité, la conservation évolutive des 1Gs, etc.

Alors que les IGs ont été utilisées pendant des décennies pour clarifier les voies de
signalisation dans les modeles génétiques, leur interprétation fonctionnelle n’est pas
toujours triviale. L'existence d'une IG entre deux genes ne signifie pas nécessairement
que ces deux genes codent pour des protéines qui interagissent ou que les deux genes

sont exprimés dans la méme cellule. En effet, une 1G implique seulement que les deux



47

genes partagent une relation fonctionnelle. Ces deux genes peuvent étre impliqués dans
le méme processus biologique ou dans la méme voie ; ils peuvent autrement étre
impliqués dans des voies compensatoires qui n’ont pas, a premiére vue, de liens
évident. Compte tenu de I’opportunité de mieux comprendre la fonction des genes, la
relation génétique, la robustesse et I'évolution fournie par une cartographie compléte
du génome par des 1Gs, plusieurs approches in silico ont été utilisées pour prédire des
IGs dans les organismes unicellulaires et multicellulaires. La plupart de ces méthodes
utilise I’'intégration de données de maniére pondérée. Dans cet article, nous passerons
en revue les connaissances acquises sur les réseaux d’IGs chez les métazoaires en
regardant de plus pres leur relation avec les voies, les processus biologiques et
complexes moléculaires, mais aussi dans leur modularité et leur organisation. Nous
allons également examiner les différentes méthodes in silico développées pour prédire
des 1Gs et verrons comment les connaissances acquises sur les réseaux d'lGs peuvent

étre utilisées pour concevoir des outils prédictifs avec de meilleures performances.

2.1 Abstract

A genetic interaction (GI) between two genes generally indicates that the phenotype of
a double mutant differs from what is expected from each individual mutant. In the last
decade, genome scale studies of quantitative genetic interactions were completed using
mainly synthetic genetic array (SGA) technology and RNA interference in yeast and
C. elegans. These studies raised questions regarding the functional interpretation of
Gls, the relationship of genetic and molecular interaction networks, the usefulness of
Gl networks to infer gene function and co-functionality, the evolutionary conservation

of Gl, etc.
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While Gls have been used for decades to dissect signaling pathways in genetic models,
their functional interpretations are still not trivial. The existence of a GI between two
genes does not necessarily imply that these two genes code for interacting proteins or
that the two genes are even expressed in the same cell. In fact, a GI only implies that
the two genes share a functional relationship. These two genes may be involved in the
same biological process or pathway; or they may also be involved in compensatory
pathways with unrelated apparent function. Considering the powerful opportunity to
better understand gene function, genetic relationship, robustness and evolution,
provided by a genome-wide mapping of Gls, several i silico approaches have been
employed to predict Gls in unicellular and multicellular organisms. Most of these
methods used weighted data integration. In this article, we will review the later
knowledge acquired on GI networks in metazoans by looking more closely into their
relationship with pathways, biological processes and molecular complexes but also into
their modularity and organisation. We will also review the different in silico methods
developed to predict Gls and will discuss how the knowledge acquired on GI networks

can be used to design predictive tools with higher performances.

Keywords: genetic interaction, network, conservation, prediction, Saccharomyces

cerevisiae, Caenorhabditis elegans, genomics

2.2 What is a genetic interaction?

2.2.1 General definition

The term genetic interaction (GI) covers a group of functional relationships between
genes. One kind of these relationships, called epistasis, was first defined by W. Bateson
in 1909 (Bateson et Mendel 1909). Biological epistasis was then described as the effect

of one allele masking the effect of another one (Moore 2003). Nine years later statistical
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epistasis, originally called “epistacy”, was described by R. A. Fisher as a significant
deviation ot the phenotype of a double mutant from what is expected considering the

phenotypes of the single mutants (Fisher 1919).

This statistical epistasis enabled the identification of an array of different Gls. One
popular classification of these Gls consists of dividing them in two main classes: the
negative and the positive interactions. The negative Gls, called also aggravating or
synergistic interactions, refer to an observed phenotype higher than expected when
considering the phenotypes of single mutants and assuming that the mutated genes
function independently one from the other (Figure 2.1). A synthetic lethal interaction,
which is an extreme case of negative GI, occurs when both single mutants are viable
but the double mutant is lethal (Figure 2.1). At the opposite, tﬁe positive Gls can be
subdivided in buffering/alleviating interactions where the biological effect of an allele
is mitigated by a second one, and also the suppressor interactions in which the double

mutant is healthier than the sickest single mutant (Figure 2.1).

As mention above, identification of statistical epistasis depends on the calculation of
the expected phenotype of the double mutant considering the phenotype of the single
mutants and assuming a functional independency of the two mutated genes. Several
models exist and are used to estimate this expected value. For developmental and
population geneticists, the quantitative assessment of a phenotype involves the
statistical assessment of its penetrance — the statistical occurrence of a phenotype in a
group of known genotypes — considering its expressivity. A threshold is then usually
set for the expressivity of the phenotype — the degree to which the phenotype expression

differs among individuals — to measure the penetrance (Miko 2008).

The development of additive, multiplicative, Min and Log models to calculate the
expected phenotype of double mutants was mostly motivated by the development of
systematic and large-scale screening of Gls, especially in the yeast Saccharomyces
cerevisiae (Tong et al. 2001; Collins ef al. 2007; Jasnos et Korona 2007; Costanzo er

al. 2010). These studies identified Gls based on fitness measurements (Figure 2.1B), a
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class of phenotype that is measured in terms of population allele frequency (Wolf,
Brodie et Wade 2000; Otto et Lenormand 2002; Puniyani, Liberman et Feldman 2004),
growth rate, or number of progeny of mutant strain relative to wild-type (Elena et
Lenski 1997; Szafraniec ef al. 2003, Segre et al. 2005; Sanjuan et Elena 2006; St Onge
et al. 2007). The additive and multiplicative models, originally used by developmental
geneticists (Figure 2.1A) and fitness measurements in yeast (Figure 2.1B) respectively,
consider the expected phenotype of a double mutant to be the sum (or the product) of
the phenotypes measured for the single mutants if the two mutated genes function
independently one from the other (Mani et «/. 2008). The Log model has been
specifically designed to identify Gls from measurements on a logarithmic fitness scale
(Mani et al. 2008). The Min model considers that for non-interacting genes, the fitness
of the double mutant should be similar to the fitness of the less-fit single mutant.
Although these models agree under certain circumstances, they often diverge
dramatically (Mani er al. 2008). For example, while the Min model appears to be highly
suitable for pairs of genes with more extreme single-mutant defects, this model is
clearly not ideal for defining alleviating interactions and more particularly, several
epistatic interactions for which a double mutant phenotype is similar to that of the
single mutant with the most severe phenotype (St Onge et al. 2007). Unfortunately, Gls
identified using this model account for a large part of all Gls found in interaction
databases. This tends to bias the yeast genetic interactome against this later kind of Gls
(Mani et al. 2008). ldentification of Gls considering several of these models would
then be an appropriate approach to enable fair comparison and integration of Gls from

different screening pipeline into a homogeneous Gl interactome.
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2.2.2 Levels of abstraction in biological systems

Mapping of GI networks is an endeavour that attracted more attention with the
emergence of network and systems biology approaches. Network biology consists in
simplifying complex biological systems into different layers of graphical
representations in which nodes correspond to physical elements (genes, protein,
metabolites, RNA, etc.) and edges refer to different relationships between these
elements. Systems biology, and more particularly integrative genomics, aims to better
understand the structure and the functioning of the system through integration of these

different networks (Ge et al. 2001).

In computer sciences, organization of systems into several abstraction levels aims to
hide a certain level of detail to allow the programmer to focus on a given problem. For
a computer, the lower level of abstraction would contain details on the hardware while
the higher level will represent the logic of the program. In agreement with this
approach, a systems biologist will consider a biological system with all its complexity
and identify, from the genomic sequence to the phenotype, different levels of
abstractions. At the lower level of this conceptual structure, we would find several
networks representing the physical structure and organisation of the genome. In these
networks, nodes could be genes/coding sequences, single-nucleotide polymorphisms
(SNPs) or coding sequences linked by edges representing their physical proximity and
organisation within chromosomes, their homology etc. (Figure 2.2, level I). The second
level of abstraction would represent the expression of that genome into physical
components: proteins and RNA. Edges between these elements would indicate that
they are co-expressed in different contexts or that their expression profiles throughout
multiple experimental conditions are highly correlated (Figure 2.2, level II) (Ge ef «/.
2001; Vidal, Cusick et Barabasi 2011). The third level of abstraction would represent
physical interactions between different elements — protein-protein (PPI), protein-DNA

(PDI) or protein-RNA (PRI) interactions (Figure 2.2, level 1II) (Vidal, Cusick et
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Barabasi 2011). The fourth level of abstraction will allow the visualisation of the
functional relationships linking these physical elements. This level would contain GI
networks, signaling and metabolic pathways (Figure 2.2, level IV). The fifth level
would represent biological processes. This level would contain networks where
proteins implicated in the same biological process would be linked by an edge (Figure
2.2 level V). The sixth and last level of abstraction would represent phenotypes and
show the relationships between elements associated with similar phenotypes and
diseases (Figure 2.2, level VI). Breaking down through the different levels of
abstraction aims to understand the molecular basis of higher levels. A huge amount of
effort is being made to enable such a breaking down and to establish the links and the
dynamics underlying the relationships between networks located at the different levels.
The relationship between the second (gene expression) and the third level (mainly PPI
and PDI) has been well documented. Some studies showed that interacting proteins are
more likely to be encoded by genes with similar expression profiles than non-
interacting proteins (Ge et al. 2001; Grigoriev 2001; Mrowka, Patzak et Herzel 2001,
Jansen, Greenbaum et Gerstein 2002; Kemmeren et al. 2002). Similarly, expression
profiles can be used to understand the organisation and dynamics of protein interaction
networks through functional characterisation of highly-connected nodes (Hubs). For
example, Hubs have been divided into “party” and “dating” Hubs. The former class of
Hubs corresponds to proteins that tend to be co-expressed with their protein partners
while the later ones are not (Han et al., 2004). Party Hubs have then been proposed to
interact with all their protein partners in all biological conditions, while dating Hubs
may interact with subgroups of their protein partners in certain conditions and/or
environments (Han et al. 2004). PPIs and PDIs can also be used to understand the
molecular basis of co-expression (Lee et al. 2002; Segal et al. 2003; Yu et al. 2003;
Luscombe et al. 2004).

The link between the third (molecular interactions) and the fourth level (functional

interactions) has also been investigated. Notably, signalling and metabolic pathways
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were shown to be enriched in PPIs and PDIs (Vidal, Cusick et Barabasi 2011). It is
important to notice that, as detatled in the section 2.3 of this review, the term pathway
has been assimilated in several papers as PPl and PDI modules — PPI/PDI subnetworks
with a high density of links — or as dense GI network structures (Kelley et Ideker 2005;
Bellay et al. 2011). Here, signaling and metabolic pathways will be described as a
group of molecules functioning together and most of the time, in cascade to control a
biological function. As detailed in the following sections, Gl networks are also linked
to PPI and PDI networks (see section 2.3). This link is however less evident than the

link between PPI/PDI networks and signalling/metabolic pathways (see section 2.3).

The relationship existing between the level six (phenotypes and diseases) and the level
four (functional interactions) motivated the construction of pathway databases such as
Reactome (Joshi-Tope er al. 2005) or the Kyoto Encyclopedia of Genes and Genomes
(KEGG) (Kanehisa et Goto 2000), and is at the forefront of the research effort to

identify therapeutic targets and pharmaceutical compounds (Yuryev 2012).

The link between the levels four (functional interactions) and five (biological
processes) is clear for signaling and metabolic pathways. Each signaling pathway, for
example the EGF receptor / Ras / MAP kinase pathway, involves proteins that can be
grouped based on their implication in the control of various biological processes, ¢.g.
endocytosis, Ras  regulation, actin  cytoskeleton remodeling, kinase

activity/phosphorylation, etc.

Abstractions levels can also be linked to distant levels. For example, Gls are shown to
be enriched in co-expressed genes (Zhong et Sternberg 2006; Lee, A.Y. et al. 2010)
(link between the fourth and the second level). Similarly, integration of the sixth level
(phenotype) to the third (PPI) permitted the construction of the human disease
interactome. This interactome was proposed to support the existence of disease specific
functional modules and to help the molecular characterization of the protein products

of disease genes (Goh et al. 2007).
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Integration of different networks within or across abstraction levels brings substantial
information on the structure of the system, and to some extent, information about its
dynamics (Han er al. 2004). These pieces of information constitute, as described in this
review, the baseline for the construction of predictive tools used to enrich and complete

sparse networks.

We will focus, in this review, on the fourth level and more particularly, on GI networks.
While this kind of functional relationship is linked to higher and lower levels of
abstraction, most of these links appear much less clear than those involving signaling
and metabolic pathways. We can then wonder if mapping such a network is of
biological interest: would it bring complementary information to those brought from
pathways dissection and significantly help understanding the functioning of the

system?

2.2.3 Why constructing a catalog of genetic interactions?

There are two main reasons why mapping GI networks is of biological interest. The
first one is to understand the mechanisms underlying the robustness of biological
systems. How the system compensate for the loss or alteration of a biological function

or the alteration of its environment?

Unnecessary genes do not exist in biological systems and would be eliminated through
evolutionary processes (Stern et Orgogozo 2009). So, why 73% of these necessary
genes appears not to be essential (Giaever et al. 2002)? Because compensatory
relationships exist between genes, pathways and biological processes. Therefore,
mapping of Gls appears to be the best way to identify these compensatory phenomena.

In addition to the high contribution this mapping will bring to basic sciences, it is also
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of high interest for translational research. Biological robustness is indeed, a major
problem in the pharmaceutical industry with the development of resistance to
therapeutic agents, particularly to anti-cancer chemotherapies (Edelman, Eddy et Price
2010). Identification of compensatory relationships between genes and pathways,
through mapping of Gls, appears then as an avenue that needs to be explored in parallel

with the dissection of the pathways themselves.

The second reason is associated with the still mysterious relationship existing between
genotype and phenotype. Population geneticists highlighted the intricate complexity of
genetic variations and how positive and negative relationships between alleles
influence phenotypical outcome (Gibson 2010). Cancer modifier loci, including
“susceptibility” or “resistance” alleles, are good examples of genetic variations
affecting a patient phenotype, here the aggressiveness of the tumor phenotype (Dragani
2003). Similarly, Gls and more particularly digenic synthetic Gls may underlie many
common diseases that are familial but not Mendelian in their inheritance, such as
glaucoma, type Il diabetes, lupus erythematosus and schizophrenia (Tong ef al. 2004).
Exploring Gl networks in model organisms, through screening of low order (between
two alleles) and high-order interactions (between more than two alleles), would then
help understanding the genetic networks underlying phenotypical variations and

multigenic diseases (Lehner 2011).

2.3 Mapping genetic interactomes in model organisms

2.3.1 In yeast

Quantitative studies of synthetic sick or lethal (SSL) interactions in the baker’s yeast

Saccharomyces cerevisiae represent most of the Gls screens done to date. The
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existence of mutation libraries for both essential and non-essential genes is regarded as
the main reason for the development of large-scale GI studies (Giaever et al. 2002).
Non-essential gene mutant libraries contain strains where single gene coding sequences
are substituted by a drug-resistance marker (Giaever ef al. 2002), while essential genes
mutant libraries consist in a collection of conditional alleles (Tong er «l. 2001;
Davierwala et al. 2005; Schuldiner et a/. 2005; Costanzo et al. 2010). These libraries
have been extensively used in an automated methodology called synthetic genetic array
(SGA) (Tong et al. 2001; Tong et al. 2004). SGA screening consists in using single
mutated yeasts as query against a whole deletion library for the construction of double
mutants in a high-throughput fashion (Tong ef al. 2001; Tong et al. 2004). The fitness
defects of double mutants are then scored to uncover SSL interactions for non-essential
genes (Tong et al. 2004; Sharifpoor ef al. 2012) and essential genes (Tong et «/. 2001;
Davierwala et al. 2005; Schuldiner er al. 2005; Costanzo et al. 2010).

In parallel, the epistatic mini-array profile (E-MAP) — another variant of SGA — takes
colony size measurements (based on imaging) as a basis for the detection of Gls
(Schuldiner et al. 2005). Gls are then identified through measurement of a slower (SSL,
negative Gls) or faster (alleviating, positive Gls) growth rate of the double mutants
than what is expected from each single mutant growth rate. This allowed the
identification of both positive and negative Gls while SGA was set originally to detect
negative SSL Gls only. E-MAP was also used to map Gls in different yeast species

such as Schizosaccharonmyces pombe (Ryan et al. 2012).

Among the other high-throughput methods to discover Gls in yeast, diploid-based
synthetic lethality analysis with microarrays (dSLAM), uses a library of barcoded
mutants and barcode microarrays to measure the relative abundance of each barcoded
double mutants in pooled populations to identity digenic SSL interactions (Pan et al.
2006; Lin er al. 2008). Optical density measurements (St Onge et «l. 2007), biomass
quantification analysis termed flux balance analysis (FBA) (Segre er al. 2005),

quantitative phenotype (Drees ef al. 2005) and gene expression data (Van Driessche et
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al. 2005) have also been employed to map Gls in specific biological processes.

However, these studies remain restricted in terms of genome coverage.

2.3.2 In C. elegans

Screening a large amount of Gls in the nematode requires the utilisation of RNA
interference (RNA1) through soaking animals in a solution containing RNAi molecules
or feeding them with E. coli strains expressing the RNAi (Maeda ef a/. 2001; Timmons,
Court et Fire 2001). This approach induces a downregulation of the expression of
targeted gene, instead of a deletion. This has to be taken into consideration when
comparing the C. elegans and yeast genetic interactomes (Lehner 2007; Dixon et «l.
2009). To identify a GI, either both genes are targeted using RNAI or a genetic mutant
strain containing either a hypomorphic or a null allele can be submitted to RNAi
targeting the other gene (Kamath er /. 2003; Lehner et al. 2006; Byrne et al. 2007).
Both approaches have been used to map a quite limited area of the C. elegans genetic
interactome (< 2,000 Gls) when compared to genetic studies in yeast (>200,000 Gls)
(Lehner et al. 2006; Byrne et al. 2007; Tischler, Lehner et Fraser 2008; Costanzo et al.
2010).

2.3.3 In human

To identify Gls in human, apart from the RNAI treatment of specifically mutated cell
lines (reviewed in Dixon et al., 2009), Lin et al. suggested an interesting method that

uses radiation hybrid (RH) genotyping data sets (Lin ef a/. 2010). This approach, while
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being fast and inexpensive, is ditferent than standard RNAI screening in that RH panels
are used in order to “simulate” a double mutations. The simulation is done with
medium-selected cells that possess extra copies of two genes and “attractive” or
“repulsive” interactions are then identified whether the promoting effect of the extra
copies is death or survival of the cell line respectively. The results obtained using this
approach could not be easily compared to negative and positive interactions observed
through gene deletion and/or expression reduction. By joining several data sets of RH
panels, a network of ~6.7 million potential GIs were extracted and covered ~3.4% of

all human gene pairs (Lin ef al. 2010).

2.4 [n silico mapping of Gls

Only few organisms, mainly unicellular, are amenable to an experimental mapping of
Gls through genome-wide screening. Mapping of genetic interactomes in higher
organisms requires development of predictive tools that allow a significant reduction

of the number of gene pairs to be tested experimentally.

During the last decade, numerous strategies have been used to infer Gls in unicellular
and multicellular organisms (reviewed in Steen 2012). However, to date, only S.
cerevisiae and C. elegans genetic networks have gained substantial information from
large-scale machine learning studies. Numbers of tools were developed to predict PPIs,
co-essentiality, genes with similar functions, genes functioning in the same molecular
complex and Gls. The design of these tools highlighted the intimate link existing
between ditferent networks — GI networks being used to infer PPIs and co-functionality
(Tong et al. 2004; Ye et al. 2005) and inversely PPI networks, phenotypic profiles and
GO annotations being used to predict Gls as detailed below. These different predictors

present also cross-specificities — Gls occurring to some extend between genes coding
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for interacting or non-interacting proteins, between or within-pathways/molecular
modules, between genes involved in the same biological process or being involved in

different and compensatory processes as discussed below.

Intuitively, we expect that the Gl world constitutes a patchwork of functional
relationships with distinctive properties. Predictive tools capturing different properties
will then be able to identify a portion of the GI interactome and will be complementary
one to another. Ultimately, acquiring a good knowledge on the molecular particularities
of'subclasses of Gls will lead to the design of specific and accurate predictors. To make
an informed choice on the difterent elements that could be employed to design these
predictors, we will review here the different structural and functional particularities of

Gls, and detail how they have been used or could be used to generate predictor for Gls.

2.4.1 Exploiting the protein-protein and genetic interaction network density and

structure

A primary attribute of biological interaction networks, including GI networks, is a
scale-free/power law distribution of connections, where most nodes are sparsely
connected (“non-Hub” nodes) and few ones are highly connected (“Hub” nodes) (Watts
et Strogatz 1998; Jeong et al. 2001; Wagner 2001; Tong ef al. 2004). These networks
appear also to exhibit a small-world organization — dense interacting modules are
sparsely connected to other modules but with a short average path length (Watts et

Strogatz 1998; Jeong et a/. 2001; Wagner 2001).

There is a clear connection between PPI- and GIl-Hubs since a protein with many
interactions in the physical network (PPI-Hub) typically has also many interactions in
the genetic network (GI-Hub) (Ozier, Amin et Ideker 2003; Kafri et al. 2008). Both

kinds of Hubs tend to be essential or associated with severe fitness defects, and to
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genetically interact with each other (Ozier, Amin et Ideker 2003; Davierwala et al.
2005; Lehner er al. 2006; Goh et al. 2007; Baryshnikova et al. 2010; Costanzo et al.
2010; Sharitpoor et al. 2012). Intuitively, we may see essential Hubs as a direct
association with human diseases. However, it is important to notice that, while PPI-
Hubs tend to be ubiquitously expressed, disease genes (such as inherited disease genes)
tend to encode for PPI-non-Hubs and to be tissue specific (Goh ef al. 2007; Vidal,
Cusick et Barabasi 2011).

Comparative analysis of the yeast interactome networks also revealed that the “non-
essential” SSL network is at least four times denser than the PPI network (Tong et al.
2004), while the “essential SSL network is five times denser than the “non-essential™
SSL (Tong et al. 2001; Tong et al. 2004; Davierwala et a/. 2005). The higher density
of essential when compared to non-essential GI networks, suggests that essential genes
are highly connected Hubs within GI networks, and that essential pathways may be
connected to number of compensatory pathways (Davierwala et al. 2005; Costanzo et
al. 2010). Given that 18% of all yeast genes are essential (Giaever ef ¢/. 2002; Christie
et al. 2004), this also suggests that most yeast GlIs may involve at least one essential
gene (Davierwala et «/. 2005). The higher density of GI network, when compared to
PPI network, may reflect the fact that in the case of two compensatory pathways, PPIs
may occur between proteins of a linear pathway, while any member of each pathway
may genetically interact with any component of its own pathway or of its compensatory

pathway (Tong et al. 2004).

As shown for PPI networks, the interaction density is not homogenously distributed
within GI networks that are composed of dense modules (Tong er al. 2004). These
structures, as detailed above and in the following sections, are enriched in interactions
occurring within functional modules (such as signaling pathways or protein complexes)
or between functional modules. This property of dense GI modules could directly be
used to predict novel Gls within a non-saturated network. Tong et al., showed for three

specific Gl modules, that ~20% of genes that interact with a high number of common
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partners — being part of the same dense GI module — also genetically interact one with
the others (Tong et «/. 2004). This was significantly higher than what was measured in
random networks (approximately 1%) (Tong et al. 2004). Qi et al. extended this
network analysis by including neighbors of interacting genes from any distances and
by classifying those distances by the parity of the path lengths (Qi et «/. 2008). They
employed a graph diffusion kernel that uses weighted sums for different path lengths
and found that odd-length kernels were better at predicting Gls while even-length

kernels were more effective in finding new PPI partners (Qi et al. 2008).

Several methods have been developed to dissect complex networks into functionally
meaningful modules. Using various clustering techniques, some studies reordered the
GI matrix to sort genes according to the similarity of their GI profiles. Congruent genes
are then defined as genes with similar GI profiles (Schuldiner et a/. 2005; Ye et al.
2005; Collins et al. 2007; Costanzo et al. 2010; Costanzo et al. 2011). The resulting
map has a modular structure that distinguishes between major biological processes,
such as transcription and chromatin remodelling, DNA replication and repair or sister
chromatid segregation. These genetic interaction profiles then provide a powerful way
to identity sets of genes functioning in the same biological process (Tong et al. 2004;
Schuldiner et al. 2005; Ye et al. 2005; Pan ef al. 2006). Some of these methods have
used the complex and pathway (COP) scores for finding sets of genes that are both
highly correlated and that lack an aggravating GI (Schuldiner ez al. 2005; Collins ef al.
2006; Collins et al. 2007). The top-scoring gene pairs using this method included
several sets of known complex or linear pathway components, as well as several
predictions of novel ones (Schuldiner ef al. 2005). Mutual clustering coefticient (MCC)
was also employed to measure the neighbourhood sharing of connections in the Gl
network — called congruence score (Ye er al. 2005; Ye et al. 2005). A high score
indicates that two genes share more GI partners than expected by chance. The resulting
scores are then used as weight for non-directed edges linking genes within a

congruence network (Ye ef al. 2005). By comparing path lengths in three types of
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networks (genetic interaction, genetic congruence, and protein interaction), they
showed that high genetic congruence exhibits correlation with direct PPI linkage and
also exhibits proportionate distance with the PPI network (Ye et «l. 2005). This

congruent score can then be used to predict PPIs.

Altogether, these studies showed that the structure of the GI network contains enough
information to predict novel Gls and also to predict novel PPI, highlighting the intricate

relationship existing between PPI and GI networks.

By further exploiting the relationship between PPl and GI networks, Paladugu et «l.
showed that PPl network graph-theory properties could also be used to predict Gls.
They showed that proteins coded by SSL gene pairs, as compared to non-SSL ones,
tend to have higher average degree, closeness centrality, information centrality and
number of mutual neighbors within PPI network (Paladugu er a/. 2008). When
combined, these graph-theory properties of PPl network provided a powerful tool to
predict SSL Gls (Paladugu et «l. 2008). Moreover, this approach showed that the PPI
network alone contains enough valuable information to predict SSL interactions. This
approach appears particularly useful to predict Gls in higher organisms which are
hardly amenable to systematic screening of Gls while having their PPls at least partially

mapped.

Few methods used GI and PPI networks to observe the distribution of Gls within or
between dense modules of physical interactions (PPl and PDI), called in these studies
“pathways” (Figure 2.3A and 3B) (Kelley et Ideker 2005; Ulitsky et Shamir 2007).
Canonical “within and between pathway models” were originally identified by Kelley
and Ideker (Kelley et Ideker 2005). They found that the “between pathway model”,
consisting of Gls occurring between dense modules of molecular interactions (Figure
2.3B), can explain three-and-a-half times as many Gls as the “within pathway”
involving Gls within dense molecular interaction modules (Figure 2.3A) (Kelley et
Ideker 2005). Further arguments for the prevalence of between-pathway Gls in yeast

were given by Ye ef «/. and Pan ef al., who postulated that genes in the same pathway
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are expected to share common GI partners (Ye er al. 2005; Pan er al. 2006). The
between and within pathway models were however shown to explain only 40% of all
yeast Gls (Kelley et Ideker 2005). Ulitsky and Shamir extended this interactome
coverage by defining “pathways™ as connected subnetworks within the physical
interaction network rather than a dense interaction module (Figure 2.3C) (Ulitsky et
Shamir 2007). This study provided a 2.7-fold increase from the number of interactions

explained by the Kelley and Ideker models (Ulitsky et Shamir 2007).

Kelley and Ideker used their within and between pathway models to predict novel Gls
(Kelley et Ideker 2005). A five-fold cross validation technique was used to investigate
the accuracy of predicting Gls using both the “within pathway model” — genes within
a given pathway genetically interact more frequently than expected by chance — or
using the “between pathway model” — genes in one pathway genetically interact with
many of the same partners in a second pathway. They showed that both models are
efficient for predicting Gls while the “between-pathway” model appears to outperform

the “within-pathway model” (Kelley et Ideker 2005).

Deeper studies on the “between and within pathways models” showed that they were
often monochromatic, meaning that they were composed almost exclusively of a single
type of Gls, either all negatives or all positives (Segre et «l. 2005; Costanzo et al. 2010;
Michaut et «l. 2011). Monochromatic patterns have been used to identify biological
processes and other functional modules (Segre et al. 2005; Pu et al. 2008; Jaimovich
et al. 2010). Monochromatic processes are functionally diverse, but also biased
(Michaut et al. 2011; Szappanos ef al. 2011). For instance, microautophagy and histone
exchange are monochromatic positives whereas protein import and small GTPase
mediated signal transduction are monochromatic negatives (Michaut es al. 2011).
Importantly, those studies showed that protein complexes are often monochromatic
(Bandyopadhyay ef al. 2008; Costanzo et al. 2010) and that monochromatic patterns,
identified within and between biological processes, are mainly dependant on protein

complexes (Michaut er al. 2011). The distinction between negative and positive
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interactions, when considering the relationship between PPIs and Gls, has not yet been
exploited to predict Gls to the best of our knowledge. The monochromaticity and the

functional bias of this monochromaticity pattern have not been exploited neither.

In contrast to what was shown in yeast, the “within pathway model” tends to be more
prevalent when compared to the “between pathway model” in the C. elegans
interactome (Lehner et al. 2006; Lehner 2007). It was suggested that this difference
might come from experimental screening methodologies employed to generate the GI
interactomes in different organisms (Lehner 2007). While in yeast most of the
mutations used to disrupt genes are null, in C. ¢legans, they are mainly hypomorphic.
The highest number of “within pathway” interactions in C. elegans when compared to
yeast may then be explained by the fact that hypomorphic alterations of genes
functioning within the same protein complex or signaling pathway, may lead to a
significant aggravation of the phenotype (synthetic interaction) while this would not be
the case for null mutations (Lehner 2007). Also, we cannot exclude the possibility that
this difference might come from the intrinsic difference existing between unicellular
and multicellular organisms. “Within and between-pathway models” have not been

used directly to predict novel Gls in the nematode.

While it is clear that signaling pathways are enriched in molecular interaction modules,
it is important to notice the potential ambiguity created by the denomination of Gls
occurring between dense molecular interaction modules as ‘“between pathways”
interactions. To the best of our knowledge, it has not been clearly proved that two
densely connected molecular networks may not participate to the same signaling
pathway — defined as a cascade of molecular events controlling a biological function.
This possibility is supported by the fact that a high number of “pathways”/molecular
interaction modules defined by ldeker and Kelly as well as Ulitsky and Shamir, are
very small (Ma, Tarone et Li 2008). Consequently, we cannot exclude the possibility
that some “between pathways/molecular modules™ interactions may actually occur

within signaling or metabolic pathways. This taken into consideration, the fact that
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most Gls in yeast occurs between molecular modules and presumably pathways
constitutes a golden avenue to identify compensatory pathways responsible for the
cellular homeostasis and development of resistance to therapeutic agents (Tucker et
Fields 2003; Szappanos et al. 2011). This hypothesis was validated experimentally
using, for example, the Cdcl4 early anaphase release (FEAR) and the mitotic exit
network (MEN), two parallel pathways required for the release of the essential protein
phosphatase Cdcl4p from nucleolus during yeast cell cycle (Stegmeier, Visintin et

Amon 2002).

Different approaches were used to study the modularity of GI networks. The
decomposition of these networks using a biclustering technic recalled the idea of
congruence. This technic was used to clusters groups of genes based on their Gl
profiles. However, in addition to clustering, biclustering helped the identification of
two kinds of motif within the GI network: bicliques and g-cliques. This decomposition
of the GI networks in absence of any integration of molecular networks gave also a
bright new perspective to the within/between pathway models (Bellay ef al. 2011). In
this study, the between pathway model implies that Gls occurs in “bicliques™ — defined
as biclusters in which the query genes (first cluster of genes) and the array genes (set
of genes interacting with the query genes) do not overlap (Figure 2.3E). Following the
same reasoning, within pathway interactions occur in “cliques/quasi-cliques/q-cliques”
— defined as biclusters in which query and array genes have significant overlap (Figure
2.3D) (Bellay et al. 2011). Interestingly, both positive and negative interactions were
mainly found in bicliques (Bellay ef al. 2011), similarly to what was shown using the
canonical “between pathway” model (Costanzo et al. 2010). In addition, negative q-
cliques — g-cliques composed of negative interactions — which corresponded to only
9% of negative biclusters (versus 91% of negative bicliques), did not appear to
represent single protein complexes or pathways (Bellay ef a/. 2011). This constitutes a
major difference with the canonical “within pathway™ model defined by the overlap of

genetic and molecular modules (Kelley et Ideker 2005). The genes found in negative
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g-cliques were found to be expressed in a coordinated manner and to be enriched for
chromosome segregation and cell cycle processes (Bellay et al. 2011). Bellay et al.
suggested that this particular functional enrichment might arise due to general

sensitivity to perturbation in fragile systems such as cell division.

Altogether, these studies support the idea that different techniques used to decompose
GI networks help revealing different categories of Gls. They suggest that predictive
tools developed based on any of these models (the canonical “within /between
pathway” model or the “biclique/g-clique” model) may be complementary to models
built on the other one. The functional bias observed for different GI modules also
suggests that predictive tools may gain in performance if they specifically target Gls
associated to a subset of biological functions alongside homogenous particularities

with respect to GI network modularity.

Network decompositions using biclustering techniques also help to provide critical
information on duplicated genes (Kelley et Ideker 2005). Duplicate genes were
previously shown to display negative Gls with each other and exhibit fewer Gls than
other genes because they tend to buffer one another functionally (VanderSluis et al.
2010). They were also shown to exhibit numerous unique Gls, suggesting that
duplicated genes are functionally redundant but have divergent roles (Ihmels er al.
2007; VanderSluis et al. 2010). While, we would expect duplicated genes to be part of
the isolated group of Gls within the biclustering array, a significant amount of them
were fund to exhibit negative Gls with each other as part of larger modular structures
(biclusters) (Bellay et al. 2011). Interestingly, this subgroup of duplicates was
significantly more divergent in terms of sequence identity. It was suggested by Bellay
et al., that duplicates with a high degree of functional similarity specifically
compensate for the loss of one another (isolated Gls in biclustering array), while in the
second case, they appeared to have diverged into entirely different functional modules

with compensatory properties (Gls being part of large biclusters) (Bellay ef al. 2011).
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This study opens the door to predictive avenues that consider using protein sequence

homology to identify compensatory genes and modules.

