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RÉSUMÉ 

Les interactions fo ncti onne lles (IFs) entre le gènes décrivent en que lque sorte 
comment les gènes s' influencent mutue ll ement pour régir le dynamisme des systèmes 
bi ologiques. La caractéri sation des IFs et, en parti culi er, de leurs réseaux, est donc 
d'une importance capitale pour é lucider les mécani smes moléculaires complexes liant 
les gènes chez les organi smes modèles et chez l'homme. Afi n de mieux comprendre le 
fo nctionnement de ces réseaux, nous avons déve loppé une approche de génomique 
intégrati ve pour caractéri ser les IFs, comprenant les interacti ons génétique (IGs), des 
organi smes vivants. Parall è lement, nous avons auss i in vesti gué la prédicti on des IGs 
par des méthodes in silico et sommes venus à la conclusion qu 'une meilleure 
compréhension des liens entre di ffé rents niveaux de données serait bénéfi que pour la 
prédiction des IGs. D ' abord, la caractérisation d ' un réseau d ' IGs du nématode 
Caenorhabditis elegans nous a permis de mettre en év idence une structure formée de 
six classes d' IGs ayant des propriétés di stinctes. Cette étude révèle deux classes d ' IGs, 
la première appara issant au centre des complexes d ' interactions proté ine-pro té ine et 
l' autre, à l'extéri eur de ces compl exes. Notre étude suggère auss i que la coordinati on 
des modules fonctionnels, définis par ces deux classes d'IGs, impliquerait des gènes 
hautement connectés dans le résea u et liés à leurs partenaires fonctionnels via deux 
autres c lasses d'IG. Les gènes défi ni s par ces différentes classes d'IG présentent des 
caractérist iques di stinctes lorsque l'on considère leur connecti vité au sein du réseau 
d' IG, mais auss i au sein du réseau d' interactions protéine-protéine, lem plé iotropie et 
leur redondance fonctionnell e. Nous avons également montré qu ' il était possible de 
transposer notre méthode d ' intégrati on chez l' humain . Plus précisément nous avo ns 
utilisé notre approche afi n de caractériser un réseau d ' IFs pour deux sous-types de 
cancer du se in . Nous avons ensuite identifié, dans ce réseau, di fférentes classes d'IFs 
ayant des caractéristiques sim ilaires aux classes d'IGs de C. elegans. Nous avons utili sé 
ces classes d'IFs, ainsi que leur ni veau de plasti cité entre les sous-types de cancer du 
sein, pour construire un modèle prédicti f servant à découvrir des gènes potentiell ement 
impliqués dans la reprogrammation métabolique des cellules cancéreuses, et ce, à 
l'éche ll e du génome. Dans ! 'ensemble, le modèle d'interactome fo nctionnel, construit 
par notre étude, pourrait permettre de mieux comprendre le rôle des IFs au niveau de 
la robustesse des systèmes biologiques, et le contrôle qu 'elles exercent sur les 
processus biolog iques. Notre approche pourrait auss i permettre de découvrir de 
nouve lles cibles thérapeutiques pour le cancer du se in. 

MOTS-CLÉS : interaction fo nctionne ll e, interaction génétique, génomique intégrati ve, 
Ca.enorhabditis elegans , cancer du se in. 



ABSTRACT 

Functional interactions (Fl s) between genes describe how genes infl uence each other 
to govem the dynarni cs of bio logical systems. The characterization of Fis, and their 
networks, is therefo re very important to e lucidate the complex molecular mechanisms 
linking genes in mode] organi sms and in hurnans. To better understand the fun ctioning 
of these networks, we have developed an integrative genomi c approach to characteri ze 
Fls, including geneti c interactions (Gls), of liv ing organi sm . At the same tirne, we 
have also invest igated the predi ction of Gls using in silico methods and have concluded 
that a better understanding of the links between diffe rent levels of data wo uld be 
benefi cia l fo r the prediction of Gls. F irst, the characteri zati on of a GI network in the 
nematode Caenorhabditis elegans showed a structure formed of ix classes of Gls with 
dist inct properties. Thi s study reveals two classes of Gls, one appearing at the center 
of the protein-pro tein interacti ons complexes and the other, appearing outs ide of these 
complexes. Our study also suggests that the coordinati on of fu ncti onal modules, 
defin ed by these two classes of Gls, would invo lve highl y connected genes in the 
network linked to their functi onal partners via two other GI classes . The genes defin ed 
by these differen t GI c lasses have distincti ve characteri sti cs when considering their 
connectivity within the GI network, but also within the protein-protein interactions 
network, their pleiotropy and their fun ctional redundancy. Also, we have shown that it 
is poss ible to transpose our method of integrati on to humans. More prec isely, we used 
our approach to characteri ze a network of Fls fo r two subtypes of breast cancer. We 
then identi fied, in this network, different FI classes hav ing similar characteri sti cs w ith 
the GI classes of C. e!egans. We used these classes of Fls, as well as the ir leve l of 
plasti city between breast cancer subtypes, to construct a p redi cti ve mode! to di scover 
genes potenti ally involved in the metaboli c reprogramrning of cancer cell s on a 
genome-w ide scale. Overall , the functional interactome mode!, constructed in our 
study, could be usefu l to understand the role of Fl s in the robustness of biolog ical 
systems and their contro l over bio logica l processes. Our approach could also reveal 
new therapeuti c targets for breast cancer. 

KEYWORDS: fun cti onal interacti on, geneti c interaction, integrati ve genomic, 
Caenorhabditis elegans, breast cancer. 



CHAPITRE I 

INTRODUCTION 

l .1 Les interactions génétiques 

Les interactions génétiques entre deux ou plusieurs gènes sont des relations entre ces 

gènes dont le mécani sme n 'est pas toujours connu ou est issu d 'une cascade 

d ' interactions molécul a ires (contact physique entre les produits des gènes) qui ont un 

effet sur le phénotype. Pour se rendre jusqu 'à l'expression d 'un phénotype, une cellule 

emploie une machinerie abondamment complexe dont le point de départ est 

l' info rmation contenue dans le génotype. Cette information est fixe et héritée alors que 

du côté du phénotype, il est variable et pourrait n'avoir aucun li en intuiti f avec 

l' information provenant du génotype. A insi, une des plus grandes difficultés de la 

génétique moderne consiste en la compréhension de la relation entre le génotype et le 

phénotype d ' un indiv idu. Cette relation peut être illustrée par la génétique des maladi es 

humaines puisque les patholog ies ne sont pas rée ll ement mendélienne, i. e. les maladies 

ne sont pas causées par un seul gène dont l'altération le rend inopérant. Le phénotype 

principal d ' une maladie résulte plus souvent de l'effet combiné d 'une multitude de 

gènes, mais aussi d ' autres fac teurs (e.g. sexe, ethnicité, habitudes de v ie) en plus des 

mécani smes ép igénétiques qui modulent l'expression des gènes (Gallati, 20 14). Mais 

alors que les mécanismes ép igénétiques sont réversibles et grandement influencés par 

l'environnement, il est encore très diffic ile de définir leurs rôles et leurs contributions 

dans la progression d ' une maladie. 
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À l' inverse, comme le génome d'un individu ne change pas, l'effet combiné de 

plusieurs gènes mutés (ou variants) sur la sévérité de la maladie peut être mesuré pour 

identifier de nouveaux acteurs. Par exemple, la mutation du gène CFTR assoc iée a 

longtemps été vue comme l'unique responsable des symptômes cliniques de la fibro e 

kystique, mais il y a auj ourd 'hui plus d' une trentaine de mutati on de gènes 

modificate urs (gènes qui modulent l'expression d'autres gènes) donnant li eu à des 

aggravations ou atténuations des symptômes de la maladie (Gallati , 20 14). Par ai I leurs, 

dans le cancer du se in , la communauté sc ientifique a longtemps cru que les pati ents 

ayant une mutation du gène BRCAl ou BRCA2, une forme souvent héréd itaire 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 Je suj et a montré qu 'avec la prise 

d'adjuvant (utilisé en chimioprévention), les patients aux prises avec une mutation 

BRCA 1/2 ont une survie à peu près égale à celle des autres patients atte ints de cancer 

du se in prenant ou pas d' adjuvant (van den Broek et al., 2015). Ceci démontre bien à 

quel point, même en présence d'une mutation d'un gène associé à la maladie, il est 

po sible de balancer l'effet négatif de la mutation par la modulation d'un ou plusieurs 

autres gènes modificateurs. 

Le li en qui uni les gènes modificateurs avec la modulation d' un autre gène est 

communément appelé interaction génétique (IG). Une IG survient lorsque le produit de 

deux ou plusieurs gènes variant est un phénotype inattendu (Bateson et ai., 1905). De 

faço n plus générale, une IG est identifiée s ' il y a une différence entre le phénotypes 

mesurés pour le double-mutants et ceux attendLLs pour chaque mutation individLLelle 

(DixonCostanzo, et ai., 2009). Bien sûr, se lon la nature de cette différence, LLne IG sera 

considérée comme négative si le phénotype dLL double mutant est plLLs marqué, à 

l' inverse, ell e sera positive si le phénotype est moins sévère. Plus précisément, une 

interaction négative peut, à l' extrême, être léta le si la combinaison de deux mLLtations 

dans des gènes compris dans deLLx vo ies compensatoires (« Between pathway, 

nonessential pathways », Figure l.l a), ou à l' intérieur d'une vo ie essentielle(« Within 
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pathway, e sential pathways », Figure l . la) conduit à un phénotype non-viable 

(Di xonCostanzo, et al. , 2009). De faço n similaire, une interaction positive surv ient par 

petie-de-fonction si la mutation dans un deuxième gène d 'une vo ie annule la létali té 

induite du gène en amont(« Loss-of-function », F igure l. l a), ou encore par ga in-de­

fonction, si le deuxième gène muté d 'une vo ie est situé en aval de celle-ci et qu 'e ll e 

annule la létalité d 'un gène en amont (« Ga in-of-function », F igure l. l a) . Mais le 

concept entourant une IG peut devenir sensiblement plus complexe lorsque le 

phénotype étudié ne résulte pas en létalité. En effet, le ni veau quantitati f d ' un 

phénotype en particuli er décou le d ' un apport multifac tori el de perturbations génétiques 

hautement dynamique et interconnectés entre les di fférents réseaux biologiques 

responsab les, par exemple, du déve loppement, de la transcription, du métabolisme ou 

de la signali sation (Fox, 1993). Il est donc nécessaire de bien définir le rôle que jouent 

les IG au se in de la re lation 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 Modèles moléculaires pour définir les interactions génétiques. 

(a) Les interactions négatives entre deux gènes peuvent se produire à l'intérieur d'une même 
voie essentielle ( « Within pathway ») ou entre deux voies parallèles non-essentielles 
( « Between pathway » ). (b) La mutation d'un inhibiteur d'une voie cytotoxique entraîne 
l'accumu lation de produits toxiques pour la cellule . Dans ce cas , une interaction positive 
survient si une deuxième mutation annule ou diminue l'activité de la vo ie cytotoxique par perte­
de-fonction ( « Loss-of-function » ). Autrement, une interaction positive par gain-de-fon ction 
( « Gain-of-function ») survient lorsque la mutation d'un gène situé en aval d'une voie , annu le 
la létalité d'un gène en situé en amont. Image tirée de (DixonCostanzo, et al., 2009) . 
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1.2 Caractérisation des réseaux d'interactions des systèmes biologiques 

Les réseaux (structure de graphes) sont régulièrement exploités comme support 

graphique pour l'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 habituellement plus facile à expliquer (Barabasi et 

Albert, 1999). Ainsi, la caractérisation des réseaux biologiques, aussi appelée biologie 

des réseaux, s'effectue à travers une combinaison de techniques et principes issues de 

la biologie des systèmes, · la théorie des graphes et les analyses statistiques et 

computationnelles (Barabasi et Oltvai, 2004). Cette caractérisation est associée à la 

description de la topologie et la définition des principales propriétés des réseaux 

d'interactions biologiques. Parmi ces propriétés, l'une des plus notables est la 

distribution des degrés des nœuds 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 1.2c). Les réseaux invariants d'échelle ont été décrits pour 

plusieurs systèmes biologiques dont le métabolisme du nématode Caenorhabditis 

elegans (Jeong et al., 2000), la co-expression des gènes chez Saccharomyces cerevisiae 

(van Noort 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 ). À l'inverse, les réseaux construits au hasard sont homogènes 

avec une majorité de noeuds ayant à peu près le même nombre de connections (Figure 

1.2a). L'avantage du réseau invariant d'échelle par rapport au réseau construit 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 
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perturbations (Barabasi et Oltvai, 2004). À l'opposée, les noeuds d'un réseau construit 

au hasard sont tous susceptibles d'être fragiles face aux perturbations. 

Ensuite, le fait que les réseaux biologiques soient invariants d'échelles met en lumière 

une autre propriété qui est l'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 à être létales lorsque leurs gènes sont mutés 

dans le réseau d'IPP de la levure (Goymer, 2008), ou encore à être oncogénique lorsque 

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

Enfin, une autre propriété commune des réseaux biologiques est le phénomène du petit 

monde(« small-world ») où chacune des paires de noeuds ont relativement un court 

chemin entres eux (Barabasi et Oltvai, 2004). Par exemple, les métabolites sont, la 

plupart du temps, éloignés l'un de l'autre par seulement quelques réactions 

enzymatiques (Jeong et al., 2000). Cette dernière est aussi intimement liée à 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 comparable à celui des 

réseaux 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 (Spoms, 2014) et d'IPP (Wagner, 2001). 
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Figure 1.2 Schémas et distributions des degrés de connections dans les 
réseaux. 

La distribution P des degrés k des nœuds du réseau suit une distribution de Poisson dans les 
réseaux construits au hasard (a) et une loi de puissance dans les réseaux à échelles invariants 
(b). (c) Les réseaux hiérarchiques sont des exemples extrêmes 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 possèdent 

des caractéristiques spécifiques associées au contexte dans lequel ils sont étudiés. 
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Parmi ces caractéristiques, les protéines hautement connectées ( ou Hubs) dans le réseau 

d'IPP de la levure ont été montrées comme étant codées, la plupart du temps, par des 

gènes essentiels (Jeong et al., 2001; Yu et al., 2008). Aussi, pour mieux définir ces 

protéines, qui occupent des positions centrales dans l'interactome protéine-protéine, 

Yu et al. (2007) ont introduit la notion de protéines« bottleneck ». Ces dernières sont 

des protéines avec un haut degré de centralité intermédiaire ( ou « betweenness » ). En 

analogie avec le rôle 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 l'ensemble des noeuds dans le réseau d'interactions 

protéine-protéine (Figure 1.3) (Yu et al., 2007). De manière générale, les protéines 

« bottleneck » sont un meilleur indicateur d'essentialité que le degré d'IPP et sont plus 

faiblem~nt 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 nœuds (Figure 1.3) (Yu et al., 2007); 

1. selon qu'ils soient des Hubs et des protéines « bottleneck » (« Hub­

bottleneck » ); 

11. ou pas(« Hub-non-bottleneck »); 

111. qu'ils ne soient pas des Hubs mais des protéines« bottleneck » (« Non-hub­

bottleneck ») ou 

1v. pas(« Non-hub-non-bottleneck »). 

Ce modèle offre la possibilité d'utiliser le degré de centralité intermédiaire pour 

découvrir des protéines qui ne sont pas des Hubs, mais qui jouent un rôle clé entre deux 

processus biologiques importants. Plus récemment, Wuchty (2014) a étendu cette 

notion à la connexion entre deux protéines« bottleneck ». Il a montré que le degré de 

centralité intermédiaire de l'interaction entre deux protéines « bottleneck » est elle aussi 

supérieur à la moyenne des autres interactions (Wuchty, 2014). De plus, en confirmant 

cette propriété dans le réseau d'IPP de l'humain, il a trouvé que les protéines qui 

partagent une interaction à haut degré de centralité intermédiaire sont plus souvent 
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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-bottleneck 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'IG chez la levure, grâce aux nombreux efforts 

concertés de criblage des IG à grande échelle, est semblable à celui des IPP et des autres 

réseaux biologiques et présente une structure invariante d'échelle avec des gènes 

hautement connectés jouant le rôle de Hubs (Costanzo et al., 2010; Tong et al., 2004). 

De ce fait, le degré de connectivité des Hubs d'interactions génétiques corrèle avec le 

degré d'interactions dans le réseau d'IPP (Costanzo et al., 2010). Les Hubs d'IG ont 

aussi une propension à être des gènes essentiels et à être multi-fonctionnels (associés à 

une multitude de fonctions biologiques), tout comme ceux de l'interactome protéine­

protéine (Costanzo et al., 2010). 

À plus petite échelle, le réseau d'interactions génétiques de la levure, basé sur des 

interactions négatives (létales, voir section 1.1 ), est modulaire et les interactions sont 

concentrées entre des gènes 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 à la notion de monochromaticité des IG (Segre et 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'IG négatives (Segre et al., 2005). Chez la levure, cette particularité du réseau d'IG a 

aussi été observée avec un nombre élevé d'interactions positives à l'intérieur de 

certains modules fonctionnels (Connections en vert; Figure 1.4) (Fiedler et al., 2009; 

Schuldiner et al., 2005). 



11 

CMOI 

Histone exchange \ / 
Microautophagy / c\~ 

..... ~,___,- , "'", ..... 
ATCI / 

/ 1 

AICS ___ .ucui--, ~ WS41 

S(Cl1 

/ 
ATCIJ - vrct - •TCl1 ATGI--SN>" 

ATCI ATC II 

Small GTPase mediated signal transduction Protein import 

Figure 1.4 Exemples de modules fonctionnels monochromatiques pour 
les interactions génétiques chez la levure Saccharomyces cerevisiae. 

Chaque noeud représente un gène lié par une ou des interactions génétiques 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, Kell ey et Ideker 

(2005) ont précisé la notion de monochromaticité selon deux modèles décri vant la 

mécani stique des interactions génétiques. Le premier modèle 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 modèle est prépondérant pour les IG 

négatives de la levure, et donc monochromatique, avec 'ùne majorité d'interactions 

négatives ayant été observées entre les membres de deux voies distinctes dans de 

nombreuses études qui ont appliqué ce modèle 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 deuxième modèle, nommé 

« within-pathways » (i.e. à l'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 modèle s'appliquerait aux 

interactions positives retrouvées entre des gènes non-essentiels puisque leurs mutations 

individuelles ne sont pas létales et peuvent, au contraire, mener à une atténuation du 

phénotype observé (e.g. le complexe protéique DEFGH; Figure 1.5b). Par contre, cette 

hypothèse s'est avérée majoritairement fausse pour l'ensemble des interactions 

positives chez la levure, et c'est plutôt leur prévalence à 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 et al., 2011; Kelley et ldeker, 2005; 

Ulitsky et Shamir, 2007). 