2.4.2 Exploiting relationships between networks at different abstraction levels

Networks at different abstraction levels were used to infer Gls in yeast and C. elegans
as detailed in Table 2.1 and below. These studies also brought a deeper understanding
of the molecular basis of Gls (Avery et Wasserman 1992; Guarente 1993; Thomas

1993).

Gls in yeast, C. elegans and in human, were significantly more abundant between genes
sharing mutant phenotypes (abstraction level VI) or Gene Ontology (GO) annotations
(level V), and between genes encoding proteins in the same subcellular localization
(level V) and/or within the same protein complex (level II1) or pathway (level IV) (Lee
et al. 2004; Tong et al. 2004; Kelley et Ideker 2005; Lee et al. 2008; Lin et al. 2010).
In agreement with the general idea that synthetic GIs may occur between genes with
redundant functions, the SSL yeast network was also found to be enriched in gene pairs

encoding homologous proteins (level I).

A link between two genes or their protein products within networks located at different
levels of abstraction is then informative of a potential GI. An important class of
predictive methodologies used these diverse sources of data to discriminate interacting
from non-interacting genes. The first of these studies used decision tree learning to
integrate various types of data along with a “2hop” network topology assessment for
various genomic relationships (Table 2.1) (Wong ef al. 2004). The “2hop™ method
considers gene pairs linked to a common partner by a functional relationship (e.g.

physical interaction and sequence homology) to be informative of a potential SSL
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interaction between them in yeast. In total, 123 functional relationships (26 “major”
categories) were used (Wong et al. 2004). The most powertull predictive informations
were selected using a Bayesian Information Criterion (BIC; similar to the Akaike

Information Criterion (AIC)).

For multicellular organisms, Zhong and Sternberg integrated multiple types of data
from yeast, fly and nematodes to predict 18,183 genetic interactions in the nematode
Caenorhabditis elegans (Table 2.1) (Zhong et Sternberg 2006). Here, a logistic
regression was used to integrate features (or “attributes”) defined as the relative weight
ot a single type of data according to its predictive power. The positive set of elements
used to train the model consisted in 1,816 validated Gls and 2,878 PPIs while negative
examples were made of 3,296 paired cis markers. These markers are used in genetic
mapping experiments and are assumed to have less probability of interacting together
than pairs of genes randomly picked from the genome. The utilization of yeast/fly data
to obtain greater genome coverage for a multitude of data sources appears to positively
contribute to the predictive power of the developed tool (Zhong et Sternberg 2006).
We will discuss the limitation brought by data from other organisms in the following
section considering evolutionary conservation of PPl and GI networks. In this study,
the predictive interaction network was submitted to experimental validation using as
bait /et-60/Ras and itr-1/ITPR (two human disease-related genes) with a high success
rate — 44% and 60% of true positive predictions respectively (Zhong et Sternberg
2006). Although it is still unpublished, a new version of Zhong and Sternberg predictor,
called “GeneOrienteer”, is available online (geneorienteer.org). This model employs a
naive Bayes classifier and integrates more than 20 features to predict Gls in several

species.

Another approach, developed by Chipman and Singh, used a random walks algorithm
to calculates the topological similarity of two genes in many types of biological
networks, including genetic and physical interactions, co-expression and GO

annotation networks, for both S. cerevisiae and C. elegans (Table 2.1) (Chipman et
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Singh 2009). This topological similarity is then used to predict negative Gls. In this
study, the decision tree classifier was shown to outperform the logistic regression
classifier (Chipman et Singh 2009). The good performances of this approach, tested
using cross-validation technics, was unfortunately not supported by any experimental

validations.

Other studies using the likelihood scoring of gene pairs for the prediction of Gls in the
nematode C. eleguns were generated soon after (Table 2.1) (Lee, I. et al. 2010; Lee,
A.Y. et al. 2010). The first approach, called “WormNet”, is used to infer the shared
function of two genes, which is also indicative of a possible GI (Lee, I. ef al. 2010).
This model was trained on thousands ot gene pairs sharing GO annotations. A second
version of this model, called "WormNet2”, employs a weighted sum instead of a naive
Bayes classifier and integrates many “‘updated” features derived from log likelihood
scores of'various functional data (Lee, I. et /. 2010). Contrarily to Zhong and Sternberg
methodology where functional data are more intuitive (e.g. co-expression of genes),
WormNet2 included some “less-common” types of data (e.g. co-citation of gene
names) as features to infer shared functions (Lee, I. ez al. 2010). Although they did not
use any feature selection methodology (e.g. BIC or AIC), several examples of resulting
predicted interactions by the weighted sum model showed that most features
contributed to the final scores. They also succeeded in validating several GI for three
signaling genes via RNAT1 screening but the validation success rate for individual genes
appears to be low ranged from only 4% to a maximum ot 15% achieved for the gene

vab-1 (Lee, 1. et al. 2010).

Considering the environment of genes/proteins in networks at different level of
abstractions, we built an additional model: “GIFinder” (Table 2.1) (Lee, A.Y. ef al.
2010). This tool used logistic regression and six features to predict Gls with a positive
training set composed uniquely of validated Gls. This model also used novel attributes
that consider the enrichment of phenotypic features in the co-expression/physical

network environment of a gene. This kind of attribute integrates data from three
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abstraction levels (level 11, IIl and VI) to assess whether two genes may be part of the
same functional module instead of relying only on evidences of direct interactions.
These attributes also reduced the negative effect of using biological datasets with poor
genome coverage and were shown to highly contribute to the overall performance of
the predictor (Lee, A.Y. et al. 2010). This approach would be appropriate when trying
to integrate sparse data such as tissue expression profiles and subcellular localization,
to other datasets with high genome coverage such as expression data. Experimental
validations of predicted Gls for gd/i-1/GDI1 — a Rho GTPase regulator associated with
non-syndromic forms of mental retardation in human — supported the idea that such
methodology could be useful to identify therapeutic targets for monogenic diseases
from predictive GI networks of lower organisms (Lee, ef /. 2010). With a success rate
of at least 42%, the performance in experimental validations was comparable to that of

similar approaches.

Recently, Hoehndortef al. created a predictor of Gls for 4 different species by inferring
the function of many genes using semantic similarity measurements of phenotypes and
gene ontology annotations (Hoehndorf e «l. 2013). The semantic similarity — a
measure of the distance or relatedness between two terms — was done using the Jaccard
index. Unfortunately, the Gls obtained from their inferred gene functions were not
validated experimentally. This later methodologies exploit only biological information
located at the highest level of abstraction (level V and VI). We expect that this
methodology — ignoring co-expression and molecular interaction levels — would then
be able to predict Gls occurring between genes controlling a given biological process
from distant environments (cell non-autonomous interactions). However, this

possibility has not been investigated by the authors (Hoehndorf ez a/. 2013).

When trying to compare the relative performances of predictive tools, it is important to
note, that while experimental validation of predictions highly contribute to the
demonstration of the validity of the method, the heterogeneity of link density within

the GI network and the experimental methods used to validate the interactions may
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highly influence the success rate of the validation. Therefore, it is extremely difficult
to compare the relative performance of individual methods just by comparing the
success rate of validation experiments, using one or two genes as bait, and different
validation methods (mutant and RNA1i, mutant and double mutant, or RNA1 and double

RNAI)

To assess how different integration designs impact the prediction of Gls for a given
organism, we compared the predictions obtained for GeneOrienteerv2.12, GlIFinder
and WormNet2. Interestingly, these predictors appear to be highly complementary with
more than 90% of predicted interactions by the three models being unique — i.c.
predicted by only one approach (Figure 2.4A). This suggests that these three predictors
capture different areas of the GI interactome covered by sets of experimentally
identified GIs leaving more than 57% of it untouched (Figure 2.4B).
GeneOrienteerv2.12 performed extremely well when tested on a set of 1,514 Gls
obtained from interaction databases. This set of Gls, being used as a predictive feature
or training sets in GlFinder and GeneOrienteerv2.12 (see “geneorienteer.org™; (Lee,
A.Y. et al 2010)), we tested the three models on a set of recently published interactions
(curated manually and absent from the databases) and observed a significant reduction
in the performance of GeneOrienteer when compared to the two other models (Figure
2.4C). The deprived overlaps of predictions generated using the three predictors could
be explained by the different integration methodologies used to generate the predictors
(naive Bayes classifier vs. linear regression) or by the different training sets used. The
major difference of GIFinder when compared to other tools comes from the utilization
of validated Gls as the only positive training examples as opposed to the two other ones
that also employed physical interactions or functional annotations (Zhong et Sternberg
2006; Lee, 1. et al. 2010; Lee, A.Y. et al. 2010). While PPI and Gl networks may have
some overlap (some interactions occurring within protein modules), training a model
using PPls as a positive training set may bias the model towards within protein module

Gls. Similar reasoning would be also valid for functional annotations. While functional



72

annotations, such as GO annotations, are enriched between interacting genes, a large
number of Gls are expected to occur between genes with different functions as
discussed earlier. Interestingly, and as discussed in the following section, within
protein module and within biological process GI appear to be more conserved that
between modules or process Gls. We may then postulate that the bias induced through
training the models using PPls and GO annotations may increase the rate of
evolutionary conserved interactions in the predictions. This taken into consideration,
the fact that the training sets, constituted by the union of Gls and PPIs and/or pairs of
genes with similar functions, is larger than validated sets of Gls only may improve the

performance of predictive models using machine-learning techniques (Babyak 2004).

While the existence of an edge between two genes/proteins in a network at a given
level of abstraction is now confirmed as a useful information to infer a missing edge
between these two genes/proteins at another level, it is important to realize that the
conservation of links between two genes/proteins in different networks is a relatively
rare event. For example, approximately 1% of SSL pairs (0.4% of negative and 0.5%
of positive genetic interactions in E-MAP datasets) codes for physically linked proteins
(conservation of links between networks at levels Il and [V) and 1% for homologous
proteins (conservation of links between networks at levels I and V) (Tong ef al. 2004;
Costanzo et al. 2010). Cumulating these evidences of direct links between genes and
proteins may increase the sensitivity of predictive tools for Gls. Considering only these
direct links may also contribute to their relative poor performances. These tools would
then gain in performance if integrating attributes that consider the environment of the
genes in networks and the network modularity as shown by GIFinder (Lee, A.Y. ef al.

2010).
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2.4.3 Considering evolution of protein-protein and genetic interaction networks

Several tools used data from evolutionary distant species to predict Gls. The
evolutionary conservation of these data along with the structure of interaction networks
between species is then of a critical interest when considering using this information to
design a powerful predictive tool. In addition, while GI interactomes are extensively
mapped in certain organisms such as yeast, the utilisation of these networks to predict
Gls in higher organisms mainly depends on the evolutionary conservation of Gls and

of the GI network structure.

Gls are known to play a critical role in evolutionary processes (Yukilevich et al. 2008;
Stern et Orgogozo 2009). In opposition to what was initially thought, all genes are not
equal in the eyes of evolution, and evolutionarily relevant mutations tend to accumulate
in hotspot genes at specific positions of these genes (Stern et Orgogozo 2009). A
mutation in a gene, having a high number of Gl partners, would not be advantageous
in a context of adaptive evolution since it will increase the phenotypic variance
associated with this mutation and therefore, will cause an increased fitness tluctuation
dependent on the genetic background (Stern et Orgogozo 2009). In addition, mutations
generating specific phenotypic changes are more likely to contribute to adaptive
evolution than pleiotropic mutations altering several seemingly unrelated traits (Stern
et Orgogozo 2009). Genetic Hubs, being by definition connected to a large number of
genes and highly enriched for pleiotropic and multifunctional genes (Costanzo et al.
2010), would then be less touched by mutations associated with adaptive evolution. As
expected, GI-Hubs are highly evolutionary conserved (Bellay er «/. 2011) as are PPI-
Hubs (Wuchty, Barabasi et Ferdig 2006).

When considering PPIs, interactions within modules are conserved at a higher level
than interactions occurring outside modules (Zinman, Zhong et Bar-Joseph 2011). This

suggests that there might be a much higher selective pressure to maintain interactions
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within a single module than between modules (Zinman, Zhong et Bar-Joseph 2011).
PPI networks from distant species were used in number of studies to predict Gls (Table
2.1} (Zhong et Sternberg 2006; Chipman et Singh 2009; Lee, 1. ¢f al. 2010; Lee, A.Y.
et al. 2010; Hoehndorfer af. 2013). These studies, however, did not discriminate dense
modules of PPIs from non-modular interactions. Since within complex/modules PPIs
were shown to be more conserved than extra-modular PPls, it would be interesting to
assess whether the utilisation of modular components of PPI interactomes from distant
species, instead of the complete interactome, would improve performances of

predictive tools for Gls.

While the evolutionary conservation of PPI- and GI-Hubs, as well as PPIs within
protein complexes/modules has been clearly established, the overall conservation of
Gls between evolutionary distant species is still controversial. Comparison of the S.
cerevisiae and S. pombe E-MAPs showed that negative and positive Gls of two yeast
species, distant of approximately 400 million years, were significantly conserved
(Sipiczki 2000). Also, essentiality in genes appears to be highly conserved between the
yeast and nematode (Kamath er a/. 2003), the extent of the GI conservation between
these organisms appears to be very low, and not reported as significant in all studies
(Pan er al. 2004; Lehner 2007; St Onge et al. 2007; Mani et al. 2008; Tischler, Lehner
et Fraser 2008). The difference in methodologies used to generate the Gl networks
between yeast and nematodes, the fact that some Gls in nematodes may not be cell
autonomous because of its multi-cellularity and the poor genome coverage of C.
elegans vs. yeast genetic interactomes may be part of the reasons behind the poor

conservation of Gls observed between these organisms.

Since we expect the majority of Gls not to be conserved across species, GI-Hubs, on
the other hand, appear to be well conserved throughout evolution (Lehner et al. 2006;
Costanzo et al. 2010). Predicting genetic Hubs are of biological importance because of
their tendency to influence fitness defects when they are individually mutated

(Costanzo et al. 2010). Some high-end methodologies have been developed to predict
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GI degrees — the number of Gls involving a given gene — in the yeast, S. cerevisiae
(Szappanos e al. 2011; Koch et al. 2012). The first study successfully predicts negative
and positive interaction degrees for genes implicated in yeast metabolism (Szappanos
et al. 2011). Using only SSL and positive genetic interactions as training sets, they
showed that only a small fraction of interacting genes shares the majority of the
interactions in both empirical and in silico data. They also provided a mechanistic
explanation for genetic “Hubs” in relation with their tendency to be multifunctional
and found that the predicted negative interaction degree of a gene correlates with its
multifunctionality (Szappanos ef a/. 2011). In another work, Koch et al. drove the
analysis furthermore to predict the GI degrees of many genes in S. cerevisiae and also
in the distantly related species Schizosaccharomyces pombe (Koch et al. 2012). They
integrated 16 features; covering mRNA expressions, GO terms, protein-protein
interactions and other functional data, via a decision-tree learning to predict GI degrees
with only interacting genes as training sets. Among some interesting findings, they
confirmed the general consensus that the GI network structure is conserved across
species (Koch ef al. 2012). In fact, they found retaining high conservation of GI degrees
between S. cerevisiae and S. pombe for specific genes sharing a significant amount of
functional information. It would be extremely interesting to carry on such study to
assess whether, despite the poor conservation of Gls between yeast and nematodes, the

GI network structures may also be conserved between the two organisms.

As the conservation of Gl-degrees, conservation of Gls between S. cerevisia and S.
pombe was significantly increased when the analysis was restricted to genes that shared
the same functional annotations and when the analysis was restricted to pairs of genes
coding for interacting proteins (Roguev ef a/. 2008). This indicates that Gls between
two genes is more evolutionary conserved if these two genes are also linked in networks
located at lower and higher abstraction levels. Several studies also suggested that both
positive and negative Gls within functional modules (protein complexes, gene

belonging to the same biological process) are significantly more conserved between S.
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cerevisiae and S. Pombe, than wiring between these modules (Dixon et al. 2008;
Roguev et al. 2008; Ryan er al. 2012). This suggests that not only the dependencies,
but also the butfering relationships within complexes are highly conserved (Ryan ef al.

2012).

While the conservation of Gls between functional modules/biological processes
appears to be limited, the overall number of Gls between biological processes appears
to be highly retained (Ryan et al. 2012). For example, while a significantly high number
of Gls links genes controlling chromatin/transcription and those controlling mitosis and
chromosome segregation in distant species, the level of conservation for individual
interactions between these processes remains low (Ryan er al. 2012). This suggests
that, although there is flexibility at the level of individual Gls and consequently
significant rewiring between functional modules/processes in distant species, there
may exist a biological selective pressure and requirements for the conservation of a
high of low linking strength between particular processes (Ryan et al. 2012).
Importantly, biological processes interacting with a larger amount of biological
processes than expected — called here “process-Hubs™ — suggest that these processes
are important for mediating cross-process connections in genetic networks of several
organisms (Lehner ef «/. 2006; Costanzo et al. 2010). For example, process-hubs such
as chromatin/transcription, secretion and membrane trafficking, have been identified
in S. cerevisiae (Costanzo et ul. 2010) and C. elegans (Lehner ef al. 2006). Conversely,
some processes, such as amino acid metabolism and trans-membrane transport, have
very few Gls linking them to other processes, suggesting a high degree of functional
independency among these modules with less impact on other cellular processes than

process-Hubs (Ryan ez al. 2012).

Altogether, these data suggest that the conservation of the overall structure of Gl
networks still needs further characterization in distant organisms to identity the
selective pressure applied on GI networks, not necessarily at the level of individual

genes, but at the level of functional modules. Conclusions from such studies would
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bring important information that could be exploited in order to use GI networks from

lower organisms to predict Gls in higher ones.

2.5 Conclusion and perspectives

Mapping of GI networks and extensive study of their structures, conservation in
different species and relationships with other functional and molecular interaction
networks has already provided us with a better understanding of the biological
robustness and phenotypical manifestation of genomic codes. Some of these pieces of
information have also been exploited to generate predictors for Gls as detailed in this
review. However, to date, these tools show limited performances and gave predictions,
for example in C. elegans, for less than 50% of the expected GI interactome. These
studies also opened some paths that could be followed to improve predictive tools for

Gls.

The first path suggests that tools should consider Gls in their structural context instead
of considering them in isolation. This comes from several observations. The first one
showed that similarity of GI profiles of two genes is more indicative of a co-
functionality (sharing GO annotations, involvement in the same protein complex, etc.)
than a direct GI between these genes. This comes along with the other observations that
— irrespective of the method used to decompose the genetic interactome into modules
— Gl tends to segregate into two categories following either a “within-“or a “between-
pathway” model (Figure 2.5). These two kinds of Gls, based on structural properties of
the network, have also different particularities. The “between-pathway™ Gls tend to be
less evolutionary conserved than the “within-pathway” Gls. Similarly, at a lower level
of abstraction, “between protein modules” PPIs tend to be less conserved than “within

protein modules™ PPIs. Overall, these data suggest that ““within and between pathways”
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Gls may have to be assessed using different approaches. This also suggests that data
used to predict Gls, such as PPls, may also have to be considered in their modular

context.

The second path of improvement for predicting Gls consists in considering Gls from a
higher level of abstraction when attempting to predict Gls using data from distant
species. This comes from the observation that the overall level of Gls between
biological processes appears to be much more conserved between distant species than
independent Gls between genes involved in different processes (Figure 2.5).
Considering Gls at the level of the biological processes (abstraction level V) instead of
individual genes (abstraction level [V), may then significantly improve our ability to
accurately predict functional relationships between genes and group of genes. Such
approach may also open exciting opportunities. Studying the monochromaticity ot Gl
modules also showed that the monochromatic within and between pathways
interactions were biologically biased. This suggests that biological processes have
either compensating or synergistic relationships one with another, but also that many
components of a given biological process have predominantly either compensating or
synergistic relationships. These data suggest that considering Gls from a higher level
of abstraction may also be a good avenue to specifically identify synergistic and
compensating/antagonistic relationships between functional biological modules. This
avenue is particularly attractive when considering the need of such predictive tools in
translational research and more particularly when trying to identify compensatory

mechanisms leading to therapeutic drug resistance.

The last proposed path to improve Gl predictions, in particular in higher organisms, is
to try to better understand the structural differences that may exist between
lower/unicellular and higher organisms. The fact that the within pathway model may
be prevalent over the between pathway model in C. elegans, as opposed to yeast, need
to be confirmed and the reason why this trend might be different in several organisms

needs to be explained. In conclusion, while an extensive characterization of smaller
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genetic networks in yeast has brought precious information about the still mysterious
genetic interactome, its apparent plasticity requires similar studies to be done in higher
organisms. These studies would then open the door to the design of well-informed and

highly performing predictors for Gls in higher organisms such as human.
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TABLEAU 2.1 In silico methodologies for the predictions of genetic interactions.
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Figure 2.1 Statistical epistasis.

(A) When considering the penetrance of a given phenotype as the percentage of animals expressing this phenotype at
a given “significative” level, genetic interactions (Gls) are usually identified using the additive model. Considering the
phenotype of wild-type (wf) animals, close to zero, the expected phenotype of the double mutant AB corresponds to the
sum of the phenotypes of mutant A and B. An aggravating Gl between A and B is then identified if the phenotype of AB
is significantly higher than the expected. An Alleviating Gl is identified if the phenotype of AB is significantly lower than
expected. A suppressive interaction is identified if the phenotype of AB is lower than the single mutant with the highest
penetrance. When considering two mutants C and D with no observable phenotype, a synthetic interaction is identified
if the double mutant CD expresses a significant phenotype. (B) When fitness is measured as a phenotype, the wt animals
present high fitness rate, the expected phenotype of the double mutant AB is calculated using the multiplicative
phenotype (it could also be the Log or Min) as the product of the fitness level of A and B. An aggravating interaction is
then identified if AB is significantly lower than expected. Alleviating is identified if the fitness of AB is significantly higher
than expected. Suppressive interaction is identified or if the double mutant is more viable than the sickest single mutants.
A synthetic interaction is identified if the double mutant presents a significant fitness defect while the two single mutants
are fit.
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Figure 2.2 Representation of the six levels of abstraction in biological systems.

Note that, while each gene/protein can be followed from one abstraction level to another, the relationships linking it with
its neighbours are different at each level. The conservation of links between two levels of abstraction in a given system
and between orthologous genes/proteins in different systems are discussed in the main text of this review.
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Figure 2.3 Canonical and non-canonical within/between pathway models.

(A) The canonical within pathway model as described by Kelley and Ideker, consists in genetic interactions (Gls, red
edges) occurring within a dense module of protein interactions (bleu edges). (B) The canonical between pathway models,
as described by Kelley and ldeker, consists in Gls occurring between dense modules of protein interactions. (C) The
canonical between pathway models, as defined by Ulitski et al., consist in Gis occurring between connected
subnetworks/graph modules of protein interactions. This study also identified pivot proteins as proteins highly connected
at the molecular level with component of two subnetworks connected through between pathway Gls. (D) non-canonical
within pathway model, are quasi-cliques (g-cliques), biclusters of highly connected genes. (E) The non-canonical
between pathway models consist in bicliques — biclusters in which prays and target genes of Gls do not overlap.
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Figure 2.4 Venn diagrams of C. elegans predicted genetic interactions from three different

approaches.
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(A) Genome-wide predictions. (B) Experimentally validated genetic interactions taken from Lee, A.Y. et al., 2010 (C)
Experimentally validated genetic interactions (Gls) collected from recent studies (2009-2012). Numbers in red indicates
statistically significant overlaps (P < 0.05), evaluated using an exact hypergeometric probability test. The selected score
thresholds used to predict Gls yield the same false positive rate (FPR) for all three predictors. Each FPR was evaluated
using a negative set consisting of 10,000 random gene pairs free of any gene present in validated interactions. Predicted
Gis or functional links, for GeneOrienteer and WormNet respectively, were downloaded in October 2010.
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Figure 2.5 Integration of the abstraction level lll, IV and V.

Abstraction level Il shows protein-protein interactions (PPls, blue edges) within highly connected protein interaction
modules. It represents also a pivot proteins highly connected with proteins of two dense modules. The abstraction level
IV shows the connection of dense protein modules through genetic interactions (Gls, red edges, between pathway
model). It shows also the approximate rate of within pathway and between pathways Gls observed in yeast. The level V
shows the clustering of dense modules in biological processes and the link brought by Gls between these processes.
The strength of that link is more evolutionary conserved than individual Gls at the abstraction level V.



CHAPITRE III

CARACTERISATION STRUCTURALE ET FONCTIONNELLE D’UN RESEAU
D’INTERACTIONS GENETIQUES A L’INTERIEUR DES VOIES DE
SIGNALISATION ET DE METABOLISME DU NEMATODE CAENORHABDITIS
ELEGANS

L’ensemble de ce chapitre a été publié en février 2016 dans la revue PLoS

Computational Biology, doi: 10.1371/journal.pcbi.1004738.

Boucher B, Lee AY, Hallett M, Jenna S. (2016) Structural and Functional
Characterization of a Caenorhabditis elegans Genetic Interaction Network within

Pathways. PLoS Computational Biology. 12(2):e1004738.

Pour ce chapitre III, il est question d’une caractérisation en profondeur des interactions
génétiques chez le nématode Caenorhabditis elegans. Pour ce faire, nous avons utilisé
des données se situant a différents niveaux d’abstraction et avons exploité certains liens
entre ces niveaux pour montrer que les signatures de données, correspondant aux
interactions génétiques, ne sont pas homogeénes. Nous avons ensuite classé les
interactions en sous-groupes homogene et sélectionné six classes. Nous avons ensuite
identifié les différentes propriétés de ces classes pour construire un modele de réseau
génétique dans lequel chaque classe d’interactions joue un rdle particulier. Ce modéle
ouvre la voie a une meilleure compréhension des liens entourant les interactions
génétiques et les autres niveaux d’abstraction. Le modéle propose aussi une explication

pour la robustesse des systémes biologiques et I’évolution des espéces.
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CONTRIBUTIONS

Pour cet article, j’ai (BB) rassemblé 1’ensemble des données nécessaires a la
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I’algorithme de sélection des classes d’interactions génétiques basé sur les signatures

de données des genes qui interagissent ensemble.

Anna Y. Lee (AL) a fourni les données de base couvrant chaque paire de genes du
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analyses statistiques.
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des genes qui interagissent ensemble dans le réseau d’interactions protéine-protéine.
Elle a classé manuellement I’ensemble des phénotypes utilisés dans cette étude pour
définir I’index pléiotropique. Elle a aussi contribué a I’analyse statistique des index

pléiotropiques.

J'ai rédigé la section Matériel et méthode, les 1égendes des figures ainsi qu'une partie

des résultats de l'article. Sarah Jenna a rédigé le reste.

Détail des contributions par figure :

Figure 3.1: BB (collecte de données, analyse, design et réalisation des figures), AL
(traitement des données, aide technique), MH (supervision technique), SJ (conception

et design).
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Figure 3.2 : BB (collecte de données, analyse, design et réalisation des figures), AL

(aide technique), MH (supervision technique), SJ (conception et design).

Figure 3.3 : BB (analyse), SJ (conception, collecte de données, analyse, design et

réalisation des figures).

Figure 3.4 : BB (collecte de données, analyse, design et réalisation des figures), AL

(aide technique), MH (supervision technique), SJ (conception et design).

Figure 3.5 : BB (collecte de données, analyse, design et réalisation des figures), AL

(aide technique), MH (supervision technique), SJ (conception et design).

Figure 3.6 : BB (collecte de données, analyse, design et réalisation des tigures), AL

(aide technique), MH (supervision technique), SJ (conception et design).

Figure 3.7 : BB (collecte de données, analyse, design et réalisation des figures), SJ

(conception et design).

Figure 3.8 : BB (collecte de données, analyse, design et réalisation des figures), SJ

(conception et design).

Figure 3.9 : SJ (conception, design et réalisation de la figure).

RESUME

Une interaction génétique (1G) est définie lorsque la mutation d'un geéne modifie
I'expression phénotypique associé¢ a la mutation d'un second gene. Les efforts pour
cartographier les 1G du génome en entier de la levure ont révélé des propriétés
structurales et fonctionnelles d'un réseau d’IGs. Cela a donné un aperg¢u des
mécanismes sous-jacents de la robustesse de la levure a des perturbations génétiques
et environnementales, mais aussi au niveau du lien existant entre le génotype et le
phénotype. Méme si une conservation importante des [Gs et de la structure du réseau
d’1Gs a été rapportée entre des especes de levures lointaines, une telle conservation n’a

toujours pas €té observée entre les organismes unicellulaires et multicellulaires. La
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caractérisation structurale et fonctionnelle d'un réseau d’IGs dans ces derniers
organismes est par conséquent, d'un grand intérét. Dans cette étude, nous présentons
une caractérisation en profondeur de ~1.5K 1Gs du nématode Caenorhabditis elegans.
Nous avons identifié et caractérisé six classes distinctes d'1Gs en examinant un large
éventail de propriétés structurales et fonctionnelles des génes et du réseau, y compris
la co-expression, les manifestations phénotypiques, la relation avec les sous-réseaux
denses d'interactions protéine-protéine (SDI) et les voies, les fonctions moléculaires et
biologiques, I'essentialité des genes et la pléiotropie. Notre étude montre que les classes
d’IGs sont liées a des genes présents a I’intérieur des voies et présentent des propriétés
distinctes, spécifiquement envers les SDI. 1l suggeére un modeéle dans lequel les voies
sont composées d’1Gs SDI-centriques et SDI-indépendants coordonnées par des
machines moléculaires a travers deux classes spécifiques d'IGs, les connecteurs
pléiotropiques et non-pléiotropiques. Notre étude décrit la premiére caractérisation en
profondeur d'un réseau d’IGs a I"intérieur des voies d'un organisme multicellulaire. 11
suggere également un modele pour mieux comprendre comment les IGs contréle la

robustesse du systeme et I'évolution.

3.1 Abstract

A genetic interaction (GI) is defined when the mutation of one gene modifies the
phenotypic expression associated with the mutation of a second gene. Genome-wide
efforts to map Gls in yeast revealed structural and functional properties of a Gl
network. This provided insights into the mechanisms underlying the robustness of yeast
to genetic and environmental insults, and also into the link existing between genotype
and phenotype. While a significant conservation of Gls and GI network structure has

been reported between distant yeast species, such a conservation is not clear between
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unicellular and multicellular organisms. Structural and functional characterization of a
GI network in these latter organisms is consequently, of high interest. In this study, we
present an in-depth characterization of ~1.5K Gls in the nematode Caenorhabditis
elegans. We identify and characterize six distinct classes of Gls by examining a wide-
range of structural and functional properties of genes and network, including co-
expression, phenotypical manifestations, relationship with protein-protein interaction
dense subnetworks (PDS) and pathways, molecular and biological functions, gene
essentiality and pleiotropy. Our study shows that GI classes link genes within pathways
and display distinctive properties, specifically towards PDS. [t suggests a model in
which pathways are composed ot PDS-centric and PDS-independent Gls coordinating
molecular machines through two specific classes of Gls involving pleiotropic and non-
pleiotropic connectors. Our study provides the first in-depth characterization of a Gl
network within pathways of a multicellular organism. It also suggests a model to

understand better how Gls control system robustness and evolution.

3.2 Introduction

The behaviour of biological systems and their adaptation to environmental changes
depend on many factors on the path from genomic structure, through gene expression,
molecular and functional interactions, to phenotypic manifestations. To simplify
studies of these different levels of information, systems biologists may build a
theoretical framework where biological systems are decomposed into six abstraction
levels (Boucher et Jenna 2013): the genome structure (level 1), the gene expression
(level II), the physical interaction between systems elements (protein, DNA, RNA, etc.
[evel III), the functional relationship between these elements (level [V), their biological

and molecular function (level V) and the phenotypical manifestations (level VI).
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Within this framework, genetic interactions (Gls) are located at the level 1V together

with signaling and metabolic pathways (Boucher et Jenna 2013).

The identification of a GI between two genes reveals that a mutation on the first one
alters the biological consequences (the phenotype) associated to a mutation on the
second one. Mapping Gls represents an important approach in understanding the link
between genotype and phenotype. It is also a critical step to understand the robustness
of biological systems —i.e. how the system compensates for the alteration of a function.
Mapping Gls in human also recently emerged as a necessity to identify biomarkers
from Genome-wide assoctation studies (GWAS) and consequently, move the medical

field towards a more personalized practice (Gibson 2010).

To date, only few (primarily unicellular) organisms have been amenable to
experimental genome-wide screening approaches for mapping Gls. Thus, most of our
information on the structure and the function of GI networks has been restricted to yeast
(reviewed in (Boucher et Jenna 2013) and (Dixon et «l. 2009)). Extensive studies on
Gls in these systems showed clear relationships between GI networks and networks
located at other abstraction levels. These studies revealed the relationship of Gls with
signaling and metabolic pathways (Davierwala et «/. 2005; Costanzo ef al. 2010; Bellay
et al. 2011; Szappanos ef al. 2011), between co-expressed genes, and between genes
coding for interacting proteins (Kelley et Ideker 2005; Ulitsky et Shamir 2007). They
also identified the relationship between Gls, bioprocesses and phenotypes (Tong ef al.
2004; Drees et al. 2005; Schuldiner ef al. 2005). They characterized the degree of
connectivity of genes within GI networks and assessed their enrichment in genes with
high connectivity (GI-Hubs) as well as in multifunctional and essential genes (Ozier,
Amin et ldeker 2003; Tong er al. 2004; Davierwala et al. 2005; Szappanos et al. 2011).
Importantly, these studies identified dense subnetworks within the Gl network (GDS)
(Tong et al. 2004). They showed that GDS tend to lay between molecular machines,
that we will define in this study as dense subnetworks of protein-protein and protein-

DNA interactions (Kelley et Ideker 2005; Ulitsky et Shamir 2007; Szappanos et al.
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2011). They also showed that GDS are monochromatic, i.e. they are composed of either
positive (suppressive/alleviating) or negative (synergistic/aggravating) Gls (Segre et
al. 2005; Pu et al. 2008; Jaimovich ef al. 2010; Michaut er a/. 201 1) and are functionally
biased (Szappanos et al. 2011; Sharifpoor et al. 2012). These studies connect four
abstractions levels (levels Il to V), showing that GI networks coordinate molecular

machines within bioprocesses.

These studies using yeast as a model brought also precious information on the role
played by Gls in genomic robustness and evolutionary processes (Roguev et al. 2008;
Bellay et al. 2011; Ryan et al. 2012). For example, these studies identified two separate
groups of duplicated genes within distinct GDS: a group composed of redundant genes
playing an important role for the genomic robustness of the system and a group of
redundant genes with divergent biological functions and with expected reduced impact
on robustness (Bellay ef a/. 2011). In addition, they revealed that positioning of Gls
within or between PPI-dense subnetworks (PDS) had an impact on their evolutionary
conservation: Gls within PDS being more conserved than Gls between PDS (Roguev

et al. 2008; Ryan et al. 2012).