L'une des raisons qui pourrait expliquer la supériorité du modèle « between-pathway » 

sur celui du « within-pathway » réside dans le fait que la plupart de ces études ont 

considéré les voies de signalisation/métabolisme ( ou modules) comme des motifs 

denses d'interactions protéine-protéine ou protéine-ADN (Bandyopadhyay et al., 2008; 

Bellay et al., 2011; Kelley et Ideker, 2005; Szappanos et al., 2011; Ulitsky et Shamir, 

2007). En réalité, les voies sont définies comme un groupe de molécules fonctionnant 

ensemble, avec ou sans interactions, pour contrôler un processus biologique donné 

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

(a) Les modèles 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 à l'intérieur d'un module ( « Within­
pathway » ). (b) La monochromaticité des modèles 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 à l'intérieur d'un 
complexe protéique formé par des gènes non-essentiels. Image tirée de (Kelley et ldeker, 
2005) et (Baryshnikova et al., 2013). 
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Du côté des organismes multi-cellulaires, il n'y pas d'interactome génétique à grande 

échelle semblable à la levure dû aux difficultés de criblage expérimental et à la taille 

du génome de la plupart de ces espèces. Toutefois, des études à petite échelle chez le 

nématode C. elegans montrent un réseau dont la topologie est similaire à celle observée 

chez la levure avec un réseau invariant d'échelle et la présence de Hubs (Byme et al., 

2007; Lehner et al., 2006). De plus, les Hubs auraient aussi cette tendance à être des 

gènes essentiels, mais cette observation a été faite dans un réseau d'IG de type négatif 

uniquement (Byme et al., 2007). Aussi, au niveau de la modularité du réseau d'IG de 

C. elegans, le modèle « within-pathway » semble mieux s'appliquer à une majorité 

d'interactions génétiques chez le nématode, à l'inverse de la levure pour qui le modèle 

« 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 à la nature même de ces espèces, i.e. uni- versus multi-cellulaires. 

1.3 Le criblage in silico des interactions génétiques 

Malgré les avantages du criblage à haut-débit des IG en laboratoire, la quantification 

nécessaire pour évaluer l'effet de deux mutations sur un phénotype en particulier 

requiert une quantité astronomique de mesures qui augmentent selon la taille du 

génome de l'espèce ( e.g. la bactérie Escherichia coli ~ l O millions de paires de gènes 

X 10 mesures= 100 millions de mesures, chez l'humain ~200 millions de paires de 

gènes X 10 mesures= 2 milliards de mesures) (Onami et Kitano, 2006). De plus, le 

nombre total d'IG identifié par des études à grande échelle représente moins de 1 % de 

toutes les paires de gènes 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 gènes sont donc généralement fa ib les en laboratoire(« systematic screens », 

en bleu, Figure 1.6) . Une faço n de surmonter cette difficulté est d ' ut ili ser une approche 

in silico dans laquell e une paire de gènes en particulier est ciblée (Onami et Kitano, 

2006). 
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Figure 1.6 Comparaison entre les approches expérimentales de criblages 
et les méthodes prédictives d'interactions génétiques chez C. e/egans. 

Les comparaisons sont faites selon le pourcentage de gènes ayant au moins une interaction 
( « % of genes with interactions ») et la fraction de paires de gènes 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 seu lement quelques 
paires de gènes dû aux nombreux facteurs limitants des manipu lations expérimentales . Le 
rendement est aussi généralement faible dû à la rareté des interactions génétiques par rapport 
au nombre de paires testées . À l'inverse, la prédiction in silico d'interactions génétiques 
( « prediction-based screens ») peut se fa ire pour l'ensemble des pa ires de gènes selon la 
couverture des données uti lisées ((Lee, 1. et al. , 2010), (Lee, A. Y. et al., 2010) et (Zhong et 
Sternberg, 2006)). De plus, étant donné la hiérarchisation des paires de gènes, seu les cel les 
·présentant une très forte probabilité d'interactions sont testées en laboratoire, augmentant 
ainsi le rendement. Image tirée de (Lee, A. Y. et al., 2010) . 
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Cette méthode consiste à d 'abord prédire des IG pour l 'ensemble des paires de gènes 

et de va lider en laboratoire par la suite ce lles qui présentent des grandes chances d'être 

de vraies interactions génétiques . Les rendements et couvertures en nombre de gènes 

obtenus sont donc supérieurs grâce à cette approche ( « prediction-based creens » en 

rouge, F igure 1.6) (Lee, I. etal., 20 10). 

Pour préd ire des IG chez un organisme, il fa ut d ' abord di sposer de données, idéalement 

à grande échell e, provenant de sources multiples (e.g. expression des gènes, 

interactions protéine-protéine, annotations fonctionnelles) (« Data Sources », Figure 

1.7) (Madhukar et al., 2015). Ensuite, les données peuvent être transformées (e.g. Co­

expression des gènes, enrichissement en annotations communes pour deux gènes) ou 

uti li sées directement (e.g. IPP, pourcentage d ' homologie entre deux gènes) pour 

calcul er des scores entre les différentes paires de gènes qui sont communément appe lés 

attributs ( « Feature extraction », F igure l. 7) (Madhukar et al. , 2015). Comme chacune 

des paires de gènes se retrouve avec un score pour chacu n des attributs, un réseau peut 

être construit en appliquant un seuil minimum sur les scores (Lee, A. Y. et al. , 2010). 

Ce réseau peut être utili sé par la suite pour construire d ' autres attr ibuts (Lee, A. Y. et 

al., 20 1 O; Madhukar et al., 20 15). Les attributs sont ensuite combinés dans une matri ce 

pour toutes les paires de gènes (F ig .1. 7) . Bien que facultatif, ces attributs peuvent auss i 

être évalués indiv iduellement pour leur potenti e l prédicti f envers les IG afin d ' utili ser 

seulement ceux présentant des liens forts avec les IG (Lee, A . Y. et al. , 2010). Bien que 

cela permet de construire un modèle plus spécifiq ue au contexte des IG, différents 

a lgorithmes de sélection automatique ex istent pour utiliser les attributs les p lus 

performants avant l' étape de l'apprenti ssage machine (Madhukar et al., 2015). Viens 

ensuite le choi x d ' un ensemble d 'entraînement qui , après intégration, servira de modèle 

de base pour la prédiction d ' IG (F ig .1.7) (Madhukar et al., 2015; Onam i et Kitano, 

2006). Cet ensemble de référence doit être représentatif et contient idéalement des IG 

en nombre suffi sant pour être séparé en deux afi n de conserver un certain nombre d ' IG 

pour les phases de tests (« Training » et « Test », F ig.1. 7) (Madhukar et al. , 20 15). 
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L 'ensembl e de tests, constituer aléatoirérùent avec des IG, serv ira à évaluer la 

perfo rmance et la pertinence du modè le prédi cti f construit avec le reste des lG 

Madhukar et al. , 2015). 

Pour le moment, seul e la levure di pose d 'un nombre suffisa nt d ' IG pour appliquer 

cette approche. Autrement, lors des phases de tests, le modèle est éva lué pour sa 

pertinence envers d 'autres IG par diffé rentes méthodes d 'évaluation en considérant 

uniquement l'ensemble d 'entrainement non fragmenté (Madhukar et al. , 201 5) . La 

méthode la plus utilisée, appelée validation cro isée, consiste à séparer l'ensemble 
' d'entra inement au hasard en k sous-ensembles équi valents et de générer les prédi ctions 

pour le 7cième sous-ensemble en utili sant les k-1 sous-ensembles comme données 

d 'entraînements (Schrynemackers et al. , 201 3). On applique généralement, de faço n 

aléatoire, plus de 5 séparations pour s'assurer d 'un échantillonnage approprié. À 

l' extrême, toutes les séparati ons sont effectuées avec k = n sous-ensembles dans une 

technique appelée« leave-one-out cross-validation » (M adhukar et al. , 201 5). À la fin, 

les prédi cti ons sont éva luées sur un ensemble d ' IG rée l (pos itif) et un ensemble négati f 

(e.g. paires de gènes pri s au hasard), les perfo rmances de classificati on pour chaque 

modèle sont calculées selon les rati os d ' IG et de négati fs correctement prédits par 

rapport à la taill e de l'ensemble de départ (M adhukar et al., 2015). Dans l'ensemble, 

un modèle qui offre de bonnes perfo rmances, basées sur un ensemble d 'entrainement 

suffis amment large, peut être utilisé ensuite sur l'ensembl e des paires de gènes d 'un 

organisme pour prédire des IG et cibler ou caractéri ser ce ll es qui portent un intérêt 

parti culier. 
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Figure 1.7 Survol de l'approche la plus utilisée pour la prédiction 
d'interactions génétiques. 

Divers types de données à grande échelle sont extraits des bases de données pour être uti lisés 
directement ou encore , être transformés pour construire les attributs (ou « feature » ). Ces 
attributs sont ensuites combinés dans une matrice pour l'ensemble des paires de gènes. 
Finalement, un modèle prédictif est construit grâce à un ensemble d'entraînement ayant passé 
les phases de tests pour servir à la prédiction d'interactions génétiques entre des paires de 
gènes d'intérêts. Image tirée de (Madhukar et al., 2015) . 
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1.3. J Chez la levure S. ce revis iae 

Chez les eucaryotes, la levure S. cerevisiae est l' espèce qui a bénéficié le plus d 'efforts 

concertés afin de tester p lus de cinq millions de paires de gènes expérimenta lement 

(Baryshnikova et al. , 20 l O; Costanzo et al., 2010). Mais comme ces progrès sont 

relati vement récents, la levure a eu son lot d 'études in sifico auparavant, en part iculi er 

avant 2010, afin d 'augmenter la couverture des gènes avec des IG grâce aux outil s 

prédicti fs. Ces études ont aussi mi s de l ' avant plusieurs méthodes qui sont encore 

couramment utili sées dans la prédiction des IG (M adhukar et al. , 201 5). 

Brièvement, Tong et al. (2004) ont montré qu 'environ 20% des vo is ins d 'un gène dans 

l ' interactorn e génétique partagent aussi des interactions génétiques entre eux. Cette 

propriété peut donc serv ir à prédire des IG pour des gènes qui sont peu caractéri sés 

(Tong et al. , 2004) . Néanmoins, cette approche, généra lement appelée règle 

d'association , est couramment employée comme technique d ' inférence mais nécessite 

une quantité adéquate d ' informati on (des IG en l'occurrence) et l' info rmation doit 

idéalement être dépourvue de biais expérimentaux (e.g. un seul gène est tes té 

systématiquement contre 1000 autres plutôt que toutes les combina isons possibles de 

paires de gènes) (Gillis et Pavlidis, 201 2). Pour palli er à ce problème (récurrent chez 

les organismes autre que la levure), Pandey et al. (20 l 0) ont construi t 152 attributs, 

dérivés de types de données allant de l' expression des gènes aux annotations 

fo ncti onnell es, pour prédire des IG sans avo ir recours di rectement au réseau d 'IG pour 

la construction des attributs. Pour ce fa ire, il s ont eu recours à une approche d ' arbres 

de décisions et à cinq autres types de p rédicteurs diffé rents (e.g. analyse discriminante 

linéaire, réseaux de neurones) qu ' il s ont combiné ensemble pour max imiser le potenti el 

prédi ctif de chaque type de données (Pandey et al., 2010). La combinaison de plusieurs 

prédicteurs permet auss i, au final, d 'obtenir un consensus au niveau des prédictions. Il s 

ont appliqué cette approche pour prédire des interactions génétiques entre les facteurs 

de transcription connus chez S. cerevisiae et découvert un grand nombre de nouvell es 
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interactions entre ces facte urs. Leur effo1i a pern1 is de générer des IG prédites pour 

env iron 7,5 millions de paires de gènes non-essentie ls de la levure (Pandey et al., 20 10). 

Ces prédictions n'ont toutefo is pas été validées expérimentalement, probablement en 

raison des di fficultés que ce la comporte en termes de temps et d ' argent. 

Une autre manière de prédire des IG consiste à exp loiter la relat ion entre les réseaux 

d ' interactions protéine-proté ine et génétiques. Comme la topologie et la connectivité 

du réseau des interacti ons protéine-protéine (IPP) est semblabl e à celui des IG (e.g. 

réseau invariant d 'éche ll e, présence de hubs), cette information pourrait être utili sée 

pour prédire des IG entre deux gènes qui codent pour des protéines qui interagissent 

ensemble physiquement (Chipman et Singh, 2009; Kelley et Ideker, 2005; Paladugu et 

af. , 2008). 

Dans l ' ensemble, la prédi ction d 'IG chez S. cerevisiae a pen11i s d ' instaurer les bases 

de la prédiction d ' IG, en particulier chez les organismes supéri eurs, mais n 'est 

évidemment plus nécessa ire chez la levure dû aux criblages à grande échelle qui ont 

permis de tester près de la moitié de l' ensemble des paires de gènes de cet organisme. 

De plus, la piètre conservation des IG entre les espèces ne permet pas d ' utili ser 

directement les IG chez la levure pour les transposer à d 'autres espèces par orthologie 

de gènes (i.e. homol ogie qui ti ent compte de la divergence entre les espèces), il est donc 

nécessaire de développer des outils prédictifs basés sur des données rattachées à 

1 'espèce, et ce, pour chacune des espèces étudiées. 

1.3 .2 Chez C. elegans 

Contrairement à la levure, le nématode Caenorhabditis elegans n 'a que quelques 

milliers d ' IG de disponibles pour les études à moyen ou large spectre. La prédiction 
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d ' IG est donc nécessaire pour cette espèce. C. elegans possède tout de même une 

multitude de phénotypes bien documentés dans les bases de données, de même que des 

données d 'express ion et d ' IPP (Howe et al. , 201 6). 

La méthodologie généra le pour prédire des IG chez C. elegans emploie habitue llement 

seulement des données expérimentales, mais peut comprendre auss i des données non­

expérimentales comme la co-citation de gènes dans la littérature (Lee, I. et al., 2010). 

Bon nombre d' études de prédi ctions d 'IG à grande échelle chez C. elegans utili se 

quatre princ ipaux types de données, ! 'express ion des gènes, les annotations 

fo nctionnelles et/ou phénotypes, les IPP et les IG (Chipman et Singh, 2009; Hoehndorf 

et al., 201 3; Lee, A. Y. et al. , 2010; Lee, I. et al., 2010; Zhong et Sternberg, 2006). 

Mais à l ' excepti on de l' expression des gènes (facilitée par les mi cropuces à ADN ou 

« gene mi croarrays »), bien peu de types de données couvrent les quelques 18 000 

gènes de C. elegans. Auss i, il est important de se rappeler que ce ver n'a que quelques 

milliers d ' IG validées expérimentalement, empêchant par le fait même son utili sati on 

comme réseau dans des analyses prédicti ves d ' IG semblables à celles chez la levure. 

La plupart des types de données ne couvrent donc qu ' une petite parti e du génome du 

nématode, la issant beaucoup de données manquantes dans les matrices de paires de 

gènes utili sées pour l' intégration de données (Zhong, W. et Sternberg, 2007). 

Pour surmonter cet obstacle, Zhong et Sternberg (2006) ont utilisé deux méthodes, la 

première consiste à combiner des données d 'un même type, provenant de différentes 

sources couvrant chacune une pai1ie de l'ensemble des gènes, afi n d 'optimiser la 

couverture du génome. La deuxième se base sur le principe que si deux gènes 

interagissent ensemble (pour une espèce), leurs orthologues ont aussi p lus de chance 

d' in teragir génétiquement que des paires de gènes prises au hasard (Zhong et Sternberg, 

2006). Les deux auteurs ont donc intégré c inq types de données provenant de tro is 

espèces diffé rentes (C. elegans , S. cerevisiae, D. melanogaster) pour obtenir des 

probabilités d 'IG pour environ 10% des paires d' orthologues chez le nématode (Zhong 

et Sternberg, 2006). La fa ible couverture en nombre de gènes avec au moins une IG 
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prédite peut s'expliquer en partie par le fa it qu ' un nombre res treint de gènes chez C. 

elegans ont des orthologues chez une des deux autres espèces (Sonnhammer et Ôstlund, 

2015). Un autre problème, cette foi s au niveau de la spécificité de leur modèle, vient 

du fait que les auteurs ont utili sé les IG de la levure et de la drosophile comme attributs 

prédi ctifs pour l'ensemble des pa ires de gènes de C. elegans (Zhong et Sternberg, 

2006). Il a été montré que sorti d 'un contexte en particulier (e.g. IG entre gènes 

essenti els ou IG à l' intérieur d ' une vo ie de métabolisme), les IG sont peu ou pas 

conservées entre C. elegans et S. cerevis iae et ont auss i peu de chance d 'être conservées 

entre C. elegans et D. melanogaster (T ischler et al., 2008). L ' utilisati on des IG multi­

espèces comme attribut prédictif, en comparai son avec des IG spéc ifiques à l' espèce, 

est d ' a illeurs l'une des raisons de la fa ible perfo rmance de ce prédicteur face à d 'autres 

(Chipman et Singh, 2009). Par contre, cela n'a pas empêché les auteurs d 'obtenir un 

bon rendement en validations expérimenta les tel que démontré par un haut ratio de 

pa ires de gènes validées par criblage et d ' interactions prédi tes par leur modè le pour ces 

mêmes pa ires de gènes (Zhong et Sternberg, 2006). 

Une autre probl ématique rencontrée lors de la prédi ction d 'IG chez le nématode 

concerne l'ensembl e d 'entrainement . utili sé dans le modèle prédi cti f. Comme 

menti onné précédemment, le nématode di spose que de quelques milli ers d 'IG et 

l'utili sation d ' un ensemble d' entrainement jugée trop peti t peut mener au phénomène 

de surapprentissage (« overfitting ») où le modèle prédicti f n' a plus la fl exibilité requi se 

pour prédire avec succès des nouvel les instances (Okser et al. , 2013). La règ le est donc 

de privilégier, si poss ible, une grande quantité d ' instances validées (exemples positifs ) 

pour maximiser les chances d 'avo ir un modèle prédi cti f couvrant la maj orité des cas 

non-étudiés (Okser et al. , 2013). De plus, les instances pos iti ves doivent, dans l ' idéa l, 

couvrir un max imum d 'exemples d 'IG, selon leurs profil s de valeurs des attributs, afin 

d ' obtenir un ensemble d 'entraînement équilibré (Okser et al. , 201 3). Pour sum1onter 

ces obstacles, Zong et Sternberg (2006) ont utili sé, en plus des quelques 1 800 IG, les 

2 878 interactions protéine-proté ine (IPP) de C. elegans validées par double hybride 
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(« yeast two-hybrid ») en se basant sur le fa it que deux gènes qui interagissent ensemble 

ont plus de chance de coder pour des protéines qui interagissent phys iquement que 

deux gènes pri au hasard (Tong et al., 2004). Cette propension des paires de gènes qui 

interagissent génétiquement, à interagir phys iquement aussi, n'est toutefoi pas 

généralisée car dans l' ensemble, moins de 10% des IG partagent auss i des IPP (Tong 

et al., 2004). L ' utilisation d ' IPP en tant qu ' interaction génétique a donc pour effet 

d ' introduire potenti e ll ement un nombre non nég ligeable de faux positi fs dans 

! ' ensembl e d 'entraînement. 

Une manière différente de contourner le manque d ' TG chez C. elegans pour la 

construction de l'ensemble d 'entrainement est d ' utili ser les annotations fo nctionnell es 

(e.g. termes« gene ontology », vo ies de signa li sation) pour former des paires de gènes 

qui partagent une ou plusieurs annotations en commun (Lee, I. et al. , 2010). Cette 

approche permet d 'avoir un ensemble d 'entrainement comme modèle qui couvre la 

majorité des paires de gènes du nématode. Par exempl e, en utili sant les annotat ions 

« Gene Ontology » (GO), Lee et al. (20 10a) ont construit un en emble d ' entrainement 

composé de plus de 600 000 pa ires de gènes pour générer un modèle capable 

d ' identifier des paires de gènes impliquées dans les mêmes processus bio log iques (co­

fo ncti onalité). Il s ont ensuite découvert que ce modèle pennettait aussi d ' identifi er des 

TG (Lee, I. et al., 2010). Comme l' objectif principal était de prédire des li ens 

fo nctionne ls entre les gènes (ou impliqués dans les même processus), les rendements 

en va lidation expérimentale pour les IG ont été inféri eurs à ceux obtenus pour les 

approches utilisant les IG comme ensemble d ' entrainement (Ke lley et Ideker, 2005; 

Lee, A. Y . et al. , 201 0; Lee, I. et al., 2010; Wong et al. , 2004 ; Zhong, W. et Sternberg, 

2007). Ce qui est mis en év idence ici témoigne d ' un concept important en app renti ssage 

machine qui surv ient lorsque des ensembles d 'entrainements très vo lumineux sont 

utilisés. En effet, plus on ajoute d ' instances dans l'ensemble d 'entrainement, plus on 

augmente le risque d ' introduire des instances qui s'éloignent de la vérité en raison de 

plusieurs fac teurs qui s'ajoutent (e.g. ex périmentateurs, méthodes, données 
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manquantes, brui t de fo nd) (Raykar et al., 2009). Dans l' idéal, un ensemble 

d'entrainement bi en balancé et sélectionné avec so in permet de générer des prédictions 

avec beaucoup plus de précisions (Bati sta et Meira, 2004; Cano et al., 2007). En 

utili sant seulement les IG de C. elegans comme ensemble d'entrainement, nous avons 

obtenu les meilleurs rendements en validati ons expérimentales à ce j our. Le succès 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 auss i sur 

l'utili sati on d 'attributs capable d' ex ploiter à la fo i les réseaux d 'JPP/co-express ion des 

gènes et les assoc iations gènes-phénotypes (Lee, A. Y. et al., 2010). 

Plus spéc ifi quement, pour construire ces attributs, des données d 'express ion des gènes 

et des IPP sont colligées pour construire les réseaux de co-express ions et d ' IPP (F igure 

1.9A). Pour le réseau d 'IPP, le degré d 'enri chi ssement en partenaires communs de 

chaque proté ine dans le réseau est ca lculé pour construi re un attribut prédi cti f d ' IG 

(F igure 1.9B). En effet, il a été montré que deux gènes enri chi s en partenaires communs 

dans le réseau d 'IPP ont plus de chance d' interagir génétiquement que les autres (Lee, 

A. Y. et al., 20 10). Ensui te, comme les phénotypes ne couvrent qu 'une parti e de 

l' ensemble des gènes, cette couverture pourrait être étendue en explorant le vo is inage 

(l es partenaires di rects) de chaque gène dans le réseau combiné de co-express ions et 

d ' IPP qu i lui , couvre plus de 80% des gènes. On applique ensui te le même principe 

d 'enri chissement dans le vo isinage, mais cette fo is-ci, on calcule l'enri chi ssement d ' un 

phénotype dans le vo isinage (nombre de gènes associés au phénotype) de deux gènes 

(Figure l .9C). Finalement, deux gènes enri chis dans leurs voisinages pour un 

phénotype donné ont plus de chance d ' interagir génétiquement que les autres, d ' autant 

plus si les deux gènes sont auss i associés au phénotype en question (F igure 1.9D) (Lee, 

A. Y. et al. , 2010). 
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A 

protein-protein interaction/interlog Q gene/protein 

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

En résumé, chez les organismes multi-cellulaires, C. elegans est l'espèce qui a le plus 

bénéficié des études de prédiction d ' IG grâce, entre autres, à la quantité d ' information 

di sponibl e dans les bases de données. Mais aussi grâce aux nombreuses études sur la 

génétique du nématode qui ont permis de rassembler une quantité appréc iable d 'IG 

validées expérimentalement pouvant serv ir à l'entrainement et/ou à la va lidation de 
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modèles prédictifs pour les IG. Au fi nal, les di fférentes approches employées pour la 

prédicti on d ' IG chez C. elegans ont le potentie l d 'être appliquées chez d 'autres 

organi smes mul ti-ce llul ai res di sposant d ' un nombre restreint d ' IG. 

1.3.3 Chez l' humain 

Malgré la quantité impress ionnante de données à grande échell e et la disponibili té d ' IG 

découvertes dans des études in vitro chez l' humain, peu d 'études in silico ont vu le j our 

pour tenter d 'explorer le sujet. Panni les causes possibles, c itons la découverte des IG 

dites « contexte-spécifi ques » (i. e. qui sont détectabl es dans un seul contexte donné) 

(voir section 1.2.2) (Chari et Dworkin, 201 3). En effet, pour prédire des IG dans le 

contexte d 'une maladie, par exemple, il faut une compréhension approfondi e des 

phénotypes, des vo ies de s ignalisation et des mécani smes d 'altérati on propres à cette 

maladie, et les données rattachées sont parfo is non disponibles (e.g. maladies rares). 

Néanmoins, quelques études ont tenté de prédire des IG chez l' humain , notamment 

dans le cancer (Jerby-Arnon et al., 201 4; Lu et al., 2015). 

Dans la première, les auteurs ont intégré des données d 'expression de gènes et de 

criblage d ' IG provenant de plus d 'une centaine de lignées ce llulaires de différe nts types 

de cancer (F ig. l.9) (Jerby-Arnon et al. , 2014). Il s ont ensuite combiné ces résul tats 

avec ceux provenant du séquençage d'ADN (e.g. nombre de copie d 'un gène, 

mutations) pour construire des réseaux d' interactions prédites spécifiques à chaque 

type de cancer, et pouvant être utili sés dans le pronostic de la maladi e ou dans la 

réponse à un médicament (F ig. 1.9) (Jerby-Arnon et al., 2014). Dans l'é laboration de 

leur modèle prédi ctif, 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 troi s remarques: 
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1. Les pa ires de gènes qui interagissent négativement ont un taux de co­

mutations (ou co-déléti ons) plus faib le que les paires choisies au hasard 

(puisque le contraire serait défavorable, vo ir létal, pour la cellule 

cancéreuse). 

11. Les interactants négatifs d 'un gène X peuvent être détectés si la sous­

express ion ou la perte de ces gènes induit l'essenti alité du gène X dans les 

criblages shRNA. 

111. Les gènes qui interagissent négativement œuvrent dans la même vo ie de 

signa li sation/métabolique et ont donc tendance à être co-exprimés. 

Ils ont par la suite construit troi s modèles statistiques basés sur chaque observation, les 

IG négatives identifi ées expérimentalement formant les ensembles de référence(« go ld 

standard » en ang lais), et ont identifi é les paires de gènes pour qui les trois tests 

statistiques sont s ignificat ifs, comme interagissant génétiquement (Jerby-Amon et al., 

2014). Au fina l, ils ont obtenu un réseau combiné de 2816 interactions négati ves 

prédites couvrant 2077 gènes. Leur approche a auss i été utili sée avec succès pour 

découvrir 44 interactants synthétiques !étals du suppresseur de tumeur VHL grâce à 

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

Pour étendre cette couverture à plus de 15 000 gènes, Lu et al. (2015) ont utilisé des 

données d'expression de gènes pour mesurer leurs fluctu ations (express ions 

différenti ell es) dans un réseau d 'IG négati ves identifi ées expérimentalement provenant 

de plusieurs types de cancer. Il s ont remarqué que lorsqu 'un gène interag it 

négati vement avec un autre, l'un d'eux est sur-exprimé pendant que l'autre est, aù 

contraire, sous-exprimé (Lu et al. , 2015). Cette constatation leur a permi s de construire 

un modèle prédicti f pour les paires de gènes qui partagent un motif d 'express ion 

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 l'humain. 

Différents types de données sont intégrés avec les interactions génétiques dites « synthétiques 
létales » (SL) . L'information résultante peut être utilisée ensuite , par le principe de coupable 
par association , pour construire un réseau d'interactions SL prédites . Ces interactions prédites 
peuvent éventuellement condu ire à un meil leur pronostic ou à une mei lleure réponse à un 
médicament en ciblant un interactant SL en particulier avec une autre molécule thérapeutique . 
Image tirée de (Jerby-Arnon et al. , 2014) . 

l.4 La génomique intégrati ve dans le cancer du sein 

Dans le cadre de cette thèse, j ' ai trava illé sur les réseaux d ' in teractions foncti onnel les 

du nématode C. elegans. Les principales conc lusions de nos études nous ont mené à 
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s 'interroger sur la génétique du cancer, p lus préc isément au nivea u du cancer du sein. 

Les prochaines sections introdui sent les notions de bases de cette maladi e et exposent 

des résultats importants provenant de di ffé rentes études intégrati ves . 

1.4.1 Caractéristiques des tumeurs mammaires 

Le cancer du se in tient son origine des glandes mammaires, lesquell es sont fo rmées par 

une couche extérieure de cellul es myoépithéliales qui entourent les cell ules luminales 

(F igure 1.10). À l' intéri eur, se trouve des cellules souches en position basale qui 

donneraient lieu, après différentiation, aux cellul es progénitri ces (F igure 1.10) (T iede 

et Kang, 2011 ). 

Luminal cell 

Figure 1.10 Structure cellulaire des glandes mammaires. 

Les cellules myoépithél iales ( « Myoepithel ial ») entourent les cellu les luminales ( « Lu minai ») 
dont l'origine proviendrait de cel lules souches basales ( « Stem cell ») différentiées en 
progénitrices (« Progenitor »). Image tirée de (Tiede et Kang , 2011) . 
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Le cancer du sein est auj ourd 'hui considéré comme une maladie hétérogène que l 'on 

peut classer selon le profil d 'express ion des gènes en quatre catégori es principales 

(Perou et al. , 2000; Sorlie et al. , 2001 ; Sorlie et al. , 2003). La première, luminale A, 

est basée sur la sur-expression du gène codant pour le récepteur à œstrogène (ESRJ , 

Figure 1.1 la) et la tumeur retrouvée chez les patients est généralement associ ée à un 

pronosti c positif (Figure 1. 11 b ) . Une autre catégori e, nommée luminale B , exprime 

auss i l'ESRl (F igure 1.1 la) , mais est relativement plus agressive dans son potentiel 

métastatique avec un grade de tumeur relati vement plus élevé (Figure 1.11 b ) . Les 

tumeurs de type luminale seraient, pa r hypothèse, composées majoritairement de 

ce llules myoépithé li ales di fférentiées (F igure 1.1 l c) La troisième catégori e, HER2, 

exprime fo rtement le gène ERBB2 (un récepteur pour les facteurs de croissance 

épidermiques) et est assoc iée à un pronosti c moins favorable (Ignatiadi s et al. , 2009). 

Enfi n, la dernière catégorie, appelée triple négative, n 'exprime pas l'ARNm des 

récepteurs des autres catégories en plus du récepteur à progestérone (PR) et se di vise 

normalement en tro is sous-types. Le premier, appelée basa l (ou « basal-like »), exprime 

des marqueurs spéc ifi ques aux cellules basa les (e.g. cytokératines CK5) en plus de sur­

exprimer beaucoup de gènes peu ou pas exprimés dans les autres catégories (e.g. la 

fa mille RUNX, F igure 1.1 l a) (Sotiriou et Pusztai, 2009). Le pronostic du sous-type 

basal, et par le fa it même des autres sous-types de la catégorie triple négative, est 

généralement très défavorable (F igure l.llb). Touj ours dans cette catégori e, le sous­

type normal (« normal-like », F igure 1.11 a) possède un profil d 'express ion des gènes 

simil aire à ce lui du tissu mammaire normal. Ce sous-type n 'est touj ours pas reconnu 

offic iell ement comme catégorie en ra ison du fa it qu ' il n 'a jamais pu être iso lé par 

micro-dissection et qu ' il poutTai t être le résultat de contamination par du ti ssu sain dans 

les mesures d ' express ion des gènes (Weigelt et al., 2010). Faisant auss i partie de la 

catégori e des tumeurs tr ipl e-négati ves, le dernier sous-type est caractéri sé par 

l' expression de gènes propres aux cellules souches et mésenchymateuses et à une fa ibl e 

express ion des gènes de la famill e des c laudines (« Claudin-low », F igure l. l l c) (Prat 

et al., 2009). 
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Bien qu ' il ex iste aujourd ' hui plusieurs outils prédictifs pour aider dans le pronostic du 

cancer du se in , les différentes catégories et les sous-typ.§s .... du cancer du se in ne sont pas 

encore utili sés comme signatures d'express ion des gènes afin de mieux cibler les 

traitements à administrer pour les pati ents dont le profil d 'expression des gènes de leur 

tumeur correspond à l' une de ces catégories (Dai et al. , 2015). Avant d' utiliser des 

outil s 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 di fférents ni veaux de données (Kristensen 

et al. , 20 14). 
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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 à chacune des catégories de cancer du 
sein. Le gène ERBB2 (alias HER2) est sur-exprimé dans les tumeurs de types « HER2-
enriched » alors que le récepteur à œstrogène 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 gènes associés aux cellu les épithélia les 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 et al., 2015) . (c) Hypothèse 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 ex istantes pour l' ana lyse fonctio nnelle des tumeurs mammaires 

Une faço n de caractériser davantage les catégories de cancer du sein est d ' intégrer 

p lusieurs types de données afin de complémenter l'i nformation fo urnie par la 

quantification du niveau d 'express ion des gènes par RNAseq ou puces à ADN (Dai et 

af. , 20 15). Pour ce faire , plusieurs bases de données sont dispon ibles. D ' un côté, les 

données dites « primaires » proviennent directement des tumeurs de patients et 

couvrent ! ' essentie l de ce qui est mesurab le dans une cellule (e.g. ni veau 

d'accumulation des ARNm, des proté ines, des phosphoproté ines et des métabolites, 

nombre de copie des gènes dans les chromosomes, ni veau de méthylation de la 

chromatine) . De l' autre côté, les données « secondaires» ou dérivées), proviennent soi t 

d ' un traitement stati stique des données primaires (e.g. co-express ion, profil 

mutationnel), so it d 'une multitude d 'annotations n ' ayant pas, à priori, d ' assoc iation 

avec le cancer (e.g. vo ies métaboliques, IPP, associations gène-maladie) (Kristensen et 

af. , 2014). 

Pour les données primaires, le consortium TCGA a mis en évidence le fa it que les 

di fférentes catégories de cancer du se in peuvent être différentiées non seulement sur la 

base de l'express ion des gènes, mais auss i sur cell e de l' express ion des protéines, du 

nombre de copi es des gènes et sur Je profil mutationne l de certains gènes (The Cancer 

Genome Atlas Research et af. , 2013). Ces types de données peuvent donc être intégrés 

de façon complémentaire pour mieux caracté ri ser 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 l' express ion des gènes . L ' intégration de plusieurs types de 

données a permi s d'identifier des sous-types à l' intérieur des principales catégories de 

cancer du sein (Nasser et al. , 201 1; Netanely et al. , 2016). En effet, en intégrant les 

données d 'expression et de méthy lation des gènes, Nasser et af. (20 11 ) ont démontré 

l 'existence de deux sous-types dans les tumeurs de genre « basa l-like » qui sont 

associés à des taux de survie différents . Plus récemment, la même approche 
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d ' in tégration a été appliquée à des données provenant de tumeurs de la catégorie 

lumina le A et a montré aussi une diffé rence signi ficat ive au niveau de la survie des 

pati ents de deux sous-types potentie ls de cette catégorie (Netanely et al., 20 16). Ces 

résul tats montrent que les stratégies d ' intégration de p lusieurs types de données pour 

identifier les princ ipales catégori es de tumeurs sont plus in formati ves que l'ut ili sation 

de données d ' express ion uniquement. 

Une autre façon de fa ire consiste à dériver les données pnma1res (données 

expérimenta les à grande éche lle) en réseaux de gènes. Dans ces réseaux, les gènes sont 

li és si la fo rce d ' un type de données en part iculi er (e.g. co-expression, co-mutation, 

méthy lation) est supérieure à la moyenne. On intègre ensui te des données secondaires 

(données déri vées ou annotations) afin de confé rer des propriétés foncti onnelles à 

l'ensemble des gènes d 'un réseau (Kristensen et al. , 20 14) . Enfi n, on construit des 

modè les prédictifs par apprentissage machine ou des signatures de données permettant 

de distinguer les gènes clés (impliqués dans la progress ion tumora le) de ceux qui ne 

sont pas impliqués. De la même faço n, les vo ies de s igna li sati on dominantes ou actives 

lors de la progress ion tumora le peuvent être dist inguées. Ces informations peuvent 

servir éventue llement à l'élaboration de thérapies spécifi ques à une catégorie ou au 

pronostic de la maladie (Kri stensen et al., 20 14). La prochaine secti on couvri ra en 

déta il s certaines approches intégrati ves ayant mené à ! ' identifi cati on de gènes ou de 

voies c lés pour les di ffé rentes catégories de cancer du sein . 

1.4.3 Identifi er des gènes conducteurs ou des voies .de signali sation clés dans la 

progress ion des tumeurs mammaires 

Plus ieurs études ont montré l'avantage d 'utili ser ou de dériver une ou plusieurs 

données primaires et les intégrer aux informations fo nctionnell es fourni es par les voies 
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de signalisati on et les fo nctions bi ologiques (Dutta et al. , 201 2; Natrajan et al., 201 0; 

Suo et al., 201 5; T ian et al. , 2014 ) . Cette intégration est fa ite afin d ' identi fie r des gènes 

clés ou des voies de signalisation importantes de la maladi e dans chacune des 

catégori es de tumeurs du sein (Dutta et al., 201 2; Natraj an et al., 201 O; Suo et al. , 201 5; 

Tian et al. , 2014). Les gènes clés peuvent être considérés comme des gènes 

« conducteurs » car leurs mutati ons affectent directement le p rocessus d ' oncogenèse 

(Stratton et al., 2009) À l'opposé, les gènes dits « passagers » n ' interv iennent pas dans 

la progress ion des tumeurs (S tratton et al., 2009). La définiti on peut être étendue à 

l' altération, par des mécani smes épigénétique (e.g. méthylati on) ou encore par 

duplication, du gène entraînant la progress ion tumoral e qui peut auss i être considéré 

comme un gène conducteur (De Carvalho et al. , 20 l 2; Dutta et al. , 201 2). 11 est à noter 

qu' il n 'existe pas de consensus au sein de l' appell ation de gènes conducteurs et 

passagers dans la littérature. 