To date, the structure and the function of GI networks are still largely unknown in
multicellular organisms. Characterizing these networks is therefore required to better
understand the genomic robustness of these systems and also how functional
relationships between alleles influence phenotypical outcomes and evolutionary
processes in multicellular contexts. To address this problem, we provide the first deep
characterization of a network composed of ~600 GIs in a multicellular organism, the
nematode Caenorhabditis elegans. This study aims to identify functional properties
associated with Gls and groups of Gls and to understand better how the structural and
functional organization of a GI network links molecular machines (abstraction level
IIT) to bioprocesses, phenotypes and diseases (abstraction levels V and VI) in a
multicellular context. Our results indicate that Gls form a heterogeneous group of

entities when considering biological data located at different abstraction levels in C.
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elegans. We describe the specific characteristics of GI classes with respect to the
connectivity degree within the GI- and the PPl-networks, their relationship with
protein-protein interaction dense subnetworks (PDS), signaling and metabolic
pathways and with phenotypic manifestations (essentiality, pleiotropy). We also

discuss the impact of this structure on C. elegans genome robustness and evolution.

3.3 Results

3.3.1 Defining six classes of genetic interactions

Considering that the function and the structure of genetic interaction networks are
mainly unknown for multicellular organisms while being of increasing interest, we
characterized a network composed of ~1,500 GIs of the nematode C. eleguns. To do
s0, we first investigated whether Gls constitute a heterogeneous group of entities in this
organism and consequently, whether we could identify several Gl classes with

distinctive biological properties in this network.

We retrieved 1,514 genetic interactions (Gls) from Wormbase, Biogrid and the
literature as described in the Methods section and in Table 3.S1 [en ligne: (Boucher ef
al. 2016)]. This set of Gls, called Gls-all, is composed of 750 (49.5%) interactions
identified as experimentally validated Gls by either Wormbase and Biogrid curation
systems (see Methods) or manually curated from the literature in our laboratory (Lee
et al. 2010). The remaining 764 Gls (50.46%) were identified using Textpresso, an
automatic text mining system (Muller, Kenny et Sternberg 2004). To test the false-
positive rate in this later Gl set, we manually curated 261 of these interactions and
found that 252 of them (96.55%) were true-positives (experimentally validated Gls;
Table 3.S1 [en ligne: (Boucher ef al. 2016)]). Overall, Gls-all is predicted to contain at



102

least 98% of validated Gls.

Statistical attributes using expression, protein-protein interaction (PPI) and phenotypic
data were previously described as powerful tools to segregate Gls-all from a set of
gene-pairs randomly selected from the genome (Lee ef al. 2010). Gls being shown as
rare events (Tong et al. 2004), we expect the latter set of gene-pairs to be mostly
composed of “true” negative examples of Gls (see Methods). Attributes used in this
study capture the level of co-expression between interacting genes (Exp, Figure 3.1a,
b), the enrichment of shared phenotypes (Ph, Figure 3.1a, b), their ability to encode
proteins that interact physically (I, Figure 3.la, b) and/or have more common
interacting-partners than expected by chance alone (CI, Figure 3.1a, b). Two attributes
were also designed to identify Gls within functional modules (N and NPh, Figure 3.1a,
b). The attribute called "Neighborhood" (N) identifies the enrichment ot phenotypes in
the neighborhoods of gene-pairs within a network where genes are linked when they
are significantly co-expressed, or code for interacting proteins (see Methods for details;
(Lee et al. 2010)).The attribute "Neighborhood with Phenotype™ (NPh) identifies pairs
of genes with a positive value for the attribute N and the association of both genes with
the phenotype enriched in their neighborhood (see Methods for details; (Lee et al.
2010). We used these attributes to assess whether Gls display distinctive dependency
towards data located at different abstraction levels. To do so, attribute values were used
to cluster Gls-all together with 1,500 gene-pairs randomly chosen in the C. elegans
genome. If Gls were forming an homogeneous group of entities with unique distinctive
properties when considering negative sets of examples, we would expect them to
cluster as a group from these negative examples. However, Gls-all tend to cluster into
groups of Gls (using Euclidean distance-based dissimilarities; see Methods) with some
dispersion among the negative examples (Figure 3.1a). This suggests that Gls-all can

be subdivided into Gls groups with potential distinctive biological properties.

In an attempt to characterize the function of these GI groups, we used a cluster selection

algorithm to identify GI classes from Gls-all (Figure 3.1b), while controlling the
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robustness of this classification (see Supplementary Information, Text S3.1 (voir
Annexe A); Figure 3.S1). This study identified ten GI classes, six of them (C1-C6)
being significantly different from gene pairs randomly selected from the genome (see
Supplementary Information, Text S3.1 (Voir Annexe A); Figure 3.S2). Analysis of the
proportion of missing data supporting each class revealed that missing expression,
phenotype and/or PPI data could not explain the classification by itself. We conclude
from this analysis that GI classes with similar combination of attribute values would

still be identified from a GI set exempt of missing data.

3.3.2 Gl classes have different functions

Two main classes of Gls have been identified in the yeast genome: positive (alleviating
interactions) and negative (synergistic interactions) (Tong er al. 2001; Kelley et Ideker
2005; Schuldiner et al. 2005; Collins et al. 2007; St Onge et al. 2007).
Monochromaticity of Gl dense subnetworks (GDS), enriched in either positive or
negative interactions, has also been identified in yeast (Bellay er «/. 2011; Sharifpoor
et al. 2012). These monochromatic GDS were described as being functionally biased -
i.e. they tend to be associated with specific biological functions (Bellay ef al. 2011;
Sharifpoor er al. 2012). This characterization of GI networks in yeast was critical to
understand better the role of GIs in coordinating gene function within biological

Processes.

To characterize the potential distinctive biological properties of Gl classes and their
ability to control different bioprocesses, we first assessed whether Gls tend to form
dense subnetworks (GDS) in C. elegans. We also tested whether these GDS may be
monochromatic or multichromatic - if they were enriched in one or several GI classes.

Lastly, we assessed whether these GI classes are functionally biased.
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This analysis revealed that Gls from Gls-all form few GDS (see Supplementary
Information, Text S3.1 (Voir Annexe A); Figure 3.S3a). However, while the number
of GDS formed is too small to assess their enrichment in unique class or combination
of classes as done in yeast, clustering of classes based upon the GDS composition,
revealed that GI classes tend to form GDS in a biased manner: C1 with C2, C4 with C5
and C3 with C6 (see Supplementary Information, Text S3.1 (Voir Annexe A); Figure
3.S3a). Analysis of the gene composition of GI classes also revealed that C4 Gls share
more genes with C5 than with the other classes (see Supplementary Information, Text
S3.1 (Voir Annexe A); Figure 3.S4) supporting the hypothesis that Gl classes may

assemble into GDS in a biased way.

Enrichment of GI classes in Gene Ontology annotations (GO, (Ashburner er a/. 2000))
was also measured. GO annotations were found enriched for all GI classes except C2
(Figure 3.2a; Table 3.S2 [en ligne: (Boucher ef al. 2016)]; Figure 3.S5-3.S11). This
analysis was done first by considering gene repetition within classes (some genes being
involved in more than one Gl in a given class) and secondly, without considering gene
repetition (asterisk indicates enrichment observed without considering gene
repetitions; Figure 3.2a; Table 3.S2 [en ligne: (Boucher et «/. 2016)]). Similar results
were obtained for both analyses, suggesting that GI classes are functionally biased as

detailed below.

C1 interactions were enriched in genes involved in cell division (P = 0.01, Fisher’s
exact test; Figure 3.2a; Table 3.S2 [en ligne: (Boucher ef al. 2016)]). For example, C1
Gls were identitied between spd-2, spd-5 and dhc-1 controlling centrosome assembly
and maturation (Kemp er al. 2004) (Figure 3.S5). We expect genes involved in cell
division to be essential. To test a potential enrichment of essential genes in C1, we
measured the enrichment of two gene sets of 294 and 1,259 essential genes identified
using systematic RNA silencing by Kamath ef /. (Kamath ez «/. 2003) and Sonnichsen
et al. (Sonnichsen et al. 2005) in GI classes when compared to Gls-all using a

hypergeometric test (bars above the red line indicate a significant enrichment; P <0.05;
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Figure 3.2b). These data showed that C1 and C2 display the highest enrichment level
in essential genes when compared to Gls-all and other classes. These data support the
functional bias of C towards cell division and also associate GDS enriched in C1 and
C2 interactions to essential biological functions. Enrichment analysis of GO terms
within Gl classes also revealed that C4 and C5 were enriched in genes coding for
kinases (P < 0.0001, Fisher’s exact test; Figure 3.2a; Table 3.S2 [en ligne: (Boucher ef
al. 2016)]). A kinase-centric study of the Gl network in yeast showed that genes coding
for kinases are often redundant and are involved in either kinase-kinase (K-K) or
kinase-substrate (K-S) Gls (Sharifpoor et «l. 2012). We assessed whether GI classes
were enriched in these two kinds of interactions when compared to Gls-all. In this
study, kinases were identified based on their GO annotation (Table 3.S2 [en ligne:
(Boucher et al. 2016)]) and substrates were identified as non-kinases. This analysis
revealed that C4 is significantly enriched in K-K (P = 0.004, Fisher’s exact test) and
K-S (P = 0.03, Fisher's exact test). Considering that K-K interactions were primarily
observed between redundant kinases (Sharifpoor ef al. 2012), we assessed whether C4
was also enriched in Gls between redundant genes. We thus measured the enrichment
in Gl classes of 306 genes identified as redundant (linked by a synthetic sick or lethal
interaction) and evolutionarily conserved genes (Tischler er al. 2006). This analysis
revealed that both C4 and C5 were enriched in evolutionarily conserved redundant
genes (Bars above the red line indicate significant enrichments; P < 0.05; Figure 3.2¢).
In order to assess whether C4 and C5 were enriched in interactions involving only
redundant kinases or redundant genes at large, we measured this enrichment after
removing kinases from both the Tischler ef /. list of conserved redundant genes and
from GI classes. This analysis revealed that only C4 was enriched in Gls involving
non-kinase redundant genes (Fisher’s exact test; P = 9 x 10™). This suggests that C5
Gls involve mainly conserved redundant kinases while C4 Gls involve conserved
redundant genes coding for kinases or not. Examples of C4 GIs between conserved
genes coding for redundant kinases and non-kinases are the interactions between the

type I and type Il TGF-beta receptor coding genes daf-1 and daf-4 (Georgi, Albert et
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Riddle 1990; Estevez et al. 1993; Gunther, Georgi et Riddle 2000); and between the
three Rho GTPases ced-10, mig-2 and rac-2 shown to control cell migration (Lundquist
et al. 2001) (Figure 3.S5). Moreover, GO annotation enrichments revealed that C3 was
enriched in genes involved in cell signaling (P = 0.01, Fisher’s exact test; Figure 3.3a)

and C6 in small GTPase signaling (P = 0.001, Fisher’s exact test; Figure 3.3a).

Altogether, these data suggest that GI classes may assemble in GDS in a “class-
dependent” manner and also display a functional bias. Genes interacting through C1
and C2 GIs tend to be essential genes, more particularly involved in cell division. Genes
interacting through C4 or C5 GIs tend to code for evolutionarily conserved redundant
kinases and non-kinases. This study also suggests a potential function for genes

interactiﬁg through C3 and C6 GIs in cell signaling.

3.3.3. GI classes have different positions in the PPI network

The coordination of molecular machines by Gls has been intensively investigated in
yeast through characterization of the relationship existing between Gls and protein-
protein interaction (PPI) networks (Kelley et Ideker 2005; Ulitsky et Shamir 2007;
Costanzo et al. 2010). Four out of the six attributes used in this study are built, even
partially, on PPI data (N, NPh, Cf, I; see Methods). GI classes, displaying positive
values for different combinations of attributes (Figure 3.1b), may exhibit distinct
relationship with the PPI network. To assess the relationship between GI classes and
molecular machines we measured the average PPI-degree of proteins coded by genes
within GI classes and Gls-all (Figure 3.3a). This revealed that C4 and C5 GIs involve
genes with a median PPI-degree significantly higher than the other classes and Gls-all
(P < 10 and P < 10°® respectively, Wilcoxon rank-sum test; Figure 3.3a). We then

assessed whether this was due to a significant enrichment of genes coding for PPI-Hubs
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- defined as the 20% proteins with the highest PPl-degree within the PPI-network
(Figure 3.3b; Figure 3.S12). This revealed that C4 and C5 were indeed significantly
enriched in PPI-Hubs when compared to Gls-all (P < 10™ and P < 10" respectively,

Fisher’s exact test; Figure 3.3b).

The structure of the PPl networks has been extensively studied in unicellular and
multicellular organisms (Chang et al. 2013). As shown for Gls, PPI tend to assemble
into PPI-dense subnetworks (PDS) orchestrated around nodes. These nodes can either
be Hubs or non-Hubs, with distinct structural functions within the PPI network (Yu et
al. 2007; Chang et «l. 2013). The betweenness centrality metric was previously defined
to identify network nodes playing a critical role in the PPI-network organization (called
“bottleneck nodes™) (Yu et al. 2007). These nodes were characterized by their
positioning in many shortest paths within the PPI network ([Yu er al. 2007], Figure
3.3¢). Measurement of the betweenness centrality of PPI-non-Hubs and PPI-Hubs in
the different GI classes revealed that C5 non-Hub proteins tend to be bottlenecks with
a significantly higher betweenness centrality than Gls-all (P < 10, Wilcoxon rank-
sum test; Figure 3.3d). The betweenness centrality of PPI-Hubs was not significantly

different between Gl classes and Gls-all (Figure 3.3¢).

Altogether, these data clearly show that GI classes have distinctive properties with
respect to the PPl network and may consequently coordinate differently molecular
machines in biological processes. They identify C4 and C5 interactions as enriched in
genes coding for PPI-Hubs that tend to be non-bottlenecks (green node; Figure 3.3¢),
suggesting that these Hubs may be embedded within PDS rather than at their periphery.
(5 also appear to be enriched in non-Hub Bottleneck nodes (Blue nodes, Figure 3.3¢)
thought to play a critical role in PDS coordination (Yu et «/. 2007). Therefore, these
data suggest, C4 and C5 interactions may play a critical role in controlling the assembly

and the coordination of PDS.
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3.3.4 Gl classes are either PDS-centric or PDS-independent

The data presented above suggest that C4 and C5 GIs link genes coding for proteins
within or between PDS while C1, C2, C3 and C6 may link genes coding for proteins
outside PDS. To test this hypothesis we used the Cytoscape “MINE” plugin
(Rhrissorrakrai et Gunsalus 2011) to identify PDS within the PPl-network as
previously done (Kelley et Ideker 2005; Ulitsky et Shamir 2007) (see Methods). This
approach identified 106 PDS containing at least four proteins. We then assessed
whether Gls-all and GI classes were enriched in genes coding for proteins: (i) in the
same PDS (GI within-PDS; red lines / bars; Figure 3.4a and b); or (ii) between PDS
(pairs of proteins located in different PDS; GI between-PDS; blue lines / bars; Figure
3.4a, b). To evaluate this enrichment level, we compared the frequencies obtained for
the different scenarios (within-PDS and between-PDS) with those for randomized GI
networks of similar size and structure, and computed log-ratio transform (LR) scores
(see Methods, Figure 3.4b). Consistently with previous studies (Lehner 2007), Gls-all
was enriched in within-PDS connections while being depleted in between-PDS
connections (Figure 3.4b), confirming that GIs in C. elegans are more frequently
observed within-PDS than between-PDS. Interestingly, C2 and C3 GlIs tended to occur
between-PDS, and C4 and C5 GIs occur both within- and between-PDS, while GIs in
C1 and C6 appear to be independent from PDS (Figure 3.4b). We assessed whether this
PDS-independency results from a dependency of C1 and C6 towards connected 3-
protein triangles, called bistable motifs, which are not considered as PDS in our study
(see Methods). However, no bistable motif was found in GIs-all and consequently,
suggest that C1 and C6 do not form any bistable motif GIs and are independent from
PDS.

These data confirm our hypothesis that C4 and C5 Gls are enriched in within- and
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between-PDS. We will consequently, characterize them as PDS-centric interactions,
and C1 and C6 Gls as PDS-independent. Moreover, C2 and C3 GlIs appeared to be
enriched in between-PDS connections suggesting some kind of functional relationship
with the PDS-centric interactions. Taken together these data suggest that GI classes
display distinct relationships towards PDS and consequently, may coordinate

differently molecular machines within biological processes.

3.3.5 PDS and pathways constitute different functional modules

In the yeast S. cerevisiae, subgroups of Gls have been identified and characterized
based on their relationship with physical interaction networks — mainly protein-protein
(PPI) and protein-DNA (PDI) interactions (Kelley et Ideker 2005; Ulitsky et Shamir
2007; Costanzo et al. 2010). In these studies, a " pathway " was defined as a dense
subnetwork or a connected graph module of PPIs (detined as PDS in our study) and
PDIs. These studies showed that Gls tend to occur rather between- than within-
pathways (Kelley et [deker 2005; Ulitsky et Shamir 2007; Costanzo er al. 2010).
Interestingly, a similar study was done on GI networks in C. elegans and showed the
opposite -~ Gls occur more frequently within- than between-pathways (Lehner et al.
2006; Lehner 2007). These results are in agreement with data obtained in this study for
Gls-all (Figure 3.4b).

The pathway described above is quite different from the definition used by
developmental geneticists for whom a pathway consists in a group of genes functioning
together to control a given biological process (McNeill et Woodgett 2010) (Figure
3.5a). Characterization of the relationship between PDS and pathways is consequently
required to clarify the relative positioning of Gls and pathways (both located at the

abstraction level 1V) between molecular machines (level I11) and biological processes
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(level V). To do so, 61 pathways were retrieved from the KEGG database (Kanehisa et
al. 2004) along with 33 pathways controlling the embryonic and larval development of
C. elegans that we manually curated from the literature (Figure 3.S3 [en ligne:
(Boucher e al. 2016)]; see Methods). We then assessed whether gene-pairs involved
in a given pathway (within-pathway interactions) tend to code for proteins, which are
part of the same PDS (within-PDS; orange lines / bars; Figure 3.5a and b) or of two
distinct PDSs (between-PDS; green lines / bars; Figure 3.5a and b). We compared the
frequencies obtained for these scenarios with those resulting from randomization of
pathways (see Methods, Figure 3.5b). Interestingly, proteins coded by gene-pairs in the
same KEGG or pathways from the literature (within-pathway gene-pairs, KEGG and
Lit. respectively; Figure 3.5b) are mainly found in within- and between-PDS
interactions (orange and green bars respectively; Figure 3.5b). We also confirmed that
this enrichment of within- and between-PDS observed within-pathways did not depend
on the topology of the PDS network but instead depend upon the interactions
themselves (see Supplementary Information; Text S3.1 (Voir Annexe A); Figure

3.514).

These data suggest that pathways and PDSs are distinct functional modules. They also
suggest that pathways are composed of several PDS and that proteins involved in a
given pathway may be part of the same PDS or of different PDSs. We confirmed these
assumptions through a close examination of genes/proteins involved in pathways and
PDSs as shown in 3.54 [en ligne: (Boucher e al. 2016)] and detailed in supplementary
information (Text S3.1 (Voir Annexe A)).

3.3.6 GI classes are enriched in within-pathway interactions

Considering that pathways and PDS are distinct functional modules and that GI classes
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have distinct relationships towards PDS, we were interested to test whether this would
also be the case for pathways. We thus investigated if Gl classes and Gls-all were
enriched in within-pathways (pairs of genes functioning in at least one common
pathway, see Methods) and/or between-pathways (pairs of genes involved in at least
one pathway but not involved in any common pathway, see Methods; Figure 3.6a). As
detailed for PDS in the previous sections, we compared the frequencies obtained for
the different scenarios (within-pathways and between-pathways) with those for
randomized GI networks (Figure 3.6b and ¢, see Methods). GI classes and Gls-all were
enriched in within-pathway interactions for both pathways retrieved from the KEGG
database and from the literature (Figure 3.6b and c respectively). Remarkably, GI
classes were depleted in between-pathway interactions while Gls-all was enriched in
this kind of interactions (Figure 3.6b and c). These results suggest that non-selected
clusters, C7 to C10 (Figure 3.1b), are enriched in between-pathway interactions.
Characterization of these later Gl classes revealed that it was indeed the case: except
for C 10 that was enriched only in within-pathway interactions, C7, C8 and C9 Gls were

enriched in both within- and between-pathways interactions (Figure 3.S13)

Together, these data show that C1/C6 PDS-independent, C4/C5 PDS-centric and C2,
C3 Gls are enriched in within-pathways interactions. This implies that pathways
involve both functional interactions that are organized around PDS and other that are

independent from PDS.

3.3.7 C3 and C6 Gls involve connectors

Highly connected genes called connectors, or GI-Hubs, are genes whose alteration
impacts on a large number of genes. Their function is consequently expected to be

central within pathways and bioprocesses (Lehner et al. 2006; Costanzo et al. 2010;



112

Szappanos et al. 2011). GI-Hubs are detined here as the 20% genes with the highest GI
degree within the Gl-network (Figure 3.516). In order to understand better the function
of GI classes within pathways, we characterized the distribution of GI-Hubs/connectors
within Gls-all and their potential enrichment in GI classes. Therefore, we computed
the average Gl degree of interacting genes in Gl classes and Gls-all (Figure 3.7a), and
also measured their enrichment in GI-Hubs (Figure 3.7b). This analysis revealed that
C3 and C6 showed a median Gl-degree significantly higher than Gls-all and are
enriched in GI-Hubs (Figure 3.7a and b). These results suggest C3 and C6 are enriched
in connectors that may play a critical role in the coordination of gene functions within
pathways. Such a function for C3 and C6 Gls is consistent with their expected

involvement in cell signaling (Figure 3.2a).

3.3.8 Identitying pleiotrof)ic and non-pleiotropic Gls

Our study supports a model in which four out of the six classes of Gls coordinate the
function of genes either in a PDS-centric or in a PDS-independent manner. They also
identity two additional classes of Gls with central coordination function through the
involvement of connectors/Gl-Hubs. The C. elegans, being a multicellular organism,
one may ask whether some parts of this organization may be organ or process specific
while others may be ubiquitous. To answer this question, we assessed whether GI
classes are enriched in pleiotropic genes — l.e. genes whose genetic alteration is
associated to multiple phenotypic expressions and consequently, whose function is
required in several organs and/or at different developmental stages of the animal. To
do so, we divided the C. elegans phenotype ontology into 22 groups of phenotypes
(Figure 3.S15). We computed a pleiotropic index (PI) for each gene as the number of

phenotype groups containing at least one phenotype expressed upon genetic alteration
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of the gene of interest (see Methods). The PI median genome-wide (2 + 1.48 MAD) is
smaller than in Gls-all (5§ £ 2.97 MAD; Figure 3.S16b), and its distribution revealed
that a large number of genes displayed a low PI while a small number of genes have a
high PI (Figure 3.S16b). Using this distribution of PI, we defined a class of highly
pleiotropic genes (High-PI) as the 20% genes displaying the highest PI genome-wide
(Figure 3.S16b).

We measured the Pl of genes involved in GI classes and found that only genes involved
in C1, C2 and C6 Gls displayed significantly higher median Pls than Gls-all (P < 107,
Wilcoxon rank-sum test; dark grey boxes; Figure 3.7¢) and are significantly enriched
in High-PI genes (P < 107; Fisher’s exact test; Figure 3.7d). We further characterized
the distribution of GI classes at different Pl ranges and the ability of these classes to
link genes between ranges (see Supplementary Information, Text S3.1 (Voir Annexe
A); Figure 3.S17). This study revealed that while C5 connects genes only within an
average Pl range, other classes connect genes across Pl ranges, especially C3 and C6
that tend to link genes within an average Pl range to either genes with low (C3 class)

or high PI (C6 class).

These data suggest that PDS-independent Gls tend to involve pleiotropic genes while
PDS-centric Gls involve genes with an average to low pleiotropy. They also further
characterized the properties of connectors involved in C3 and C6 Gls, linking genes
within different pleiotropic ranges: C6 and C3 Gls link genes from an average to a
high-pleiotropy and from a low to an average pleiotropy respectively. These data show
that the organization of the characterized GI network within pathways is more complex
when considering the multicellular nature of C. eleguns. They imply that genétic
mutations within a given pathway may either lead to pleiotropic or
tissue/developmental stage-specific phenotypic manifestations. This also implies that
such mutation may be compensated by a mutation in a genes involved in the same

pathways but with pleiotropic or non-pleiotropic eftect.
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3.3.9 Integration of different kind of data s required to identify GI classes

PDS-centric Gls (C4 and C5) are GI classes displaying positive values for I and CI
attributes (Figure 3.1b), which are attributes mainly built on PPI network. We,
consequently, wondered whether these two classes of Gls could have been identified
considering PPI data alone. In order to test the value of the data integration strategy
used in this study to identify the GI classes, we assessed whether functional
characteristics observed for each class may depend on one or a combination of the
attributes used for the classification (Figure 3.1a and b). To answer this question, we
defined a threshold value for each attribute [en ligne: (Boucher ef «/. 2016)], allowing
us to identify groups of Gls associated to a positive or a negative value per attribute.
We subsequently assessed the enrichment in GI-Hubs, PPI-Hubs, redundant genes,
essential genes, genes with high Pl (High-PI; Figure 3.8a and 3.S18), within- and
between-PDS (W-PDS and B-PDS; Figure 3.8b and 3.S19) as well as within- and
between-pathway interactions (W-Path and B-Path respectively, Figure 3.8b) in these
GI groups. We clustered GI groups and Gl classes (C1-C6) based on these enrichment
levels using Euclidean distances (Figure 3.8a and b). This analysis revealed that the
enrichment of a given Gl property is not associated to a positive or a negative value for
a single attribute but for several of them (Figure 3.8a and b). For example, enrichment
of genes with High-PI was observed in groups of Gls with positive or negative values
for Ph (enrichment of phenotypic manifestations), with negative value for CI (high
number of common partners within the PPI network), and positive value for NPh
(enrichment of a phenotype associated to interacting genes in their respective
neighborhoods). This suggests that integration of a set of attributes defines the

biological functions of identified Gls.
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This analysis also revealed that the biological characteristics observed for Gl-classes
are not found in GI groups associated to either a positive or a negative value for an
attribute. For instance, when comparing C4 and C5 with the GI group positive for CI
(interacting genes coding for proteins sharing a significantly high number of common
PPl partners), these GI groups/classes displayed similar enrichment of redundant
genes, PPI-Hubs and essential genes (blue square; Figure 3.8a) but have different
enrichment profiles when considering their relative positioning towards pathways and
PDS (blue square; Figure 3.8b). This suggests that the enrichment of essential genes,
PPI-Hubs and redundant genes in C4 and C5 may be significantly influenced by a
positive value for the CI attribute (Figure 3.1b). Positive value for this attribute does
not, however, explain the depletion of C4 and C5 in Gls between-pathways and their

enrichment in GI between-PDS (Figure 3.8b).

Altogether, this study demonstrates that the biological characteristics identified for GI
classes depend on the combination of attributes identified through data integration
strategy used for this study. Importantly, it indicates which combination of attributes is

appropriate in integration to identify classes of Gl with specific biological functions.

3.4 Discussion

Extensive mapping and characterization of the yeast genetic interaction network has
revealed precious information on the still mysterious genetic interactome. These
studies identitied multiple classes of Gls with distinctive properties when considering
the protein-protein interaction network and biological processes (bioprocesses) (Kelley
et Ideker 2005; Costanzo ef al. 2010; Bellay et al. 2011). Therefore, these studies
suggested that Gls display a certain level of heterogeneity. Whether such heterogeneity

could also be observed in higher organisms was however still unknown.
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In this study, we characterized the structure of'a GI network composed of ~1,500 Gls
in the nematode Caenorhabditis elegans. We showed that Gls form a heterogeneous
group of entities with respect to attributes computed from expression, protein-protein
interaction (PPI) and phenotype data. From this set of Gls, we identified six classes
covering ~600 Gls, named C1 to C6 that cluster apart from gene-pairs randomly picked
from the genome. Characterization of these GI classes revealed that they are either
centered on protein-protein interaction dense subnetworks (PDS) and called PDS-
centric interactions, or independent of these PDS (PDS-independent interactions)
(Figure 3.9). The current study shows that PDS-centric interactions are composed of
C4 and C5 Gls, and tend to involve redundant genes, particularly kinases, PPI-Hubs
and non-Hub bottlenecks, which also display average to low pleiotropy (Figure 3.9,
Figure 3.S20). PDS-independent interactions are mainly composed of C1 GIs. They
tend to involve essential and pleiotropic genes and also genes involved in cell division
(Figure 3.9, Figure 3.520). Our data also suggest that PDS-centric and PDS-
independent interactions coordinate gene functions within-pathways and that two
classes of Gls, C3 and C6 are highly involved in this coordination due to their
association with connectors/GI-Hubs. These later GI classes were shown to connect
genes across ranges of pleiotropy. C6 Gls tend to connect genes with an average to
genes with a high pleiotropy while C3 Gls connect genes with an average to genes with
a low pleiotropy. We call GI-Hubs involved in C6 and C3 Gls, pleiotropic connectors
(PC) and non-pleiotropic connectors respectively (NPC; Figure 3.9; Figure 3.520). Our
study built a structural and functional model for Gl-networks in C. elegans mainly
composed of Gls within signaling and metabolic pathways. This network may be
representative for a fraction of the Gl network genome-wide (the union of C1-C6 GI
corresponds to ~40% of Gls-all). Our data showed that GIs within C7-C10 are
composed of both within and between pathway interactions that could not be
distinguished from gene-pairs randomly selected from the genome using our
classification strategy. Another classification strategy may consequently, be required

to characterize these prominent classes of Gls. Nevertheless, our characterization of
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within-pathway GI classes raises critical questions relative to the coordination of genes
and their protein products within pathways as well as on the role played by the
individual GI classes on genomic robustness and on network evolution as discussed

below.

3.4.1 Coordination of molecular machines by Gls within-pathways

We showed in this study that PDS and pathways are different structural/functional
modules, consistent with their respective positions at abstraction levels III (physical
interactions) and 1V (functional interactions) (Boucher et Jenna 2013). Furthermore,
we showed that both PDS-centric and PDS-independent Gls contribute to pathways.
While, the function of PDS and protein complexes within pathways has been
extensively studied (reviewed in (Wu, Zhao et Chen 2009)), the function of PDS-
independent Gls is quite unexplored. The apparent independence of C1 interactions
towards PDS is intriguing. It may be explained by the possibility that physical
interactions between protein products of genes involved in C1 Gls have not been
identified yet. Interestingly, physical interactions between proteins controlling early
embryogenesis, including that controlling cell division have been the subject to special
attention (Boxem et al. 2008), suggesting that this portion of the PPI network may be
less prone to missing data than other parts. This supports the idea that cell division-
associated interactions found in Cl define true PDS-independent Gls. PDS-
independence of C1 GIs may also result from a potential enrichment of transcriptional
regulatory elements in this class (and consequently, protein-DNA interactions instead
of PPI). As an example of this possibility, C1 Gls include interactions between the
chromatin modifying enzymes coding genes mes-4, mes-2/3/6 and mep-1, which were

shown to differentially modify histones and consequently, to bind to DNA and not
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physically to each other (Strome et Wood 1983) (Figure 3.S6).

Our study also revealed that C3 and C6 GI classes are enriched in GI-Hubs and may
play a critical role in coordinating molecular machines within pathways. GI-Hubs have
been previously proposed to constitute connectors with high modifier potential — i.e.
the ability to modify the expression of phenotypes resulting from genetic alterations of
multiple genes — both in C. elegans and in yeast (Lehner et a/. 2006). Our study also
characterized C6 Gls as involving pleiotropic connectors (PC, Figure 3.9) and C3 GlIs
as involving non-pleiotropic connectors (NPC, Figure 3.9). The involvement of PC in
the coordination of molecular machines within pathways is consistent with a study of
pleiotropic genes in C. elegans suggesting that genes involved in early embryogenesis
are organized into partially overlapping functional modules and that pleiotropic genes
represent connectors between these modules (Li, Yuan et Zhang 2010). Our data, while
supporting this model, suggest that non-pleiotropic genes may also have an

organizational role within pathways through C3 interactions.

Intriguingly, genes interacting using C3 and C6 Gls, while being associated
individually to several phenotypes did not present any significant correlation in their
phenotypic profiles. This is the major distinctive property of C3 and C6 Gls, when
compared to other classes. A study investigating the tissue specificity of PPI-network
identified both housekeeping/pleiotropic and "local" PPI-Hubs (Bossi et Lehner 2009).
It also documented the way housekeeping/pleiotropic Hubs interact with tissue-specific
proteins, being consequently involved in different biological processes than other
housekeeping protein (Bossi et Lehner 2009). Such a scenario transposed to Gl-
networks may partially explain how a connector may be associated to a panel of

phenotypes which is significantly different than that of their partners.

Overall, our study establishes an organizational model for pathways suggesting that
they are built around both pleiotropic PDS-independent and non-pleiotropic PDS-
centric Gls coordinating molecular machines together with both pleiotropic and non-

pleiotropic connectors. Such an organization suggests that mutations in genes of a
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given pathway may lead to either pleiotropic or non-pleiotropic effect. These effects
may then be modulated at the organism or at the tissue level, through selection of
compensative mutations (Pavlicev et Wagner 2012) or through buftered pleiotropy
effect (Fernandez er al. 2014). Further characterization of the Gl-network structure
within and between pathways will thus certainly provide a better understanding of the
abundant pleiotropy effect found in human complex diseases and traits (Sivakumaran

etal. 2011).

3.4.2 Gl-network modularity and genomic robustness

C5S and C4 Gls involve genes with an average to a low pleiotropy. This is consistent
with their enrichment in genes coding for kinases (Figure 3.2a) and also evolutionarily
conserved redundant genes that are mostly kinases in C5 and either kinases or non-
kinases in C4. While these genes may be involved in more than one bioprocess, their
redundancy may highly limit the number of phenotypes expressed upon perturbation,
thus reducing their apparent pleiotropy. While compensatory functions between
duplicated genes were shown to be evolutionarily unstable for most of the duplicated
gene-pairs (Lynch et Conery 2000), a small fraction of them are submitted to natural
selection that stabilizes their functional overlap (Li, Yuan et Zhang 2010). These
selected pairs tend to have a high propensity of clustering into the same protein
complexes, and share common interaction partners (Li, Yuan et Zhang 2010). Protein
complexes were identitied form PPI networks as dense subnetworks with methods
similar to that used in this study to identify PDS (Chen ef a/. 2014). Altogether, these
data are in agreement with C4 and C5 Gls displaying positive values for the CI attribute
(gene pairs coding for proteins with a significantly high number of common PPI

partners; Figure 3.1b). They are also consistent with C4 beingbeing enriched in
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evolutionarily conserved redundant genes. Gene duplication, when associated to
functional redundancy, was associated to genomic robustness — i.¢. increased resistance
of the system to genetic alterations (Woods er al. 2013). The PDS-centric within-
pathway Gls involving redundant and conserved genes within- or between-PDS may

then contribute to the robustness of C. elegans genome.

3.4.3 Gl-network modularity and evolution

The present study shows that C1 to C6 Gls classes are enriched in within-pathway
interactions while C7 to C9 classes are enriched in both within- and between-pathways
Gls. Interestingly, these later GI classes could not efficiently be dissociated from gene
pairs randomly picked from the genome based on the six attributes used for the
classification. While attribute values may be highly influenced by missing data for
these GI classes, it is intriguing to observe that the vast majority of between-pathways
interactions lay in these classes. It was shown in yeast that both positive and negative
Gls within functional modules (protein complexes, gene belonging to the same
biological process) are significantly more conserved between S. cerevisiae and S.
pombe, than wiring between these modules (Roguev er al. 2008; Dixon, Andrews et
Boone 2009; Ryan et al. 2012). Considering that a pathway is a functional module, it
would then be interesting to assess whether C1 to C6 Gls would be more evolutionarily
conserved than C7 to C9. Similarly, it would be interesting to assess whether
interactions within-PDS would be more evolutionarily conserved than between or

outside PDS interactions.

The organization of the within-pathway Gl-network described here is consistent with
the evolution theory model called selection, pleiotropy and compensation (SPC)

recently built from quantitative genetics studies (reviewed in (Pavlicev et Wagner
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2012)). This model predicts that adaptive change in one character (through functional
alterations of a pleiotropic gene) is associated with deleterious pleiotropy in others and
subsequent selections to compensate for these pleiotropic effects. This compensation
involves the genetic alteration of non-pleiotropic/’private™ gene(s). This model relies
upon the existence of functional interaction between pleiotropic and non-pleiotropic
genes within pathways targeted by evolution. Interestingly, such interactions have been
identified in tissue-specific PPI-networks (Bossi et Lehner 2009) and are also
consistent with the model proposed here, in which pleiotropic Hubs are connected to

genes displaying average pleiotropy through C6 Gls within pathways.

We showed that integration of attributes based on data located at different abstraction
levels (in this study, levels II, Il and VI), identified GI classes with distinctive
biological properties from a Gl-network. Similar classification strategy applied to
gene-pairs found within-pathways of systems inappropriate to a genome-wide
experimental mapping of Gls would be interesting to interrogate the evolutionary
conservation of functional interactions in multicellular organisms. Integrative
genomics approaches using a selected subset of statistical attributes may also be used
to improve predictors for specific classes of Gls such as connectors/GI-Hubs, which

are of high interest for health-oriented research.

3.5 Conclusions

Our study provides the first deep structural and functional characterization of a GI-
network enriched in within-pathways interactions in a multicellular organism. It
proposes a model in which PDS-centric and PDS-independent interactions coordinate
molecular machines within pathways together with pleiotropic and non-pleiotropic

connectors. This study demonstrates the value of integrative genomics approaches,
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using data from several abstraction levels to characterize genetic interaction networks,
their relationship with networks located at different abstraction levels and to study the
systems basis of complex biological phenomena, including genomic robustness,

pleiotropic eftects and adaptive evolution.

3.6 Methods

3.6.1 Dataset of genetic interactions

The complete set of genetic interactions (Gls-all) consists of 1,514 GlIs retrieved from
Wormbase, Biogrid and/or curated manually from the literature ([Lee ef al. 2010] and
this study; Table 3.S1, en ligne: [Boucher er al. 2016]). Five Gls were curated using
the curation and blind re-curation procedure of BIOGRID (Chatr-Aryamontri er «l.
2015); 689 Gls (45%) were curated by an author-based curation approach used by
Wormbase to insure the accuracy of their data (Yook er al. 2012); 56 and 261 Gls were
manually curated in our laboratory in the context of (Lee e «/. 2010) and this study
respectively (Table 3.S1 [en ligne: (Boucher ef al. 2016)]). The 261 Gls curated in this
study cover Gls identified from the literature by Textpresso (Muller, Kenny et
Sternberg 2004) and found in GI classes (C1 to C6) (Table 3.S1 [en ligne: (Boucher ef
al. 2016)]). References to an experimental validation were found in the literature for
252 of these Gls, leaving nine of them without experimental evidences (3.57%). Less
than 3.3% of GlIs lay in that category of non-validated interactions per class. Gls-all
was used to build a Gl network analyzed and visualized using Cytoscape v2.8.2
(Shannon er al. 2003). Gl degree was computed for each gene using the network

statistic tool.
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3.6.2 Attributes used to cluster Gls into classes

Attributes and data used to compute them have been described previously (Lee ef al.
2010). Briefly, The co-expression attribute Exp(A, B) is the P-value derived for the
Pearson correlation of genes A and B across 514 microarray experiments (retrieved
from (Kim et «/. 2001)) relative to the empirically estimated probability distribution of
correlation for all gene pairs (i.e. a fitted normal). The co-phenotype attribute PA(A, B)
uses 107 phenotypes (retrieved from WormBase release WS141) and measures the
statistical significance of the number of shared phenotypes between the two genes (A
and B) via a standard Fisher’s exact test (N = the number of phenotypes observed for
at least two genes). The multispecies PPI network was taken from (Lee ef «l. 2010).
Briefly, PPIs were obtained from all C. elegans, Saccharomvces cervisiae, Drosophila
melanogaster, and Homo sapiens yeast two-hybrid datasets stored in BioGRID v2.0.37
(http://www.thebiogrid.org/) and from two additional yeast two-hybrid datasets
(Formstecher et al. 2005; Stelzl et al. 2005). To create a multi-species PPI network, we
used the orthology mappings generated by InParanoid v1.35 (O'Brien, Remm et
Sonnhammer 2005) (non-default parameters: score cutoff 10, in-paralog confidence
cutoff 0.025, sequence overlap cutoff 0.2). The interaction attribute /(A, B) indicates
whether the proteins encoded by A and B exhibit a PPI in the multi-species PPI network
as defined in (Lee ef ¢l 2010). Similarly, the common interactors attribute, C/(A. B),
considers the statistical significance of the observed number of common physical
interactors of the proteins encoded by A and B, in the multi-species PPI network. The
attribute C/ is then assigned a P-value derived from a one-tailed Fisher’s exact test (N
= the number of genes encoding proteins that are in the multi-species PPl network).
For the other attributes, a biological network called the PhEP was created where two
genes A and B are connected by an edge if the Pearson correlation coefficient of their

gene expression exceeds 0.35 or if their gene products exhibit a PPI in the multi-species
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PPI network. For both A and B, we measured how surprising it is to witness the
observed number of their neighbors (i.e. genes connected to it by one edge) in the PhEP
network labeled with a specific phenotype identified by RNA1 in C. elegans. This was
measured using a one-tailed Fisher’s exact test (N=the number of genes with some
assigned phenotype). If the derived P-value is less than or equal to 0.05 for A and B
for at least one phenotype, we assign a value of | to a categorical variable N(A, B), and
0 otherwise. Similarly, if A and B exhibit a phenotype that is also enriched in both their
neighborhoods in the PhEP network, a value of | is assigned to a categorical variable
NPh(A. B), and 0 otherwise. Missing values for any of the derived attributes (due to
missing values in the underlying datasets) were replaced with the expected value (i.e.
the sample mean) of the attribute before training. See (Lee ef al. 2010) for additional

information regarding the attributes and datasets used to derive them.

3.6.3 Heatmaps

Unless otherwise specified, heatmaps were the result of hierarchical clustering using
Ward’s agglomerative method with a distance metric between x and y based on

Euclidean distance and is given by:

where d., is the Canberra distance between two Gl classes x and v, x; and y; is the
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number of genes that occur in the classes. The binary distance is defined as the fraction

of the » genes that is present in only one of classes x and y-.

3.6.4 Gl classes identification

Gls-all was hierarchically clustered, and uncertainty in the resulting clusters was
judged with approximately unbiased (AU) P-values acquired after a multiscale
bootstrap resampling of the data (10,000 resamples) using the R package “pvclust”
v1.2-2 with the default parameters (Suzuki et Shimodaira 2006). The dendrogram was
cut at each height with the R function cutree. Clusters with AU >0.95 were retained for
further analysis. For each remaining cluster of genetic Gls (positive set), a logistic
regression model was tested using leave-one-out cross-validation (LOOCV) against a
negative set (randomly selected gene pairs) of equal size with the requirement that one
of the genes found in a negative pair was included in the cluster of genetic interactions.
For all clusters, the six attributes were used in the regression models. True and false
positive rates were computed at 20 equally spaced model score cutoffs in [0,1],
resulting in a receiver operating characteristic (ROC) curve for each model. The area
under the ROC curve (AUC) was used as an indicator of how well a classifier model

could discriminate GIs found in our positive training sets from negative examples.

3.6.5 Enrichment calculation

Gene Ontology (GO) term, essential gene, redundant genes, PPI-Hubs, GI-Hubs and

High-PI genes enrichments were evaluated using a one-tailed Fisher’s exact test.
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Measurement of enrichment in groups of Gls defined by positive or negative values for
a single attribute required the identification of a threshold above which the attribute
value is considered as positive. These thresholds are indicated in the Table 3.S6 [en
ligne: (Boucher et al. 2016)] as well as the number of Gls within Gls-all associated to
a positive value to the attribute. For GO term enrichments, the reference universe N
was constituted of all terms associated to genes (with or without repetition) found in
genetic interactions of Gls-all (see Dataset of genetic interactions section). Note that
certain genes are involved in more than one GI within GI classes. As indicated in the
result section, GO enrichment was done considering the gene frequency within classes
(each repetition being considered as an independent gene) or without considering the
gene frequency (each gene is used only once per class and in Gls-all to calculate the
enrichment). The universe N for the other enrichment tests contained all genes (with

repetition) found in Gls-all.

3.6.6 Monochromaticity index

To evaluate the monochromatic index of each Gl class, we first partitioned the Gls-all
network into several dense subnetworks using the Cytoscape plugin “MINE” v1.5
(Rhrissorrakrai et Gunsalus 2011) with the default parameter values. The resulting
network contained a total of 42 Gls subnetworks (GDS) (S3a Fig). To assess the
proportion of interactions from a GI class within a particular GDS, we calculated a
monochromatic score (MS) in a similar way than described previously (Szappanos et
al. 2011). Let By represent the ratio of Gls from a given class within Gls-all and Mg,
the ratio of Gls from the same GI class within a GDS. The monochromatic scores of a

GI class and for a GDS is given by:
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. _( R_BR)
if M_>B ,MS= N
if M =B, MS=0

ifMR<BR,MS:(MR_BR)

3.6.7 Protein-protein interaction (PPI) network analysis

PPI-Hubs were identified as the 20% proteins with the highest PPI-degree (k > 22) as
previously done (Yu et al. 2007). The degree and the betweenness centrality were
assessed for all genes, Hubs and non-Hubs using the network statistic tool in Cytoscape
v2.8.2 (Shannon er al. 2003). Distribution of interaction degrees and betweenness
centralities was computed for all the genes (considering the frequency of involvement

for each gene in Gls of the class) in a given set of Gls.

3.6.8 PPI dense subnetworks and pathways

The modular partitioning of PPIl-networks was done using the Cytoscape plugin
“MINE” v1.5 (Rhrissorrakrai et Gunsalus 2011) with the default parameter values.
Significant PPI dense subnetworks (PDS) were selected by taking all complexes with
a score (Density * Number of Proteins) > 4, giving a total of 106 PDS covering 1,760
proteins connected by 17,430 edges. The size distribution of all PDS is given in Figure

3.S14a. Significant Gl-dense modules (GI-modules) were selected by taking all
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complexes with a score (Density * Number of Proteins) > 3. KEGG pathways were
retrieved from the Kyoto Encyclopedia of Genes and Genomes database 61.1 release
(Kanehisa er al. 2004). Pathways from the literature were manually curated from

(Riddle 1997) (Table 3.S3 [en ligne: (Boucher ¢t al. 2016)]).

3.6.9 Within- and between- PDS/pathway assessments

To measure the enrichment of within-PDS/pathway and between-PDS/pathway within
classes of GlIs and pathways, we defined several networks. Networks U¢;are composed
of genes and interactions found in Gl classes Ci. A network Wp, 1s composed of genes
found in pathways, which are linked by an edge if these genes are found in at least one
common pathway. We also defined a network Wpps, which is composed of proteins
and PPI found within PDS. The networks Bp, and Bpps are composed of nodes found
in Wp, and Wppg respectively and all possible edges between these nodes from which
were removed the edges found respectively in Wp, and Wpps (note that Bpys do not
overlap with the PPl-network). We then computed the frequency F in these networks

with respect to the mean frequency calculated for a random network ¥/ as follows:

2(rNT) [2TLNT,

where Ty, Ty and T, represent all edges in network X, Y and V respectively.

To compute the frequency of within-PDS and between-PDS interactions found in
pathways, we defined the following: X = Wp,, Y = Wpps and Bpps respectively, and V
is a random network with the same structure as Wp, (detailed in the Network

randomization section below).
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To compute the frequency of within-PDS and between-PDS found in GI classes, we
defined the following: X = U¢i. Y = Wppg and Bppg respectively, and V is a random

network with the same structure as Ug;.

To compute the frequency of within-pathways and between-pathways found in Gl
classes, we defined the following: X = U¢i, Y = Wp, and By, respectively and V is a

random network with the same structure as Ug;.

We then computed the logy-ratio (LR) transform score of the frequency for network X
relative to randomized network V. To avoid the log-ratio of a zero value, we used a

simple transform that took care of any undetermined possibilities as follows:

log,, if F,,F,>0
LR(F,,)=|-1 ifF,>0&F,=0
0 ifF,=0&F,=0

3.6.10 Network randomization

The following randomization procedure was used to randomize GI networks (Figure
3.4 and 3.6; Figure 3.S13) and pathways (Figure 3.5). To do so, for each network being
randomized, all connected gene-pairs were split in two groups. The order of genes and
the number of edges in the first group were kept unchanged. Genes in the second group
were randomly reordered. This aims to preserve the degree of connectivity for any gene
present in the network and its randomized version. Restriction was applied to make
sure that a pair of gene could not be composed of twice the same gene. The number of
randomized networks generated was determined giving Hoeftding’s inequality
(Hoeftding 1963). Basically, by increasing the number (#) of random networks, we

minimize the relative error p and get a better estimation of p, the real mean frequency
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of edges in within- or between-pathways/PDS. Since the calculated mean g is an

S . ln2—ln(1—c) ~
estimation of the real mean p and €= o let 4~ =max{0,u—¢} and

u"=max{l,u+e} and with probability ¢ = 0.99, ¢ <p <u". And if 1 > 0, we get with

probability ¢, the maximum value of p:

,u—u‘]}

pziu—p\smax{iu—uf

p 7

For all networks being randomized, 100,000 randomizations were sufficient to obtain
a reasonably small value of the relative error p with a probability of 0.99. As a
consequence, error bars cannot be seen (because they are too small) and are not

indicated on bar graphs in Figure 3.4-6.

The second randomization method, used to validate within- and between-PDS
relationships (Figure 3.S14), aimed at randomizing all the PDS node labels to create
new PDS (Random; Figure 3.S14d) with the exact same topology than that extracted
from the PPI network (Original; Figure 3.S14c¢), but with different node labels. In short,
for a given PDS, we permuted the node labels by randomly selecting labels from a list
of nodes present in another PDS and not already been reassigned. The procedure was
done iteratively until more than 90% of labels in a given PDS were permuted. Edges
were unchanged to preserve the degree distribution, PDS size, within- and between-
PDS connectivity (as seen in Figure 3.S14c and 3.S14d). After the randomization
process, the resulting network contained less than 3% overlapping edges with the
original PDS newtork. Note that all PPl used in our study have been generated using
yeast -two-hybrid systems which use protein bait to identify preys. However, the

bait/prey orientation of PPIs was not considered in the present study.
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3.6.11 Distribution pleiotropic indices (Pls)

IDs of observed phenotypes for every gene found in the C. elegans genome, and their
hierarchical relationships, were downloaded from WormBase (release WS220-bugfix).
Relationships between phenotypes were visualized in Cytoscape, where a node
represents a phenotype, and an edge between two nodes, the hierarchical relationship
between two phenotypes. Groups of phenotype corresponding to the 22 most general
phenotypes, covering in | step the entire network, were identified (Figure 3.S15). The
pleiotropic index (PI) of a gene was computed as the number of these 22 classes
containing at least one phenotype associated with the gene. This strategy was used to
ensure that we identify the involvement of a gene in different tissues and at different
developmental stages without being biased by the extensive characterization of certain
developmental stages and/or biological processes. As seen in Figure 3.S15, some
groups of phenotypes, for example, "Developmental variant” and "morphology
variant” are associated to a much larger number of specific phenotypes than other
groups. Several specific phenotypes of highly populated groups may be attributed to
individual genes. Our strategy avoids having those genes being pleiotropic if not

associated to other phenotypic groups.

Each distribution of Pls was computed from a given set of genes, e.g. all C. elegans
genes, or genes in a given set of Gls. Odds ratios (OR), used to measure the enrichment

of Gls between genes within or across certain PI ranges, are defined as:

lOglO(OR): logm[;\%}

all

where n_, = number of class x GIs (e.g., C1 Gls) in subnetwork / (/ being for example
a subnetwork of Gls between genes with pleiotropic index >8): n = total number of

Gls in subnetwork 7i; N = total number of class x Gls (e.g. C1 Gls) and N = total
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number of Gls in the genetic interactome. Significant enrichments of GI classes in each
subnetwork were estimated using a one-tailed Fisher’s exact test. Only OR associated

with a P-value <0.05 were represented in Figure 3.S17.

3.6.12 Wilcoxon rank-sum test

Wilcoxon rank-sum test was done according to Hollander and Wolfe (1972) using the
wilcoxon.test function in R. This test is used when the population cannot be assumed

to be normally distributed.

3.6.13 P-values

All computed P-values were adjusted using the Benjamini and Hochberg (1995)
method for controlling the false discovery rate (specifically, with the p.adjust function

in R).
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Figure 3.1 Identifying Gl classes.

(a) Positive (Gls, black lines) and negative (Random gene pairs, white lines) examples of genetic interactions were
clustered based on their attribute scores using unsupervised methods. Columns show values for the six attributes
used to predict interactions in (Lee et al. 2010). Each individual attribute is either a measure of genes co-
expression levels (Exp) or enrichment of shared phenotypes (Ph). They are also indicator for whether the
neighborhoods of the genes of interest are enriched with the same phenotype (N). Here we define the
neighborhood of a given gene as the set of genes that show significant co-expression with it (P < 0.05, see
Methods) and/or encode proteins that exhibit a PPI with the product of this gene. NPh is an indicator like N with
the additional requirement that the genes of interest themselves must also exhibit the phenotype enriched in their
neighborhoods. Attributes | and CI indicate that interacting genes code for interacting or for proteins sharing a
significantly high number of common protein-protein interaction partners. Scores correspond to the following
valuation: 1 or O (on a binary system) for N, NPh and | attributes. (1 — (P-value <0.05)) for Exp, Ph and Cl attributes.
(b) Positive examples of genetic interactions were clustered and identified by the color code on the left.
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Figure 3.2 Gl classes have different functions.

(a) Summary of Gene Ontology (GO) term enrichments for interacting genes in individual genetic interactions (Gls)
classes when compared to interacting genes from Gls-all. Only the statistically significant enrichments are shown
with adjusted P-values. An asterisk (*) means that the Gl class is also enriched with the functional annotation when
gene repetitions were not considered (Table 3.S2 [en ligne: (Boucher et al. 2016)]). (b) Enrichments of essential
gene sets (Kamath et al. and Soninchsen et al. taken from (Kamath et al. 2003) and (Sonnichsen et al. 2005)) in
Gl classes when compared to Gls-all. (c) Enrichment of redundant and evolutionarily conserved genes in Gl
classes when compared to Gls-all. The redundant gene list was made of 306 genes taken from (Tischler et al.
2006). (b-c) -Log10 of P-values obtained using Fisher's tests are indicated. The area over the red dashed line
indicates significant enrichment (P < 0.05).
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Figure 3.3 Gl classes have different position in PPl-network.

(a) Physical interaction degree of gene products in the protein-protein interaction (PPI) network (only genes coding
for proteins with at least one interacting partner were considered). *P < 10-3, Wilcoxon rank-sum test, indicates a
significant difference when compared to Gls-all and other Gl classes. (b) Enrichment of PPI-Hubs in Gl classes
when compared to Gls-all. - Log10 of P-values obtained using Fisher's tests are indicated. The area over the red
dashed line indicates significant enrichment (P < 0.05). (¢) lllustration of bottlenecks and the different type of nodes
in the protein-protein interaction (PPI) network (adapted from (Yu et al. 2007)). (d-e) Betweenness centrality of
non-Hub and Hub gene products. *P < 10-3, Wilcoxon rank-sum test, indicates significant difference when
compared to other Gl classes. The box plots (a, d-e) represent the min, max, 25th, 50th (median) and 75th
percentile of either PPl Degree (k) or betweenness centrality values.
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Figure 3.4 Gl classes define PDS-depend and -independent modules.

(a) Schematic representation of possible relationships between genetic interactions (Gls) and protein-protein
dense subnetworks (PDS). Each node represents a gene being part of PDS1 or PDS2. A red line indicates a
within-PDS Gl and a blue line, a between-PDS Gl. (b) Log-Ratio scores for within-PDS (red bars) and between-
PDS (blue bars) relationships observed between genes interacting through different Gl classes, or present in Gls-
all. A positive Log-Ratio score means that the frequency of within- or between-PDS Gls occurring in the Gl class
is significantly higher than the frequency of similar situations witnessed in relevant randomized Gl networks with

a probability of 0.99 (see Methods).
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Figure 3.5 PDS and pathways are different functional modules.

{(a) Schematic representation of possible relationships between Pathways and protein-protein interaction dense
subnetwork (PDS). Each node represents a gene product connected by a PPI (black lines) or by a functional
relationship within a pathway P (back arrows). The grey nodes represent gene products involved in a pathway P.
An orange line linking two grey nodes indicates that these two genes/proteins interact within-pathway and also
within-PDS. A green line linking two grey nodes indicates that these two genes/proteins interact within-pathway
and between-PDS. (b) Log-Ratio scores for within-PDS and between-PDS relationships occurring within-
pathways. A positive Log-Ratio score means that the frequency of within-pathway relationships occurring also
within-PDS (orange bars) or within-pathway relationships occurring between-PDS (green bars) is higher than the
frequency of similar situations witnessed in relevant randomized pathway networks.
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Figure 3.6 Gl classes are enriched in within-pathways interactions.

(a) Schematic representation of possible relationships between genetic interactions (Gls) and pathways. Each
node represents a gene being part of pathways 1 or 2. A red line indicates a within-pathway GI and a blue line, a
between-pathway Gl. (b-c) Log-Ratio scores for within-pathway (red bars) and between-pathway (blue bars)
relationships observed between genes interacting through different Gl classes, or present in Gls-all. A positive
Log-Ratio score means that the frequency of within- or between-pathways Gls occurring in the Gl class is
significantly higher than the frequency of similar situations witnessed in relevant randomized G| networks with a

probability of 0.99 (see Methods).
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Figure 3.7 Defining pleiotropic and non-pleiotropic connectors.

(a) Box plots showing distributions of genetic interaction (Gl) degrees for Gls-all and the six classes of Gls.
Distributions were found to be significantly higher (Dark grey boxes) or lower (white boxes) than Gls-all (P < 0.05,
Wilcoxon rank-sum test). Light grey boxes indicate classes with Gl degree not significantly different than Gls-all.
(b) Enrichment in GI-Hubs (defined as the 20% most connected genes in Gls-all) for Gl classes when compared
to Gls-all. (c) Distribution of pleiotropic indices (Pls) for Gls-all and the six classes of Gls. Dark grey, white and
light grey boxes are designated as in panel (a). (d) Enrichment in High-PI (defined as the top 20% of genes with
the highest Pls genome-wide) for Gl classes when compared to Gls-all. The box plots (a, c) represent the min,
max, 25th, 50th (median) and 75th percentile of either Gl Degree (a) or pleiotropic indices (c). (b, d) -Log10 of P-
values obtained using Fisher's tests are indicated. The area over the red dashed line indicates significant
enrichment (P < 0.05).
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Figure 3.8 Data integration is required to identify Gl classes.

Hierarchical clustering of (a) Enrichment in Gl classes and Gl groups of Genetic interaction-Hubs (GI-Hubs),
redundant genes, protein-protein interaction-Hubs (PPI-Hubs), Highly pleiotropic genes (High-Pl) and essential
genes -log of P-values from Fisher's exact test are indicated. Gl groups are associated to a positive value (+;
above a threshold) or a negative value (-; below the threshold) for indicated attributes. Threshold values for each
attributes are indicated Table 3.56 [en ligne: (Boucher et al. 2016)]. (b) Log-Ratios profiles for Gl classes and Gi
groups associated to a positive (+) or a negative (-) values for indicated attributes. Blue boxes indicate enrichment
of biological characteristics for C4 and C5 Gl classes and CI(+) GI group.
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Figure 3.9 Structure and function of a Gl-network within-pathway in Caenorhabditis
elegans.

Three abstraction levels are represented as plan from the bottom to top: Level Ill, level IV and level VI. PDS-centric
interactions (C4 and C5 classes) are organized around Protein-protein interaction dense subnetworks (PDS)
tlocated at level Ill. They tend to involve non-pleiotropic and redundant genes (level VI). PDS-independent
interactions (C1 and C2 classes) tend to involve pleiotropic and essential genes. Gls involving pleiotropic (PC; C6
class) and non-pleiotropic connectors/Gl-Hubs (NPC; C3 class). They tend to link genes from an average to a high
range of pleiotropy and to an average to a low range of pleiotropy respectively.
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Figure 3.81 Cluster selection within Gls-all.

The x-axis shows the number of clusters with approximately unbiased P-value (higher values indicate greater
significance, see Methods) greater than or equal to the threshold indicated in the parentheses. The y-axis shows
area under the curve (AUC) values following cross-validation analysis of each cluster-based model. Each dot
represents one cluster and its magnitude represents the number of Gls within the cluster. Dots inside the red
rectangle correspond to the 6 clusters selected for further analysis based on their high AUC values and comparable
sizes.
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Figure 3.S3 Gl classes tend to form GDS in a class-dependent manner.

(a) Hierarchical clustering of monochromatic indices of Gl classes. Each row represents a GDS extracted from
Gls-all using the MINE tool. GDS sizes are indicated by the blue shaded legend. (b) Enrichments of Gls classes
and pair combinations of classes in GDS when compared to Gls-all. Only the statistically significant enrichments
are shown with -Log10 adjusted P-values (P < 0.05, see Methods). The GDS size indicates the total number of
Gls (edges) of the subnetwork.
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Figure 3.84 Hierarchical clustering of Gl classes based on their genes frequencies.
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(see Methods).
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Nodes represent genes connected by genetic interactions from the six classes of Gls. Are also indicated, protein-
protein interaction dense subnetworks (PDS) and genes involved in C1 to C6 Gls and also involved in signalling

pathways controlling vulval development (Table 3.S3 [En ligne: (Boucher et al. 2016)])
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Figure 3.S6 Genetic interactions found in C1 Gls.

Refer to Figure 3.S5 for the nodes and edges descriptions.
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Figure 3.S7 Genetic interactions found in C2 Gls.

Refer to Figure 3.S5 for the nodes and edges descriptions.
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Figure 3.S8 Genetic interactions found in C3 Gls.

Refer to Figure 3.S5 for the nodes and edges descriptions.
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Figure 3.S9 Genetic interactions found in C4 Gls.

Refer to Figure 3.S5 for the nodes and edges descriptions.
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Figure 3.810 Genetic interactions found in C5 Gls.

Refer to Figure 3.S5 for the nodes and edges descriptions.
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Refer to Figure 3.S5 for the nodes and edges descriptions.
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Figure 3.S12 Protein-protein interactions degree distribution for the multi-species
Caenorhabditis elegans interactome.

PPI-Hubs are identified as the top 20% most connected proteins in the PPI network indicated by a dashed line.
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Figure 3.813 C7 to C9 classes are enriched in between-pathways interactions.

Log-Ratio scores for within-pathway (red bars) and between-pathway (blue bars) relationships observed between
genes interacting through unselected Gl classes (C7-C10) or present in Gls-all. A positive Log-Ratio score means
that the frequency of within- or between-pathway Gls occurring in Gl classes is significantly higher than the
frequency of similar situations witnessed in relevant randomized Gl networks with a probability of 0.99.
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Figure 3.S14 Enrichment of within- and between-PDS relationship within pathways is not
significantly influenced by the topology of PDS.

(a) Size distribution of 106 protein-protein interaction dense subnetworks (PDS). (b) Log-Ratio scores for within-
PDS and between-PDS relationships occurring within-pathways. Different PDS networks were built by varying the
number (N) and size (S) of the PDS. The original network "All" correspond to the union of PDS used for the study
presented in Figure 3.6. Mean of Log-Ratio are indicated for Randomized PDS networks (Rdm) (n=100) have the
exact same topology than the original PDS network. Error bar indicate standard deviation of Log-ratio obtained
across the 100 Rdm. (c-d) Depiction of the original and the random PDS networks topology.
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Figure 3.S15 Representation of the 22 classes of phenotypes identified in C. elegans.

Phenotype IDs retrieved from WormBase (release WS220-budfix) are represented by nodes and their hierarchical
relationships represented by edges. Groups of phenotypes corresponding to the 22 most general phenotypes, and
their first neighbors in the network were identified by different node colors.
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(a) Degree distribution for Gl degrees in Gls-all. Gl-Hubs, corresponding to the 20% Gls with the highest Gl
degrees, are located on the right side of the dashed line (Gl degree = 16). (b) Pl distribution for all genes with Pl
> 0 in the C. elegans genome and for all interacting genes in Gis-all. High-PI genes, corresponding to the 20%

genes with the highest PI, are located on the right side of the dashed line (Pi = 6).
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Figure 3.517 Interaction between gene within or across pleiotropic ranges.

Log odds ratios of Gl classes enriched in interactions between genes displaying the same range of Pl higher or
equal to a given threshold (1) (upper panel); or lower or equal to T (middle panel). Gl classes enriched in interactions
in which one partner (gene A) displays a Pl 2 1 and the other (gene B) display a Pl < 71 are also indicated. 1 is
indicated by the x-axis. Only significant enrichments of Gl classes are indicated (Fisher's exact test, P < 0.05).
High log odds ratio indicates high enrichment of Gl classes within or between indicated Pl ranges.
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Figure 3.S18 Gl groups and Gl classes enrichments for different biological
characteristics.

Enrichment in Gl classes and Gl groups of Genetic interaction-Hubs (Gl-Hubs), redundant genes, protein-protein
interaction Hubs (PPI-Hubs), Highly pleiotropic genes (High-Pl) and essential genes. -Log of P-values from
Fisher's exact test are indicated. Gl groups are associated to a positive value (+; above a threshold) or a negative
value (-; below the threshold) for indicated attributes. Threshold values for each attributes are indicated Table 3.56
[en ligne: (Boucher et al. 2016)].
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Figure 3.519 Log-Ratios for Gl groups and Gl classes occurring within or between PDS
or pathways.

Log-Ratios profiles for Gl classes and Gl groups associated to a positive (+) or a negative (-) values for indicated
attributes. Blue boxes indicate enrichment of biological characteristics for C4 and C5 Gl classes and Cl(+) Gl
group.
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CHAPITRE IV

LA GENOMIQUE INTEGRATIVE POUR IDENTIFIER LES GENES
CONTROLANT LA REPROGRAMMATION METABOLIQUE DES TUMEURS
DU SEIN CHEZ L’HUMAIN

Boucher B, Diallo AB, Jenna S. (2017) Integrative genomics identifies genes
controlling metabolic reprogramming in human breast tumours. Manuscrit en

préparation finale pour la soumission.

Apres avoir caractérisé et mis en évidence des classes d’interactions génétiques a
’intérieur des voies chez Cuenorhabditis elegans, nous avons décidé d’explorer cette

approche chez I’humain et plus particulierement, dans le cancer du sein.

Brievement, on sait que les cellules cancéreuses, au contraire des cellules saines, ont
plus souvent recourt a la glycolyse pour produire de I’ATP et ce, méme en présence
d’oxygene. Cette particularité du métabolisme des cellules cancéreuses serait aussi
associée a des formes plus agressives de cancer. Dans les tumeurs du sein, cela
s’expliquerait en partie par une sur-activation de la glycolyse et une surutilisation du

glucose dans des types de cellules associés a des formes agressives de cancer du sein.

Pour ce chapitre, nous avons décidé d’utiliser les connaissances acquises et décrites
dans le chapitre précédent pour identifier les génes clés des réseaux fonctionnels du
métabolisme des cellules du cancer du sein. Nous allons ici proposer une liste de génes
prédits comme ayant un role clé dans le contrdle de la glycolyse et dans le

développement des cellules du cancer du sein.
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CONTRIBUTIONS

Dans ce troisieme article, j’ai (BB) rassemblé I’ensemble des données provenant des
bases de données chez I’humain. J’ai congu I’ensemble des algorithmes et construit les
attributs pour I’ensemble des paires de génes du génome humain. J’ai effectué les
analyses in silico d’expression et de co-expressions des genes et appliqué les différents
filtres. J a1 aussi congu I’algorithme pour le calcul des proportions d’interactions de
chacune des classes d’interactions fonctionnelles pour les génes situés a I’intersection
de voies de signalisation/métabolisme. Finalement, j’ai fait 1’ensemble des tests

statistiques d’enrichissement.

Abdoulaye Banir¢ Diallo (ABD) a contribué a la conception et au design de 1’étude. Il

a fait aussi fait un suivi technique du projet.

Sarah Jenna (SJ) a congu et dirigé le projet. Elle a effectué I’ensemble des analyses
statistiques des genes associés a ’effet Warburg. Elle a élaboré le concept de force
contextuelle et défini la plasticité entre les sous-types de cancer du sein. Elle a congu
les modeles prédictifs des genes Warburg. Elle a aussi contribué¢ aux analyses
statistiques et a effectué la comparaison des méthodes de prédiction de genes impliqués

dans ’effet Warburg.

J'ai rédigé le Matériel et méthode, les légendes des figures, ainsi qu'une partie des

résultats de l'article. Sarah Jenna a rédigé le reste.

Détail des contributions par figure :
Figure 4.1: BB (design et réalisation des figures), SJ (design).
Figure 4.2: BB (collecte de données, analyse, design et réalisation des figures), ABD

(supervision technique), SJ (design).
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Figure 4.3: BB (collecte de données, analyse, design et réalisation des figures), ABD
(supervision technique), SJ (design et réalisation des figures).