L ' identificati on de ces gènes nécess ite habituell ement de déce ler des mutations dans 

ces gènes, p rovenant des échantillons de tumeurs, par séquençage de prochaine 

génération. La découverte de ces mutations se fait en comparant la séquence des gènes 

dans les tumeurs à ce ll e de ti ssus sains du même pati ent (F igure 1.1 2a) . L ' expression 

des gènes, mesurée dans chacune des catégori es de cancer du se in, est aussi utili sée 

dans ces études afin d'identifie r des gènes mutés et sur-exprimés dans ces catégories de 

tumeurs (F igure 1.1 2a) . Enfi n, les gènes sont c lassés hiérarchiquement selon leurs 

enri chi ssements fo nctionnels dans le réseau de sur-express ion des gènes (dérivé à partir 

des gènes di fférentie llement exprimés entre le ti ssu normal et la tumeur) pour identifi er 

les gènes conducteurs (Figure 1. 12a) (Suo et al., 2015). 

Une autre manière d ' identifier les gènes conducteurs dans le cancer est de se baser sur 

leurs rôles fonctionnels dans la cellule (Chen et al., 2013 ; Dutta et al., 2012) ou sur 

leurs propriétés topologiques dans le réseau d ' IPP (Jonsson et Bates, 2006; Pifiero et 

al. , 201 6; Porta-Pardo et al., 2015). Touj ours sur la base des diffé rentes catégories de 

cancer du sein, Dutta et al. (201 2) ont montré qu ' il éta it poss ible d ' intégrer 
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imul tanément les données d 'express ion et de nombre de copies des gènes dans les 

réseaux d ' IPP, de régulat ion transcriptionnelle et de s ignali sati on pour identifier des 

gènes conducteurs pour chacune des catégories de tumeurs. Pour ce faire, ils ont 

d 'abord sélectionné les gènes pour lesquels le nombre de copies corrè le avec son 

express ion dans chacune des catégori es de tumeurs. Ils ont ensuite appliqué deux filtres 

stati stiques dont l' un est basé sur ! 'expression différentiell e entre une catégorie de 

pati ents et les autres catégories dans le but de sélecti onner les groupes de gènes qui 

sont sur- ou sous-exprimés. Le deuxième filtre consi te à reteni r les sous-groupes de 

gènes qui sont co-expri més dans chacune des catégori es (Dutta et al. , 201 2). Ils ont 

ensuite qualifié ce sous-groupes de réseaux conducteurs desquels il s ont identifi é les 

Hubs (gènes hautement connectés) comme étant de gènes conducteurs. Finalement, 

ils ont validé expérimentalement 30 gènes conducteurs versus l O gènes passagers 

potenti els, pris au hasard, dans 13 1 ignées cancéreuses en regardant la viabilité des 

ce llul es après un traitement avec des s iRNA dirigés contre ces gènes. Auss i, ces gènes 

conducteurs éta ient, pour les tumeurs de type luminale, impliqués dans ! ' apoptose et 

responsable de la rés istance aux tra itements hormonaux et associés à la transition 

épithé li ale-mésenchymateuse (EMT) dans les tumeurs de catégorie tripl e-négative 

(Dutta et al. , 201 2). 

De façon plus générale, l' utilisa ti on du réseau d ' IPP, pour identifier des gènes 

conducteurs dans le cancer du sein ou autres cancers, a été exploité dans plusieurs 

études grâce à la pos ition centra le qu 'occupent ces gènes à ! ' intéri eur du réseau 

d ' interactions (Jonsson et Bates, 2006 ; Pifiero et al., 2016; Porta-Pardo et al., 201 5). 

En effet, les gènes conducteurs sont plus nombreux à coder pour des H ubs (proté ines 

hautement connectées) dans le réseau d'IPP (Jonsson et Bates, 2006; Pifiero et al. , 201 6; 

Porta-Pardo et al. , 20 J 5). Ils ont auss i tendance à coder pour des protéines nommées 

« bottlenecks » (Pifiero et al. , 201 6; Porta-Pardo et al. , 201 5) . Le protéines 

« bottl enecks » sont associées à un haut degré de centralité intermédiaire ou 

« betweenness » où beaucoup de courts chemins traversent ce noeud . Les 
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« bottlenecks » tendent de plus à être codés par des gènes essentiels (vo ir section 1.2 . l ) 

(Yu et al. , 2007). Ces caractéri st iques topologiques des gènes conducteurs dans le 

réseau d ' IPP pourraient donc serv ir éventue ll ement à compl émenter les méthodes 

d ' intégrati on ex istantes pour découvrir des nouveaux gènes conducteurs dans les 

diffé rentes catégori es de cancer du sein. 

Dans un autre ordre d ' idée, une des difficultés rencontrées dans l' application c lini que 

de la découverte de listes de gènes conducteurs est que ces gènes en question ne sont 

général ement pas de bonnes cibles thérapeutiques, en part iculier dans les tumeurs de 

catégori e tripl e-négative. En effet, comme leurs mu tations condui sent souvent à la 

progress ion tumora le (e.g. TP53) (Stratton et al. , 2009), une molécul e diri gée contre 

l'un de ces gènes pourra ient év idemment aggraver la situation (S t:ratton et al., 2009) . 

Il est donc préférable d ' identi fie r les réseaux fo ncti onne ls entourant les gènes 

conducteurs afin de trouver des c ibles thérapeutiques secondaires (Dutta et al. , 20 12). 

Une des faço ns de fa ire est de mettre en évidence les vo ies de 

signali sati on/métabolisme clés de chacune des catégories de tumeurs selon l' état 

d ' acti vation de ces voies (régul ées à la hausse ou à la baisse) (F igure 1.12b) (Dutta et 

al., 2012; Natrajan et al., 201 0; Tian et al., 2014). L ' approche générale consiste à 

déterminer, pour chacun des sous-types de tumeurs, si certains gènes d 'une même vo ie 

sont corrélés pour Jeurs niveaux d ' expression et leurs no mbres de copies (Dutta et al. , 

201 2; Natraj an et al., 2010), ou encore s ' il s sont sur-exprimés ou dup liqués par rapport 

à des données de ti ssus sains (Tian et al., 201 4). On peut ensui te calcul er des 

enri chi ssements en vo ies de signalisati on dans le vo is inage du réseau d ' IPP (Dutta et 

al., 201 2), ou encore utili ser directement les annotati ons provenant des voies de 

signali sation/métaboli sme pour déterminer l' appartenance de chaque groupe de gènes 

identifiés (Natrajan et al. , 201 0; T ian et al., 2014). L 'avantage de cette approche est 

qu ' ell e permet non seulement de découvrir des gènes conducteurs à 1 ' intérieur des vo ies 

clés, mais auss i d ' identifier les vo ies qui sont différentiellement act ivées dans chaque 

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

(a) Identification de gènes conducteurs en comparant l'expression des gènes ( « RNA-seq ») 
et le profi le mutationnel ( « Exome-seq ») des tumeurs de chaque catégorie et des tissus 
normaux suivi pa r l'analyse fonctionnelle ( « enrichment analysis ») afin d'identifier les gènes 
conducteurs dans le réseau dérivé des expressions selon un score minimum ( « Driver Gene 
Score »). Image tirée de (Sua et al. , 2015). (b) Analyse des voies de signa lisation responsables 
de la tumorigénèse de chaque catégorie de cancer du sein suite à l'intégration des voies 
( « Pathway profiles ») et à la classification des données d'expression des gènes. Image tirée 
de (Tian et al., 2014). 
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Des études ont montré que le niveau d'express ion des gènes conducteurs ne corrèle pas 

avec le nombre de copies de ces gènes pour plus de la moitié des gènes conducteurs 

testés (Gatza et al. , 20 14; Myhre et al., 20 13). L 'utilisation de cette corré lation pour 

identifier des gènes et des vo ies clés dans les diffé rentes catégories de tumeurs n ' est 

donc pas, a priori , idéale au ni veau de la sensibilité des modèles prédictifs des gènes 

conducteurs. 

Globalement, les ana lyses intégratives existantes pour découvrir des voies clés et/ou 

des gènes conducteurs dans les différentes catégories de cancer du sei n ont un potentiel 

certain au niveau thérapeutique mais sont tout de même 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. gènes 

potenti ellement conducteurs) qui passent inaperçus par manque de sensibilité. Pour 

augmenter la sensibilité, il est préférable d ' analyser un sous-ensem bl e de données qui 

couvre au maximum les exemples, appelé « ensemb le de référence » ( ou « go ld 

standard » en angla is), afi n de traiter l ' ensemble des exemples par di fférents modè les 

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

Une auh·e raison réside dans le fait que peu de méthodes ex istantes sont validées in 

vivo. E n 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

ell es valident de faço n 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 et al., 20 14). F inalement, d 'un point de vue 

statistique, beaucoup d ' études intégratives ont utili sé des ensembles de données à 

grande échelle provenant de plusieurs plateformes expérimentales ou encore, une 

multitude de types de données différents qui font tous augmenter le problème de la 

« dimensionnalité » (i. e. pendre en compte h·op de ni veaux de données dans l' analyse 

tend à augmenter la dimension du problème et les erreurs). Autrement dit, il vaut mieux 

utiliser les données provenant d ' une même plateforme pour diminuer la variab ilité et 
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évaluer, de faço n indi vidue ll e, chacun des types de données pour leur pert inence face 

aux buts visés (Kristensen et al. , 201 4) . En sui vant ces recommandati ons, les 

découvertes in silico mèneront éventue ll ement à de me illeurs pronostics et à des 

thérapies ciblées pour chacune des catégories de cancer du sei n. 

1.4.4 Identification de cibles thérapeutiques dans le cancer du sein 

L' une des thérapi es les p lus pro metteuses récemment identifiée pour le cancer du sein 

est la découverte des inhibiteurs PARP (une enzyme clé dans la réparati on de l' ADN) 

dont plusieurs molécules sont actuell ement en essais cliniques pour traiter les tumeurs 

arborant la mutati on BRCA l /2 (S istigu et al. , 2016). La particulari té de cette 

découverte est qu 'ell e repose sur l'existence d ' une interaction génétique négative 

(synthétique létale, vo ir section 1.1 ) entre PARP-1 et BRCA l /2. En effet, l' inhibition 

de PARP-l empêche d 'abord le recrutement des facteurs de réparati on de !' ADN au 

niveau du simple brin . Ensui te, en ! 'absence de la protéine BRCA 1/2 fo nctionne ll e, le 

double brin d 'ADN après répli cati on n'est pas réparé non plus et conduit donc à la mort 

de la cellule cancéreuse (F igure 1.1 3) (S isti gu et al. , 201 6). Mais comme ell es ont 

!' habilité, tout comme les autres types de cancer, de réorganiser leurs mécani smes de 

réparat ion de l' ADN grâce au « switch » ( changement rap ide) de la fo ncti on de certa in 

gènes conducteurs (Gavande et al. , 201 6) . Le développement de thérapies combinées 

ciblant plusieurs vo ies de réparation de I 'ADN est donc à pri oriser dans ! 'aveni r 

(Gavande et al., 20 16). 

Pour ce fa ire, il faut d ' abord développer des méthodes pour mieux caractériser les vo ies 

et les réseaux fo ncti onnels qui régulent et qui influencent les mécanismes de réparation 

de l 'ADN (Gavande et al. , 20 16). L ' intégrati on de données pour découvrir les vo ies 

clés et les gènes conducteurs impliqués dans la régulation des mécani smes de 
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réparat ion de I 'ADN offre donc la possibilité de mieux ci bl er les thérapies par les 

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

L 'exemple précédent illustre bien le phénomène du revirement des gènes conducteurs 

rencontré dans le cancer, i.e. plusieurs gènes semblent adopter une fo ncti on particulière 

dépendamment du contexte dans lequel il s se retrouvent (Stepanenko et ai. , 2013 ). Un 

autre exemple du « switch » des gènes conducteurs dans le cancer, mais peu documenté 

cette fo is, concerne le métaboli sm e du glucose. Bri èvement, il a été montré que les 

cellules cancéreuses, à l' inverse des ce llules norm a les, utili se la g lyco lyse comme 

source principale d 'énergie même en présence d 'oxygène (Warburg, 1956). Ce 

phénomène impliquerait que certa ins gènes contrôlent le degré d ' activation des vo ies 

impliquées dans le métabo lisme du glucose avec d 'autres voies pour favor iser la 

g lyco lyse aérobique (Elf et Chen, 2014). Par exemple, le gène PKM2, exprimé durant 

le développement embryonnaire, converti le phosphoénolpyruvate en pyruvate 

favor isant a ins i la g lyco lyse (Chri stofk et al. , 2008). Ce gène est exprimé dans les 

cellules cancéreuses et serait auss i impliqué dans des voies de signalisation (non­

métabo lique) en tant que facteur de transcription de plusieurs oncogènes incluant Oct-

4, qui j oue un rôle dans le maintien de la cellule dans un état de pluripotence (non­

diffé rentié) (Lee, J. et al., 2008). PKM2 régulerait aussi la transcription du facteur 

d ' induction de l ' hypoxie HIF-1 (Luo et al. , 2011 ) et la ~-caténine (Yang et al. , 201 l ). 

De plus, comme ce gène n ' est pas exprimé dans toutes les cellules, il représente une 

bonne cible thérapeutique par des molécules dont plus ieurs essais ont été effectués avec 

succès (Elf et Chen, 20 14). Dans l' ensemble, étant donné que plus ieurs gènes qui jouent 

un rô le dans le métabo lisme énergétique des cellules cancéreuses interfèrent aussi avec 

d 'autres processus biologiques. Il est nécessaire d ' identifi er, pour chacun de ces gènes, 

les voies et les processus dans lesquell es il s sont impliqués ainsi que leurs différents 

réseaux fo nctionnels avec d 'autres gènes . Ces réseaux de gènes pourraient mener à 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 gènes de la famille BRCA. 

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

Il est primordia l de mieux comprendre les mécani smes et les contextes dans lesquels 

les gènes s' influencent entre eux pour régir le dynamisme moléculaire dans les ce llul es 

des organi smes vivants. D 'un côté, ces interactions entre les gènes sont au centre de la 

robustesse et de l'adaptabilité des organi smes vivants à leur environnement, mais de 

l'autre, e ll es contribuent aussi aux désordres causés par les maladies chez l' humain. 

Dans cette thèse, j e fa is l'analyse en profondeur d 'un interactome génétique chez le 

nématode Caenorhabditis elegans et fa is la description d ' une approche de génomique 

intégrative qui permet de prédire des li ens fo nctionnels impliquant des gènes c lés dans 

la reprogrammation métabolique du cancer du sein . 

Dans le Chapitre II, il est question d 'un retour sur l'ensemble des connaissances 

acqui ses au cours des derni ère années sur les interactions génétiques et comment une 

meill eure compréhension du contexte entourant les di ffé rents types de données 

rattachées peuvent a ider à prédire des nouvell es interacti ons génétiques . 

Dans le Chapitre III, je présente la caractérisation en profo ndeur d 'un in teractome 

génétique de C. elegans liant des gènes se trouvant à l' intéri eur des voies de 

s ignali sati on/métabo lique. Cette caractérisation permet de mettre en év idence une 

structure fo rmée de six classes d ' interactions génétiques ayant des propriétés distinctes . 

Ce modèle de réseau pourrait permettre de mieux comprendre le rôle des interacti ons 

génétiques au niveau de la robustesse des systèmes et le contrôle qu 'e lles exercent sur 

les processus bio logiques. 

Dans le Chapitre IV, j e montre d 'abord qu ' il est poss ible de transposer à l' humain, une 

méthode d ' intégration utilisée pour prédire des interactions génétiques chez le 

nématode C. elegans, afin de construire un réseau d ' interactions fo ncti onnel les pour 

des sous-types de cancer du se in . Ce réseau, présentant des caractéristiques s imilaires 

à celui qui est présenté dans le Chapitre précédent, a été utili sé dans un modèle prédicti f 
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pour découvrir des gènes potentie ll ement impliqués dans la reprogrammation 

métabolique des tumeurs mammaires . 

Dans l'ensemble, l'approche et les résultats décrits dans cette thèse ouvre la vo ie à la 

caractéri sation d ' interactomes fo nctionnels d ' une multitude de maladies chez l' humain 

possédant des donnée d 'express ion des gènes. Ces caractérisations, basées sur nos 

résultats, pourrai ent auss i pennettre de découvrir des nouvea ux gènes impliqués dans 

di fférents contextes d ' une maladie. 



CHAPITRE II 

LES RÉSEAUX D'INTERACTIONS GÉNÉTlQUES: MIEUX COMPRENDRE 

POUR MIEUX PRÉDIRE 

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) Genetie interaction networks: better understand to better 

predict. Frontiers in Genetics. 4: 290. 

Dans ce deuxième chapitre, il est question de la relatio n entre le génotype et le 

phénotype d ' un individu. En informatique, la complexité de l' architecture interne d 'un 

ordinateur peut être simplifiée en la représentant en ni veaux d'abstraction. De façon 

similaire, pour mieux comprendre la relation entre le génotype et le phénotype, il est 

possible de di viser les systèmes biologiques en s ix ni veaux d'abstraction. On montre 

que les données provenant de chaque niveau d 'abstraction ont été utilisées pour prédire 

des interactions génétiques de même que les di vers liens existant entre chaq ue niveau. 

On montre a uss i que les méthodes existantes pour prédire des interactions génétiq ues 

chez Caenorhabditis elegans n 'an-ivent pas à couvrir l'ensemble des interactions mai s 

seulement des portions de celui-ci selon la technique utilisée et qu ' il est donc 

primordial de mieux définir la structure de l' interactome génétique avant de constru ire 

d 'auh·es modèles prédictifs. 
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CONTRIBUTIONS 

Pour cet articl e, j 'ai assemblé, organi sé et analysé toutes les données nécessaires afin 

de comparer les outil s in sifico existants pour la prédiction d ' interactions génétiques 

chez Caenorhabditis eLegans. J' ai auss i compilé toutes les stati stiques et les princ ipales 

conclusions provenant des études en génomique intégrati ve pour prédire des 

interactions génétiques ainsi que les di ffé rentes techniques utilisées . 

Sarah Jenna a conceptualisé les niveaux d 'abstraction des systèmes biologiques et a 

dirigé ! 'ensemble des analyses effectuées dans cet article. 

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

RÉSUMÉ 

Une interaction génétique (IG) entre deux gènes indique généra lement que le 

phénotype d'un double mutant di ffère de ce qui est attendu de chaque mutant 

individuellement. Dans la derni ère décennie, les études quantitatives à grande échelle, 

portant sur les interacti ons génétiques, ont été effectuées à l'aide du cribl age 

synthétique par tableau génétique (ou « synthetic geneti c array » en ang lais) et par ARN 

interférant dans la levure et Caenorhabditis elegans . Ces études ont soul evé des 

questions concernant l'interprétation foncti onnelle des IGs, la relati on entre les réseaux 

d'interactions génétiques et moléculaires, l'utilité des réseaux d ' IGs pour déduire la 

fo nction des gènes et leur co-fonctionnalité, la conservati on évolutive des IGs, etc. 