Figure 4.4: BB (collecte de données, analyse), ABD (supervision technique), SJ
(design).

Figure 4.5: BB (analyse), ABD (supervision technique), SJ (collecte de données,
analyse, design et réalisation des figures).

Figure 4.6: SJ (collecte de données, analyse, design et réalisation des figures).

Figure 4.7: SJ (collecte de données, analyse, design et réalisation des figures).

Figure 4.8: SJ (collecte de données, analyse, design et réalisation des figures).

RESUME

Le cancer du sein humain est une maladie hétérogéne dans laquelle la progression
tumorale pourrait dépendre d’un changement dans les programmes métaboliques. Cette
reprogrammation métabolique implique l'utilisation de la glycolyse aérobique comme
source d'énergie et est connue sous le nom de I'effet Warburg. En outre, le maintien de
ces programmes pourrait étre contr6lé par plusieurs genes qui ne sont pas directement
impliqués dans ces voies métaboliques. Afin d'identifier ces genes associés a l'effet
Warburg, nous avons développé une nouvelle approche de génomique intégrative pour
prédire les réseaux d'interactions fonctionnelles (IFs) des sous-types de tumeurs du sein
Luminal A et Basal-like, qui sont caractérisés par un effet Warburg faible et élevé
respectivement. Nous avons identifié les propriétés distinctives de 28 genes associ€s a
I’effet Warburg dans le réseau prédit du cancer du sein et construit un modele prédictif
basé sur ces propriétés pour identifier de nouveaux genes Warburg dans le génome
humain. Fait intéressant, le modele prédictif résultant a significativement surpassé
I'identification des génes Warburg basée uniquement sur des données d'expression. Au

total, 70 génes Warburg prédits seront soumis a des validations expérimentales qui
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pourraient conduire a la découverte de nouvelles cibles pour le traitement anti-tumoral

et anti-métastatique pour le cancer du sein.

4.1 Abstract

Human breast cancer is an heterogeneous disease in which tumor progression could
rely on a change in metabolic programs. This metabolic reprogramming involves the
use of aerobic glycolysis as an energy source and is known as the Warburg effect.
Moreover, the control of these programs could be controlled by several genes that may
not be directly implicated in these metabolic pathways. To identify these Warburg
effect associated genes, we have developed a novel integrative genomics approach to
predict functional interaction (F1) networks of Luminal A and Basal-like breast tumor
subtypes which are characterized by low and high Warburg effect respectively. We
identified the distinctive properties of 28 Warburg-associated genes within predicted
breast cancer FI networks and built a predictive model based on these properties to
identity novel Warburg effect genes in the human genome. Interestingly, the resulting
predictive model significantly outperformed the identification of Warburg effect genes
based on expression data only. In total, 70 predicted Warburg genes will be submitted
to experimental validations that could lead to the discovery of novel targets for anti-

tumoral and anti-metastatic therapy for breast cancer.

4.2 Background

Cells and organisms need to generate biocompatible energy to live, develop and

reproduce. The generation of this energy involves the production of ATP from
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metabolic processes consuming macromolecules such as lipids, carbohydrates and
proteins in the presence or in the absence of oxygen. In aerobic conditions (presence
of oxygen), ATP production involves oxidative phosphorylation (OXPHOS) occurring
at mitochondria membranes (Hinkle, 2005). In anaerobic conditions or upon
mitochondrial dysfunction, glycolysis and lactic fermentation (resulting in the
production of lactate) become the main energy providers of the cells (Cairns et al.,
2011). Cancer cells extensively use glycolysis/fermentation to produce ATP even in
aerobic conditions, a biological phenomenon called the Warburg effect (Lincet et Icard,
2015). While TCA cycle and OXPHOS still function to some extent in cancer cells, an
energetic metabolism heavily relying on glycolysis provides the cells with several
growth advantages (DeBerardinis, Sayed et al., 2008). For instance, it allows faster
synthesis of ATP with reduced production of reactive oxygen species (ROS). In
addition, glycolysis produces large number of precursors for biosynthetic pathways

(DeBerardinis, Lum er al., 2008; Ward et Thompson, 2012).

Breast cancer cells can be divided in subtypes based on their morphology and
molecular signatures including Luminal A cells, which display an epithelial
morphology and are characterized by active oestrogen and progesterone signaling and
Basal-like subtype, which is characterized by mesenchymal morphology and
inactivation of these pathways (Blick er al., 2008; Rakha er al., 2009). Recent studies
revealed that aerobic glycolysis was not adopted evenly as a main energetic metabolic
pathway by all cancer cells (Guppy et al., 2002; Martin et al., 1998; Pasdois et al.,
2003; Rodriguez-Enriquez er al., 2006). In fact, Basal-like breast cancer cells were
shown to use aerobic glycolysis at a higher rate than Luminal A cells (Brauer er al.,
2013; Palaskas et al., 2011). Metabolic reprograming of cells which involves the
activation of aerobic glycolysis has been correlated with increased aggressiveness and
poor outcome in patients (Gillies er al., 2008). Also, this reprogramming was recently
associated with the ability of breast cancer cells to invade tissues and form secondary

tumors (Dupuy et al., 2015). For instance, formation of secondary tumor in liver was
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recently shown to be associated with an increase in aerobic glycolysis, while the
invasion of lung by cells from the same breast primary tumor was associated with a
metabolism relying mainly on OXPHOS (Dupuy er al, 2015). Metabolic
reprogramming during cancer progression is therefore recognized as an important
hallmark of aggressive tumors and attracts a growing attention for the development of

cancer therapeutics (DeBerardinis, Sayed ef «l., 2008).

Genes controlling tumor progression are usually identified through measurement of
differential expression of these genes in tumor versus normal tissues using expression
data (DNA-chip and RNA-seq) or protein and phosphoprotein quantification using
proteomic analyses (Mertins et al., 2016; Mocellin et Rossi, 2007). Integrative
genomics approaches have also been successfully used to identity driver mutations, as
well as prognostic and diagnostic genetic markers for breast cancer (Malinowski, 2007,
Normanno er al., 2009; Tian et al., 2014). Still, no approach has been developed to
specifically target genes controlling metabolic reprogramming. Consequently, the
development of such approaches is still needed to develop novel anti-tumoral and anti-

metastatic therapeutic strategies.

We recently developed a novel integrative genomics approach using statistical
assessment of the context of genes within functional networks using C. elegans as a
model system (Boucher, B. ef al., 2016; Lee, A. Y. et al., 2010). This approach was
proven eftficient to predict genetic interactions in the nematode (Lee, A. Y. et al., 2010)
and to identify classes of genetic interactions (Gls) defining functional modules with
distinctive properties within a GI network highly enriched in functional interactions
between genes occurring within signalling and metabolic pathways (Boucher, B. ef al.,
2016). This study also identified the genomics signatures of genes with expected
critical coordination function within functional interaction networks (Boucher, B. et
al., 2016). We consequently hypothesized that transposition of this integration strategy

to Luminal A and Basal-like breast cancer subtypes, characterized by low and high
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levels of aerobic glycolysis respectively, will allow us to identity genes controlling the

metabolic reprogramming associated to tumour progression.

We tested this hypothesis and revealed that a set of 28 Warburg associated genes
displayed distinctive properties within predicted breast cancer functional interaction
networks. These properties were then used to build a predictive model to identity
Warburg effect genes in a genome-wide manner. We tested these predictions in silico
using a list of' genes co-cited in the literature with the term "Warburg effect” from which
were remove genes used to build the model. This validation demonstrated that the
predictive model built in this study significantly outperformed identification of
Warburg effect genes based on expression data only. A set of 70 genes predicted by
our model will be submitted to experimental validation using both C. eleguans and breast
cancer cells. This validation may identify novel targets for anti-tumoral and anti-
metastatic therapy for breast cancer, especially for Basal-like subtypes which are

associated with poor outcome for patients.

4.3 Results

4.3.1 Overview of the integration strategy

We previously showed that integrating expression, protein-protein interactions (PPI)
and phenotype data from the nematode allowed the identification of different classes
of functional interactions between genes with distinctive structural and functional
characteristics within C. elegans signaling and metabolic pathways (Boucher, B. et al.,
2016). In the current work, we hypothesized that Warburg effect genes could display
distinctive properties within the functional network that could lead to the generation of

a predictive model to identify these genes genome-wide. To test this hypothesis, we
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transposed the integration strategy previously developed in C. elegans to breast cancer.
We retrieved, from public databases, breast cancer expression data, PPl and disease
annotations for human genes (Data; Figure 4.1A). We then used these data to build
statistical attributes derived from single data-type (Data derived-attributes; Figure 4.1 A
and B) or multi-data networks (Network derived attributes; Figure 4.1A and B). We
also built a reference set of "true” functional interactions between genes on which the
predictive power of each attribute to identify true functional interactions was tested
(Reference Set and Class validation; Figure 4.1A). We subsequently used statistical
attributes with high predictive power to generate a predicted genome-wide breast
cancer functional interaction networks (Genome-wide set; filtering stage and Predictive
network; Figure 4.1A). Next, we used Luminal A and Basal-like functional networks
to identify genes interacting with both glycolysis and OXPHOS machineries
(Predictive network; Figure 4.1A). Using these subnetworks, we extracted the
distinctive properties of 28 Warburg effect genes and used these properties to build a
model that ranked all genes interacting with both glycolysis and OXPHOS machineries
based on their probability of being a Warburg effect genes (Predictive network; Figure
4.1A). We subsequently tested these predictions in silico. The detailed description of

this integration strategy is presented below.

4.3.2 Building the Reference set of functional interactions

We first identified a set of experimentally validated functional interactions within the
human genome. To our knowledge, no comprehensive screen has been carried out to
identify genetic interactions in human breast cancer cells. We previously showed that
classes of genetic interactions (Gls) identified in C. elegans were enriched in within-

pathways Gls. Consequently, we used within-pathways gene pairs in human as a
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reasonable starting point to build a set of "true" functional interactions. Human
metabolic and signaling pathways (3,424 genes; 203 pathways) were retrieved from
WikiPathways (June 2015; (Kutmon et al., 2016)). Combinations within individual
pathways allowed the identification of 245,365 gene-pairs within pathways (Reference

set; Figure 4.1A).

To identify within-pathway gene pairs with the highest probability of being "true"
functional interactions, we selected those that are composed of genes co-cited in more
than two articles (Figure 4.2A), and retrieved from the PubMed database in June 2015
(16,544 gene-pairs; Reference set; Figure 4.1A). Similar methods have been
successfully employed to uncover functional associations between genes (Karadeniz et
al., 2015; Lee, L. et ul., 2008; Lee, 1. et al., 2010; Sintupisut et al., 2013) and proteins
(Franceschini er al., 2013). Also, since genome-wide studies tend to cite many
unrelated genes, we excluded from this study PubMed IDs citing more than 15 genes
(which correspond to ~1% of all PubMed entries; Figure 4.2B). In total, 7,118 gene
pairs composed of co-cited genes in more than two independent non-genome-wide
studies constituted the reference set of "true" functional interactions (Reference set;

Figure 4.1A).

4.3.3 Generation of co-expression attributes

Expression data from 1,058 breast invasive carcinoma were downloaded from the
TCGA Data Portal (see Methods). Twelve samples from male patients were removed
and the resulting data collection from 1,036 tumors were classified into five breast
cancer (BC) subtypes (Luminal A, Luminal B, HER2, Basal-like and Normal-like)
using the AIMS tool (Paquet et Hallett, 2015): 321 tumors were classified as Luminal
A (LumA), 306 as Luminal B (LumB), 102 as ERBB2 positive (HER2E), 162 as Basal-
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like (BasalL) and 145 as Normal-like (NormL) (Supplementary Table 4.S1; voir
Annexe C).

We used the Pearson correlation coefficient (PCC) of expression values for each pair
of genes across tumour samples for each BC subtype to build the co-expression
attribute (CoFE; Figure 4.1A and B). We identified significantly co-expressed gene-
pairs as pairs with an expression PCC value of r higher than a threshold, relative to the
top 5% gene-pairs with the highest r values (see Methods; CoE; Data-derived
attributes; Figure 4.1A and B).

Considering that our reference set of functional interactions covers pathways
associated to all human organs, including several pathways that may not be activated
in breast cancer cells, we assessed whether removing expected non-expressed genes
from breast cancer (BC) expression data would significantly enrich the set of co-
expressed genes in interactions associated with BC. Since all the male patients were
removed from the mRNA expression data, we used the 30" percentile expression value
(1" value over 0) on the Y chromosome to filter the expression data from potentially
unexpressed genes per BC subtype. A gene was identified as not expressed if
expression values reported for this gene were below this threshold for at least 95% of
tumor samples for a given BC subtype (Figure 4.2C) (see Methods). On average 1,600
genes were considered as non-expressed for each BC subtype and removed from our
expression data sets (number of non-expressed genes are below the dashed line per BC
subtype; Figure 4.1C). The resulting expression datasets covered a minimum of 14,000

genes for each BC subtype.

Co-expressed gene-pairs were subsequently identified in the set of "true” functional
interactions (Refset) before and after removing non-expressed genes. We also
identified pairs of genes co-cited with the term "Breast cancer” in the PubMed database
(February 2016) and computed the enrichment of these BC co-cited gene-pairs in the
reference sets after removing pairs with non-expressed genes via a one-tailed Fisher’s

exact test (N = All gene pairs in Refset; Figure 4.2D). This revealed that the reference
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sets for each BC subtypes, which are composed of ~5,400 gene pairs after removing
"non-expressed genes", were significantly enriched in BC co-cited gene-pairs (Fisher’s

exact test, P <0.001; Figure 4.2D).

4.3.4 Generation of protein-protein interaction-based attributes

Protein-Protein interactions (PPI) were downloaded from the BioGRID (April 2015,
(Oughtred et al., 2016)) and IntAct (April 2015, (Orchard et al., 2014)) databases. To
reduce the false positive rate of these datasets, we selected 19,928 PPI validated by at
least two independent experimental methods. The resulting filtered interactions set

covered a total ot 7,060 proteins.

For each pair of proteins A and B, we assigned a value 1 to the binary attribute /(4. B)
if the proteins A and B exhibited a direct PPl and 0 otherwise (Data-derived attributes;
Figure 1A and B). We also computed an attribute C/ (4, B) (Common Interactors),
considering the statistical significance of the observed number of common physical
interactors of the proteins encoded by A and B, in the PPl network (Data-derived
attributes; Figure 1A and B). C/ is assigned a P-value derived from a one-tailed Fisher’s
exact test (N = the number of genes encoding proteins that are in the considered PPI

network), which is discretized into binary values: | for P <0.05 and 0 otherwise.

4.3.5 Generation of co-disease attribute
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Disease-gene annotations were downloaded from the DISEASES database (August
2015; (Pletscher-Frankild er «l., 2015)) and curated to minimize false positive
annotations and redundancy of annotations for highly characterized diseases (see
Methods). This selection identified a set of 653 annotations, which were associated

with at least two genes and provided annotations for 15,116 genes.

The co-disease attribute Di(A, B) measured the statistical significance of the number of
shared diseases annotations between two genes (A and B) via a standard Fisher’s exact
test (V = the number of curated diseases annotations observed for at least two genes;
Data-derived attributes; Figure 4.1A and B). We discretized the resulting P-values to
obtain three groups of relationships between genes based on the Di attribute: a group
with significant enrichment of disease annotations between genes A and B (Di (4,B) =
1 for P <0.05); a group with significant depletion of disease annotations between genes
A and B (Di(4,B) = 0 for P > 0.95); and a group with no significant enrichment or

depletion of disease annotations (Di(4,B) = 0.5).

4.3.6 Generation of network-derived attributes

To build the networks-derived attributes, a total of five networks were created for all
BC subtypes. In these networks, two genes A and B are connected by an edge if they
are co-expressed (significant CoE; Pearson correlation coefficient > r; Table 4.1), or if
their gene products exhibit a PPI (/ = 1; Figure 4.1A and B). For both genes A and B,
we measured the enrichment of at least one common disease annotation within their
first neighbours (i.¢. genes connected to gene A or B by one edge) in the above network.
This enrichment was measured using a one-tailed Fisher’s exact test (N = the number
of genes with disease annotation). If the derived P-value from this test was less than or

equal to 0.05 for A and B, and for at least one phenotype, we assigned a value of 1 to
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a categorical variable N(4, B), and 0 otherwise (Network-derived attributes; Figure
4.1A and B). Similarly, it A and B were both associated with the disease annotation
that was also enriched in both their neighborhoods, a value of 1 was assigned to a
categorical variable NDi(A, B), and 0 otherwise (Network-derived attributes; Figure

4.1A and B).

4.3.7 Identification of functional interaction classes within-pathways

Using the statistical attributes described above, we identified classes of functional
interactions (FIs) as previously done using C. elegans data (Boucher, B. er al., 2016).
To do so, Fls of the reference sets (Refset) were clustered hierarchically for Luminal
A and Basal-like tumor subtypes based on discretized values of the six statistical
attributes (CoE, Di, N, NDi, I and CI; Figure 4.3A) using Ward’s agglomerative
method with Euclidean distance metric. This strategy identified eight major classes of
Fls within the Refset of each subtypes of BC. We named FI classes according to the
combination of values observed for the statistical attributes as previously done
(Boucher, B. et al., 2016). Three groups of classes could be identified based on values
for PPl-associated (/ and (/) and Disease annotations-associated (Di) attributes.
Classes with positive values for / or CI comprised pairs of genes that code for proteins
that directly interact or that share more common PPI partners than expected by chance
and are identified as PPI-centered interactions (PC; Figure 4.3A). From those that are
not associated with positive values for 7 or CI, we identified a group of Fls involving
pairs of genes which are significantly depleted in common disease annotations (Di = 0;
Figure 4.3). In C. elegans, this class of Fls was suggested to play a major coordination
function within the FI network (Boucher, B. er al., 2016). Consequently, we called

them Connectors (C; Figure 4.3). The remaining FI classes were named based on their
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observed independence from PPI and were named PPl-independent interactions (PI;
Figure 4.3). Next, each one of these three Fls classes was subdivided in three subclasses
based on value of network-based attributes N and NDi. These attributes assess the
enrichment in the neighbourhood of gene pairs of genes associated to a given Disease
annotation (N =1; Figure 4.3B) and the association of genes of this pair with the
enriched annotation (NVDi=1; Figure 4.3B). We hypothesized that gene pairs with both
positive N and NDij attributes could act in a stronger functional context than those with
null values for either or both attributes. Based on this assumption, we defined Fls with
N=1 and NDi=1 as displaying a strong (s) contextual strength (CS). We also identitied
Fls with N=1 and NDi=0 as displaying a medium (m) CS and FIs with N=0 and NDi=0
as displaying a weak (w) CS (Figure 4.3B). Overall, this classification allowed us to
identify three main classes of Fls that are also subdivided into three subclasses (Figure

4.3A).

4.3.8 Optimization of the co-expression attributes to identify BC-associated gene-pairs

The attributes generated for this study are similar to those designed in our previous
study in C. elegans as is the clustering strategy we employed in both systems to identify
FI classes (Boucher, B. ef al., 2016). We therefore compared the range of values
supporting the identification of FI classes in the two studies. All attributes, except CoFE,
were discretized and associated to binary or trinary values as detailed above. The only
difference in attribute values observed between FI classes in human and C. elegans

consists in the distribution of CoE values (Figure 4.4A). While most gene pairs of PI
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and PC classes display CoE higher than 0.8 in C. elegans, the CoE of gene-pairs of
corresponding classes in human were more homogenously distributed along the range
of positive values (Figure 4.4A). The major difference between gene expression data
used in our studies consists in the biological samples used to generate these data, one
being whole animals for C. elegans expression data, and breast tumor tissues for
human. Since within pathway Fls used to generate our training sets are involved in
pathways that may not be active in breast cancer cells, we hypothesized that such pairs
might display low CoE when considering breast cancer expression data only. To filter-
out these gene-pairs from the 7,118 pairs composing the Refset (Refset; Figure 1A),
we identified a threshold on C. elegans CoE data for each FI class as the CoE values
for 99% of gene-pairs present in the C. elegans reference set (Boucher, B. et al., 2016).
This threshold was used to filter-out 1,718 gene pairs. We tested whether this filtering
step (Filtering stages; Figure 4.1A) further enriched the Refset, composed of ~5,400
Fls, of gene-pairs reported in the literature on breast cancer (Figure 4.4B). The resulting
set of gene pairs were significantly enriched in BC gene-pairs for some FI classes,
depending on breast cancer subtypes (Figure 4.4B), suggesting that this filtering is
beneficial to increase the specificity of the Refset towards "true" Fls involve in BC

biology (Figure 4.4B).

4.3.9 Generation of a predicted network of functional interactions for Luminal A and

Basal-like breast cancer

To test the potential of the integration strategy used in this study to build a predicted
functional interaction networks enriched in "true" Fls, we assessed whether models
considering the 9 subclasses of Fls individually allowed an efficient segregation of

gene-pairs taken from the Refset ("true" Fls), from those of a negative set of Fls. This
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negative set of FIs was generated through randomizations of genome-wide gene-pairs
as previously done (Boucher, B. ef al., 2016). This strategy insures that both positive
and negative training sets were composed of equivalent ratios of missing data. Leave-
one-out cross-validation test was then used to evaluate the performance of logistic
regression models trained for each Fls class to identity the positive set of Fls (Refset)
against the negative set (see Methods). The receiver operating characteristics (ROC) at
20 equally spaced model score cut-offs ranging from O to 1 was calculated for each
model. The true positive rates (TPR) obtained for FI class-specitic models at a false
positive rate (FPR) of 0.5% were compared with that of a unique model trained on the
entire Refset (Table 4.2). The sum of pairs retrieved from the Refset by class-specific
models for each subtype of BC (2,820 gene-pairs; 53% for Luminal A; Table 4.2) was
higher than the number of gene-pairs retrieved by the models trained on the complete
Refset (2,119 gene-pairs; 40% for Luminal A; Table 4.2). This suggests that the
integrative strategy considering classes if Fls individually displays high performances
to identify Fls from gene-pairs randomly selected from the genome and is also
performing better than a general integrative strategy, ignoring intrinsic differences
existing between Fls classes in human, as already shown in C. elegans (Boucher, B. ef

al., 2016).

Considering the predictive power of our models, we applied the integration strategy
described above to pairs of genes identified in the human genome in orderA to build a
genome-wide predicted functional interactions networks for Luminal A and Basal-like
breast cancer. From the 300 million possible pairs of genes, 70 million pairs with
expression and disease annotations were retained (Genome-wide set; Figure 4.1A).
From this list, approximately 30 million gene-pairs were filtered out due to their
involvement of non-expressed genes or their associated CoE values inferior to the
filtering threshold identified for each FI class (Filtering stages; Figure 4.1A). Networks

were then built for Luminal A and Basal-like breast tumours and were composed of
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10,947 genes and approximately 40 million of interactions subdivided into three main

classes and 9 sub-classes of Fls.

4.3.10 Rewiring of FlIs between subtypes of breast tumors

A significant amount of rewiring was observed between predicted breast cancer FI
networks. Interestingly, this rewiring occurred within FI classes, which tend to change
contextual strength (CS) from one network to another (Figure 4.5A). For instance,
while 41,8% of Fls are rewired/plastic in the Refset, only 3,65% Fls change classes
(between Pl and C). The remaining 38.2% change CS within classes. Interestingly, the
three classes of Fls (PI, PC and C) did not display the same plasticity level. Indeed,
only C interactions had a significant enrichment of plastic interactions between Basal-
like and luminal A subtypes of BC when considering genome-wide predictive networks
(Fisher’s exact test, P-value < 10™""; Figure 4.5B). Pl and PC classes were significantly
depleted in plastic interactions (Fisher’s exact test, P-value < 107"; Figure 4.5B).

These data suggest that FI classes display distinctive plasticity properties.

4.3.11 Warburg effect genes display distinctive properties within predicted breast

cancer FI networks

The Warburg effect is a metabolic reprogramming of cells. Recent data showed that
this effect was stronger in Basal-like when compared to luminal A breast tumours
(Brauer er al., 2013; Palaskas e al., 2011). We consequently assessed whether a set of

28 genes, shown to control this reprogramming (Gogvadze et al., 2010; Hensley er al.,
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2013; Lunt et Vander Heiden, 2011; Samudio et al., 2009; Semenza, 2013; White,
2013), displayed distinctive properties within predicted FI networks built for Luminal

A and basal-like tumours.

To do so, we identified indirect interactions linking a set of genes identified in the
glycolysis machinery (Supplementary Table 4.S2; voir Annexe D) to genes associated
with the OXPHOS (Supplementary Table 4.S3; voir Annexe E) within predicted BC
FI networks. This analysis identified a network involving 10,450 genes, including 23
of the 28 Warburg associated genes (training set). We assessed, for each one of these
genes, the distribution of PI, PC and C interactions in Luminal A and Basal-like
tumours (Figure 4.6A and C). We also assessed the percentage of plastic interactions
linking these genes with glycolysis and OXPHOS genes (Figure 4.6B and C). This
revealed that genes of this training set displayed slightly, but significantly less plastic
interactions than the other genes interacting with both glycolysis and OXPHOS genes
(Student’s r-test, P-value = 0.043; Figure 4.6C). It also revealed that these genes were
interacting with glycolysis and OXPHOS genes through a higher rate of Pl and a lower
rate of C than the other genes of this indirect interaction network (Student’s #-test, P-
value < 0.0001; Figure 4.6C). The significant enrichment of Pl and depletion of C
between genes controlling the Warburg effect and their partners in the glycolysis and
OXPHOS machinery is intriguing. Previous study characterizing the genetic
interaction network of C. elegans suggested that genes linked through C interactions to
their partners may play major coordination role within functional interaction networks
(Boucher, B. et al., 2016). Comparing the structural function of PI, PC and C classes
of functional interaction in human breast cancer and C. elegans revealed that in both
systems C and to a lesser extent Pl interactions play a critical structural function at the
intersection of functional modules (see Supplementary data (voir Annexe B);

Supplementary Figure 4.S1).
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4.3.12 Generation and in silico validations of predictive models for Warburg effect

genes

Gene interacting with both glycolysis and OXPHOS genes (10,450 genes) are
identified and called the indirect binding set. We used the distinctive properties of the
training set of 23 Warburg effect genes (training set) to generate an unweighted linear

model providing each gene A4 of the indirect binding set with a value V(4) such as :
V(A) = P[lum(A) + P[/mx(A) - P[aniC(A) - C/mn(A) - C/mx(A); Wlth P[Ium(A),

and Ply.(A) being the percentage of Pl interactions linking the gene A with Glycolysis
and OXPHOS genes in Luminal A and Basal-like predicted FI networks respectively;
Crum(A) and Cp(4) being the percentage of C interactions linking the gene A with
Glycolysis and OXPHOS genes in Luminal A and Basal-like predicted FI networks
respectively and Plastic(4) being the percentage of plastic interactions linking gene A

with glycolysis and OXPHOS genes.

Groups of genes associated with the top 25%, 5%, 1%, 0.5% and 0.1% V(A4) values of
the indirect binding set were identified. The percentages of the training set genes found
in these groups were represented with respect to the percentage of the indirect binding
set also found in each group (Unweighted model; orange; Figure 4.7A). The expected
percentage of genes from training set picked when randomly picking genes from the
indirect binding set is also indicated (Random; black curve; Figure 4.7A). Fold
enrichment of training set genes over indirect binding set and the number of all sets of
genes contained per group were also computed (Figure 4.7D and E respectively). This
analysis revealed that the unweighted linear model built in a supervised manner on the
distinctive characteristics of the training set enables the identification of genes from
this training set with high efficiency from the indirect binding set (up to 69-fold

enrichment for the top 0.1% V(A4) value group; Figure 4.7D).
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To further test the performance of this model to identify genes controlling the Warburg
effect, we identitied testing sets of genes. To do so, identified human genes co-cited
with the "Warburg eftfect” term in the PubMed database, from which we removed the
28 genes from our training set. We also divided these genes into two sets: a set
containing genes co-cited with the "Warburg effect” term in at least one article (testing
set 1), and a set of genes co-cited in at least two articles (testing set 2). We measured
the percentage of testing sets | and 2 (orange lines; Figure 4.7B and C respectively)
with respect to the percentage of indirect binding set identified for V(4) values within
the top 25% to 0.1%. We also measured the enrichment of testing set in groups of genes
with V(4) values within the top 25% to 0.1% (Figure 4.7D) and the number of genes
of each set per group (Figure 4.7E). This revealed that the unweighted linear model
built in this study displayed similar performances to identify genes from the training
and testing sets. It also revealed that the highest performance of the model was
observed at a threshold corresponding to the top 1% V(A) values which display 35.4-,
17.4- and 29.4-fold enrichment of the training, testing sets | and 2 respectively when
compared to the actual representation of these sets genome-wide (Figure 4.7D). At this
threshold, 108 genes were selected from the indirect binding set, 71 of them being

genes never associated to the Warburg effect in the literature.

4.3.13 Model built on integrative genomic approaches outperforms prediction of

Warburg effect genes driven from expression data only

One hallmark of genes associated to the Warburg effect is a reduced level of plasticity
(Figure 4.6C). As discussed in the supplementary data section, very low plasticity
levels are detrimental for the predictions, suggesting that interaction between Warburg

effect genes and glycolysis/lOXPHOS genes still display a certain level of rewiring
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(Supplementary Data (voir Annexe B); Supplementary Figure 4.S2). Other Hallmarks
of Warburg effect genes revealed by our study consist in an elevated level of Pl and a
low level of C interactions linking these genes to glycolysis and OXPHOS associated
genes (Figure 4.6C). PI interactions are characterized by high co-expression of
interacting genes as well as a significant enrichment of common disease annotations
(Figure 4.2A), while C interactions contain gene pairs that are characterized by a lower
co-expression level and a significant depletion of common disease annotations (Figure
4.2A). We tested whether the co-expression of training and testing set genes with
Glycolysis and OXPHOS genes alone would support the predictions obtained using the
unweighted linear model built in this study. To do so, we used the CoF attribute to
identity genes significantly co-expressed with Glycolysis and OXPHOS genes. Co-
expressed genes were ranked based on their co-expression level and the number of
glycolysis and OXPHOS genes they were significantly co-expressed with. To do so,

each gene A was associated a CoESum(A) value such as:

CoESum(A) =

A

(1 — CoE(Pval);)
1

where » i1s the number of genes i of the glycolysis or OXPHOS machineries
significantly co-expressed with the gene A, and Pva/ is the P-value lower than 0.05

supporting the significance of the co-expression (see Methods).

Groups of genes associated to the top 25%, 5% and 1% of CoESum for the Basal-like
and Luminal A subtype of tumors were identified. The enrichment of training and
testing set 1 and 2 over respective representation of these sets genome-wide were
measured in each group of genes (Figure 4.8A and B). As expected, considering that
the Warburg effect has been shown to be higher in Basal-like than Luminal A BC
subtypes, a higher enrichment is observed for training and testing sets in groups of
genes co-expressed with glycolysis and OXPHOS in Basal-like when compared to

Luminal A tumours (compare top 1%, Figure 4.8A and B). Enrichment of training and
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testing sets were, however, more than 6-fold lesser to those obtained when using V(A)
value from the unweighted linear model resulting from the integrative genomic strategy

described in this study (compare top 1%, Figure 4.8A-B and Figure 4.7D).

We also measured the overlap of predictions obtained using co-expression data and
unweighted linear model. This overlap was null when considering groups of genes
identified with a threshold corresponding to the top 1% V(4) and CoESum(A) values.
They were lower than 0.4% when using threshold corresponding to top 5% V(A4) and
CoESum(A) (Figure 4.8C and D). This suggests that predictions obtained by the
unweighted linear model generated in this study do not rely exclusively on the co-

expression attribute.

Co-expression is a commonly used metric to identity genes sharing similar functions
than a group of seed genes (Lee, H. K. ef a/., 2004; van Noort et al., 2003). Therefore,
we compared the performance of the unweighted model generated in this study with a
classical approach and identified genes significantly co-expressed with genes in the
training set using the CoESum metrics described above. Enrichments of genes in testing
sets 1 and 2, when compared to their respective representation genome-wide, were
measured in groups of genes co-expressed with the training set and displaying top 25%,
5% and 1% of CoESum values (Figure 4.8A and B). A maximum of 4-fold enrichment
of'testing sets was reached for genes co-expressed with the training set (top 1%; Figure
4.8B) versus a maximum of 29.4-fold enrichment when using the unweighted model
(top 1%; Figure 4.7D). The overlap between predictions based on co-expression with

the training set and the unweighted model is also lower than 1% (Figure 4.8C and D).

Taken together, these data reveal that the predictive model, generated through the
integrative genomic strategy described in this study, outperforms predictions of
Warburg effect genes using co-expression data only. It also suggests that predictions

using the two methods are complementary.
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4.4 Discussion

Metabolic reprogramming constitutes a hallmark of cancer development. Recent
studies showed that this reprogramming controls tumour progression and metastasis.
This identifies genes controlling the increase of aerobic glycolysis in cancer cells, the
Warburg effect, as potent anti-tumoral and metastatic targets. In this study, we
developed an integrative genomics strategy that involves the generation of predictive
functional interaction networks for Luminal A and Basal-like subtypes of breast cancer
and the identification of distinctive feature of genes shown to control the Warburg
effect in these networks. These distinctive features were used to build an unweighted
linear model. The performance of this model to identify genes associated the Warburg
effect in the literature was tested and was shown to be good and to outperform

predictions made using expression data only.

We consider the strategy used to generate the predictive model described in this study
as preliminary. Several unsupervised modeling approaches, such as linear regression,
naive Bayesian or random forest, need to be evaluated to generate a robust model to be

used prior to experimental validation.

The study presented here identifies the Warburg effect genes as genes that tend to relate
with genes of the glycolysis and the OXPHOS machineries through PPI-independent
interactions (PI) and through interactions that are on average less plastic than expected.
These results are surprising when considering our recent characterization of C. elegans
genetic interactome which suggested that genes linked through "connector”
interactions are critical coordinator of biological proces-ses. This point is discussed in

further detail in the next chapter.

In addition to provide a better understanding of the relative positioning of Warburg

effect genes in the functional interaction network with respect to glycolysis and
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OXPHOS genes, this study also highlights the utility of integrative genomics and

interactomic approaches to identify therapeutic targets for human diseases.

It is important to note that the integrative genomics strategy developed in this study
uses expression data which are tissue specitic (or tumor specific) and PPI data and
Disease annotations that are relevant to any tissue and human pathologies. The
integration strategy described here could consequently be transposed to any human
disease model and tissue for which expression data are available. The superior
performance of that method, when compared to the identification of co-expressed
genes alone, suggests that this method may highly improve predictions of genes with a
given function or co-functionality of genes when there are only expression data
available. This tool would be particularly useful for pathologies with limited access to

enough biological material to generate proteogenomics studies.

4.5 Methods

4.5.1Generation of the co-expression attribute

Expression data (Level 3 TCGA RNAseqV2) from 1,058 breast invasive carcinoma
were downloaded from the TCGA Data Portal (February 2016; (The Cancer Genome
Atlas Research ef al., 2013)). Twelve samples from male patients were removed and
the resulting data collection from 1,046 tumors were classified into five breast cancer
(BC) subtypes (Luminal A, Luminal B, HER2, Basal and Normal) using the AIMS tool
(Paquet et Hallett, 2015). Considering that the minimum posterior probability of a
correctly classified sample was at least 0.90 for each predicted subtype, we could
classity 1,036 tumors from their associated expression data as followed: 321 tumors

were classified as Luminal A (LumA), 306 as Luminal B (LumB), 102 as ERBB2
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positive (HER2E), 162 as Basal-like (BasalL) and 155 as Normal-like (NormL)
(Supplementary Table 4.S1; voir Annexe C).

To remove "non-expressed genes" from breast expression data based on expression
level of the Y chromosome, a RNA-Seq by Expectation-Maximization value (RSEM)
of 0.3 was considered as the minimal expression threshold per sample and gene. Similar
strategies have been successfully used in the past to filter out unexpressed genes
quantified by Reads Per Kilobase of transcript per Million mapped reads (Labaj ef al.,
2011; Ramskold et al., 2009; Sam et al., 2011). For each BC subtype, a gene was
identified as not expressed if at least 95% of its expression values (Figure 4.2C) were

below this threshold (0.3 RSEM).

We computed the Pearson correlation of expression values for each pair of genes across
tumour samples from each BC subtype. We then built the Co-expression (CoE)
attribute using P-values relative to the empirically estimated probability distribution of
correlations for all gene pairs fitted on a normal distribution. Correlations greater than
r and characterized by a P-value<0.05 (one-tailed probability) were indicative for
significantly co-expressed genes (Table 4.1; CoE; Data-derived attributes; Figure 4.1A

and B).

4.5.2 Co-disease attributes

Disease-gene annotations were downloaded from the DISEASES database (August
2015; (Pletscher-Frankild er al., 2015)). Disease annotations of genes were collected
from the literature through text-mining and manual curation or experimental evidences
(from COSMIC and DistiLD database; (Forbes ef al., 2008 and Palleja et al., 2012)).

We eliminated from this dataset the associations retrieved through text-mining and
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experimental evidences with less than two stars confidence scores. We then did a
manual curation of disease annotations using the Disease Ontology tool (Kibbe ef al.,
2015). The goal of this curation was to remove redundancy of annotations for highly
characterized diseases. We tested the efficiency of our manual curation of Disease
annotations through computation of the number of genes overlapping between two
disease annotations (277,885 annotation pairs) and found only 0.1% of these
combinations have more than 30% of genes in common (Supplementary Table 4.54;
voir Annexe F). From the resulting 746 curated disease annotations, we selected 653
annotations which were associated with at least two genes, and provided annotations

for 15,116 genes.

4.5.3 Leave-one-out cross validation on trained models

Leave-one-out cross-validation test was used to evaluate the performance of logistic
regression models trained for each Fls class to identify the positive set of FIs (Refset)
against the negative set. The receiver operating characteristics (ROC) at 20 equally
spaced model score cut-offs from 0 to 1 was calculated for each model. The true
positive rates (TPR) obtained for FI class-specific models at a false positive rate (FPR)
0f 0.5% were compared with that of a unique model trained on the entire Refset (Table
4.2). The 0.5% FPR was chosen as previously done (Boucher, B. ef al., 2016; Lee, A.
Y. etal.,2010), as probability of finding in yeast a genetic interaction by chance within

a set of gene-pair randomly picked from the genome (Tong et al., 2004).
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Table 4.1:

Pearson correlation coefficient thresholds.

Subtype | r

LumA 0.32
LumB 0.24
HER2E |0.28
BasalL | 0.26
NormL | 0.44

Table 4.2: The true positive rates obtained for functional interactions class-specific models at a

given false positive rate.

Class FPR Threshold | TPR nb. — of
pairs
Al 0.005 0.95 0.4 2119
Pls 0.005 0.95 0.6 728
PIm 0.005 0.95 0.58 385
Plw 0.005 0.95 0.55 251
T [GCs 0.005 0.95 05 165
5 [Cm 0.005 0.9 0.48 69
Cw 0.005 0.9 043 58
PCs 0.005 0.95 0.51 614
PCm 0.005 0.95 0.49 424
PCw 0.005 09 0.44 126
Al 0.005 0.95 0.41 2201
Pls 0.005 0.95 0.61 706
PIm 0.005 0.95 0.58 359
. [Pw 0.005 0.95 0.54 252
3 [GCs 0.005 0.95 0.51 176
8 [cm 0.005 0.9 0.47 72
Cw 0.005 0.9 0.42 56
PCs 0.005 0.95 0.52 628
PCm 0.005 0.95 0.48 373
PCw 0.005 09 042 156
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Figure 4.1. Workflow of the integration strategy and description of the statistical attributes.

(A) Workflow of the integration strategy is divided is group of tasks and chronological dependencies are indicated by arrows.
(B) Statistical attributes are derived from either single type of data (CoE, D, I and CI) or from network built on several kinds
of data (N, NDi). Each attribute is built with data corresponding (arrows) to the different abstraction levels of biological

systems (see (Boucher, B. et Jenna, 2013)).
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Figure 4.2. Filtering stages of co-expression attributes.

(A) Distribution of gene pairs according to the number of time they are co-cited in PubMed database. The PubMed gene
co-citations threshold (3 co-citations) is indicated by a red dashed line. (B) Distribution PubMed articles according to the
number of genes they cite. PubMed articles citing more than 15 genes are located at the right of the red dashed line. (C)
Distribution of genes considering the percentage of breast tumor samples in which their expression level is lower than
minimal expression limit (0.3). The 95% cutoff corresponding to the fraction of tumor samples is indicated by the vertical
black dotted line. Horizontal dashed lines indicate the number of non-expressed genes per tumor sub-type. (D) Enrichment
of co-expressed gene pairs co-cited with "breast cancer" term when considering CoE attribute after removing non-expressed
genes when compared to the attribute before filtering. Odds ratio and P-value from one-tailed Fisher's exact test (N= All
gene pairs in the original reference set) are indicated.
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Figure 4.3. Identification of classes and subclasses of functional interactions.

(A) Functional interactions classes identified with hierarchical clustering. Heatmap showing the hierarchical clustering, using
Ward's agglomerative method with a distance metric based on the Euclidean distance, of the Luminal A and Basal-like
reference gene pairs signatures. Classes are defined as: Protein-Protein interaction (PPl) independent (PI), PPI-centric
(PC) and Connectors (C). Six columns show values for statistical attributes. genes co-expression levels (CoE; high score
= (1 —(P-value <0.05)) indicate high co-expression); enrichment of shared disease annotations (Di; score=1 indicate
enrichment; 0.5 indicate not significant enrichment; 0 indicate significant depletion of shared annotation); enrichment of the
neighborhoods of gene-pairs in a given disease annotation (N; score =1; 0 indicate no enrichment), enrichment of the
neighborhoods of gene-pairs in a given disease annotation and association of both genes of the considered pair to this
enriched annotation (NDi; score =1; 0 otherwise); interacting genes code for interacting proteins (I; score =1; 0 otherwise);
interacting genes code for proteins sharing a significantly high number of common protein-protein interaction partners (Cl;
score =1; 0 otherwise). For N and NDi attribute, the neighborhood of a given gene is considered as the set of genes that
show a significant co-expression (P < 0.05, see Methods) and/or encode proteins that exhibit a PP] with the product of this
gene. (B) Description of the contextual strength (CS). The metric is based on the binary values from the neighborhood (N)
and neighborhood with disease (NDi) attributes. The different gene characteristics are described on the right.
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Figure 4.4. Comparative distribution of Co-expression distributions between C. elegans and
breast cancer subtypes.

(A) Distribution of co-expression values of functional interactions classes for the Basal-like (BC-BasallL) and Luminal A (BC-
LumA) breast cancer subtypes compared with co-expression distributions of corresponding genetic interactions classes in
Caenorhabditis elegans (see (Boucher, B. et al., 2016)). Co-expression values are given as (1-(P-value)) of a normal fitted
distribution of all values. (B) Enrichment of gene pairs co-cited with breast cancer term after vs before filtering stage.
Enrichment is shown by a positive odds ratio and the statistical significance is calculated via a one-tailed Fisher's exact test
and is given as -log(base10)(P-value). Two significance levels are shown: 0.10 (red dashed line) and 0.05 (black dashed

line).
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Figure 4.5. Plasticity of the predicted functional interactions networks of of Luminal A and
Balsal-like breast cancer subtypes.

(A) Contextual strength (weak, medium and strong) is indicated for interactions in a schematic representation of Luminal A
and Basal-like predicted functional interactions networks. The plasticity is defined by a change in the contextual strength of
an interaction or by the presence/absence of the interaction. (B) Percentage of plastic functional interactions for the three
main classes when comparing Luminal A and Basal-like networks. N indicates the number of predicted interactions.
enrichment of plastic interactions in each class of functional interaction is indicated by a low P-values given by a two-tailed
Fisher's exact test when considering the total population of interactions N.
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Figure 4.6. Properties of Warburg effect associated genes within functional interactions classes.

(A) Warburg effect genes associated proportion of each functional interactions (Fl) classes from Luminal A (LumA) and
Basal-like (Basal) breast tumours predicted networks between oxidative phosphorylation (OXPHOS) and glycolysis
associated genes. The proportion for all Fl (indirect-OXPHOS) is also indicated. (B) Percentage of plastic Fis between each
Warburg associated genes and its partners in the OXPHOS and glycolysis machineries. All plastic FI (indirect-OXPHOS) is
also indicated. (C) Comparison of the proportion of plastic and class-specific interactions between all indirect genes and the
training set (Warburg effect genes) within the glycolysis-OXPHOS FI indirect networks of Luminal A and Basal-like (basal)
breast cancer. P-values are calculated via a two-tailed Student's t-test.
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Figure 4.7. Overall performances of a prediction model trained on Warburg effect associated
genes.

Performances of the unweighted-linear models on the training set (A), the testing set 1 (B) and the testing set 2 (C). The
relative representation of each set genome-wide is indicated by a black line close to the X axis (Random for Warburg). (D)
Enrichment of training and testing set 1 and 2 in subgroups of the OXPHOS-Glycolysis indirect interaction network with
V(A) value provided by the unweighted model within the top 25%, 5%, 1%, 0.5% and 0.1% when compared to their
representation in human protein coding genes. Enrichment in total predicted functional interactions (within breast cancer
network) and in the indirect interaction network between OXPHOS and Glycolysis are also indicated. (E) Number (#) of
genes predicted by the unweighted model at different thresholds.
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Figure 4.8. Comparison between the unweighted model and co-expression based predictions of
Warburg effect genes.

Fold enrichment of training and testing sets in groups of genes identified based on their co-expression with genes of the
glycolysis and OXPHOS machineries (Glyco./OXPHOS) or with the training set (Warburg (training)) using Basal-like (A)
and Luminal A (B) breast tumors co-expresssion data (filtered CoE attributes). Groups are identified based on to 25%, 5%
and 1% of CoESum values. (C)-(D) Venn diagrams showing the overlaps between predictions based on the unweighted
model (top 5% V(A) value for gene A) and co-expression with GlycolysisflOXPHOS genes or the Warburg (top 5%
CoESum(A) for gene A) when considering Basal-like (C) and Luminal A (D) data.
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Supplementary Figure 4.51. Edges betweenness of functional interactions classes for breast
cancer subtypes and genetic interactions in Caenorhabditis elegans.

= I.....

(A) schematic representation of functional (genetic) interaction networks showing interactions (edges) with high
betweenness linking Hub and non-Hub bottlenecks. Boxplots showing betweenness values distributions in C. elegans (B-
D) and human breast cancer (E-F). Light grey (lower) and dark grey (higher) boxes represent statistically significant
differences (P < 0.05) between interactions classes and union of interactions classes (All). White boxes indicate not
statistically significant differences with All. Differences are assessed with a two-tailed Wilcoxon signed-rank test.
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Supplementary Figure 4.S2: contribution of attribute to the unweighted linear model.

Three models have been generated using either the sum of percentage of Pl interactions in Luminal (A) (Pl(lum)) and Basal-
like (PI(Bas)) subtypes (A) or the of C interactions (C(Lum) and C(Bas) respectively). (B) A third model use only low plasticity
value for predictions. (C) Enrichment of training and testing sets 1 and 2 in groups of gene with score value from the model
within the top 25%, 5%, 1%, 0.5% and 0.1% are indicated when considering their respective representation genome-wide.



CHAPITRE V

DISCUSSION

5.1 Résumé de la thése

Connaitre et comprendre la structure des réseaux fonctionnels est d’une importance

capitale pour élucider les mécanismes moléculaires complexes liant les geénes chez les

organismes modeles et chez I'homme. Dans cette theése, j’ai décrit une méthode

d’intégration de données qui a permis d’élucider la structure d’un interactome
z 7. z . e . . ’ Y

génétique chez le nématode Caenorhabditis elegans et ai aussi montré qu’une structure

semblable chez I’humain pouvait servir a prédire des liens fonctionnels impliquant des

génes clés dans la progression du cancer du sein.

Dans le Chapitre II, nous avons montré que pour mieux prédire des interactions
génétiques (IGs) chez C. elegans, il était d’abord nécessaire de mieux comprendre ce
type d'interaction fonctionnelle encore mal décrit dans la littérature (Boucher et Jenna,
2013). Pour ce faire, nous avons présenté une étude comparative de plusieurs méthodes
existantes démontrant que les techniques et approches actuelles n’arrivaient pas a
prédire I’ensemble des IGs. Dans les faits, I’analyse exhaustive ex'posée dans ce
chapitre montre que la prédiction d’IGs pourrait bénéficier grandement d’une meilleure
compréhension des liens qui existent entre les différents niveaux d’abstraction des

systémes biologiques (Boucher et Jenna, 2013).
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Dans le Chapitre I11, j’ai présenté la caractérisation d’un interactome génétique de C.
elegans liant des genes se trouvant a ’intérieur des voies de signalisation/métabolisme
(Boucher et al., 2016). Cette caractérisation a permis de mettre en évidence une
structure de ce réseau formé de six classes d’1Gs ayant des propriétés distinctes. Cette
étude révele que les voies de signalisation/métabolisme sont composées d’IGs
apparaissant au centre des modules denses d’interactions protéine-protéine (PDS)
appelées PDS-centric Gls et d’autres étant indépendantes de ces mémes modules
(« PDS-indépendant GI »). Notre étude suggere que la coordination des modules
fonctionnels définis par ces deux classes d'IGs impliquerait des génes hautement
connectés dans le réseau (IG-Hub) et liés a leurs partenaires fonctionnels via deux
autres classes d'lG (« Connector involving GI »). Les genes définis par ces différentes
classes d'IG présentent des caractéristiques distinctives lorsque l'on considére leur
connectivité au sein du réseau 1G mais aussi au sein du réseau d’interactions protéine-
protéine, leur pléiotropie et leur redondance fonctionnelle (Boucher ez al., 2016). Le
modele de l'interactome génétique construit par notre étude pourrait permettre de mieux
comprendre le role des IGs au niveau de la robustesse des systémes et le controle

qu’elles exercent sur les processus biologiques.

Dans le Chapitre 1V, j’ai montré qu’il ¢tait possible de transposer a I’humain, la
méthode d’intégration développée chez le nématode C. elegans. Plus précisément, nous
avons démontré dans I'étude présentée a ce chapitre qu’il était possible, avec notre
approche, de caractériser un réseau d’interactions fonctionnelles (IFs) pour des sous-
types de cancer du sein (Boucher ef al., 2017, manuscrit en préparation). Nous avons
ensuite identifié, dans ce réseau, différentes classes d'IFs ayant des caractéristiques
similaires aux classes d'lGs étudiées précédemment chez C. elegans. Nous avons utilisé
ces classes d'lFs ainsi que leur niveau de plasticité entre les sous-types de cancer du
sein Luminal A et Basal-like, pour construire un modele prédictif servant a découvrir
des genes potentiellement impliqués dans ’effet Warburg, et ce, a I’échelle du génome.

La comparaison des performances in silico de ce modele et d'autres approches, utilisant
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des données d’expression seulement, démontre clairement l'avantage de I’approche de
génomique intégrative pour identifier des génes impliqués dans la reprogrammation
métabolique des tumeurs mammaires (Boucher e al., 2017, manuscrit en préparation).
La validation expérimentale des prédictions de notre modele sera effectuée dans les

prochains mois permettant la soumission de cet article pour publication.

5.2 Le degré de centralité intermédiaire des réseaux d’interactions fonctionnelles

Un des points importants de cette thése concerne la structure de I’ interactome génétique
chez C. elegans, il serait trés intéressant de savoir si cette structure partage des
similitudes avec le réseau d’interactions fonctionnelles du cancer du sein chez
I’humain. Par exemple, lorsque I’on considere le degré de centralité intermédiaire
(« betweenness », Chapitre [V, Figure 4.S1), les [Fs de types connecteurs pour les sous-
types de tumeurs du sein chez I’humain ont des « betweenness » significativement
supérieures a ’ensemble des IFs. Du coté du nématode, les classes d’interactions de
type connecteur (C3, C6) du réseau d’IGs ont des valeurs de « betweenness »
semblables a I’ensemble du réseau, mais supérieures aux autres classes (Figure 4.S1).
Sur ce point précis, je vais discuter du lien unissant la classe des connecteurs et le degré

de centralité intermédiaire élevé de leurs interactions.

5.2.1 Comparaison entre la levure et le nématode

L'organisation des 1Gs en PDS-independant, PDS-centric, ainsi qu'en connecteur,

particulierement les C6 (enrichis en « GI-Hub ») et présentant une valeur moyenne de
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« betweenness » €levée, suggere le modele suivant (Figure 5.1). Les interactions PDS-
independant et PDS-centric pourraient former des modules hyperconnectés (bien que
cela n'ait pu étre testé) et les liens impliquant des connecteurs de type C6 feraient le
lien entre ces deux types de modules fonctionnels a I'intérieur d’'une méme voie de
signalisation ou de métabolisme, ce qui expliquerait leur degré élevé (GI-Hub) au sein
de l'interactome génétique et leur valeur de Betweenness élevée (« Pathway | », Figure

5.1).

O Non-Hub Bottleneck node
O Hub Bottleneck node

O Hub Non-bottleneck node

== (5| between connectors
— PPI

PDS-independent Gl

PDS-centric Gl . PDS2:
.. Pathway 2.

Figure 5.1 Schéma représentant la structure possible du réseau
d’interactions génétique de Caenorhabditis elegans.

Différents types de points nodaux sont connectés par des interactions génétiques (« Gl ») ou
des interactions protéine-protéine (« PPl »). Les motifs denses d’interactions protéine-protéine
(« PDS ») sont a l'intérieur des cadres en gris pointillé. Les différentes classes sont indiquées
par des fleches (« PDS-independent » et « PDS-centric ») ou par des liens en gras (« Gl
between connectors »).

Ce modele s’appuie par analogie sur I’existence de protéines « bottleneck » servant de
ponts entre les modules fonctionnels dans P’interactome protéine-protéine de la levure
(Joy et al.,2005; Yu et al., 2007). Ces protéines ont été¢ montrées comme étant codées,
la plupart du temps, par des genes essentiels qui sont faiblement co-exprimés avec leurs

partenaires (Yu et al., 2007). Une propriété similaire est d'ailleurs attribuée chez C.
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elegans aux genes connecteurs liés par des interactions de type C6, qui sont faiblement

co-exprimés avec leurs partenaires (Chapitre 1, Figure 3.1b) (Boucher et «/., 2016).

Néanmoins, des ¢tudes sont nécessaires sur le degré de centralité intermédiaire des
réseaux d’IGs chez la levure et aussi, chez C. elegans, dont différentes méthodes de

prédictions d’IGs pourraient étre mises a contribution.

5.2.2 Comparaison entre le nématode et [’humain

Dans le cancer du sein, chez I’humain, notre réseau d’interactions fonctionnelles (IFs)
entre paires de genes appartenant a une méme voie de signalisation/métabolisme
présente des classes ayant un degré de centralité intermédiaire semblable aux classes
retrouvées dans le réseau d’1Gs caractérisé de C. elegans (Figure 5.2) (Boucher ef al.,
2017, manuscrit en préparation). En etfet, le degré de centralité intermédiaire des liens
de types connecteurs est supérieur aux autres types de liens, et ce, autant chez le
nématode (C3, C6; chapitre IV, Figure 4.S1) que chez I’humain (Cs, Cm, Cw; Chapitre
IV, Figure 4.S1) (Boucher et al., 2017, manuscrit en préparation). Spécifiquement, le
« betweenness » moyen des classes connecteurs des réseaux d’IFs chez I’humains est
significativement différent de la valeur moyenne lorsqu'on considere l'union des classes
d'IFs (Chapitre 1V, Figure 4.S1). Par contre, chez C. elegans, le « betweenness » des
classes connecteurs n’est pas significativement diftérent du réseau d’1Gs en entier
(Chapitre IV, Figure 4.S1). L'apparente diftérence de « betweenness » entre les classes
des connecteurs chez le nématode et I’humain pourrait s’expliquer, bien évidemment,
par la nature différente des liens utilisés (1G vs IF). En effet, I'étude chez le nématode
décrit la caractérisation d'IGs validées expérimentalement et donc enrichies en
interaction fonctionnelles, identifiées a l'intérieur des voies de signalisation (Boucher

et al., 2016). Etant donné la non disponibilité de telles données pour I'homme,
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particuliecrement dans les tumeurs mammaires, nous avons utilisé des IFs consistant en
des paires de genes prises a l'intérieur de voies de signalisation en plus d’étre co-citées
a plus d’une reprise dans la littérature (Boucher er a/., 2017, manuscrit en préparation).
Dans le passé, la co-citation a été utilisée comme attribut pour prédire des interactions
protéine-protéine (Chowdhary et al., 2009; Ramani ef al., 2005) et génétiques (Lee, 1.
et al., 2010; Lee, 1. et al., 2007). Nous postulons donc que cet ensemble de référence
contienne peu de faux positif et qu’il soit enrichi en IGs, quoique ce postulat soit

difficilement testable.

De facon intéressante, une étude a montré que des réseaux fonctionnels construits a
partir de voies de signalisation et de données d’expression des genes provenant de ces
deux especes sont sensiblement différents dans leurs topologies (Korcsmaros ef al.,
2010). Cette étude montre en effet que le réseau fonctionnel de I’humain présente
beaucoup plus de genes communiquant entre les voies de signalisation que celui du
nématode et de la mouche Drosophila melanogaster (Korcsmaros et al., 2010). Ceci
supporte I'hypothéese selon laquelle la différence observée entre les degrés de centralité
intermédiaire du réseau fonctionnel de C. elegans et celui de I’humain pourraient étre
due a des différences biologiques et non expérimentales. Par analogie, ces genes
communiquant entre les voies de signalisation sont aussi, fort possiblement, des
« bottlenecks » au niveau du réseau fonctionnel complet. Bien que dans cette €tude le
réseau fonctionnel soit constitué de paires de genes co-exprimés a I’intérieur des voies
de signalisation (Korcsmaros ef «l., 2010), il demeure encore bien éloigné dans sa
nature par rapport a un réseau d’IGs validées expérimentalement. Des études précises
sur ce point sont donc nécessaires pour confirmer cette hypotheése chez I’humain et

d’autres animaux.
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Figure 5.2 Schéma représentant la structure possible des réseaux
d’interactions fonctionnelles de deux sous-types de cancer du sein chez
’humain.

Différents types de points nodaux sont connectés par des interactions fonctionnelles (« Fl »)
ou des interactions protéine-protéine (« PPl »). Les motifs denses d’interactions protéine-
protéine (« PDS ») sont a l'intérieur des cadres en gris pointillé. Deux voies (« Pathway ») sont
montrées pour les deux sous-types de cancer du sein, les Basal-like (B) et les Luminal A (L).

Dans I’ensemble, 1’évolution et la plasticit¢ des réseaux fonctionnels pourraient
dépendre, en partie, d’une certaine quantité de nouveaux génes acquis ou de geénes
communs, codant pour de nouvelles isoformes d’une méme protéine. Ces geénes
pourraient alors permettre une coordination différente des modules fonctionnels
nécessaires a la survie et au développement des cellules saines chez C. elegans, ou
encore & ceux des cellules cancéreuses chez I’humain. L’identification de genes ayant
un « betweenness » élevé représente donc une voie possible dans la recherche de cibles

thérapeutiques adaptées au différents contextes fonctionnels d’une maladie.



217

5.3 Distinguer les interactions fonctionnelles impliquant des interactions protéine-

protéine des autres

Une des conclusions importantes du Chapitre 111 concerne la distinction entre les IGs
concentrées dans les modules denses d’interactions protéine-protéine (PDS) et les [Gs
comprises dans les modules fonctionnels dépourvus de PDS. Contrairement a beaucoup
d’études intégratives existantes, notre méthode d’intégration traite séparément les
paires de génes codant pour des protéines qui interagissent ensemble ou qui partagent
un nombre significatif de partenaires en commun de celles qui ne semblent pas
impliquées dans un complexe protéique (« PDS-independent ») (Boucher et al., 2016)
(Boucher et al., 2017, manuscrit en préparation). Chez C. elegans, les 1Gs associées
aux PDS, appartenant a la classe des « PDS-centric », sont enrichies en génes codants
pour des protéines hautement connectées dans le réseau d’interactions protéine-

protéine (IPP) (« PPI-Hubs ») (Chapitre 111, Figure 3.3b) (Boucher et al., 2016).

Les « PPI-Hubs » ou protéines hautement connectées dans le réseau d’[PP, sont d’un
intérét particulier au niveau thérapeutique. En effet, beaucoup de cibles thérapeutiques
chez I'humain sont des protéines hautement connectées dans le réseau d’IPP et sont
aussi conservées chez plusieurs especes en plus d’étre codées par des génes essentiels
(Lvetal,?2016). Cela a évidemment motivé beaucoup d’études a utiliser le degré d’IPP
pour découvrir des cibles thérapeutiques (Fu et a/., 2015 ; Ivanov et al., 2013 ; Padiadpu
et al.,, 2010). Bien sr, cibler des genes essentiels n’a évidemment pas que des
avantages. En effet. il a été montré que les effets secondaires de nombreux
médicaments soient liés au fait que leurs principales cibles soient des « Hubs »
essentiels dans I’interactome protéine-protéine (Wang et a/., 2013). Dans le troisiéme
Chapitre, on a montré que les IGs « PDS-centric » étaient peu, ou pas enrichies en
génes essentiels (Figure 3.2b) mais enrichies en « PPI-Hubs » (Figure 3.3b) (Boucher
et al., 2016). Cette particularité, avec leur pléiotropie réduite (Figure 3.7¢ et 3.7d),

suggére que cette classe pourrait contenir des interactions entre génes pouvant étre de
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bonnes cibles thérapeutiques et spécifiques a un tissu. A I’inverse, tout en étant enrichie
en genes essentiels, la classe des interactions « PDS-independent » n’est pas enrichie
en « PPI-Hubs » (Figure 3.2b et 3.3b), mais est enrichies en genes pléiotropiques
(Figure 3.7¢c et 3.7d) (Boucher ef al., 2016). Cela suggere que cette classe contienne
des 1G entre des génes qui ont peu de chance d’étre de bonnes cibles thérapeutiques.
Comme les génes associés a I’effet Warburg sont majoritairement retrouvés dans la
classe « PDS-independent » (Chapitre V), ceux-ci auraient donc aussi peu de chance

d’étre de bonnes cibles pour des traitements anti-cancéreux.

L avantage de notre méthode d’intégration est qu’elle permet de traiter séparément les
paires de génes associées fortement aux IPP et d'éviter de concentrer notre étude sur
les interactions génétiques associées a des complexes protéiques, qui font actuellement
l'objet de la plupart des études utilisant des approches de génomique intégrative (Mitra

etal.,2013).

5.4 La coordination des processus biologiques par différentes classes d’interactions

fonctionnelles selon le contexte

Dans le dernier chapitre, le modele prédictif pour identifier des genes potentiellement
impliqués dans ’effet Warburg utilise les liens de la classe Pl comme un attribut
fortement prédictif. A Dinverse, les interactions fonctionnelles (IFs) de la classe des
connecteurs C sont utilisées négativement dans le modele prédictif final. Aussi, les IFs
associées aux PP, appartenant a la classe PC, sont completement absentes du modele
prédictit (Boucher et al., 2017, manuscrit en préparation). Nous avons été surpris par
ces résultats puisque I'étude faite sur le réseau d'interaction génétique du nématode a
permis de qualifier les genes impliqués dans des interactions de type connecteurs (C3

et C6) comme étant des genes ayant des propriétés de coordination des processus
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biologiques, principalement due a leur enrichissement en « GI-Hubs » et a leur
pléiotropie (Chapitre II1 ; C6, Figure 3.7b et c¢). Notre hypothese semblaient aussi se
confirmer par le fait que de nombreux genes de la famille "Lineage deficient” Lin
(Chapitre III ; lin-1, lin-12; Figure 3.S5), qui sont des geénes clés déterminant la
spécification du lignage cellulaire au cours du développement du nématode, étaient liés
a leur partenaires fonctionnels via des interaction de type connecteur pléiotropiques,
(C6; Figure 3.S5, (Boucher er al., 2016)). Nous nous attendions donc a ce que des génes
contrélant la reprogrammation métabolique des tumeurs mammaires fasse partie de
cette catégorie de genes et interagissent avec leurs partenaires de la voie de la glycolyse
et de la phosphorylation oxydative (OXPHOS), en majorité via des interactions de type
connecteur. Les résultats obtenus indiquent un appauvrissement de ce type
d'interactions entre les genes associés a I'effet Warburg et les genes de
glycolyse/OXPHOS, nous laissant imaginer: (1) que les interactions fonctionnelles que
nous avons appelées connecteur (C) dans notre interactome fonctionnel humain n'ont
pas de fonction de coordination des processus biologiques; ou (2) qu'il y a plusieurs
niveaux de coordination des processus biologiques dont certains impliquent des
interactions de type « PDS-independent » (PI) et d'autres, des interactions de type

"connecteur" (C).

Le fait que les liens C aient une valeur moyenne de « betweenness » élevée dans les
interactomes fonctionnels, et ce a la fois chez le nématode et I'humain, suggere que les
genes liés par des interactions de ce type jouent un role structural et potentiellement
important dans les réseaux d'interactions fonctionnels de ces deux especes. Ceci va

donc a l'encontre de I'hypothése (1) énoncée plus haut.

Nous considérons donc I'hypothese (2) comme la plus probable. En prenant I'ensemble
des processus biologiques, les voies métaboliques constituent un ensemble de geénes
que nous imaginons trés interconnectés. Des génes impliqués dans la reprogrammation
métabolique seraient donc des geénes a l'intersection d'éléments ou de sous-groupe de

geénes a l'intérieur de cet ensemble. Nous pourrions donc considérer les génes associés
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a I'effet Warburg comme des génes coordonnant des modules fonctionnels situés a
I'intérieur de I'ensemble des voies métaboliques. Ces genes auraient donc des fonctions
de coordination entre des modules fonctionnels situé a "proximité" les uns des autres
dans l'interactome fonctionnel du tissue considéré. Suivant ce méme raisonnement,
nous émettons I'hypotheése que les genes coordonnant le métabolisme avec d'autres
processus biologiques, tels que la machinerie de polarité ou de migration cellulaire,
serait des genes montrant des fonctions de coordination entre des processus biologiques
plus distants dans les réseaux d'interactions fonctionnelles et interagiraient via des

interactions de type Connecteurs.

Cette hypothese est supportée par les caractéristiques distinctives des interactions de la
classe PI, équivalent a la classe « PDS-independent » de I’interactome génétique chez
C. elegans (C1 et C2; Figure 3.1b) (Boucher ef al., 2016), et de ceux de classe C
équivalent aux classes C3 et C6 chez C. elegans (Figure 3.1b) (Boucher er al., 2016).
La classe PI est caractérisée par des genes qui sont tres souvent co-exprimés et qui sont
associés a plusieurs phénotypes ou maladies en communs (Boucher et al., 2017,
manuscrit en préparation) (Boucher ef al., 2016). Les interactions fonctionnelles de
type PI, chez I’humain et le nématode, seraient donc concentrées au sein de modules
fonctionnels associés aux méme phénotypes et maladies. Il fait du sens que les
altérations du métabolisme énergétique associées a la perturbation de la glycolyse, ou
a celle de la respiration mitochondriale, soient associées aux mémes pathologies. Notre
¢étude suggere donc que les genes associés a ’effet Warburg soient des genes présentant
des fonctions de coordination de processus de proximite a l'intérieur de l'interactome
fonctionnel des tumeurs mammaires humaines. 11 serait aussi intéressant de voir si une
approche similaire nous permettrait d'identifier une classe de genes ayant une fonction
de coordination de processus distant via l'identification d'interactions de type

connecteurs.
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5.5 Pertinence de notre approche intégrative pour la découverte de geénes impliqués

dans différents contextes d’une maladie

Comme démontré dans le dernier chapitre, le modele prédictit basé sur notre approche
intégrative est beaucoup plus performant que celui basé sur des données d’expressions
seulement. Il est donc raisonnable de croire que notre approche, grace aux différents
attributs dont certains dérivés a partir des données d’expression, permette de
caractériser les réseaux fonctionnels avec beaucoup plus de précision qu’en utilisant
I’expression des génes seulement. Bien évidemment, il est primordial de tester d’autres
approche de prédiction que la régression linéaire simple présenté dans le dernier

chapitre.

Dans le méme ordre d’idée, un des champs d’études parmi les plus prometteurs ayant
mené a la caractérisation de réseaux fonctionnels de plusieurs types de cancer est la
protéogénomique (Locard-Paulet ef al., 2016; Mertins et al., 2016; Zhang, B. et al.,
2014; Zhang, H. et ul., 2016). Ce champ de recherche combine non seulement la
protéomique et la phosphoprotéomique (Locard-Paulet e a/., 2016), mais integre aussi
souvent des données d’expression des génes et de nombre de copies des genes (Mertins
et al., 2016; Zhang, B. et al., 2014; Zhang, H. et al., 2016). Ces dernieres études ont
non seulement permis d’identifier des genes conducteurs potentiels (dont leur altération
est favorable a la progression tumorale), mais ont aussi permis d’identifier les voies de
signalisation, et donc les contextes fonctionnels qui sont altérés par les mutations de
ces genes (Mertins et al., 2016; Zhang, B. et al., 2014; Zhang, H. et al., 2016). Il serait
donc intéressant de voir ou se situe notre méthode d’intégration et notre caractérisation
des réseaux fonctionnels du cancer du sein par rapport aux résultats obtenus par
I’entremise de la protéogénomique. Un avantage certain de notre approche vis-a-vis
cette derniére est le fait que notre approche ne nécessite que l'obtention de données
d'expression pour le tissu et €chantillon de tumeur. En effet, a I’inverse des données

d’expression qui sont accessibles et peu coliteuses, les données de protéomique sont
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beaucoup moins accessibles et sont plutdt colteuses a obtenir pour de larges cohortes
de patients (Di Meo et al., 2014; White, 2011). Notre méthode pourrait s’avérer étre
une alternative peu coliteuse et tres accessible pour identifier des cibles thérapeutiques

pour différentes pathologies incluant tous les types de cancer.