Alors que les IGs ont été utili sées pendant des décennies pour clarifie r les vo ies de 

signa li sation dans les modè les génétiques, leur interprétati on fonctionnell e n 'est pas 

touj ours tri viale. L'ex istence d'une IG entre deux gènes ne s ignifie pas nécessa irement 

que ces deux gènes codent pour des proté ines qui interagissent ou que les deux gènes 

sont exprimés dans la même ce llule. En effet, une IG implique seul ement que les deux 
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gènes partagent une relation fonctionnelle. Ces deux gènes peuvent être impliqués dans 

le même processus biologique ou dans la même voie ; il s peuvent autrement être 

impliqués dans des vo ies compensatoires qui n ' ont pas, à première vue, de liens 

év ident. Compte tenu de l'opportunité de mieux comprendre la fonction des gènes, la 

relat ion génétique, la robustesse et l'évo lution fo urnie par une cartographie complète 

du génome par des IGs, plusieurs approches in silico ont été utili sée pour prédire des 

IGs dans les organi smes unicellulaires et multicellulaires. La plupart de ces méthodes 

uti I ise l' intégration de données de manière pondérée. Dans cet article, nous passerons 

en revue les connaissances acqui ses sur les réseaux d ' IGs chez les métazoa ires en 

regardant de plus près leur relation avec les voies, les processus bi olog iques et 

complexes molécul aires, mais auss i dans leur modularité et leur organi sation. Nous 

allons éga lement examiner les différentes méthodes in silico développées pour prédire 

des IGs et verrons comment les connaissances acqui ses sur les réseaux d'IGs peuvent 

être utili sées pour concevo ir des outils prédicti fs 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 ex pected from each indi vidua l mutant. In the last 

decade, genome scale studies of quantitati ve 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 

Gis, the relat ionship of genetic and molecular interaction networks, the usefu lness of 

GI networks to infer gene function and co-functionality, the evoluti onary conservation 

of GI, etc. 
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Wh ile Gis have been used fo r decades to di ssect signaling pathways in geneti c models, 

their functional interpretations are still not triv ial. The ex istence of a GI between two 

genes does not necessarily imply that these two genes code fo r interacting proteins or 

that the two genes are even expressed in the same cell. In fact, a GI onl y irnpli es 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 invo lved in compensatory 

pathways with unrelated apparent fonction. Considering the powerful opportunity to 

better understand gene fun ction , genetic relationship, robustness and evolution, 

provided ~y a genome-wide mapp ing of Gis, several in si fico approaches have been 

employed to predict Gis in unicellular and multicellular organisms. Most of these 

methods used weighted data integration. In this artic le, 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 modulari ty and organisation. We will also rev iew the different in silico methods 

developed to predict Gls and will di scuss how the knowledge acqu ired on GI networks 

can be used to design predicti ve tools with higher perfo rmances. 

Keywords: genetic interact ion, network, conservation, prediction, Saccharomyces 

cerevis iae, Caenorhabditis efegans, genomics 

2.2 What is a genetic interaction? 

2.2 .1 General definition 

The terrn genetic interaction (GI) covers a group of fun ctional relationships between 

genes. One kind ofthese relationships, called epistasis, was first defined by W. Bateson 

in 1909 (Bateson et Mendel 1909). Biological ep istasis was then described as the effect 

of one all ele masking the effect of another one (Moore 2003). N ine years later stati stica l 
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epistas is, originally called "epistacy", was described by R. A . F isher as a significant 

deviation of the phenotype of a double mutant from what is expected considering the 

phenotypes of the single mutants (F isher 191 9). 

This stati stical epistasis enabled the identification of an array of diffe rent Gls. One 

popular class ification of these Gls consists of dividing them in two main classes: the 

negative and the positi ve interactions. The negative Gis, 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 independentl y one fro m the other (F igure 2. l ). A synthetic lethal interaction, 

which is an extreme case of negati ve GI, occurs when both s ingle mutants are viable 

but the double mutant is lethal (F igure 2.1). At the oppos ite, the positive Gis can be 

subdi vided in buffering/alleviating interactions where the bio logical effect of an allele 

is mitigated by a second one, and also the suppressor interactions in which the doub le 

mutant is healthier than the sickest single mutant (F igure 2 .1 ). 

As mention above, identification of stati sti cal epistasis depends on the calculation of 

the expected phenotype of the double mutant considering the phenotype of the single 

mutants and assuming a functi onal independency of the two mutated genes. Severa! 

models exist and are used to estimate this expected value. For developmental and 

population geneticists, the quantitati ve assessment of a phenotype involves the 

statistical assessment of its penetrance - the stati stical occurrence of a phenotype in a 

group of known genotypes - considering its express ivity . A threshold is then usually 

set for the express ivity of the phenotype - the degree to which the phenotype express ion 

di ffers among individuals - to measure the penetrance (Miko 2008). 

The development of additive, multip licative, M in 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, especial ly in the yeast Saccharomyces 

cerevisiae (Tong et al. 2001 ; Collins et al. 2007; Jasnos et Korona 2007; Costanzo et 

al. 2010). These studies identified Gis based on fitn ess measurements (F igure 2. lB), a 
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class of phenotype that is measured in terms of population a ll ele frequency (Wolf, 

Brodie et Wade 2000; Otto et Lenormand 2002 ; Puniyani , Liberman et Fe ldman 2004) , 

growth rate, or number of progeny of mutant strain relative to wild-type (Elena et 

Lenski 1997; Szafraniec et al. 2003; Segre et al. 2005; San juan et Elena 2006; St Onge 

et al. 2007). The additive and multiplicative models, originally used by developmenta l 

geneticists (Figure 2.1 A) and fitness measurements in yeast (Figure 2. lB) 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 fro m the other (Mani et al. 2008). The Log mode] has been 

specifically designed to identify Gis 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 et al. 2008). For example, whi te the Min mode! appears to be highly 

suitab le for pairs of genes with more extreme single-mutant defects, th is mode] is 

clearly not ideal for defining all eviating interactions and more particularly, several 

ep istatic 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, Gis 

identified using this model account for a large part of ai l Gis found in interaction 

databases. This tends to bias the yeast genetic interactorne against this later kind of Gis 

(Mani et al. 2008). Identification of Gls cons idering severaI of these models would 

then be an appropriate approach to enable fair corn pari son and integration of Gis from 

different screening pipeline into a homogeneous GI interactome. 
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2.2.2 Levels of abstraction in biolog ica l systems 

Mapping of GI networks i an endeavour that attracted more attention with the 

emergence of network and system biology approaches. N etwork bi ology consists in 

simpli fy ing complex biolog ica l systems into different layers of graphical 

representati ons in which nodes co rrespond to phys ical elements (genes, prote in , 

metabolites, RN A, etc.) and edges refer to di fferent ,re lati onships between these 

e le ments. Systems biology, and more particularly integrati ve genomi cs, aims to better 

understand the structure and the fun cti oning of the system through integration of these 

diffe rent networks (Ge et al. 2001 ). 

In computer sc iences, organization of systems into several absh·action leve ls aims to 

hide a certain level of detail to a llow the programmer to focus on a given probl em. For 

a computer, the lower level of abstraction would contain details on the hardware white 

the higher level will represent the log ic of the program . In agreement with this 

approach, a systems biologist will consider a biological system with ail its complex ity 

and identify, fro m the genomic sequence to the phenotype, diffe rent leve ls of 

abstractions. At the lower leve l of thi s conceptual structure, we would find several 

networks representing the physical structure and organi sation of the genome. In these 

networks, nodes could be genes/coding sequences, s ingle-nucleotide polymorphi sms 

(SNPs) or coding sequences linked by edges representing their phys ical proximity and 

organi sation within chromosomes, their homology etc. (F igure 2.2, level I). The second 

level of abstraction would represent the express ion of that genome into phys ical 

components: proteins and RNA. Edges between these elements would indicate that 

they are co-expressed in diffe rent contexts or that the ir express ion profiles throughout 

multiple experimenta l conditions are highly correlated (F igure 2.2, level II) (Ge et al. 

2001 ; Vidal, Cusick et Barabas i 2011 ). The third level of abstracti on would represent 

phys ical interactions between di fferent elements - prote in-protein (PPI), protein-DNA 

(PDI) or pro tein-RNA (PRI) interactions (F igure 2 .2, level III) (Vidal, Cusick et 
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Barabas i 2011 ). The fourth level of abstraction will allow the visualisation of the 

functional relationships linking these physical elernents. This level would contain GI 

networks, signaling and metabolic pathways (F igure 2.2, level IV) . The fifth level 

wo uld represent biolog ical processes. This leve l would contain networks where 

proteins irnplicated in the same bio logical process would be linked by an edge (F igure 

2.2 level V). The sixth and last level of abstraction would represent phenotypes and 

show the relationships between elernents associated with sirnilar phenotypes and 

diseases (Figure 2.2, level VI). Breaking down through the di fferent 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 re lationships between networks located at the different levels. 

The re lationship between the second (gene expression) and the third level (mainly PPI 

and PDI) has been well documented. Sorne studies showed that interacting proteins are 

more likely to be encoded by genes with similar express ion profiles than non­

interacting proteins (Ge et al. 200 l ; Grigoriev 2001 ; Mrowka, Patzak et Herzel 2001 ; 

Jansen, Greenbaum et Gerstein 2002; Kemmeren et al. 2002) . Similarly, expression 

profil es can be used to understand the organisati on and dynamics of prote in interaction 

networks th rough fun ctional characteri sation of highl y-connected nodes (Hubs). For 

example, Hubs have been di vided into "party" and "dating" Hubs. The fo rmer 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 

internet with ail their protein partners in ail biological conditions, while dating Hubs 

may internet 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-express ion (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 fo urth level (functional 

interactions) has also been invest igated. Notably, signalling and metabolic pathways 
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were shown to be enri ched in PPis and PDis (Vidal, Cusick et Barabas i 20 11 ). Lt i 

important to notice that, as detail ed in the section 2.3 of thi s rev iew, the tenu pathway 

has been ass im _il ated in several papers as PPI and PDI modules - PPI/PDI subnetworks 

with a high density of links - or as dense GI network structures (Kell ey et Ideker 2005 ; 

Be ll ay et al. 20 11 ). Here, signaling and metaboli c pathways will be described as a 

group of molecul es fu nctioning together and most of the time, in cascade to contra i a 

bio logical fun cti on. As deta il ed in the fo llowing secti ons, GI networks are also linked 

to PPI and PDI networks (see secti on 2.3) . Thi link is however less ev iden t than the 

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

The re lationship ex ist ing between the leve l six (phenotypes and diseases) and the level 

four (functional interactions) moti vated the construction of pathway databases such as 

Reactome (Joshi -Tope et al. 2005) or the Kyoto Encyclopedia of Genes and Genomes 

(KEGG) (Kanehisa et Goto 2000), and is at the fo refront of the research effort to 

identify therapeutic targets and pharmaceutica l compounds (Yuryev 201 2). 

The link between the leve ls four (functional interacti ons) and five (biological 

processes) is clear fo r signaling and metabo lic pathways. Each signaling path way, fo r 

example the EGF receptor / Ras / MAP kinase pathway, invo lves proteins that can be 

grouped based on their implication in the contra i of vari ous biological processes, e.g. 

endocytosis, Ras regulati on, actin cytoske leton remode ling, kinase 

activity/phosphorylati on, etc. 

Abstractions leve ls can a lso be linked to di stant leve ls. For example, Gls are shown to 

be enri ched in co-expressed genes (Zhong et Stern berg 2006; Lee, A.Y. et al. 20 l 0) 

(link between the fo urth and the second Jeve l). Similarly, integrati on of the sixth Jeve l 

(phenotype) to the third (PPI) permi tted the construction of the human di sease 

interactome. Thi s interactome was proposed to support the ex istence of disease specific 

functional modul es and to help the molecul ar characterization of the prote in products 

of disease genes (Goh et al. 2007). 
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[ntegration of different networks within or across abstraction levels brings substanti al 

information on the structure of the system, and to some extent, info rmation about its 

dynamics (Han et al. 2004). These pieces of information constitute, as described in this 

rev iew, the baseline fo r the con truction of predictive too ls used to enrich and complete 

sparse networks . 

We will focus, in thi s review, on the fourth level and more particularl y, on GI networks. 

While this kind of functional relationship is linked to higher and lower leve ls of 

abstraction, most of these links appear much Jess clear than those invo lving signaling 

and metabolic pathways. We can then wonder if mapp ing such a network is of 

biological interest: would it bring complementary information to those brought from 

pathways di ssection and significantl y help understanding the functioning of the 

system? 

2.2.3 Why constructing a cata log of genetic interactions? 

There are two main reasons why mappi ng GI networks is of biological interest. The 

first one is to understand the mechanisms underly ing the robustness of biological 

systems. How the system compensa te fo r the loss or alteration of a biological function 

or the alteration of its environ ment? 

Unnecessary genes do not ex ist in biological systems and would be eliminated through 

evo lutionary processes (S tern et Orgogozo 2009). So, why 73 % of these necessary 

genes appears not to be essenti a l (Giaever et al. 2002)? Because compensatory 

relationships ex ist between genes, pathways and biological processes. Therefore, 

mapping of Gis appea rs to be the best way to identify these compensatory phenomena. 

[n addition to the high contribution this mapping will bring to bas ic sciences, it is a lso 
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of high interest fo r translational research. Bio logical robustness is indeed, a major 

probl em in the pharmaceuti cal industry with the development of res istance to 

therapeuti c agents, parti cul arl y to anti-cancer chemotherapies (Edelman, Eddy et Price 

20 l 0). Identifi cati on of compensatory relationships between genes and path ways, 

through mapping of Gls, appears then as an avenue that needs to be expl ored in parallel 

with the di ssecti on of the pathways themselves. 

The second reason is assoc iated w ith the still mysteri ous relati onship existing between 

genotype and phenotype. Populati on geneti c ists highlighted the intricate complex ity of 

geneti c variations and how pos iti ve and negative re lationships between all e les 

influence phenotypi cal outcome (G ibson 2010). Cancer modifier loci, inc luding 

"susceptibili ty" or " resistance" all e les, are good examples of genetic vari ati ons 

affecting a pati ent phenotype, here the aggressiveness of the tumor phenotype (Dragani 

2003). Similarly, Gls and more particularl y digenic synthetic Gis may underlie many 

common diseases that are familial but not Mendelian in their inheritance, such as 

glaucoma, type II di abetes, lupus erythematosus and schi zophrenia (Tong et al. 2004). 

Exploring GI networks in mode! organisms, through screening of low order (between 

two alleles) and high-order interacti ons (between more than two all eles), would then 

help understanding the geneti c networks underl ying phenotypical vari ati ons and 

multigenic di seases (Lehner 2011 ) . 

2.3 Mapping geneti c interactomes in mode! organi sms 

2.3 .l ln yeast 

Quantitati ve studies of syntheti c s ick or lethal (SSL) interacti ons in the baker's yeast 

Saccharomyces cerevisiae represent most of the Gls screens done to date. The 
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existence of mutation librari es fo r both essential and non-essential genes is regarded as 

the main reason fo r the deve lopment of large-scale GI studies (Giaever et al. 2002). 

Non-essentia l gene mutant libraries contain stra ins where single gene coding sequences 

are substituted by a drug-res istance marker (Giaever et al. 2002), whil e essential genes 

mutant libraries consist in a collection of condi tional a ll eles (Tong et al. 200 1; 

Davierwa la et al. 2005; Schuldiner et al. 2005 ; Costanzo et al. 2010). These libraries 

have been extensive ly used in an automated methodology call ed synthetic geneti c array 

(SGA) (Tong et al. 200 l ; Tong et al. 2004). SGA screening consists in us ing single 

mutated yeasts a query against a whole deleti on library fo r the construction of double 

mutants in a high-th roughput fas hion (Tong et al. 200 l ; Tong et al. 2004) . The fitness 

defects of double mutants are then scored to uncover SSL interactions fo r non-essenti al 

genes (Tong et al. 2004; Shari fpoor et al. 201 2) and essenti al genes (Tong et al. 2001 ; 

Davierwa la et al. 2005; Schuldiner et al. 2005; Costanzo et al. 2010). 

In parall el, the epi static mini-array profil e (E-MAP) - another variant of SGA - takes 

colony size measurements (based on imaging) as a bas is fo r the detection of Gls 

(Schuld iner et al. 2005). Gis are then identified through measurement of a slower (SSL, 

negati ve Gis) or fas ter (a ll ev iating, pos itive G[s) growth rate of the double mutants 

than what is expected fro m each single mutant growth rate. T hi s all owed the 

identificat ion of both pos iti ve and negative Gis while SGA was set orig ina lly to detect 

negati ve SSL Gis only. E-MAP was also used to map Gis in different yeast spec ies 

such as Schizosaccharomyces pombe (Ryan et al. 201 2). 

Among the other high-throughput methods to di scover Gis in yeast, diploid-based 

synthetic lethali ty analys is w ith microarrays (dSLAM), uses a library of barcoded 

mutants and barcode microarrays to measure the re lati ve abundance of each barcoded 

double mutants in poo led popul ations to identify digenic SSL interactions (Pan et al. 

2006; Lin et al. 2008). Optical density measurements (St Onge et al. 2007), biomass 

quantification analys is termed flux balance analys is (FBA) (Segre et al. 2005), 

quantitati ve phenotype (Drees et al. 2005) and gene expression data (Van Driessche et 
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al. 2005) have also been employed to rnap Gls in speci fic bi ological processes. 

However, these studies remain restri cted in terms of genorne coverage. 

2.3 .2 In C. elegans 

Screening a large amount of Gis in the nematode requires the utili sati on of RN A 

interfe rence (RN Ai) through soaking animais in a so lution containing RNA i molecul es 

or feeding thern with E. coli strains expressing the RN Ai (Maeda et al. 2001 ; Timmons, 

Court et Fire 2001 ). Thi s approach in duces a downregulation of the express ion of 

targeted gene, instead of a deletion. Thi has to be taken into consideration when 

comparing the C. elegans and yeast geneti c in teractomes (Lehner 2007; Dixon et al. 

2009). To identi fy a GI, e ither both genes are targeted using RNAi or a geneti c mutant 

stra in conta ining e ither a hypomorphic or a nul! a ll e le can be submitted to RNAi 

targeting the other gene (Kamath et al. 2003; Lehner et al. 2006; Byrne et al. 2007). 

Both approaches have been used to map a qui te limited area of the C. elegans genetic 

interactome (< 2,000 Gls) when cornpared to genetic studi es in yeast (>200,000 Gls) 

(Leh_ner et al. 2006; Byrne et al. 2007; T ischler, Lehner et Fraser 2008; Costanzo et al. 

20 10). 