Enfin, toute chose n’étant pas parfaite, notre méthode d’intégration possede tout de
méme quelques faiblesses. Parmi celles-ci, les interactions fonctionnelles caractérisées
ou prédites par notre méthode ne sont pas directionnelles. Autrement dit, il n’est pas
possible de prédire si une interaction fonctionnelle donnée a un effet positif (e.g.
activation) ou négatif (e.g. inhibition) dans le contexte étudié. Par exemple, la mesure
de la force contextuelle (FC) décrite pour chaque interaction et la moyenne des forces
contextuelles des interactions impliquant un geéne dans un contexte A versus un
contexte B, ne nous permet pas de prédire si ce géne est plus "actif" ou "inactif" dans
chacun de ces contextes. Par exemple, si le gene X a des interactions présentant un FC
plus fort dans le contexte A que dans le B, ceci n'indique pas que ce gene soit plus actif
dans le contexte A. En effet, ce géne pourrait étre impliqué dans un plus grand nombre
d'interactions inhibitrices dans le contexte A et sera donc plus inactif que dans le

contexte B.

Pour remédier a cette faiblesse, il serait possible d’identifier, chez !’humain, les
interactions  fonctionnelles inhibitrices et activatrices dans les voies de
signalisation/métabolisme afin de caractériser leurs signatures basées sur nos attributs
et/ou d’autres propriétés. Ces signatures pourraient ensuite servir a départager, dans le
contexte d’une maladie humaine, les interactions fonctionnelles ayant potentiellement
un effet positif de celles ayant un effet négatif et de les utiliser comme ensembles
d’entrainements dans un modele prédictif. Ce modele prédictif peut ensuite servir a
classifier, a I’échelle du génome, les paires de genes selon leur potentiel inhibiteur ou
activateur. Cette derniere information pourrait aussi €tre intégrée au calcul de la force

contextuelle, vu dans le dernier chapitre, afin de mieux caractériser les voies et modules
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fonctionnels activés ou désactivés, et d’identifier avec une meilleure précision la

plasticité des réseaux entre des cohortes de patients.

5.7 Directions futures et suivi expérimental

Grace a I'information provenant de I’analyse en profondeur d’interactomes génétiques
et au modele prédictif permettant d’identifier des génes potentiellement associés a
’effet Warburg, plusieurs possibilités de suivi expérimental pourraient étre réaliser

dans les prochaines années.

Parmi celles-ci, notons la validation expérimentale des prédictions, provenant du
dernier chapitre, chez le nématode Caenorhabditis elegans. En utilisant les orthologues
des genes prédits comme jouant un role dans I’effet Warcburg dans le cancer du sein
chez ’humain (chapitre V). Il serait possible de caractériser, chez le nématode, les
roles joués par ces orthologues dans des processus clés du développement cellulaire de
cet animal. Il a été¢ montré, dans plusieurs études récentes, que C. eleguns pourrait
utiliser l'effet Warburg lorsque la respiration mitochondriale est compromise par
inactivation chimique (Jang ef al., 2016; Luz et al., 2016). De plus, les essais de
développement et de locomotion de larves développés dans ces études pourraient servir
a évaluer le role énergétique critique joué par des genes prédits par notre modele pour
controler l'effet Warburg chez I’humain. Ces tests seraient réalisés chez des animaux
présentant des déficiences de la respiration mitochondriale et soumis a un ARN
interférant (ARNI) ciblant ces genes. Par la suite, les génes identifiés dans le contrdle
de I'effet Warburg chez C. elegans seraient testés pour leur fonction pendant la
prolifération cellulaire et la migration dans les cellules cancéreuses du sein chez
I’humain. Pour ce faire, des cellules associées aux sous-types de tumeurs mammaires

luminal et basal, affichant un faible et un haut niveau de glycolyse aérobie
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respectivement (Brauer et al., 2013; Palaskas et al., 2011), seraient utilisées. Des
résultats concluants permettraient d’établir C. elegans comme modele pour 1’étude de

I’effet Warburg et de valider notre mode¢le prédictif.



ANNEXE A
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Text S3.1
Supplementary information

Robustness of GIs-all clustering into classes

We classified GIs from Gls-all using a cluster selection algorithm (Figure 3.1b; see
Methods). Briefly, for each pre-selected cluster obtained by cutting the dendrogram at
a certain height, we assessed the information content with the approximately unbiased
bootstrap probability, which indicates how data support the clusters (see Methods).
Secondly, we evaluated the classification performance of a logistic regression model
using the cluster information content as a positive learning set and computed the
performance with a leave-one-out cross-validation (LOOCYV) test. A receiver operating
characteristic (ROC) curve was then built following LOOCYV results, which gave AUC
scores between 0 and 1 (0.5 for a random prediction and 1 for a perfect prediction;
Figure 3.S1). We judged that equivalently sized clusters with high AUCs were
preferable over disparately sized clusters to ensure objective comparisons in further
analysis. Thus, clustering the positive set of GIs identified 10 clusters and the six with
AUC scores higher than 0.8 (C1 to C6) were subsequently analyzed to identify
distinctive properties of GI classes (Figure 3.S1).

Impact of missing data on GI clustering

Despite the ever-growing amount of data coming from genome-wide studies, certain
types of data, such as PPIs and phenotypical characterization of genetic alterations, still
present very poor genome coverage. In addition, while all genes have expression data

available, missing data is reported for the co-expression attribute for a certain number
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of genes that have expression values for less than 80% of the data used in our study.
These data were used to compute five out of six of our attributes (see Methods; Lee et
al. 2010). The sixth one (Exp) relies on expression data, which present high genome-
coverage (Lee er al. 2010). Before further characterizing the different classes of Gls,
we asked whether the genomic signatures associated with each class might result from
the sparse nature ot genomic data used in the clustering. To evaluate this possibility,
we calculated the percentage of Gls in each class missing expression data, PPl or
phenotypical characterizations (Figure 3.S2). While a certain amount of data were
missing in each classes of Gls, detailed analysis revealed that missing expression,
phenotype and/or PPl data did not significantly influence the distinctive properties
observed for the six selected classes of Gls identified by our clustering technique. For
example, Gls found in C1 and C2 segregate from C5 and C4 based on the absence of
direct interaction between protein products of interacting genes (Int = 0; see Methods;
Figure 3.1b) and the absence of an unexpectedly high number of common protein
partners for these proteins within the PPI network (CI P > 0.05; see Methods; Figure
3.1b). At most 31.7% of Gls clustered in Cl and C2 lack PPI data (Figure 3.S2),
suggesting that up to 31.7% of these interactions may segregate into C4 and C5 if using
more complete protein interaction data. While this constitutes a significant portion of
the Gls found in C1 and C2, these data suggest that the majority of C1 and C2 (more
than 68%) are significantly distinct from C5 and C4 and consequently, that C1 and C2

constitute a real distinct class from C4 and CS5.

CS is composed of 51.7% of Gls expressing the phenotype enriched in their
neighbourhood (NPh =1, see Methods; Figure 3.1b) and expressing proteins that share
a large number of common interactors within the PPI network (C7 < 0.05, see Methods;
Figure 3.1b). These interactions could then segregate from C4 Gls based on the values
of the NPh attribute (this value being null for C4 Gls). 60.4% of C4 Gls does not have
any assigned phenotype upon genetic alteration. The lack of phenotypic data is then

responsible for the null values of NPh for 60.4% of C4 Gls indicating that at least one
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of the interacting genes is not essential to any biological function assayed during
genome-wide RNAI screening, or that the RNAI experiment used was not efficient
enough to identify any phenotype. The cumulative false negative proportion (i.e. the
frequency of genes having no phenotype association because of technical artefact) of
genome-wide RNAI screenings reported in WormBase (release WS180) is impossible
to estimate and may be responsible for the clustering of Gls in C4 instead of C5. C4
Gls are also distinguished from the second half of C5 Gls based on 7 and (7 attributes.
No missing PPI data are observed for C4 and C5 Gls suggesting that the segregation

of these two clusters cannot be explained by missing PPI data.

C2 Gls were distinct from C1 based on the fact that C2 gene pairs do not express the
common phenotype(s) enriched in their neighborhoods (NPh = 0, see Methods; Figure
3.1b). However, no missing phenotypical data is observed for C1 and C2 Gls,
suggesting that ditferent NPh values are a real distinctive property for differentiating
C2 from C1 Gls. Missing expression data in C2 (Figure 3.S2) may also partially explain
the lower average coexpression value observed in C2 when compared to Cl, (Figure

3.1b).

C3 and C6 segregated from the other clusters based on the absence of a significant
enrichment of similar phenotypical profiles (P4 =I; see Methods; Figure 3.1b).
However, none of the Gls in C3 and C6 lack phenotypical data (Figure 3.S2),
suggesting that the absence of a significant enrichment of similar phenotypical profiles

is a real distinctive property of these two GI classes.

(3 and C6 distinguished themselves from the other clusters based on low coexpression
values of interacting genes in C6 and on the lack of phenotype enriched in their
neighbourhood (N > 0.05; see Methods, Figure 3.1b). Expression data are missing in
25.6% of Gls from C6 (Figure 3.S2). These data play also an important role in the
computation of the N attribute since the neighbourhood of a gene is defined by its
significantly coexpressed genes and the PPI partners of its protein product. This

suggests that up to 26% of Gls from C6 may redistribute to C3, given more complete
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data sets. This also implies that the majority of C6 (more than 74%) retains distinctive

properties when compared to C3.

Overall, these data show that missing expression, phenotype and/or PPl data cannot

explain the classification of GIs-All in six classes with distinctive properties.

GI classes assembly into GI dense subnetworks

We tested whether Gls may assemble into GI dense subnetworks (GDS). To test this
possibility, we identified GDS within Gls-all using the cytoscape “MINE™ plugin
(Rhrissorrakrai et Gunsalus 201 1). We identified 42 GDS (Figure 3.S3). For each GDS,
we computed a monochromacity score (MS) adapted from similar study done on yeast
Gl network (Szappanos ef al. 2011). Positive and negative MS identified GDS enriched
or depleted respectively in a given Gls class (see Methods). Clustering of GI classes
using Euclidian distance based on MS revealed that GI classes tend to cluster by pair
within GDS: C1 with C2, C4 with C5 and C3 with C6 (Figure 3.S3). Measurement of
the enrichment of combination of classes using hypergeometric test also revealed that
C1 1s enriched alone or in combination with C2, C3 or C6 in a few GDS (Figure 3.S3b).
Similarly, C4 was found enriched alone or in combination with C5 (Figure 3.S3b).
These data suggest that while GDS number is too small to clearly measure a

monochromaticity of GDS, GI classes tend to assemble in GDS in a biased manner.

We supported this assumption through measurement of the amount of overlapping
genes in the selected Gl classes. The rational behind this measurement is that GI classes
that had a propensity to assemble in GDS together may also share common genes. To
do so, we hierarchically clustered gene frequencies and used the resulting dendrograms

as an indication of proximity between GI classes (Figure 3.S4). Two distance metrics
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were used to distinguish GI classes: Canberra distance was used to cluster Gl classes
when considering repetition of genes within classes (due to the potential involvement
of genes in more than one GI). We used also Binary distance to cluster these classes
base on gene composition without considering frequency. This study revealed that gene
sets appear to be different between Gl clusters (Binary; Figure 3.S3), and that the most
connected genes arc also largely different from one cluster to another (Canberra; Figure
3.S3). Interestingly, irrespective of the clustering method used, GI classes distributed

in three groups, C1/C2/C3, C4/C5 and C6 based on gene overlaps (Figure 3.54).

Enrichment in within- and between-PDS within pathways does not depend on the PPI

network topology

We tested whether the size and the number of PDS may influence the enrichment of
within- and between-PDS, within pathways. To do so, we analyzed the distribution of
PDS identified from our PPI network (Figure 3.S14a), cut this distribution and
generated several networks with different combination of small and large PDS. As seen

in Figure 3.S14b, these networks are composed of:
PDS-1: 30 PDS of less than 10 proteins

PDS-2: 10 PDS of more than 99 proteins

PDS-3: 90 PDS of less than 30 proteins

PDS-4: 50 PDS of more than 50 proteins

PDS-5: 100 PDS of less than 50 proteins

PDS-All: As a control we used the network composed of all PDS found in our PP-

interactome
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PDS-Rdm: In order to strengthen this study, we used node permutation to generate 100
random networks displaying the same topology than PDS-all (same number of
interactions, same number of PDS, same PDS size-distribution, same between PDS
interactions; Figure 3.S14¢ and 3.S14d). These random networks are called PDS-Rdm
(Figure 3.S14b) and contain less than 3% overlapping edges with the PDS-all.

We then used these networks to assess the enrichment in within- and between-PDS
interaction found within pathway as detailed in the Method section. This analysis
showed that except for PDS-1 containing only PDS of less than 10 proteins, PDS-2 to
-5 and PDS-all display a significant enrichment in within- and between-PDS
interactions within pathways (Figure 3.S14b). In addition, PDS-Rdm with the same
topology than PDS-all did not display any enrichment neither in within- nor in
between-PDS and even appears significantly depleted in these two kinds of interactions
(Figure 3.S14b). These data suggest that the enrichment of within- and between-PDS
observed within-pathways did not depend on the topology of the PDS network but

instead depends on the interactions themselves.

These data suggest that pathways and PDS are distinct functional modules. They also
suggest that pathways are composed of several PDSs and that proteins involved in the
same pathway may be part of the same PDS or of different PDS. We confirmed these
assumptions through a close examination of KEGG pathways and PDS as shown in
Table 3.S4 (en ligne: Boucher et al. 2016). We identified for each KEGG pathways
and pathways from the literature genes involved in the same PDS (same-pathway &
same-PDS) and genes involved in the same pathway and in different PDS (same
pathway & different PDS). This study revealed that our assumption is exact and that
up to 6 PDS may contain proteins involved in the same pathway and up to 4 proteins
of the same PDS may be also involved in the same pathway. For example, Vulval
development is a pathway involving genes coding for proteins present in 5 different
PDS. two genes LIN-45 and LET-60 are part of the same PDS, while 4 other genes,
LIN-3, SEM-5, KSR-1 and LET-23 code for proteins that are part of 4 different PDS
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(Table 3.S4: en ligne: Boucher et al. 2016).

Distribution of GI classes within and between ranges of Pleiotropy

We looked at the distribution of GI classes at different ranges of pleiotropy. To do so,
we measured the enrichment of GI classes in Gl subnetworks composed of genes within
a similar PI range, either PI higher or equal to a certain threshold (t) (upper panel,
Figure 3.S17) or PI lower or equal to T (middle panel, Figure 3.S17). Log Odds ratio
and hypogeometric P-values are indicated in Table 3.S5 (en ligne: Boucher ef al. 2016).
Interestingly, we found that C1, C2 and C6 Gls are enriched in interaction between
genes with high PI1 (P1>7 for C1 and PI > 6 for C2 and C6; upper panel, Figure 3.S17).
On the other side, C4 is highly enriched in interactions between genes with lower Pls
(PI < 2; middle panel, Figure 3.S17). C5 and C3 are enriched in interaction between

genes with an average Pl (4 <Pl <5 and 5 <PI <6, respectively).

Gls may also link genes in different Pl ranges. To test this possibility, we measured the
enrichment of GI classes in sets of interactions linking genes with a P[ higher or equal
to a certain threshold (Pl > 1) with genes having a PI below this threshold (Pl <1). We
tested this for every T between 1 and 10 (lower panel, Figure 3.S17). These data showed
that C1, C2 and C6 link genes with average to high Pls (between 4 and 7; higher panel,
Figure 3.S17) to genes with an even higher PI (from 6 to 10; lower panel, Figure 3.517).
These data also show that C4 links genes with low Pls (from 0 to 2; middle panel,
Figure 3.S17) to genes having an average Pl (between 2 and 5; lower panel, Figure
3.S17). C3 appeared to do the opposite of C4, linking genes of average to high Pls
(from 5 to 6; middle panel, Figure 3.S17) to genes with lower PI (from 2 to 5; lower
panel, Figure 3.S17). CS interactions appeared not to be enriched across ranges of Pls,

suggesting that C5 interactions link genes mainly within an average Pl range (from 4



232

to 5; middle panel, Figure 3.S17). Note that GI between genes that have very different
PI will be considered to compute the Log Odds ratio more than once (meaning at
different threshold (t)). For example an interaction between a gene with PI=9 and a

gene with PI=7 will be identified with 1 =9 and 8.

Altogether these data further characterize PDS-centric (C4-C5) functional modules
composed of elements with average and low Pls, and PDS-independent (C1-C2)
functional modules linking genes with high Pls. These data also further distinguish C3
from C6 connectors, with C6 linking genes from an average to a high level of

pleiotropic and C3 interactions linking genes from an average to a low pleiotropic level.
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Supplementary data

Structural function of classes of FI in C. elegans and human

"Connector” interactions (C) were enriched in GI hubs in the C. elegans GI network
and were proposed to have coordination function within this network (Boucher et al.,
2016). Due to the lack of Gl data in human breast cancer, we addressed the potential
coordination function of C through measurement of their betweeness indices of Fls
identified in each network. This study is used to identify edges within a network that
are used in more paths than expected by chance (Suppl. Fig. 1A). Edges with high
betweenness are called bottleneck edges. The analogy for these edges are bridges
linking dense networks of roads within a city located on an island to those located on
the shore (Yu et al., 2007). Measurement of betweenness for Gls of the C. elegans
network characterized in our previous study identified Cm and Cw interactions (C3 and
C6 respectively; Suppl. Fig. 1B-D) and PIm (C2; Suppl. Fig. 1B-D) as bottleneck edges
of the networks, particularly for interactions involving non-Hub genes (Suppl.l. Fig.
1D). Similarly, Cs, Cm, Cw and Plw displayed significantly higher betweenness than
other classes of Fls in both Luminal A and Basal-like (Suppl. Fig. 1E and F
respectively). All together, these data suggest that FI classes display distinctive
plasticity properties and structural functions within FI networks. These data also
suggest that in both human and C. elegans, C, and to a lesser extent, Pl interactions
tend to be bottleneck interactions, suggesting that genes linked to their partners through
these classes of interactions may display more critical coordination function between

biological processes that those that do not.

Characterisation of predictive model of Warburg effect genes
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To better characterize the model generated to predict the Warburg effect genes
described above, we considered the respective contribution of the percentage of PI, C
and plastic interaction to this model. We generated three models using: only percentage
of PI (Suppl. Fig 2A); only the percentage of C (Suppl. Fig. 2B); and only the
percentage of plastic interactions (Suppl. Fig. 2C). This analysis revealed that none of
these models were as performant as the linear model combining these three groups of
attributes. It also revealed that set of genes identified with the lowest percentage of
plastic interactions are depleted in Warburg effect genes, suggesting that while lower
plasticity value than average display a significant predictive power to identify Warburg

effect genes, a minimal plasticity is still an hallmark of this group of genes.
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Luminal A
TCGA-BH-AQEA-01
TCGA-B6-A0I5-01
TCGA-AQ-A54N-01
TCGA-E9-A1R6-01
TCGA-B6-A0X4-01
TCGA-D8-A145-01
TCGA-E2-A1l1-01
TCGA-GM-A2DO0O-01
TCGA-B6-A0WV-01
TCGA-A1-AQ0SP-01
TCGA-BH-AOHP-01
TCGA-BH-A0ODZ-01
TCGA-E9-A1INA-01
TCGA-EW-A1PG-01
TCGA-AC-A6IX-01
TCGA-BH-A18P-01
TCGA-AN-AQAK-01
TCGA-E9-A22D-01
TCGA-BH-AODK-11
TCGA-BH-AQOBF-01
TCGA-D8-A1XS-01
TCGA-A2-A25A-01
TCGA-AO-A0J7-01
TCGA-ES-A243-01
TCGA-BH-ADAY-01
TCGA-BH-A18S-01
TCGA-E2-A158-11
TCGA-D8-A27N-01
TCGA-A8-A06Q-01
TCGA-AQ-AQJE-01
TCGA-AR-A2LL-01
TCGA-C8-A12Q-01
TCGA-A2-AOCW-01
TCGA-BH-A0W4-01
TCGA-D8-A1J9-01
TCGA-E2-A15K-01
TCGA-A2-AOYE-01
TCGA-BH-A0B8-11
TCGA-BH-AQODP-01
TCGA-BH-A204-01
TCGA-E9-A1RI-01

Luminal B
TCGA-D8-A3Z6-01
TCGA-AC-A5XU-01
TCGA-BH-AOBT-11
TCGA-Z7-A8R6-01
TCGA-A2-A04Q-01
TCGA-BH-A1FM-11
TCGA-AR-A24R-01
TCGA-A2-A25E-01
TCGA-BH-A1FU-11
TCGA-E9-AING-01
TCGA-BH-AODS-01
TCGA-BH-A0BS-11
TCGA-AR-AQU4-01
TCGA-AO-A0JB-01
TCGA-PE-A5DC-01
TCGA-E9-A1RD-01
TCGA-A2-A25C-01
TCGA-XX-A89A-01
TCGA-BH-A0B5-11
TCGA-BH-AQE7-01
TCGA-D8-A1JS-01
TCGA-XX-A899-01
TCGA-E2-A151-01
TCGA-BH-A1FL-01
TCGA-E9-A248-01
TCGA-OL-A5RU-01
TCGA-A2-AQET-01
TCGA-C8-A138-01
TCGA-EW-A1P5-01
TCGA-E9-A5FK-01
TCGA-BH-A1FN-11
TCGA-D8-A1XT-01
TCGA-A8-A0SW-01
TCGA-EW-A6SD-01
TCGA-AO-A12C-01
TCGA-C8-A273-01
TCGA-E9-A1INE-01
TCGA-JL-A3YX-01
TCGA-E2-A2P5-01
TCGA-AR-A2LM-01
TCGA-AO-A12A-01

HER2-E
TCGA-E9S-A1RF-11
TCGA-BH-AODD-01
TCGA-ES-AINC-01
TCGA-AO-A1KQ-01
TCGA-E2-A1LH-11

Basal-like
TCGA-AR-A5QQ-01
TCGA-C8-A131-01
TCGA-A2-A3XS-01
TCGA-AR-A1AO-01
TCGA-BH-AODT-01

TCGA-BH-AOBW-01 TCGA-D8-A147-01

TCGA-A8-A06Y-01
TCGA-E2-A14V-01
TCGA-A2-A0T6-01
TCGA-E2-A1LB-11
TCGA-AR-A2LR-01
TCGA-B6-A401-01
TCGA-B6-A0RN-01
TCGA-AN-AQFS-01
TCGA-A2-A453-01
TCGA-A8-A08Z-01
TCGA-C8-A1HE-01
TCGA-BH-AOHU-01
TCGA-A8-A0A1-01
TCGA-EW-A1P1-01
TCGA-D8-A271-01
TCGA-53-AA15-01
TCGA-AR-A1AV-01
TCGA-EW-A1PD-01
TCGA-E2-A15D-01
TCGA-A2-A25F-01
TCGA-C8-A1HI-01
TCGA-A8-A07W-01
TCGA-B6-A0IN-01
TCGA-E9-AING6-11
TCGA-BH-AOHS-01
TCGA-A7-A0CJ-01
TCGA-A1-AOSM-01
TCGA-D8-A1J8-01
TCGA-A8-A070-01
TCGA-OL-A66N-01
TCGA-A8-A075-01
TCGA-OL-A5D6-01
TCGA-D8-A1JC-01
TCGA-A8-A08G-01
TCGA-A2-A0SY-01

TCGA-ES-A1RD-11
TCGA-AR-A5QM-01
TCGA-AC-A2BK-01
TCGA-E2-A110-01
TCGA-LL-A5Y0-01
TCGA-OL-A5DA-01
TCGA-D8-A27R-01
TCGA-E9-A227-01
TCGA-E9-A1RF-01
TCGA-AR-AO0TQ-01
TCGA-A8-A0A2-01
TCGA-A2-A1G1-01
TCGA-A2-A1FV-01
TCGA-E2-A573-01
TCGA-D8-A27V-01
TCGA-A7-A31Z-01
TCGA-A2-A0T4-01
TCGA-EW-A10V-01
TCGA-GM-A2DL-01
TCGA-AC-A2FF-01
TCGA-A7-A425-01
TCGA-BH-A0OBA-11
TCGA-BH-AODV-11
TCGA-A8-A06N-01
TCGA-A2-AOCT-01
TCGA-BH-AODH-11
TCGA-A2-A0CY-01
TCGA-AC-A3W7-01
TCGA-E2-A15A-01
TCGA-B6-A408-01
TCGA-A2-A3KD-01
TCGA-AO-A0JG-01
TCGA-E2-A1AZ-01
TCGA-A2-AOCV-01
TCGA-AR-A2LE-01

Normal-like
TCGA-BH-A1EW-11
TCGA-E2-A1BC-11
TCGA-BH-AQHX-01
TCGA-BH-A1FJ-11
TCGA-OL-A66K-01
TCGA-AN-AQAT-01
TCGA-AC-A3EH-01
TCGA-AO-A0JM-01
TCGA-C8-A1HG-01
TCGA-AO-A1KT-01
TCGA-C8-A12V-01
TCGA-D8-A1XA-01
TCGA-E2-A11U-01
TCGA-3C-AALI-01
TCGA-AN-AOFK-01
TCGA-E2-A150-01
TCGA-PL-A8LX-01
TCGA-AN-A03X-01
TCGA-S3-A6ZH-01
TCGA-AN-A049-01
TCGA-OL-A6VQ-01
TCGA-AR-A251-01
TCGA-BH-A1FG-11
TCGA-LL-A7S5Z-01
TCGA-A8-A06P-01
TCGA-D8-A1X6-01
TCGA-AC-A2FF-11
TCGA-E2-A15P-01
TCGA-E2-A14Y-01
TCGA-EW-A1PH-01
TCGA-E2-A1LH-01
TCGA-AC-A5EH-01
TCGA-E2-A3DX-01
TCGA-A7-AODC-11
TCGA-B6-A0RS-01
TCGA-E9-A1RH-01
TCGA-A8-A07F-01
TCGA-LL-A441-01
TCGA-D8-A1JP-01
TCGA-S3-A6ZF-01
TCGA-A8-A091-01



TCGA-E9-A1RH-11
TCGA-AC-A3HN-01
TCGA-BH-ASFY-01
TCGA-A2-A04X-01
TCGA-B6-A0IP-01
TCGA-AO-A128-01
TCGA-C8-A12M-01
TCGA-AC-A23G-01
TCGA-A8-A06X-01
TCGA-A8-A09V-01
TCGA-A8-A07L-01
TCGA-D8-A27M-01
TCGA-LL-A440-01
TCGA-Z7-A8R5-01
TCGA-OL-A5D8-01
TCGA-E2-A10F-01
TCGA-E2-A108-01
TCGA-AR-A255-01
TCGA-GM-A4EQ0-01
TCGA-PE-ASDE-01
TCGA-PL-ASLY-01
TCGA-AC-A2FB-11
TCGA-A2-A451-01
TCGA-E2-A1LG-01
TCGA-E2-A106-01
TCGA-AC-A2FE-01
TCGA-BH-A1EU-01
TCGA-LL-ASYL-01
TCGA-A7-A4SF-01
TCGA-BH-A0C3-01
TCGA-B6-A0I1-01
TCGA-BH-A1F0-01
TCGA-A7-A13E-11
TCGA-C8-A12T-01
TCGA-A1-A0SD-01
TCGA-A7-A26J-01
TCGA-AO-A0)I-01
TCGA-GM-A3XG-01
TCGA-A8-AOAD-01
TCGA-EW-A1J2-01
TCGA-AR-A1AR-01
TCGA-BH-A0B2-01

TCGA-E2-A14N-01
TCGA-JL-A3YW-01
TCGA-OL-A5RV-01
TCGA-A8-A097-01
TCGA-WT-AB41-01
TCGA-E2-A15E-06
TCGA-D8-A1Y3-01
TCGA-A2-AQOEU-01
TCGA-BH-AOEI-01
TCGA-AN-AOXT-01
TCGA-D8-A142-01
TCGA-AO-A0JL-01
TCGA-AC-A2QJ-01
TCGA-E9-A54X-01
TCGA-LL-A6FQ-01
TCGA-BH-AOHK-11
TCGA-BH-A1F5-01
TCGA-BH-A18P-11
TCGA-AO-A1IKO-01
TCGA-A2-A25D-01
TCGA-AR-ATAW-01
TCGA-A2-A0DO-01
TCGA-A7-A0CG-01
TCGA-D8-A375-01
TCGA-BH-A1EN-11
TCGA-B6-A0X0-01
TCGA-A7-A26E-01
TCGA-BH-A1ES-06
TCGA-E2-A15M-01
TCGA-ES-AINS8-01
TCGA-C8-A8HP-01
TCGA-ES-AIND-11
TCGA-EW-A1J3-01
TCGA-BH-A0B3-01
TCGA-A2-A3Y0-01
TCGA-C8-A26Z-01
TCGA-AR-A24P-01
TCGA-A8-AQ07U-01
TCGA-AR-A24T-01
TCGA-A2-AOD3-01
TCGA-A8-A083-01
TCGA-D8-A1JI-01

TCGA-BH-A1FH-11
TCGA-BH-A42T-01
TCGA-A2-A0YG-01
TCGA-BH-AODK-01
TCGA-C8-A133-01
TCGA-ES-A1RI-11
TCGA-OL-A66L-01
TCGA-A7-A5ZX-01
TCGA-E9-A2JS-01
TCGA-AC-A6IW-01
TCGA-E2-A1L7-11
TCGA-3C-AAU-01
TCGA-BH-A208-11
TCGA-B6-A0IO-01
TCGA-AO-AO3M-01
TCGA-LL-A7T0-01
TCGA-BH-AOBA-01
TCGA-A2-A04N-01
TCGA-E2-Al1L6-01
TCGA-E9-A5U0-01
TCGA-A2-A3XZ-01
TCGA-OL-A5RY-01
TCGA-BH-A18R-11
TCGA-OK-A5Q2-01
TCGA-EW-A423-01
TCGA-ES-A3Q9-01
TCGA-AQ-A7U7-01
TCGA-LD-A74U-01
TCGA-BH-A0B6-01
TCGA-ES-A3QA-01
TCGA-BH-A8GO0-01
TCGA-AC-A3W5-01
TCGA-C8-A26X-01
TCGA-E2-A1IL-01
TCGA-BH-AOHL-01
TCGA-D8-A141-01
TCGA-AN-AO0XS-01
TCGA-LL-A8F5-01
TCGA-A2-A3XY-01
TCGA-BH-A1FM-01

TCGA-B6-AORL-01 TCGA-AN-AOAM-01

TCGA-A8-A084-01

TCGA-EW-A6S59-01
TCGA-AC-A80Q-01
TCGA-BH-A1FU-01
TCGA-BH-A0BZ-11
TCGA-LL-ABFP-01
TCGA-E2-A14P-01
TCGA-ES-A54Y-01
TCGA-LD-A66U-01
TCGA-A7-A3J0-01
TCGA-BH-A18R-01
TCGA-D8-A1JL-01
TCGA-BH-AODH-01
TCGA-AO-A124-01
TCGA-E2-A10A-01
TCGA-AR-A1AU-01
TCGA-D8-A1X5-01
TCGA-AN-AOFY-01
TCGA-D8-A27T-01
TCGA-D8-A1XB-01
TCGA-A2-ACYF-01
TCGA-BH-A0BJ-11
TCGA-AO-AOJF-01
TCGA-BH-AODT-11
TCGA-AN-A0GO-01
TCGA-D8-A1IT-01
TCGA-E2-A1IK-01
TCGA-A7-ABVW-01
TCGA-A8-A0AS-01
TCGA-A1-A0SB-01
TCGA-ES-A1RA-01
TCGA-OL-A5RZ-01
TCGA-4H-AAAK-O1
TCGA-EW-A2FR-01
TCGA-A8-A09C-01
TCGA-D8-A1JD-01
TCGA-E2-A153-01
TCGA-BH-A202-01
TCGA-A2-A0T2-01
TCGA-A2-A0YC-01
TCGA-BH-AODO-11

TCGA-BH-AOCO-11

TCGA-D8-A73U-01
TCGA-A8-A095-01
TCGA-A2-AOES-01
TCGA-AR-AOUO-01
TCGA-BH-AOB3-11
TCGA-A7-A261-01
TCGA-AR-A2LH-01
TCGA-EW-A1)6-01
TCGA-AR-A0TS-01
TCGA-AR-A2U-01
TCGA-AC-A3QP-01
TCGA-E9-A226-01
TCGA-E9-A3HO-01
TCGA-BH-A18N-01
TCGA-AC-A7VC-01
TCGA-D8-A1IN-01
TCGA-E9-A1R2-01
TCGA-AR-A256-01
TCGA-BH-AOH6-01
TCGA-BH-AOB7-11
TCGA-GM-A5PX-01
TCGA-A8-A09D-01
TCGA-AR-AOU3-01
TCGA-GI-A2(C5-11
TCGA-A1-A0SQ-01
TCGA-BH-AOH5-11
TCGA-D8-A27F-01
TCGA-E2-A140-01
TCGA-BH-A0C7-01
TCGA-A7-A4SB-01
TCGA-E2-A15R-01
TCGA-D8-A1JA-01
TCGA-A7-AODC-01
TCGA-A2-A3XU-01
TCGA-D8-A1XK-01
TCGA-BH-A1FG-01
TCGA-E2-Al1IG-11
TCGA-B6-AORQ-01
TCGA-A2-A0YJ-01
TCGA-EW-A1IZ-01
TCGA-B6-A409-01
TCGA-E2-A15T-01