2.3 .3 In human 

To identify Ols in human, apart from the RN Ai treatment of specifically mu tated cell 

lines (rev iewed in Dixon et al., 2009), Lin et al. suggested an interesting method that 

uses radi ati on hybrid (RH) genotyping data sets (L in et al. 2010). Thi s approach, whi le 
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being fast and inexpensive, is di fferent than standard RNAi screening in that RH panels 

are used in order to "s imulate" a double mutations. The simulation is done with 

medium-se lected cell s that possess extra copies of two genes and "attractive" or 

" repulsive" interacti ons are then identifi ed whether the promoting effect of the extra 

copies is death or survival of the cell line respectively. The results obtained using thi s 

approach could not be eas il y compared to negati ve and pos iti ve interacti ons observed 

through gene de leti on and/or express ion reduction. By jo ining several data sets of RH 

panels, a network of - 6.7 milli on potential Gis were extracted and covered - 3.4% of 

ail hum an gene pa irs (Lin et al. 20 l 0). 

2.4 In silico mapping of Gls 

Onl y few organi sms, mainly unicellular, are amenable to an experimental mapping of 

Gis through genome-w ide screening . M apping of genetic interactomes in higher 

orga ni sms requires deve lopment of predicti ve tools that a llow a signifi cant reducti on 

of the number of gene pa irs to be tested experimentally. 

During the last decade, numerous strategies have been used to infe r Gls in unicellular 

and multi cellular organisms (rev iewed in Steen 201 2). However, to date, only S. 

cerevisiae and C. elegans genetic networks have gained substanti al info rmati on from 

large-scale machine learning studies. Nurnbers of tools were deve loped to predi ct PPis, 

co-essenti ality, genes with similar functi ons, genes functi oning in the same molecular 

complex and Gis. The des ign of these too ls highlighted the intimate link ex i ting 

between different networks - GI networks being used to in fer PPis and co-fun ctiona lity 

(Tong et al. 2004; Ye et al. 2005) and inversely PPI networks, phenotypic profiles and 

GO annotati ons being used to predict Gls as detailed below. These different predi ctors 

present a lso cross-specificiti es - Gls occurring to some extend between genes coding 



59 

fo r interacting or non-interacting prote ins, between or w ithin-path ways/molecul ar 

modules, between genes invo lved in the same bio logical process or be ing invo lved in 

diffe rent and compensatory processes as di scussed below. 

Intuitive ly, we expect that the GI world consti tutes a patchwork of functional 

relationships with di stincti ve properties . Predictive tools capturing different properties 

will then be able to identi fy a porti on of the GI interacto me and w ill be complern entary 

one to another. U ltimate ly, acquiring a good know ledge on the molecular particularities 

of subclasses ofGis will lead to the design of spec ific and accurate predictors. To make 

an info rrned choice on the di fferent elements that could be employed to des ign these 

predi ctors, we will rev iew here the different structu ra l and fun ctional particul arities of 

Gis, and detail how they have been used or could be used to generate predictor fo r Gis. 

2.4. 1 Exploiting the protein-protein and geneti c interaction network density and 

structure 

A primary attribute of biological interaction netwo rks, 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 highl y connected ("Hub" nodes) (Watts 

et Strogatz 1_998; Jeong et al. 2001 ; Wagner 200 l ; Tong et al. 2004). These networks 

appear also to exhibit a small-world organi zati on - dense interacting modules are 

sparsely connected to other modules but with a short average path length (Watts et 

Strogatz 1998; Jeong et ai. 200 l ; Wagner 2001 ). 

There is a c lear connection between PPT- and GI-Hubs s ince a prote in with many 

interactions in the physical network (PPI-Hub) typi cally has also many interactions in 

the genetic network (GI-Hub) (Ozier, Amin et Ideker 2003; Kafr i et ai. 2008). Both 

kinds of Hubs tend to be essenti al or associated with severe fitness defects, and to 
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geneticall y internet with each other (Ozier, Amin et Ideker 2003; Davierwala et al. 

2005; Lehner et al. 2006; Goh et al. 2007; Baryshnikova et al. 201 O; Costanzo et al. 

2010; Sharifpoor et al. 2012). Intuitively, we may see essential Hubs as a direct 

assoc iation with human di seases. However, it is important to notice that, while PPI­

Hubs tend to be ubiquitously expressed, di sease genes (such as inherited di sease genes) 

tend to encode fo r PPI-non-Hubs and to be tissue spec ific (Goh et al. 2007 ; Vidal , 

Cusick et Barabasi 20 l l ) . 

Comparative anal ys is of the yeast interactome networks a lso revealed that the "non­

essential" SSL network is at least fo ur times denser than the PPI network (Tong et al. 

2004), white the "essenti al" SSL network is five times denser than the "non-essenti al" 

SSL (Tong et al. 2001; Tong et al. 2004; Dav ierwala et al. 2005). The higher density 

of essenti al when compared to non-essenti al GI networks, suggests that essenti al genes 

are highly connected Hubs w ithin GI networks, and that essenti al pathways may be 

connected to number of compensatory pathways (Davierwa la et al. 2005 ; Costanzo et 

al. 20 10). Given that 18% of ail yeast genes are essenti a l (Giaever et al. 2002; Chri sti e 

et al. 2004), thi s also suggests that most yeast Gis may involve at Jeast one essenti al 

gene (Davierwala et al. 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 genetica lly internet 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 et al. 2004). These 

structures, as detail ed above and in the fo llowing sections, are enriched in interactions 

occurring within functional modu les (such as signaling pathways orprotein complexes) 

or between functional modules. This property of dense GI modules could directly be 

used to predict nove! Gls within a non-saturated network. Tong et al. , showed fo r three 

specific GI modules, that - 20% of genes that internet with a high number of common 
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partners - be ing part of the ame dense GI module - also geneti ca lly internet one with 

the others (Tong et al. 2004). Thi s was sign ificantl y higher than what wa measured in 

random networks (approximately 1 %) (Tong et al. 2004). Q i et al. extended thi s 

network analys is by inc luding ne ighbors of interacting genes from any distances and 

by class ify ing th ose distances by the pari ty of the path lengths (Q i et al. 2008). They 

employed a graph di ffus ion kernel that uses weighted sums fo r di fferent path lengths 

and fo und that odd-length kerne ls were better at predi cting O ls whil e even-l ength 

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

Severa! methods have been developed to dissect compl ex networks into fu nctionally 

meaningful modules. Using various c lustering techniques, some studies reordered the 

GI matrix to so rt genes according to the similari ty of the ir GI profiles. Congruent genes 

are then defin ed as genes with similar GI profiles (Schuldiner et al. 2005; Ye et al. 

2005; Collins et al. 2007; Costanzo et al. 2010; Costanzo et al. 20 l l ) . The resulting 

map has a modular structure that di stinguishes between major biolog ical processes, 

such as transcripti on and chromatin remodelling, DNA replication and repair or sister 

chromatid segregati on. These genetic interaction profiles then provide a powerful way 

to identify sets of genes functi oning in the same bio logical process (Tong et al. 2004; 

Schuldiner et al. 2005; Ye et al. 2005 ; Pan et al. 2006). Sorn e of these methods have 

used the complex and pathway (COP) scores fo r findin g sets of genes that are both 

highl y correlated and that Jack an aggravating GI (Schuldiner et al. 2005 ; Collins et al. 

2006; Co llins et al. 2007). The top-scoring gene pa irs using thi s method included 

severa l sets of known complex or linear pathway compo nents, as well as several 

predicti ons of novel ones (Schuldiner et al. 2005). Mutual clustering coefficient (MCC) 

was a lso empl oyed to measure the neighbourhood sharing of connecti ons in the GI 

network - called congruence score (Ye et al. 2005 ; Ye et al. 2005). A high score 

indi cates 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 et al. 2005). By comparing path lengths in three types of 
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networks (geneti c interaction, genetic congruence, and protein interact ion), they 

showed that high geneti c congruence exhib its con-elation w ith direct PPI linkage and 

also exhibi ts proportionate distance with the PPI network (Ye et al. 2005). T hi s 

congruent score can then be used to predict PPis. 

Altogether, these studies showed that the structure of the GI network con ta ins enough 

information to predict nove! Gls and also to predi ct nove) PPI, highlighting the intricate 

re lationship ex ist ing between PPI and GI networks. 

By further expl oiting the re lati onship between PPI and GI networks, Paladugu et al. 

showed that PPI network graph-theo ry properties could also be used to predict Gls. 

They showed that prote ins coded by SSL gene pa irs, as compared to non-SSL ones, 

tend to have higher average degree, closeness centrality, informati on centrali ty and 

nurnber of mutual neighbors within PPI network (Paladugu et al. 2008). When 

cornbined, these graph-theory properties of PPI network prov ided a powerful tool to 

predi ct SSL Gis (Paladugu et al. 2008). Moreover, this approach showed that the PPI 

netwo rk alone conta ins enough valuable info rmati on to predict SSL in teractions. Thi s 

approach appears particular ly usefu l to predi ct Gis in higher organisms which are 

hardi y amenable to systematic screening of Gis while hav ing their PPis at least parti a il y 

mapped. 

Few methods used GI and PPI networks to observe the di stribution of Gis within or 

between dense modules of phys ical interactions (PPI and PDI), ca ll ed in these studies 

"pathways" (F igure 2.3A and 3B) (Kelley et Ideker 2005; Ul itsky et Shami r 2007) . 

Canonical "within and between pathway models" were orig inally identified by Kelley 

and Ideker (Kell ey et Ideker 2005). They fo und that the " between pathway mode!", 

consisting of Gls occun-ing between dense modules of molecul ar interactions (F igure 

2.3B), can exp lain three-and-a-ha lf times as many Gis as the "within pathway" 

involving Gis within dense molecul ar interaction modules (F igure 2.3A) (Kelley et 

Ideker 2005). Further arguments fo r the p revalence of between-pathway Gis in yeast 

were given by Ye et al. and Pan et al., who postulated that genes in the same path way 
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are expected to share common GI partners (Ye et al. 2005; Pan et al. 2006). The 

between and within pathway models were however shown to exp lain onl y 40% of ail 

yeast Gis (Ke lley et Ideker 2005). Ulitsky and Shamir extended this interactome 

coverage by defining "pathways" a connected subnetworks with in the physical 

interaction network rather than a den e interaction module (Figure 2.3C) (Ulitsky et 

Shamir 2007). This study provided a 2.7-fo ld increase :from the number of interactions 

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

Kelley and Ideker used their within and between pathway models to predict novel Gis 

(Kelley et ldeker 2005). A five-fold cross validation technique was used to investigate 

the accuracy of predicting Gis using both the "within pathway model" - genes within 

a given pathway geneticall y interact more frequent ly than expected by chance - or 

using the "between pathway model" - genes in one pathway geneticall y internet with 

many of the same partners in a second pathway. They showed that both models are 

efficient for predicting Gls whi te the "between-pathway" mode! appears to outperform 

the "w ithin-pathway model" (Kell ey et Ideker 2005) . 

Oeeper studies on the "between and within pathways models" showed that they were 

often monochromatic, meaning that they were cornposed almost exclusive ly of a single 

type of Gis, either a ll negatives or al I positives (Segre et al. 2005 ; Costanzo et al. 201 O; 

Mi chaut et al. 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. 20 l 0). Monochromatic processes are functionally diverse, but also biased 

(Michaut et al. 20 11 ; Szappanos et al. 2011). For instance, microautophagy and histone 

exchange are monochromatic positives whereas protein import and small GTPase 

mediated signa l transduction are rnonochromatic negatives (Mi chaut et al. 2011). 

lmportantly, those studies showed that protein complexes are often monochromatic 

(Bandyopadhyay et al. 2008; Costanzo et al. 2010) and that monochromatic patterns, 

identified withi n and between biological processes, are mainly dependant on protein 

complexes (Michaut et al. 20 11). The distinction between negative and positive 
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interacti on , when considering the re lationship between PPis and Gls, has not yet been 

exploited to predi ct Gls to the best of our knowledge. T he monochro mati city and th e 

fun cti ona l bi as of thi s monochromatici ty pattern have not been explo ited neither. 

In contrast to w hat was shown in yeast, the "w ithin pathway mode!" tends to be more 

prevalent when compared to the " between pathway mode!" in the C. eiegans 

interactome (Lehner et al. 2006; Lehner 2007) . It was suggested that thi s di fference 

might come fro m experimental screening methodologies employed to generate the GI 

interactomes in di ffe rent organisms (Lehner 2007). Whil e in yeas t most of the 

mutati ons used to di srupt genes are nul! , in C. eiegans, they are mainl y hypomorphi c. 

The hi ghest number of " within pathway" interacti ons in C. eiegans when compared to 

yeast may then be explained by the fact that hypornorphic alterations of genes 

fun cti oning w ithin the same prote in compl ex or s ignaling pathway, may lead to a 

s ign ifi cant aggravati on of the phenotype (synthetic interaction) whil e thi s would not be 

the case fo r nul! mutati ons (Lehner 2007) . A lso, we cannot exc lude the poss ibility that 

thi s di fference might corn e from the intrinsic di fference ex isting between unicellular 

and multicellular organi sms. "Within and between-pathway models" have not been 

used directly to predict nove! Gl s in th e nematode. 

While it is c lear that s ignaling pathways are enri ched in rno lecul ar interaction modules, 

it is important to noti ce the potential ambigui ty created by th e denomination of G ls 

occuJTing between dense molecular interaction modules as " between pathways" 

interactions. To the best of our knowledge, it has not been clearl y proved that tw o 

dense ly connected molecular networks may not participate to the same signaling 

pathway - defined as a cascade of molecular events controlling a biological function. 

This poss ibility is supported by the fact that a high number of "pathways"/molecular 

interacti on modules defined by Ideker and Kell y as we ll as U litsky and Shamir, are 

very small (M a, Tarone et L i 2008). Consequentl y, we cannot exclude the poss ibility 

that some " between pathways/ molecular modules" interactions may actually occur 

within s ignaling or metabo li c pathways. This taken into cons ideration, the fact that 
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most Ols in yeast occurs between molecular modules and presumab ly pathways 

constitutes a go lden avenue to identify compensatory pathways responsible for the 

cellular homeostas is and development of res istance to therapeutic agents (Tucker et 

F ie lds 2003; Szappanos et al. 2011 ). Thi s hypothesis was validated experimentall y 

using, for example, the Cdcl4 early anaphase release (FEAR) and the mitoti c ex it 

network (MEN), two para i lei path ways required fo r the re lease of the essentia l protein 

phosphatase Cdc l4p fro m nucleo lus du ring yeast cell cycle (Stegmeier, V is intin et 

Amon 2002). 

Different approaches were used to study the modularity of OI networks. The 

decompos ition of these networks using a biclustering technic recall ed the idea of 

congruence. Thi s technic was used to clusters groups of genes based on their OI 

profiles . However, in addition to c lustering, biclustering he lped the identifi cati on of 

two kinds of motif within the 0 1 network : bic liques and q-c liques . This decompos iti on 

of the OI networks in absence of any integrati on of molecular networks gave ai'so a 

bright new per pecti ve to the within/between path way models (Bell ay et al. 2011 ). In 

this study, the between pathway model implies that Ols occurs in "bicliques" - defin ed 

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 overl ap (F igure 2 .3E). Fo ll owing the 

same reasoning, within pathway interactions occur in "cliques/quas i-cliques/q-cliques" 

- defined as bi clusters in whi ch query and array genes have significant overlap (F igure 

2.3D) (Bell ay et al. 2011 ). Interesting ly, both pos iti ve and negati ve interactions were 

mainly fo und in bicliques (Be llay et al. 2011 ), similarl y to what was shown using the 

canonical "between pathway" model (Costanzo et al. 2010). In addition, negati ve q­

cliques - q-c liques composed of negative interactions - which corresponded to onl y 

9% of negative bic lusters (versus 9 1 % of negative bic liques), did not appear to 

represent single prote in complexes or pathways (Bellay et al. 2011 ). Thi s constitutes a 

major difference with the canonical "within pathway" model defin ed by the overl ap of 

genetic and molecular modules (Ke lley et Ideker 2005). The genes fo und in negati ve 
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q-cliques were fo und to be expressed in a coordinated rnanner and to be enriched for 

chromosome segregati on and cell cyc le processes (Bellay et ai. 2011 ). Bell ay et ai. 

suggested that thi s parti cul ar functi onal enri chment might arise due to general 

sensitivity to perturbati on in fragile systems such as cell di v ision. 

A ltogether, these studies support the idea that diffe rent techniques used to decompose 

GI networks help revealing different categories of Gis. They suggest that predi cti ve 

too ls developed based on any of these models (the canonical "within /between 

pathway" mode] or the " bic lique/q-clique" mode!) may be complementary to models 

bui lt on the other one. The functional bias observed fo r diffe rent GT modu les also 

suggests that predicti ve tools may gain in perfo rmance if they specificall y target Gis 

associ ated to a subset of biological fun cti ons a longs ide homogenous particulariti es 

with respect to OI network modular ity. 

Network decompos itions using biclustering techniques also help to prov ide critical 

information on dup li cated genes (Kelley et Ideker 2005). Dupli cate genes were 

prev iously shown to di sp lay negative Ols with each other and exhibit fewer Gls than 

other genes because they tend to buffer one another functionally (VanderS luis et ai. 

20 10). They were also shown to exhibi t numerous unique Gls, suggesting that 

dupli cated genes are fu nctionally redundant but have di vergent ro les (Ihmels et al. 

2007; VanderSluis et ai. 201 0). White, we wo uld expect duplicated genes to be part of 

the isolated group of Gls within the biclustering array, a s ignificant amount of them 

were fund to exhibi t negative Ols with each other as part of larger modul ar structures 

(bi clusters) (Bellay et al. 20 11). Interest ing ly, thi s subgroup of dup li cates was 

significantly more divergent in terms of sequence identi ty. It was suggested by Bell ay 

et al., that duplicates with a high degree of fu nctional simi lari ty specifica lly 

compensate fo r the loss of one another (isolated Gls in biclustering array), whit e in the 

second case, they appeared to have diverged into entirely di fferent fu ncti onal modules 

w ith compensatory properti es (Gls being part of large bi clusters) (Bell ay et 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 leve ls were used to infer Gls in yeast and C. elegans 

as detail ed in Table 2. 1 and below. These studies also brought a deeper understanding 

of the molecular basis of Gls (Avery et Wassennan 1992; Guarente 1993 ; Thomas 

1993). 

Gls in yeast, C. efegans and in human, were significantly more abundant between genes 

sharing mutant phenotypes (abstraction leve l VI) or Gene Onto logy (GO) annotations 

(level V), and between genes encoding proteins in the same subcellular localization 

(level V) and/or within the same protein complex (level III) or pathway (level IV) (Lee 

et al. 2004; Tong et af. 2004; Kelley et Ideker 2005 ; Lee et af. 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 

frorn non-interacting genes. The first of these studies used decision tree leaming to 

integrate various types of data along with a "2hop" network topology assessment for 

various genomic relationships (Table 2.1) (Wong et af. 2004). The "2hop" method 

considers gene pairs 1 inked to a common partner by a functional re lationship ( e.g. 

physical interaction and sequence homology) to be informative of a potential SSL 
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interaction between thern in yeast. In total , 123 functional relationships (26 "major" 

categories) were used (Wong et al. 2004). The most powerfull predictive informat ions 

were selected using a Bayesian Information Criterion (BIC; simil ar to the Akaike 

Information Criterion (AIC)). 

For rnulticellular organisms, Zhong and Sternberg integrated multiple types of data 

from yeast, fly and nematodes to predict 18, l 83 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 

of a single type of data according to its predictive power. The positive set of elements 

used to train the mode! consisted in 1,8 16 val idated Gis and 2,878 PPis while negative 

examp les 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. T he utili zation of yeast/fly data 

to obtain greater genome coverage for a multi tude of data sou rces appears to positively 

contribute to the predictive power of the developed tool (Zhong et Sternberg 2006). 

We wi ll discuss the limitation brought by data from other organisms in the fo ll owing 

section cons idering evo luti onary conservation of PPI and GI networks. In this study, 

the predictive interaction network was submitted to experirnental va lidatio n using as 

bait let-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 sti ll unpublished, a new version ofZhong and Sternberg predictor, 

called "Geneürienteer", is availab le on line (geneorienteer.org). This mode! ernploys a 

naïve Bayes class ifi er and integrates more than 20 featu res to predict Gls in severa l 

spec1es. 

Another approach, developed by Chipman and Singh, used a random walks algorithm 

to calculates the topologica l 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 (Tab le 2.1) (Chipman et 



69 

S ingh 2009). This topological similar ity is then used to predict negative Gis. In this 

study, the decision tree c lass ifier was shown to outperform the logistic regression 

c lassifier (C hiprnan et Singh 2009). The good performances of thi s approach, tested 

using cross-va lidation technics, was unfortunate ly not supported by any experimental 

validations . 

Other studies us ing the likelihood sco ring of gene pairs fo r the prediction of Gis in the 

nematode C. efegans were generated soon after (Tab le 2.1) (Lee, I. et al. 20 10; Lee, 

A .Y. et al. 20 10) . The first approach, ca lled "WormNet", is used to infer the shared 

f-1.mction of two genes, which is a lso indicat ive of a possible GI (Lee, I. et al. 20 l 0) . 

This mode! was trained on thousands of gene pairs sharing GO annotations. A second 

version ofth is mode! , called "WormNet2", empl oys a weighted sum instead of a naïve 

Bayes classifier and integrates many "updated" features derived fro m log likelihood 

scores of various funct ional data (Lee, L et al. 20 10). Contrari ly to Zhong and Sternberg 

methodology where functio na l data are more intuitive (e.g. co-express ion of genes), 

WorrnNet2 included some " less-common" types of data (e.g . co-citation of gene 

names) as features to i nfer shared functions (Lee, I. et al. 2010). Although they did not 

use any feature selection methodology ( e.g . BIC or AIC), several examples ofresulting 

predicted interactions by the weighted sum mode! showed that most featu res 

contributed to the final scores . They also succeeded in validating several GI for three 

signaling genes via RN Ai screening but the validation success rate for ind ividual genes 

· appears to be low ranged fro m onl y 4% to a maximum of 15% achi eved for the gene 

vab-1 (Lee, I. et al. 20 l 0). 

Considering the environment of genes/proteins in networks at different level of 

abstractions, we built an additiona l mode!: "GIF inder" (Table 2.1) (Lee, A.Y. et al. 

2010) . T his tool used logistic regression and six features to predict Gls w ith a positive 

training set composed uniquely of validated Gls. This model a lso used nove! attributes 

that consider the enrichment of phenotypic features in the co-express ion/physical 

network environment of a gene. This kind of attribute integrates data from three 
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abstraction leve ls (level II, III and VI) to assess whether two genes may be part of the 

same functional module instead of relying only on ev idences of direct interactions. 

These attributes also reduced the negative effect of using biological datasets with poor 

genome coverage and were shown to highl y contribute to the overall performance of 

the predi ctor (Lee, A.Y. et al. 2010). This approach would be appropriate when trying 

to integrate sparse data such as tissue express ion profiles and subcellu lar localization, 

to other datasets with high genome coverage such as express ion data. Experimental 

validations of predicted Ols for gdi-1 /ODil - a Rho OTPase regulator assoc iated with 

non-syndromic forms of mental retardation in human - supported the idea that such 

methodology could be usefu l to identify therapeutic targets for monogenic diseases 

fro m predictive 01 networks of lower organi sms (Lee, et al. 2010). With a success rate 

of at least 42%, the performance in experimental validations was comparable to that of 

s imil ar approaches . 

Recently, Hoehndorf et al. created a predictor of Ols for 4 different species by inferring 

the function of man y genes using semantic si milarity measurements of phenotypes and 

gene ontology annotations (Hoehndorf et al. 2013 ). The semantic similarity - a 

measure of the distance or relatedness between two terms - was done using the Jaccard 

index. Unfortunately, the Ols obtained fro m their inferred gene functions were not 

validated experirnentall y. This later methodologies exp loit 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 Ols occurring between genes controlling a g iven biological process 

from distant environments (cell non-autonomous interactions). However, this 

poss ibility has not been in vestigated by the authors (Hoehndorf et al. 2013) . 

When trying to compare the relative performances of predictive tools, it is important to 

note, that whil e experimental validation of predictions highl y contribute to the 

demonstration of the validity of the method , the heterogeneity of link density within 

the OI network and the experimenta l methods used to va lidate the interactions may 
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highl y influence the success rate of the validation. Therefore, it is extremely difficult 

to compare the relative performance of individual methods just by cornparing the 

success rate of va lidation experiments, using one or two genes as bait, and different 

validation methods (mutant and RNA i, mutant and double mutant, or RN Ai and double 

RNAi) 

To assess how different integration des igns impact the prediction of Gis fo r a given 

organi srn , we compared the predictions obtained fo r Gene0rienteerv2. 12, GIF inder 

and WormNet2. lnterestingly, these predictors appear to be high ly complementary with 

more than 90% of predicted interactions by the three models being unique - i.e. 

predicted by only one approach (F igure 2.4A). This suggests that these three predi ctors 

capture different areas of the GI interactome covered by sets of experimenta ll y 

identifi ed Gls leav ing more than 57% of it untouched (F igure 2.4B). 

Gene0ri enteerv2 .1 2 perfonned extremely well when tested on a set of 1,514 Gls 

obtained from interaction databases. This set of Gls, being used as a predicti ve feature 

or training sets in GIFinder and Gene0rienteerv2. l2 (see "geneorienteer.org" ; (Lee, 

A.Y. et al. 20 10)), we tested the three models on a set ofrecently published interactions 

(curated manually and absent fro m the databases) and observed a significant reduction 

in the performance of GeneOri enteer when compared to the two other models (F igure 

2.4C). The deprived overlaps of predictions generated using the three predictors cou Id 

be explained by the different integration methodol ogies used to generate the predictors 

(naïve Bayes classifier vs. linear regress ion) or by the different training sets used. The 

major di ffe rence of GIF inder when compared to other tools cornes from the utilization 

of validated Gls as the on ly positive training examples as opposed to the two other ones 

that also empl oyed physical interactions or functiona l annotations (Zhong et Sternberg 

2006; Lee, I. et al. 20 1 O; Lee, A.Y. et al. 2010). Wh il e PPI and GI networks may have 

some overlap (sorn e interactions occurring within protein modul es), training a mode! 

using PPis as a positive training set may bias the mode! towards within protein module 

Gis. Similar reasoning wo uld be also valid for functional annotations. Whi le functional 
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annotati ons, such as GO annotations, are enriched between interacting gene , a large 

number of Gls are expected to occur between genes with different functi ons as 

discussed earli er. Interestingly, and as discussed in the fo llowing section, within 

protein module and within biological process GI appear to be more conserved that 

between modul es or process Gls. We may then posuilate that the bias induced through 

training the models using PPis and GO annotati ons may increase the rate of 

evolutionary conserved interactions in the predictions. This taken into consideration, 

the fact that the tra ining sets, constituted by the union of Gls and PPis and/or pa irs of 

genes with s imilar functi ons, is larger than va lidated sets of Gis onl y may improve the 

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

White the ex istence of an edge between two genes/proteins in a network at a given 

level of abstracti on is now confirmed as a useful information to infe r a miss ing edge 

between these two genes/proteins at another leve l, it is important to realize that the 

conservation of links between two genes/proteins in diffe rent networks is a re lati vely 

rare event. For example, approximately 1 % of SSL pairs (0.4% of negati ve and 0.5% 

of positive geneti c interactions in E-MAP datasets) codes fo r physically linked proteins 

(conservation of links between networks at levels III and IV) and 1 % fo r homologous 

proteins (conservation of links between networks at levels I and IV) (Tong et al. 2004; 

Costanzo et al. 2010). Cumulating these ev idences of direct I inks between genes and 

pro teins may increase the sensiti vity of predicti ve too ls fo r Gls. Considering only these 

direct links may also contribute to the ir relati ve poor performances . These tools would 

then gain in perfo rmance if integrating attributes that consider the environ ment of the 

genes in networks and the network modularity as shown by GIF inder (Lee, A .Y. et al. 

2010). 
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2.4.3 Considering evo lution of protein-pro tein and genetic interaction networks 

Severa! too ls used data fro m evo luti onary di stant spec,es to predi ct Gis. The 

evoluti onary conservation of these data along with the structure of interacti on networks 

between species is then of a critical interest when considering using this in fo rmation to 

des ign a powerful predi ctive too l. In addition, whil e GI interactomes are extensively 

mapped in ce1tain organi sms such as yeast, the utili sation of these networks to predi ct 

Gis in higher organi sms mainly depends on the evo lutionary conservati on of Gis and 

of the Gl network structure. 

GTs are kn own to pl ay a criti cal role in evo lutionary processes (Yukilev ich et al. 2008; 

Stern et Orgogozo 2009). ln opposition to what was initi ally thought, a il genes are not 

equal in the eyes of evo lution, and evo luti onari ly re levant mutations tend to accumulate 

in hotspot genes at spec ific positions of these genes (Stern et Orgogozo 2009). A 

mutati on in a gene, hav ing a high number of GI partners, would not be advantageous 

in a context of adaptive evo lution since it will increase the phenotypic variance 

assoc iated w ith thi s mutati on and therefore, w ill cause an increased fitn ess fluctuati on 

dependent on the genetic background (S tern et Orgogozo 2009). In addition, mutations 

generating specific phenotypic changes are more likely to contribute to adaptive 

evo lution than pleiotropic mutations altering several seeming ly unre lated traits (S tern 

et Orgogozo 2009). Genetie Hubs, being by definition connected to a large number of 

genes and highly enriched for ple iotropic and multifunctional genes (Costanzo et al. 

20 l 0), would then be less touched by mutati ons associated with adaptive evolution. As 

expected, GI-Hubs are highl y evolutionary conserved (Be llay et al. 2011 ) as are PPI­

Hubs (Wuchty, Barabas i et Ferdi g 2006). 

When considering PPis, interactions w ithin modules are conserved at a higher level 

than interactions occwTing outside modules (Zinman, Zhong et Bar-Joseph 2011 ). Thi s 

suggests that there might be a much higher se lecti ve pressure to maintain interacti ons 
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within a single module than between modules (Zinman, Zhong et Bar-Joseph 20 11 ). 

PPI networks fro m di stant spec ies were used in number of studies to predict Gls (Table 

2. 1) (Zhong et Sternberg 2006; Chipman et Singh 2009; Lee, I. et al. 201 O; Lee, A.Y. 

et al. 2010; Hoehndorf et al. 20 13). These studies, however, did not discriminate dense 

modules of PPis from non-modular interactions. Since wi thin compl ex/modules PPis 

were shown to be more conserved than extra-modular PPis, it would be interesting to 

assess whether the utili sation of modular components of PPI interactomes fro m distant 

species, instead of the complete interactome, wo uld improve perfo nnances of 

predictive tools for G ls. 

While the evo lutionary conservation of PPl- and GI-Hubs, as well as PPis within 

protein complexes/modules has been clearly established, the overall conservation of 

Gis between evolutionary distant species is sti ll controversial. Comparison of the S. 

cerevisiae and S. pombe E-MAPs showed that negative and positive Gls of two yeast 

species, distant of approx imately 400 mi ll ion years, were significantly conserved 

(S ipiczki 2000). Also, essentiali ty in genes appears to be highly conserved between the 

yeast and nematode (Kamath et al. 2003), the extent of the GI conservation between 

these organi sms appears to be very low, and not reported as s ignificant in a il studies 

(Pan et al. 2004; Lehner 2007; St Onge et al. 2007 ; Mani et al. 2008 ; T ischler, Lehner 

et Fraser 2008). The difference in methodologies used to generate the GI networks 

between yeast and nematodes, the fact that some Gis in nematodes may not be cell 

autonomous because of its multi-cellulari ty and the poor genome coverage of C. 

elegans vs . yeast genetic interactomes may be part of the reasons behind the poor 

conservation of Gis observed between these organi sms. 

Since we expect the majority of Gis not to be conserved across species, GI-Hubs, on 

the other hand, appear to be well conserved throughout evo lution (Lehner et al. 2006; 

Costanzo et al. 2010). Predicting genetic Hubs are of biological importance because of 

the ir tendency to influence fitness defects when they are indi vidually mutated 

(Costanzo et al. 20 10). Sorne high-end methodologies have been developed to predict 
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GI degrees - the number of Gls invo lving a given gene - in the yeast, S. cerevisiae 

(Szappanos et al. 2011 ; Koch et al. 201 2) . The first study successfu lly predi cts negati ve 

and pos itive interacti on degrees fo r genes implicated in yeast metaboli m (Szappanos 

et al. 20 l l ) . Using only SSL and pos iti ve genetic interacti ons as training sets, they 

showed that onl y a small frac ti on of interacting genes shares the maj ority of the 

interactions in both empiri cal and in silico data. They also provided a mechanistic 

explanati on for genetic "Hubs" in re lation w ith their tendency to be multifunctional 

and fo und that the predi cted negati ve interaction degree of a gene corre lates w ith its 

mul tifuncti onality (Szappanos et al. 2011 ). In another work, Koch et al. drove the 

ana lys is furthermore to predict the GI degrees of many genes in S. cerevisiae and also 

in the distantly re lated species Schizosaccharomyces pombe (Koch et al. 201 2). They 

integrated 16 features ; covering mRNA expressions, GO terrns, prote in-prote in 

interactions and other functional data, via a decision-tree learning to predi ct GI degrees 

with only interacting genes as tra ining sets . Among some interesting fi ndings, they 

confirmed the general consensus that the GI network structure is conserved across 

spec ies (Koch et al. 201 2) . In fact, they fo und reta ining high conservati on of GI degrees 

between S. cerevisiae and S. pombe fo r specific genes sharing a signifi cant amount of 

functi onal informati on. rt would be extremely interesting to carry on such study to 

assess whether, despi te the poor conservation of Ols between yeast and nern atodes, the 

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

As the conservation of GI-degrees, conservation of Ols between S. cerevis ia and S. 

pombe was significantly increased when the analys is was restri cted to genes that shared 

the same function al annotations and when the analys is was restricted to pa irs of genes 

coding for interacting pro teins (Roguev et al. 2008). This indicates that Ols between 

two genes is more evolutionary conserved if these two genes are also linked in networks 

located at lower and higher abstraction levels. Severa! studies a lso suggested that both 

positi ve and negative Ols within fun ctiona l modules (protein compl exes, gene 

belonging to the same bio logica l process) are signifi cantly 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 et al. 2012). T hi s suggests that not only the dependencies, 

but also the buffering relationships within complexes are highl y conserved (Ryan et al. 

201 2). 

While the conservation of G is between functional modules/bio logical processes 

appears to be limited, the overall number of Gls between biological processes appears 

to be highl y reta ined (Ryan et al. 20 12). For examp le, whil e a signifi cantl y high number 

of Gis links genes controlling chromatin/transcription and those controlling mitos is and 

chromosome segregation in distant spec ies, the level of conservation for individual 

interactions between these processes remains low (Ryan et al. 20 12). This suggest 

that, although there is fl ex ibility at the leve l of individual Gls and consequently 

s ignificant rewiring between functional modules/processes in distant species, there 

may exist a biological se lective pressure and requirements fo r 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 biologica l 

processes than expected - ca ll ed here "process-Hubs" - suggest that these processes 

are important for medi ating cross-process connections in genetic networks of several 

organisms (Lehner et al. 2006; Costanzo et al. 2010). For examp le, process-hubs such 

as chromatin/transcription, secretion and membrane traffick ing, have been identifi ed 

in S. cerevisiae (Costanzo et al. 2010) and C. elegans (Lehner et 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 et al. 20 12). 

Altogether, these data suggest that the conservation of the overall structure of GI 

networks still needs further characteri zation in distant organ isms to identify the 

selecti ve pressure applied on GI networks, not necessarily at the leve l of individual 

genes, but at the leve l of functional modules. Conclusions from such studies would 
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bring important info rmation that could be expl oited 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 phenotypica l manifes tati on of genomic codes. Some of these pieces of 

information have a lso been exploited to generate predictors for Gis as detailed in this 

rev iew. However, to date, these tools show limited performances and gave predictions, 

for example in C. elegans, fo r Jess than 50% of the expected GI interactome. These 

studi es also opened some paths that coi.tld be fo ll owed to improve predictive tools for 

Gis. 

The first path suggests that tools should consider Gls in their structural context instead 

of considering them in isolation. This cornes from several observations. The first one 

showed that s imilarity of GI profiles of two genes is more indicative of a co­

functionality (sharing GO annotations, invo lvement in the same prote in complex, etc.) 

than a direct GI between these genes. This cornes along with the other observations that 

- irrespective of the method used to decornpose the genetic interactome into modules 

- GI tends to segregate into two categories following either a "within-"or a "between-

pathway" mode] (F igure 2.5). These two kinds of Gis, based on structural properties of 

the network, have also di fferent particulariti es . The "between-pathway" Gis tend to be 

less evo lutionary conserved than the "within-pathway" Gls. Sirnilarly, at a lower leve l 

of abstraction, "between protein modules" PPis tend to be Jess conserved than "within 

protein modules" PPis. Overall , these data suggest that "wi thin and between pathways" 
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Gls may have to be assessed using di ffe rent approaches. This al so suggests that data 

used to predict Gis, such as PPis, may a lso have to be considered in the ir modular 

context. 

The second path of improvement fo r predi cting Gls consists in considering Gis from a 

higher level of abstraction when attempting to predi ct Gls using data fro m di stant 

pec ies . Thi s cornes from the observation that the overall level of Gis between 

biological processes appears to be much more conserved between di stant species than 

independent Gis between genes invo lved in different processes (F igure 2 .5). 

Considering Ols at the level of the biolog ical processes (abstraction leve l V) instead of 

indi vidual genes (abstraction leve l IV), may then s ignifi cantly improve our ability to 

accurately predict functional re lationships between genes and group of genes. Such 

approach may also open exciting opportuniti es. Studying the monochromati city of Gl 

modules also showed that the monochromati c within and between pathways 

interactions were biolog ically biased. Thi s suggests that biolog ical processes have 

either compensating or synergistic re lationships one with another, but also that many 

components of a given biological process have predominantl y either compensating or 

synergistic re lationships. These data suggest that considering Gls from a higher leve l 

of abstraction may also be a good avenue to spec ificall y identify synergisti c and 

compensating/antago ni stic relati onships between fun ctional biologica l modules. T hi 

avenue is particularly attractive when considering the need of such predictive too ls in 

translational research and more parti cularl y when h·y ing to identi fy cornpensatory 

mechanisrns leading to therapeutic drug res istance. 