TCGA-BH-AOEE-01
TCGA-A2-A0YL-01
TCGA-A2-AOEW-01
TCGA-BH-AOHO-01
TCGA-S3-AA12-01
TCGA-A2-A04U-01
TCGA-E2-A15)-01
TCGA-AR-A5QP-01
TCGA-EW-A1PF-01
TCGA-BH-A0BS-01
TCGA-A2-AOCP-01
TCGA-WT-AB44-01
TCGA-C8-A26V-01
TCGA-C8-A135-01
TCGA-BH-A18U-11
TCGA-C8-A120-01
TCGA-BH-AOHS-11
TCGA-D8-A1X7-01
TCGA-C8-A1HF-01
TCGA-GM-A2DC-01
TCGA-D8-A27K-01
TCGA-BH-AOBW-11
TCGA-BH-A1FO-11
TCGA-A8-A071-01
TCGA-AQO-A03U-01
TCGA-A7-A13G-01
TCGA-BH-AODQ-11
TCGA-AR-A1AP-01
TCGA-D8-A1XR-01
TCGA-A2-AOEP-01
TCGA-D8-A27P-01
TCGA-A8-AOSR-01
TCGA-E2-A154-01
TCGA-D8-A1Y1-01
TCGA-BH-A1F6-01
TCGA-B6-AORU-01
TCGA-E9-A1IN5-01
TCGA-A2-A0CQ-01
TCGA-S3-AA11-01
TCGA-C8-A12W-01
TCGA-C8-A26W-01
TCGA-A0-A0J9-01

TCGA-BH-A1EY-01
TCGA-BH-AOBR-01
TCGA-GI-A2(C8-01
TCGA-AC-A80P-01
TCGA-AR-A1AY-01
TCGA-ES-A229-01
TCGA-D8-A1XQ-01
TCGA-AR-A5QN-01
TCGA-UL-AAZ6-01
TCGA-BH-A1EV-11
TCGA-BH-A5J0-01
TCGA-AR-A245-01
TCGA-BH-A1FN-01
TCGA-BH-AOH7-11
TCGA-AN-AOFD-01
TCGA-C8-A12P-01
TCGA-BH-A1EW-01
TCGA-AO-A030-01
TCGA-AR-A24Q-01
TCGA-BH-A18L-11
TCGA-A8-AOA4-01
TCGA-D8-A1Y2-01
TCGA-B6-A0WY-01
TCGA-GM-A2DF-01
TCGA-D8-A1XV-01
TCGA-AR-A2LO-01
TCGA-BH-A1EO-01
TCGA-A7-A31Y-01
TCGA-E2-A14T-01
TCGA-AN-AOFV-01
TCGA-5L-AAT1-01
TCGA-AO-AO03R-01
TCGA-A8-AOAB-01
TCGA-AO-A0J5-01
TCGA-B6-AOWZ-01
TCGA-A8-AO9N-01
TCGA-D8-A146-01
TCGA-AR-A24X-01
TCGA-A8-A06Z-01
TCGA-C8-A12N-01
TCGA-AC-A62V-01
TCGA-D8-A1JK-01

TCGA-AR-AOU2-01
TCGA-GI-A2C8-11
TCGA-BH-AORX-01
TCGA-BH-A1EO-11
TCGA-E2-A15H-01
TCGA-A8-A0A6-01
TCGA-E9-A22A-01
TCGA-ES-AING-11
TCGA-ES-A1RE-01
TCGA-E2-A9RU-01
TCGA-AO-A1KS-01
TCGA-A8-A09B-01
TCGA-D8-A1Y0-01
TCGA-A7-A6VY-01
TCGA-B6-A0RP-01

TCGA-AR-A250-01
TCGA-ES-A1RB-11
TCGA-BH-A42V-01
TCGA-A2-A0SV-01
TCGA-D8-A1XL-01
TCGA-C8-A8HQ-01
TCGA-A7-A13D-01
TCGA-C8-A3M8-01
TCGA-BH-AOHY-01
TCGA-E2-A15E-01
TCGA-BH-A18Q-11
TCGA-A2-A1FW-01
TCGA-PL-A8LZ-01
TCGA-EW-A1P4-01
TCGA-GM-A2DH-01

TCGA-AC-A3QQ-01 TCGA-E2-A1LE-01

TCGA-A2-A04P-01
TCGA-LL-A5YP-01
TCGA-BH-A1FJ-01

TCGA-BH-AOBZ-01
TCGA-ES-AINS-01
TCGA-EW-A424-01
TCGA-A7-A4SC-01
TCGA-A2-AQEV-01
TCGA-D8-A1XF-01
TCGA-B6-A0IC-01
TCGA-A7-A3J1-01
TCGA-D8-A1X8-01
TCGA-LD-A7W6-01
TCGA-B6-A0RH-01
TCGA-C8-A12L-01
TCGA-BH-AOES-01
TCGA-A8-A076-01
TCGA-AN-AOXU-01
TCGA-BH-A208-01
TCGA-LL-A50Y-01
TCGA-A1-A0S0-01
TCGA-EW-A2FW-01
TCGA-BH-A0ODZ-11
TCGA-B6-AORE-01
TCGA-BH-A18J-11
TCGA-E2-A1B4-01
TCGA-AN-AOFT-01
TCGA-BH-A18K-11
TCGA-AO-A1KP-01

TCGA-AO-A0JI-01
TCGA-E2-A15M-11
TCGA-A2-A3KC-01
TCGA-D8-A1XG-01
TCGA-A2-A04R-01
TCGA-OL-A6VO0-01
TCGA-ES-A1R5-01
TCGA-ES-AIND-01
TCGA-D8-A143-01
TCGA-BH-A209-01
TCGA-BH-A0OBD-01
TCGA-E2-A147-01
TCGA-A1-AOSN-01
TCGA-BH-A1FB-11
TCGA-C8-A1HJ-01
TCGA-AO-AO3N-01
TCGA-BH-AOE6-01
TCGA-B6-A0IM-01
TCGA-BH-AQHI-01
TCGA-ES-A228-01
TCGA-A7-A45A-01
TCGA-A2-A0YH-01
TCGA-BH-A0BT-01
TCGA-BH-AODQ-01
TCGA-BH-AOBM-11
TCGA-E2-A152-01
TCGA-OL-A66P-01
TCGA-BH-AOAZ-01
TCGA-B6-A1KC-01
TCGA-AN-AOFN-01
TCGA-AO-A0I2-01
TCGA-B6-AORM-01
TCGA-AN-AOAR-01
TCGA-C8-A1HO-01
TCGA-D8-A1JE-O1
TCGA-E2-A11G-01
TCGA-BH-A18K-01
TCGA-A2-A3XV-01
TCGA-AR-A2LQ-01
TCGA-A2-AOCM-01
TCGA-C8-A12U-01
TCGA-LL-A5YM-01



TCGA-AR-A24V-01
TCGA-BH-A18Q-01
TCGA-AQ-AQY5-01
TCGA-AO-A03V-01
TCGA-AR-A1AL-01
TCGA-BH-A0BO-01
TCGA-A2-AOCR-01
TCGA-AC-A3TM-01
TCGA-A8-AO8H-01
TCGA-E2-A1BD-01
TCGA-A8-A09M-01
TCGA-AC-A23H-11
TCGA-AN-A03Y-01
TCGA-A7-A26G-01
TCGA-AN-AOAL-01
TCGA-AO-A12F-01
TCGA-A2-AOSU-01
TCGA-BH-AOBV-11
TCGA-A8-A099-01
TCGA-C8-A27A-01
TCGA-E2-A14W-01
TCGA-D8-A1XU-01
TCGA-A8-AOSE-01
TCGA-BH-A1ES-01
TCGA-AO-A03T-01
TCGA-AO-A125-01
TCGA-D8-A1XJ-01
TCGA-A7-AODB-11
TCGA-A2-A0SX-01
TCGA-E2-A1LS-01
TCGA-AQ-A04J-01
TCGA-AR-A24N-01
TCGA-AC-A2QH-01
TCGA-MS-A51U-01
TCGA-BH-AODX-01
TCGA-AN-AOXL-01
TCGA-B6-A0WX-01
TCGA-EW-A10Z-01
TCGA-A1-AOSF-01
TCGA-A2-AOER-01
TCGA-D8-A1XZ-01
TCGA-A2-AOCL-01

TCGA-AC-A23H-01
TCGA-OL-A97C-01
TCGA-OL-A66H-01
TCGA-AR-A24U-01
TCGA-OL-A5RX-01
TCGA-LL-A740-01
TCGA-E2-A1IF-01
TCGA-ES-AS5FL-01
TCGA-BH-A18U-01
TCGA-BH-A203-01
TCGA-D8-A1iG-01
TCGA-E2-A150-01
TCGA-AC-A2QI-01
TCGA-C8-A275-01
TCGA-E2-A153-11
TCGA-B6-A0IG-01
TCGA-A2-A0T0-01
TCGA-AQ-A540-01
TCGA-EW-A1J5-01
TCGA-A2-A1FX-01
TCGA-BH-AOGY-01
TCGA-ES-A1RB-01
TCGA-E9-A1R4-01
TCGA-E2-A15C-01
TCGA-BH-A1FE-01
TCGA-EW-A2FS-01
TCGA-BH-A1FC-01
TCGA-BH-AOHB-01
TCGA-AC-A2FK-01
TCGA-E2-A158-01
TCGA-AR-A1AH-01
TCGA-E2-A155-01
TCGA-BH-A1F2-01
TCGA-AR-A240-01
TCGA-B6-A0WT-01
TCGA-BH-AOAW-01
TCGA-BH-AOBC-11
TCGA-BH-AODG-11
TCGA-E9-A1N4-01
TCGA-AN-A041-01
TCGA-A2-AQ0T5-01
TCGA-E2-A109-01

TCGA-E2-A159-01
TCGA-E2-A1LI-01
TCGA-BH-A18V-06
TCGA-AO-A0J4-01
TCGA-BH-A0B1-01
TCGA-BH-A0BS-01
TCGA-E9-A1INI-01
TCGA-ES-ABHE-01
TCGA-B6-A400-01
TCGA-E9-A244-01
TCGA-AC-A2FM-11
TCGA-BH-AOBQ-01
TCGA-GM-A2D9-01
TCGA-BH-A18J-01
TCGA-A1-AO0SH-01
TCGA-BH-AODL-11
TCGA-A8-A093-01
TCGA-EW-A1P6-01
TCGA-BH-A18I-01
TCGA-BH-AQH7-01
TCGA-BH-A18V-11
TCGA-AR-A1AN-01
TCGA-A2-A0CX-01
TCGA-C8-A12Y-01
TCGA-BH-AOBO-01
TCGA-E2-A11J-01
TCGA-D8-A1JB-01
TCGA-A8-A085-01
TCGA-B6-AORI-01
TCGA-C8-A12X-01
TCGA-AC-A2FM-01
TCGA-BH-ABR8-01
TCGA-AR-AOTR-01
TCGA-AC-AB62X-01
TCGA-AC-A62Y-01
TCGA-AR-A1AK-01
TCGA-AC-A2B8-01

TCGA-AC-A4ZE-01
TCGA-BH-AO0B4-01
TCGA-S3-A6ZG-01
TCGA-BH-AOE1-11
TCGA-BH-AQBJ-01
TCGA-AN-AOFX-01
TCGA-C8-A132-01
TCGA-BH-AB28-01
TCGA-E9-A1INS-11
TCGA-E2-A572-01
TCGA-E2-A105-01
TCGA-B6-A21U-01
TCGA-BH-A5I1Z-01
TCGA-AR-AOTV-01
TCGA-A8-A08C-01
TCGA-V7-A7HQ-01
TCGA-LL-A5YN-01
TCGA-S3-AA14-01
TCGA-BH-A1EV-01
TCGA-A2-A0CO-01
TCGA-BH-AOEO-11
TCGA-ES-ALINF-11
TCGA-AO-AQDJC-01
TCGA-A2-A1FZ-01
TCGA-GM-A2DI-01
TCGA-OL-A66I-01
TCGA-AN-AOXW-01
TCGA-A7-AOCE-01
TCGA-A7-ABVX-01
TCGA-A8-A086-01



TCGA-EW-A1PB-01
TCGA-B6-A1KF-01
TCGA-A2-AOEO-01
TCGA-B6-A408B-01
TCGA-BH-A1FR-01
TCGA-AO-ADJA-01
TCGA-A2-AOEM-01
TCGA-A2-A3XX-01
TCGA-AQ-A1H2-01
TCGA-A7-A13G-11
TCGA-A2-A1G6-01
TCGA-A8-A09K-01
TCGA-BH-AODD-11
TCGA-BH-A1FD-01
TCGA-A8-A085-01
TCGA-AN-AQFZ-01
TCGA-A7-A0CD-01
TCGA-AO-A0J6-01
TCGA-A8-A07Z-01
TCGA-EW-A1PA-01
TCGA-BH-AOAV-01
TCGA-ES-A2JT-01
TCGA-B6-A0X1-01
TCGA-AO-A0J8-01
TCGA-A7-A0DB-01
TCGA-AC-A6IX-06
TCGA-E9-A1R7-11
TCGA-BH-A1F2-11
TCGA-E2-A15L-01
TCGA-A2-A3XW-01
TCGA-ES-A1RC-01
TCGA-AO-A0JD-01
TCGA-GM-A3NY-01
TCGA-B6-A1KI-01
TCGA-BH-A1F8-11
TCGA-A8-A07G-01
TCGA-LL-ASQ3-01
TCGA-GM-A2DK-01
TCGA-AR-A1AX-01
TCGA-E9-A1N4-11
TCGA-AO0-A126-01
TCGA-BH-AODO-01

TCGA-OL-A66J-01
TCGA-AR-A24K-01
TCGA-E9-ALINF-01
TCGA-E2-A56Z-01
TCGA-AR-A24L-01
TCGA-S3-AA17-01
TCGA-D8-A11J-01
TCGA-E2-A155-01
TCGA-D8-A13Z-01
TCGA-E9-A1R0-01
TCGA-A7-A3RF-01
TCGA-BH-AOAU-11
TCGA-A2-A0CS-01
TCGA-A2-A25B-01
TCGA-B6-A0RT-01
TCGA-BH-A1EN-01
TCGA-C8-A12K-01
TCGA-S3-AA0Z-01
TCGA-A1-A0SG-01
TCGA-GM-A2DA-01
TCGA-A8-A082-01
TCGA-A7-A5ZV-01
TCGA-A7-A56D-01
TCGA-BH-AOAZ-11
TCGA-A7-A13F-01
TCGA-A7-A5ZW-01
TCGA-A7-AOCE-11
TCGA-EW-A1P0-01
TCGA-C8-A8HR-01
TCGA-D8-A1XY-01
TCGA-AC-A3BB-01
TCGA-A7-A13E-01
TCGA-BH-A8FZ-01
TCGA-A2-A452-01
TCGA-AR-A24W-01
TCGA-BH-AOHA-01
TCGA-AN-AQAJ-01
TCGA-A2-A0YD-01
TCGA-D8-A27E-01
TCGA-B6-A0X7-01
TCGA-AO-A129-01
TCGA-A8-A08F-01



TCGA-AN-A0XO-01
TCGA-A2-A4RW-01
TCGA-E2-A1IH-01
TCGA-AO-A12B-01
TCGA-A8-A081-01
TCGA-ES-A1INH-01
TCGA-EW-A2FV-01
TCGA-D8-A271-01
TCGA-AR-A0TZ-01
TCGA-C8-A278-01
TCGA-A8-AO6R-01
TCGA-BH-A0C1-01
TCGA-B6-A0IB-01
TCGA-D8-A1XD-01
TCGA-A7-AODA-01
TCGA-OL-A5D7-01
TCGA-BH-AODP-11
TCGA-C8-A26Y-01
TCGA-A2-A4RY-01
TCGA-E2-A107-01
TCGA-EW-A1PC-01
TCGA-AO-A12E-01
TCGA-A2-AQT3-01
TCGA-E9-A245-01
TCGA-A8-A08X-01
TCGA-A8-A07)-01
TCGA-A8-A094-01
TCGA-EW-A1P3-01
TCGA-EW-AB5B-01
TCGA-BH-A209-11
TCGA-C8-A1HL-01
TCGA-B6-A1KN-01
TCGA-BH-A1FE-11
TCGA-BH-A1FR-11
TCGA-AQ-A04L-01
TCGA-AC-A7VB-01
TCGA-AR-A24Z-01
TCGA-BH-AOHW-01
TCGA-UU-A935-01
TCGA-A2-A04W-01
TCGA-BH-A0B7-01
TCGA-BH-AODI-01

TCGA-D8-A27W-01
TCGA-A8-A09G-01
TCGA-AC-A23E-01
TCGA-ES-A3X8-01
TCGA-A2-A04V-01
TCGA-E2-A10C-01
TCGA-EW-A1iX-01
TCGA-E9-A22B-01
TCGA-GM-A3NW-01
TCGA-BH-A18N-11
TCGA-BH-AOW7-01
TCGA-BH-AODE-O1
TCGA-C8-A278-01
TCGA-BH-A18G-01
TCGA-E2-A574-01
TCGA-D8-A73X-01
TCGA-AR-A1AS-01
TCGA-D8-A1XM-01
TCGA-HN-A20B-01
TCGA-AC-A2FG-01
TCGA-BH-A1FE-06
TCGA-AQ-A04H-01
TCGA-E9-A249-01
TCGA-B6-A0I2-01
TCGA-BH-ALET-01
TCGA-A8-A08B-01
TCGA-BH-A18S5-11
TCGA-A1-A0SJ-01
TCGA-BH-AODL-01
TCGA-AR-A1AI-01
TCGA-A2-A0D4-01
TCGA-ES-A22E-01
TCGA-E2-A1IN-01
TCGA-D8-A1JH-01
TCGA-EW-A1PE-01
TCGA-BH-AOWA-01
TCGA-AR-A1AT-01
TCGA-A8-A091-01
TCGA-BH-AOW3-01
TCGA-D8-A73W-01
TCGA-LL-A442-01
TCGA-E2-A15G-01



TCGA-E2-A2P6-01
TCGA-3C-AAAU-01
TCGA-A8-AOA7-01
TCGA-BH-A1FC-11
TCGA-BH-A1ET-11
TCGA-EW-A1P7-01
TCGA-BH-AOBV-01
TCGA-GM-A2DB-01
TCGA-A1-A0SI-01
TCGA-B6-A0I9-01
TCGA-E9-AINS5-11
TCGA-A8-A092-01
TCGA-EW-A1IW-01
TCGA-BH-A1F8-01
TCGA-E9-A1RG-01
TCGA-A2-AOEN-01
TCGA-A7-A13F-11
TCGA-BH-A0BQ-11
TCGA-BH-A1EX-01
TCGA-E2-A1B5-01
TCGA-A8-A07B-01
TCGA-B6-AORG-01
TCGA-BH-A6R9-01
TCGA-OL-A6VR-01
TCGA-A7-AOCH-01
TCGA-E2-A1BC-01
TCGA-A7-AOCH-11
TCGA-AR-A24M-01
TCGA-5L-AATO0-01
TCGA-A2-A0CZ-01
TCGA-BH-A1FD-11
TCGA-A8-A08P-01
TCGA-AC-A80R-01
TCGA-B6-A3ZX-01
TCGA-BH-AOBL-01
TCGA-E9-A22G-01
TCGA-A2-A0T7-01
TCGA-AC-A6NO-01
TCGA-C8-A3M7-01
TCGA-A7-A2KD-01
TCGA-OL-A660-01
TCGA-C8-A134-01

TCGA-EW-A1P8-01
TCGA-BH-A1EU-11
TCGA-AR-A1AM-01
TCGA-BH-A204-11
TCGA-A8-A075-01
TCGA-HN-A2NL-01
TCGA-AO-A12G-01
TCGA-BH-AOHK-01
TCGA-E9-AIN6-01
TCGA-A8-AQ7R-01
TCGA-E9-A295-01
TCGA-A8-A096-01
TCGA-A8-A080-01
TCGA-BH-A42U-01
TCGA-BH-A18M-11
TCGA-AC-A2F0O-01
TCGA-LL-A73Y-01
selected_samples
TCGA-AC-A23C-01
TCGA-BH-A18H-01
TCGA-EW-A10Y-01
TCGA-A8-A09T-01
TCGA-A8-A08T-01
TCGA-BH-AQE2-01
TCGA-E2-A1B0-01
TCGA-E2-A14S5-01
TCGA-BH-A0C3-11
TCGA-A2-AQEX-01
TCGA-B6-AOWW-01
TCGA-E2-A570-01
TCGA-C8-A137-01
TCGA-BH-AOHO0-01
TCGA-BH-AQC0-01
TCGA-E2-A1LS-11
TCGA-AR-A252-01
TCGA-3C-AALK-01
TCGA-A7-A4SE-01
TCGA-LD-A7W5-01
TCGA-AR-A1AJ-01
TCGA-BH-AOH5-01
TCGA-A8-A07E-01

TCGA-BH-A18F-01



TCGA-C8-A12Z-01
TCGA-C8-A1HK-01
TCGA-AO-A0J3-01
TCGA-EW-A3E8-01
TCGA-LL-A73Z-01
TCGA-A8-A09Q-01
TCGA-A1-AOSK-01
TCGA-LL-A6FR-01

TCGA-AN-A04D-01
TCGA-BH-A0B8-01
TCGA-BH-AOEB-01
TCGA-AN-AQFL-01
TCGA-AR-A2LK-01
TCGA-A8-A09Z-01
TCGA-EW-A3U0-01
TCGA-A8-A07P-01

TCGA-EW-A10W-01 TCGA-AN-AQFF-01

TCGA-D8-A1XS-01
TCGA-E2-A576-01
TCGA-BH-AOBP-01
TCGA-E2-A15K-11
TCGA-EW-ABSA-01
TCGA-BH-AQEC-01
TCGA-BH-AOHN-01
TCGA-BH-AODG-01
TCGA-AN-AOXN-01
TCGA-AR-A24H-01
TCGA-A8-A060-01
TCGA-C8-A1HM-01
TCGA-A2-A4RX-01
TCGA-AC-A6IV-01
TCGA-BH-AOHF-01
TCGA-AN-AOXP-01
TCGA-GM-A3XL-01
TCGA-BH-A28Q-01
TCGA-A2-A04T-01

TCGA-A8-A08J-01
TCGA-BH-A0GZ-01
TCGA-AR-A254-01
TCGA-A8-A08L-01



ANNEXE D



MDH1
GOT2
SLC2A3
PFKM
PFKL
PGAM2
GCK
SLC2A1
MDH2
HK2
ENO3
DLD
GPI
PGAM1
PC
PDHA1
FBP1
GAPDH
ENO2
HK3
ALDOA
HK1
DLAT
LDHB
SLC2A4
PDHB
PGK1
LDHA
PDHX
GOT1
PFKP
ENO1
ALDOC
SLC2AS5
AAAS
ADPGK
AGL
AKR1A1
AKR1B1
AMY2B
B4GALT1
CALM1

CRYL1
DCXR
EPM2A
G6PC3
G6PD
GAA
GALE
GALK1
GALT
GBE1
GYal
GYG2
GYS1
KHK
MGAM
PPP1R3C
NHLRC1
NUP107
NUP133
NUP153
NUP155
NUP160
NUP188
NUP205
NUP210
NUP214
NUP35
NUP37
NUP43
NUP50
NUP54
NUP62
NUP85
NUP88
NUPS3
NUPS8
NUPL2
PCK2
PFKFB1
PFKFB2
PFKFB3
PFKFB4

PGD UBB
PGLS UBC
PGM1 UGP2
PGM2 XYLB
PHKA1
PHKA2
PHKB
PHKG1
PHKG2
POM121
PPP2CA
PPP2CB
PPP2R1A
PPP2R1B
PPP2R5D
PRKACA
PRKACB
PRPS1
PRPS2
PYGB
PYGL
PYGM
RAE1
RANBP2
RPE

RPIA
RPS27A
SLC25A10
SLC25A11
SLC25A12
SLC25A13
SLC25A1
SLC37A4
SLC5A1
SLC5A3
SLC5AS
SORD
TALDO1
TKT

TPI1

TPR
UBA52



ANNEXE E



ATP5B NDUFB1 ATP6AP2
ATP5C1 NDUFB10 GZMB
ATP5D NDUFB2 NDUFA11l
ATP5E NDUFB3 UQCRH
ATP5F1 NDUFB4

ATP5G1 NDUFB5

ATP5G2 NDUFB6

ATP5G3 NDUFB7

ATP5H NDUFB8
ATPSI NDUFB9S
ATPSI) NDUFC1
ATPS5J2 NDUEFC2
ATPSL NDUFS1
ATP50 NDUFS2
ATPSS NDUFS3
ATPIF1 NDUFS4
COX11 NDUFS5
COX15 NDUFS6
COX17 NDUFS7
COoX411 NDUFS8
COX5A NDUFV1
COX58 NDUFV2

COX6A1 NDUFV3
COX6B1 SCO1
CoxecC SDHA
COX7A1 SDHB
COX7A2 SDHC
COX7A2L  SDHD

COX7B SLC25A14
COX7C SLC25A27
COX8A SLC25A4

NDUFA1 SLC25A5
NDUFA10  SLC25A6
NDUFA2 SURF1
NDUFA3 UCP2
NDUFA4 UCP3
NDUFA5 UQCRB
NDUFA6 UQCRC1
NDUFA7 UQCRC2
NDUFAS8 UQCRFS1
NDUFAS ATP5A1
NDUFAB1  ATP6AP1



ANNEXE F



Disease A

developmental disorder of mental health

b cell deficiency

aagenaes syndrome

multiple endocrine neoplasia type 2a
carbohydrate metabolism disease
heart disease

female reproductive organ cancer
dermatitis

blau syndrome

intestinal cancer

carbohydrate metabolism disease
leiomyoma

hypersensitivity reaction type i disease
neurodegenerative disease

breast cancer

infertility

breast cancer

dermatitis

hypersensitivity reaction type ii disease
melanoma

breast cancer

hypersensitivity reaction type ii disease
female reproductive organ cancer
epidermolytic hyperkeratosis

liver cancer

murray valley encephalitis

Kidney disease

hepatitis b

hypersensitivity reaction type ii disease
breast cancer

breast cancer

bone disease

mood disorder

female reproductive organ cancer
intestinal cancer

meier-gorlin syndrome

monilethrix

cockayne syndrome

congenital ichthyosiform erythroderma

Disease B

specific developmental disorder
blood protein disease

bolivian hemorrhagic fever

multiple endocrine neoplasia type 2b
nutrition disease

muscle tissue disease

intestinal cancer

psoriasis

muckle-wells syndrome

lung cancer

kidney disease

reproductive organ benign neoplasm
upper respiratory tract disease
vascular disease

hematologic cancer

male reproductive system disease
female reproductive organ cancer
hypersensitivity reaction type i disease
systemic lupus erythematosus

skin cancer

lung cancer

lower respiratory tract disease

lung cancer

pachyonychia congenita

lung cancer

st. louis encephalitis

lower respiratory tract disease
hepatitis ¢

kidney disease

intestinal cancer

liver cancer

hypersensitivity reaction type ii disease
psychotic disorder

liver cancer

liver cancer

ogden syndrome

pachyonychia congenita

xeroderma pigmentosum

ichthyosis vulgaris

Overlap %
86.1
82.8
55.6
55.3
50.4
47.9
45.7
45.6
45.0
44.7
44.2
441
441
43.7
43.6
42.7
42.7
42.6
42.6
42.4
42.4
42.3
42.2
41.9
41.8
41.7
41.6
41.3
41.0
40.6
40.6
40.4
40.3
40.2
40.0
40.0
40.0
39.8
39.7



hypersensitivity reaction type i disease
blood coagulation disease

bone disease

hypersensitivity reaction type ii disease
hepatobiliary disease

connective tissue cancer

intestinal cancer

hematologic cancer

intestinal disease

hepatobiliary disease

kidney disease

bone disease

female reproductive organ cancer
borjeson-forssman-lehmann syndrome
ichthyosis vulgaris
klippel-trenaunay syndrome
hepatobiliary disease

kidney disease

brain disease

angioedema

heart disease

hematologic cancer

bone disease

hematologic cancer

breast cancer

carbohydrate metabolism disease
hepatobiliary disease

hereditary mucosal leukokeratosis
short gt syndrome

carbohydrate metabolism disease
lung cancer

bone disease

breast cancer

female reproductive organ cancer
dermatitis

carbohydrate metabolism disease
brain disease

brain disease

klippel-trenaunay syndrome

feukocyte disease

leukocyte disease

lower respiratory tract disease
intestinal disease

kidney disease

sarcoma

male reproductive organ cancer
lung cancer

lower respiratory tract disease
hypersensitivity reaction type ii disease
vascular disease

vascular disease

male reproductive organ cancer
coffin-siris syndrome

x-linked ichthyosis

proteus syndrome

primary bacterial infectious disease
nutrition disease

specific developmental disorder
complement deficiency

kidney disease

liver cancer

hematologic cancer

vascular disease

vascular disease

lower respiratory tract disease
intestinal disease

pachyonychia congenita
timothy syndrome

vascular disease

male reproductive organ cancer
kidney disease

male reproductive organ cancer
melanoma

upper respiratory tract disease
heart disease
neurodegenerative disease

developmental disorder of mental health

multiple cutaneous and mucosal venous
malformations

39.7
39.7
39.5
395
38.8
38.8
38.8
38.7
38.5
38.4
38.3
38.3
38.1
38.1
38.1
38.1
37.8
37.6
37.6
37.4
37.4
37.3
37.2
37.2
36.8
36.8
36.7
36.7
36.6
36.5
36.4
36.4
36.3
36.3
36.0
36.0
36.0
35.8

357



lower respiratory tract disease
intestinal disease

intestinal cancer

diarrhea

hematologic cancer

female reproductive organ cancer
leukocyte disease

bone disease

lower respiratory tract disease
intestinal disease

carbohydrate metabolism disease
intestinal cancer

epidermolytic hyperkeratosis
hepatobiliary disease

heart disease

female reproductive system disease
carbohydrate metabolism disease
epidermolytic hyperkeratosis

eye and adnexa disease

eye and adnexa disease

spinal cord disease

malignant glioma

carbohydrate metabolism disease
bardet-biedl syndrome

multiple cutaneous and mucosal venous
malformations

dermatitis

sickle cell anemia

lung cancer

parasitic protozoa infectious disease
dementia

male reproductive organ cancer
bone disease
bannayan-riley-ruvalcaba syndrome
chickenpox

cardiofaciocutaneous syndrome
malignant glioma

angelman syndrome
hypersensitivity reaction type ii disease
dermatitis

vascular disease

primary bacterial infectious disease
melanoma

leukocyte disease

intestinal cancer

hematologic cancer

upper respiratory tract disease

eye and adnexa disease

primary bacterial infectious disease
kidney disease

pancreas disease

pancreatic cancer

monilethrix

lower respiratory tract disease
lower respiratory tract disease
infertility

hypersensitivity reaction type ii disease
ichthyosis vulgaris

vascular disease

kidney disease

tropical spastic paraparesis
pancreatic cancer

hepatobiliary disease
nephronophthisis

proteus syndrome

leukocyte disease

thalassemia

melanoma

primary bacterial infectious disease
toxic encephalopathy

melanoma

carbohydrate metabolism disease
cowden disease

herpes zoster

costello syndrome

peripheral nervous system neoplasm
prader-willi syndrome

primary bacterial infectious disease
mouth disease

35.7
35.5
35.4
35.3
35.3
35.3
35.3
35.3
35.2
35.2
35.2
35.0
34.9
34.8
34.8
34.5
34.5
34.5
34.4
34.4
34.4
34.3
34.2
34.2

34.2
34.2
341
34.0
33.8
33.8
33.6
335
333
333
33.3
33.3
333
333
33.2



eye and adnexa disease

hematologic cancer

nutrition disease

adenoma

human immunodeficiency virus infectious
disease

liver cancer

ichthyosis vulgaris

heart disease

bone disease

liver cancer

epidermolytic hyperkeratosis

male reproductive organ cancer

human immunodeficiency virus infectious
disease

brain disease

human immunodeficiency virus infectious
disease

hematologic cancer

hermansky-pudlak syndrome

mumps

heart disease

trichorhinophalangeal syndrome type i
hematologic cancer

dermatitis

bardet-biedl syndrome

muscle cancer

cardiofaciocutaneous syndrome
female reproductive organ cancer
kidney disease

bone disease

heart disease

branchiootic syndrome

anemia

hypersensitivity reaction type i disease
bannayan-riley-ruvalcaba syndrome
developmental disorder of mental health
hereditary mucosal leukokeratosis
mesenchymal cell neoplasm

lower respiratory tract disease
hypersensitivity reaction type ii disease
vascular disease

pancreatic cancer

leukocyte disease

male reproductive organ cancer
netherton syndrome

vascular disease

intestinal disease

melanoma

hereditary mucosal leukokeratosis
pancreatic cancer

psoriasis
eye and adnexa disease

systemic lupus erythematosus
neurodegenerative disease
oculocutaneous albinism

rubella

nutrition disease
trichorhinophalangeal syndrome type ii
lower respiratory tract disease
human immunodeficiency virus infectious
disease

ciliopathy

sarcoma

leopard syndrome

pancreatic cancer

primary bacterial infectious disease
neurodegenerative disease
hepatobiliary disease
branchiootorenal syndrome

blood coagulation disease

psoriasis

proteus syndrome

pervasive developmental disorder
monilethrix

mixed cell type cancer

33.0
32.9
32.9
32.8

32.8
32.8
32.8
32.7
32.7
32.7
32.6
325

324
32.4

32.3
323
32.3
323
32.2
32.1
32.1

32.1
32.1
32.0
32.0
32.0
31.9
31.8
31.8
31.7
31.7
31.6
316
31.6
314
31.4



asphyxiating thoracic dystrophy
anemia

hematologic cancer

breast cancer

anemia

factor xi deficiency

mouth disease

breast cancer

anemia

adrenal gland disease

edwards syndrome

head and neck carcinoma

lipid metabolism disorder
hypersensitivity reaction type iv disease
kidney disease

brain disease

lung cancer

hypersensitivity reaction type ii disease
bone disease

esophageal cancer

melanoma

brain disease

lower respiratory tract disease
collagen disease

lipid metabolism disorder
hematologic cancer
hepatobiliary disease
carbohydrate metabolism disease
eye and adnexa disease

kidney disease

psoriasis

ellis-van creveld syndrome
parasitic protozoa infectious disease
melanoma

neurodegenerative disease
hepatobiliary disease

factor xii deficiency

psoriasis

melanoma

leukocyte disease

endocrine organ benign neoplasm
patau syndrome

oral cavity cancer

lysosomal storage disease
lymph node disease

muscle tissue disease

vascular disease

pancreatic cancer

melanoma

breast cancer

head and neck carcinoma
pancreatic cancer

carbohydrate metabolism disease
melanoma

systemic lupus erythematosus
pancreas disease

male reproductive organ cancer
nutrition disease

intestinal disease
neurodegenerative disease
male reproductive organ cancer
upper respiratory tract disease

313
31.2
31.2
31.2
31.2
311
31.1
31.0
30.9
30.9
30.9
30.9
30.9
30.9
30.8
30.7
30.7
30.7
30.6
30.5
30.5
30.5
30.5
30.5
30.5
30.4
30.3
30.3
30.2
30.1
30.1
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