The last proposed path to improve Gl predictions, in parti cular in higher organi sms, is 

to try to better understand the structural differences that may ex ist between 

lower/unice llular and higher organi sms. The fact that the within pathway mode] rnay 

be prevalent over the between pathway mode! in C. elegans, as opposed to yeast, need 
1 

to be confirmed and the reason why this trend might be different in several organi sms 

needs to be explained. ln conclusion, white an extensive characte ri zation of small er 
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genetic networks in yeast has brought prec ious in fo rmation about the sti ll rn ysterious 

genetic interactome, its apparent plas ticity requires sirnilar studies to be done in higher 

organi srns. These studies would then open the door to the des ign of we ll-informed and 

highl y performing predictors for G is in hi gher organisms such as human. 
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A % of animais with phenotype 

- 1 1 -

B fitness measurement 
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Figure 2.1 Statistical epistasis. 

(A) When considering the penetrance of a given phenotype as the percentage of animais expressing this phenotype at 
a given "significative" level , genetic interactions (Gis) are usually identified using the additive model. Considering the 
phenotype of wild-type (wt) animais , 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 GI between A and B is then identified if the phenotype of AB 
is significantly higher than the expected . An Alleviating GI 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 animais 
present high fitness rate , the expected phenotype of the double mutant AB is ca lculated using the multiplicative 
phenotype (it cou ld 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 !han 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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Abstraction 
levels 

VI 

V 
Biological Process 

Functional 

IV interaction 

III 
Physical interaction 

II 
Expression pàttern 

Genomic structure 
I 

Figure 2.2 Representation of the six levels of abstraction in biological systems. 

Note that, whi le each gene/protein can be fo ll owed from one abstraction level to another, the re lationships 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. 



A Within pathway 

C Between pathway 
(Ulitski et al. 2007) 

D q-clique 

B Between pathway 
(k:elley& Ideker) 

Pivot protein 
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Figure 2.3 Canonical and non-canonical within/between pathway models. 

91 

(A) The canonical within pathway model as described by Kelley and ldeker, consists in genetic interactions (Gis , red 
edges) occurring within a dense module of protein interactions (bleu edges). (8) The canonical between pathway models , 
as described by Kelley and ldeker, consists in Gis 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. Th is study also identified pivot proteins as proteins highly connected 
at the molecular level with component of two subnetworks connected through between pathway Gis. (D) non-canonical 
within pathway model , are quasi-cliques (q-cliques) , biclusters of highly connected genes. (E) The non-canonical 
between pathway models consist in bicliques - biclusters in which prays and target genes of Gis do not overlap. 



A 
ind r 

n n nt r .2.12 

/ 

31 .65 14,2 373,796 

6 9 

10 76 

2 19 2 6 

f > / , 000, 000 

Wnn t2 

B C 

1 Find r 

55 , 
- ) 

li 

nn et 2 

ene rient cr .2.12 

'. el gan gcncti interactome 
1,5 14 

I Findcr 

11 4 

1 

\i rm et 2 

ne rient er .2. 12 

14 

di 
90 

92 

Figure 2.4 Venn diagrams of C. elegans predicted genetic interactions from three different 
approaches. 

(A) Genome-wide predictions. (B) Experimentally validated genetic interactions taken from Lee, A.Y. et al., 2010 (C) 
Experimentally validated genetic interactions (Gis) 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 Gis 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 201 O. 
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Figure 2.5 lntegration of the abstraction level Ill, IV and V. 
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Abstraction level Ill shows protein-protein interactions (PPls , blue edges) within highly connected protein interaction 
modules. lt 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 (Gis , red edges, between pathway 
model). lt shows also the approximate rate of within pathway and between pathways Gis observed in yeast. The level V 
shows the clustering of dense modules in biological processes and the link brought by Gis between these processes. 
The strength of that link is more evolutionary conserved than individual Gis at the abstraction level IV. 



CHAPITRE III 

CARACTERISATION STRUCTURALE ET FONCTIONNELLE D 'UN RESEAU 

D ' INTERACTIONS GÉNÉTIQUES A L' fNTERIEUR DES VOIES DE 

SIGNALISATION ET DE MÉTABOLISME DU NÉMA TODE CAENORHABDITIS 

ELEGANS 

L ' ensemble de ce chapitre a été publi é en fév ri er 2016 dans la revue PLoS 

Computational Biology, doi: 10.13 7 l/joumal.pcbi.1004738 . 

Boucher B, Lee A Y, Hall ett M, Jenna S. (201 6) Structura l and Functi onal 

Characterizati on of a Caenorhabditi s eJegans Genetie Interaction Network within 

Pathways. PLoS Computational Biology. 12(2) :e l004738. 

Pour ce chapitre III, il est questi on d 'une caractéri sation en profondeur des interact ions 

génétiques chez le nématode Caenorhabditis elegans. Pour ce fa ire, nous avons ut ili sé 

des données se s ituant à différents ni veaux d 'abstracti on et avons ex pl oité certains liens 

entre ces niveaux pour montrer que les signatures de données, correspondant aux 

interactions génétiques, ne sont pas homogènes . N ous avons ensuite classé les 

interactions en sous-groupes homogène et sé lectionné s ix classes. Nous avons ensuite 

identifié les différentes propriétés de ces classes pour construire un modè le de réseau 

génétique dans leque l chaque classe d ' interacti ons j oue un rôle particuli er. Ce modèle 

ouvre la vo ie à une meilleure compréhension des li ens entourant les interactions 

génétiques et les autres ni veaux d 'abstraction. Le modèle propose auss i une explication 

pour la robustesse des systèmes bio logiques et l'évolution des espèces . 
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CONTRJBUTIONS 

Pour cet arti cle, j 'ai (BB) rassemblé l'ensemble des données nécessaires à la 

caractérisation des classes d ' interactions génétiques et effectué la majorité des ana lyses 

statistiques. J'ai validé plus de 50% des interactions génétiques manuellement dans la 

littérature. J'ai élaboré les algorithmes de randomisation des réseaux et conduit les 

ana lyses de fréquence subséquentes dans l' interactome génétique. J'ai auss i conçu 

l'algorithme de sélection des classes d ' interactions génétiques basé sur les s ignatures 

de données des gènes qui interagissent ensemble. 

Anna Y. Lee (AL) a fourni les données de base couvrant chaque paire de gènes du 

génome de Caenorhabditis eiegans. El le a aussi fourni plusieurs codes servant aux 

ana lyses statistiques. 

Michael Hallett (MH) a effectué un suivi technique du projet. 

Sarah Jenna (SJ) a conçu et dirigé le projet. E ll e a effectué les analyses topologiques 

des gènes qui interagissent ensemble dans le réseau d'interactions protéine-protéine. 

E ll e a classé manuellement l'ensemb le des phénotypes utili sés dans cette étude pour 

définir l' index pléiotropique. E ll e a auss i contribué à l'analyse statistique des index 

pléiotropiques. 

J'ai rédigé la section 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 3.1: BB (co ll ecte 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 (co ll ecte de données, analyse, design et réali sation des figures), AL 

(aide technique), MH (superv ision technique), SJ (conception et design). 

F igure 3.3 : BB (analyse), SJ (conception, co ll ecte de données, analyse, des ign et 

réalisation des figures). 

Figure 3.4 : BB (collecte de données, analyse, des ign et réalisation des fi gures), AL 

(aide technique), MH (superv is ion technique), SJ (concepti on et des ign). 

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

(a ide technique), MH (supervision technique), SJ (conception et des ign). 

Figure 3.6 : BB (collecte de données, analyse, des ign et réalisation des figures), AL 

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

Figure 3.7 : BB (collecte de données, analyse, des ign et réali sation des figures) , SJ 

( conception et design) . 

Figure 3.8 : BB (co ll ecte de données, analyse, des ign et réa li sation des figures) , SJ 

(conception et des ign). 

Figure 3.9: SJ (conception, des ign et réa li sation de la figure). 

RÉSUMÉ 

Une interaction génétique (IG) est défi ni e lorsque la mutat ion d'un gène modifi e 

l'express ion phénotypique assoc ié à la mutati on d'un econd gène. Les efforts pour 

cartographier les IG du génome en entier de la levure ont révélé des propriétés 

structurales et fo nctionnell es d'un réseau d ' IGs . Cela a donné un aperçu des 

mécani smes sous-j acents de la robustesse de la levure à des perturbations génétiques 

et environnementa les, mais aussi au niveau du lien ex istant entre le génotype et le 

phénotype. M ême si une conservation importante des IGs et de la structure du réseau 

d ' IGs a été rapportée entre des espèces de levures lointaines, une telle conservation n 'a 

toujours pas été observée entre les organismes unice llulaires et multicellulaires. La 
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caractéri sation structurale et fo nctionnelle d'un réseau d ' IGs dans ces derni ers 

organi smes est par conséquent, d'un grand intérêt. Dans cette étude, nous présentons 

une caractérisation en profondeur de - 1.SK IGs du nématode Caenorhabditis elegans. 

No us avons identifié et caractéri sé six classes di stinctes d'IGs en examinant un large 

éventai I de propriétés structu ra les et fonctionnelles des gènes et du réseau, y compris 

la co-expression, les manifestati ons phénotypiques, la re lation avec les sous-réseaux 

denses d'interactions proté ine-protéine (SOI) et les vo ies, les fonctions moléculaires et 

bio logiques, l 'essenti alité des gènes et la p léiotropie. Notre étude montre que les classes 

d ' IGs sont li ées à des gènes présents à l ' intérieur des vo ies et présentent des propriétés 

di stinctes, spéc ifiquement envers les SDI. Il suggère un modèle dans lequel les vo ies 

sont composées d ' IGs SDI-centr iques et SDI-indépendants coordonnées par des 

machines moléculaires à travers deux c lasses spécifiques d'IGs, les connecteurs 

pléiotropiques et non-plé iotropiques. Notre étude décrit la première caractéri sation en 

profondeur d'un réseau d ' IGs à l' intérieur des vo ies d'un organisme multi ce llulaire. Il 

suggère éga lement un modèle pour mieux comprendre comment les IGs contrôle la 

robustesse du système et l'évolution. 

3 .1 Abstract 

A geneti c interaction (GI) is defin ed when the mutati on of one gene modifi es the 

phenotypic express ion associated w ith the mutati on of a second gene. Genome-wide 

efforts to map Gis in yeast revea led structural and fun ctiona l properties of a GI 

network. Thi s provided insights into the mechanisms underlying the robustness of yeast 

to geneti c and environmental insults, and also into the link ex isting between genotype 

and phenotype. While a sign ificant conservation of Gls and GI network structure has 

been reported between di stant yeast species, such a conservation is not c lear between 
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unicellul ar and multice llular organi sms. Structural and functional characterization of a 

Gl network in these latter organisms i consequentl y, of high interest. In this tudy, we 

present an in-depth characterization of - l .5K Gls in the nematode Caenorhabditis 

elegans. We identi fy and characterize six di stinct classes of Gls by exarnining a wide­

range of structural and functional p roperti es of genes and network, inc luding co­

expression, phenotypical manifes tations, re lationship w ith protein-prote in 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 di spl ay di stincti ve properti es, specifica lly towards PDS. It suggests a mode! in 

whi ch pathways are composed of PDS-centric and PDS-independent Gis coordinating 

molecul ar machines through two pecific classes of Gls invo lving pleiotropic and non­

ple iotropic connectors. Our study prov ides the fi rst in-depth characterizati on of a GI 

network within pathways of a multi cellul ar orga ni sm. lt also suggests a model to 

understand better how Gls control system robustness and evolution. 

3 .2 Introduction 

The behav iour of biologica l systems and their adaptation to environmental changes 

depend on many factors on the path fro m genomic structure, through gene expression, 

molecular and functi onal interacti ons, to phenotypic mani fes tations. To simplify 

studies of these different levels of informati on, systems biologists may build a 

theoreti ca l fra mework where biological systems are decomposed into six abstraction 

levels (Boucher et Jenna 201 3): the genome structure (level I), the gene express ion 

(level TI), the phys ical interaction between systems elements (protein, DNA, RNA, etc. 

level Ill), the functional relati onship between these elements (level IV), their bio log ical 

and molecul ar fun cti on (level V) and the phenotypical manifes tati ons (l evel VI). 
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Within this framewo rk, genetic interactions (G ls) are located at the level IV together 

with s ignaling 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) assoc iated 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 fo r the alteration of a function. 

Mapping Gis in human also recently emerged as a necessity to identi fy bi omarkers 

from Genome-wide association studies (GWAS) and consequently, move the medical 

fie ld towards a more personalized practice (Gibson 20 10). 

To date, only few (primaril y unicellular) organi sms have been amenable to 

experimenta l genome-wide screening approaches fo r mapp ing Gls. Thus, most of our 

information on the structure and the function ofG I networks has been restricted to yeast 

(reviewed in (Boucher et Jenna 2013) and (Dixon et al. 2009)). Extensive studies on 

Gls in these systems showed clear re lat ionships between GI networks and networks 

located at other abstraction leve ls. These studies revea led the re lationship of Gls with 

signaling and metabolic pathways (Dav ierwa la et al. 2005; Costanzo et al.201 O; Bellay 

et al. 20 11 ; Szappanos et al. 20 11 ), between co-expressed genes, and between genes 

coding fo r interacti ng proteins (Ke lley et Ideker 2005; U litsky et Shamir 2007). They 

also identified the relationship between Gis, bioprocesses and phenotypes (Tong et al. 

2004; Drees et al. 2005; Schuldiner et al. 2005). They characterized the degree of 

connectivity of genes within GI networks and assessed their enri chment in genes with 

high connectivity (GI-Hubs) as well as in multifunctiona l and essential genes (Ozier, 

Amin et Ideker 2003; Tong et al. 2004; Dav ierwa la et al. 2005 ; Szappanos et al. 20 11). 

Importantly, these studies identifi ed dense subnetworks w ithin the GI network (GDS) 

(Tong et al. 2004). They showed that GDS tend to lay between molecular machines, 

that we will defin e in this study as dense subnetworks of protein-protein and protein­

DNA interactions (Kelley et ldeker 2005; U litsky et Shamir 2007; Szappanos et al. 
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20 11). They also showed that GDS are monochromati c, i.e. they are composed of either 

positive (suppress ive/a llev iating) or negati ve (synergisti c/aggravating) Gls (Segre et 

al. 2005; Pu et al. 2008; Jaimovich et al. 201 O; Mi chaut et al. 2011 ) and are fun cti onall y 

biased (Szappanos et al. 2011 ; Shari fpoo r et al. 2012). These studies connect fo ur 

abstractions leve ls (l evels II to V), showing that Gl networks coordinate molecular 

machines within bi oprocesses . 

These studies using yeast as a mode! brought also prec ious information on the ro le 

played by Ols in genomic robustness and evo lutionary processes (Roguev et al. 2008; 

Be ll ay et al. 201 l ; Ryan et al. 201 2). For exampl e, these studies identi:fï ed two separate 

groups of dupli cated genes within distinct GDS: a group composed ofredundant genes 

p laying an important ro le fo r the genomic robustness of the system and a group of 

redundant genes with di vergent biological fun cti ons and with expected reduced impact 

on robustness (Bellay et al. 2011 ). ln additi on, they revea\ed that positioning of Gls 

w ithin or between PPI-dense subnetworks (PDS) had an impact on their evo lutionary 

conservation : Ols w ithin PDS being more conserved than Gls between PDS (Roguev 

et al. 2008; R yan et al. 201 2). 

To date, the structure and the fun ction of GI networks are still largely unk.nown in 

multi cellular organisms. Characteri zing these networks is therefore required to better 

understand the genomi c robustness of these systems and also how fun ctional 

relat ionships between all eles influence phenotypical outcomes and evo lutionary 

processes in multicellular contexts. To address this problem, we prov ide the firs t deep 

characteri zation of a network composed of ~600 Gls in a mul tice llular organi sm, the 

nematode Caenorhabditis elegans. This study aims to identify functional properties 

assoc iated with Gls and groups of Ols and to understand better how the structu ra l and 

fun cti onal organi zat ion of a GI network links molecular machines (abstracti on level 

III) to bioprocesses, phenotypes and di seases (abstracti on leve ls V and VI) in a 

multi cellular context. Our results indicate that Gis forrn a heterogeneous group of 

entities when considering biological data located at di ffe rent abstraction levels in C. 
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elegans. We descri be the spec ific characteristi cs of GI classes with respect to the 

connectivity degree within the GI- and the PPI-networks, their relationship with 

protein-prote in interaction dense subnetworks (PDS), signaling and metaboli c 

pathways and w ith phenotypic mani festa tions (essentia li ty, pleiotropy). We also 

di scuss the impact of this structure on C. elegans genome robustness and evo lution. 

3.3 Resul ts 

3.3 . l Defining six classes of genetic interactions 

Considering th at the fu ncti on and the structure of genetic in teracti on networks are 

mainly unknown for multi ce llular organi sms while being of increas ing interest, we 

characteri zed a network composed of - 1,500 Gl s of the nematode C. elegans. To do 

so, we first investigated whether Gls constitute a heterogeneous group of entiti es in thi s 

organi sm and consequentl y, whether we could ident ify several GI classes with 

di stincti ve biological properti es in thi s netwo rk. 

We reh·i eved 1,5 14 genetic interacti ons (Gls) from Wormbase, Bi ogrid and the 

literature as described in the M ethods secti on and in Table 3.S l [en li gne: (Boucher et 

al. 201 6)]. T his set of Gis, called Gls-all, is composed of 750 (49.5%) interactions 

identified as experimentally validated Gls by ei ther Wonnbase and Biogrid curati on 

systems (see Methods) or manually curated fro m the literature in our laboratory (Lee 

et al. 2010). The remaining 764 Gls (50.46%) were identified us ing Textpresso, an 

automatic text mining system (Muller, Kenny et Sternberg 2004). To test the fa lse­

pos itive rate in this later GI set, we manually curated 26 1 of these interactions and 

fou nd that 252 of them (96.55%) were true-pos itives (experimenta ll y validated Ols; 

Table 3 .S 1 [ en ligne: (Boucher et al. 201 6)]). Overall , Gls-all is p redi cted to con tain at 
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least 98% of validated Gls. 

Statisti cal attributes using expression, pro tein-prote in interacti on (PPI) and phenotypic 

data were previously described as powerful too ls to segregate Gls-all frorn a set of 

gene-pairs randoml y selected from the genome (Lee et 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" negati ve examples of Gls (see Methods). Attributes used in thi s 

study capture the leve l of co-expression between interacting genes (Exp, F igure 3.l a, 

b), the enrichment of shared phenotypes (Ph, Figure 3.l a, b), the ir ability to encode 

proteins that internet phys ically (I, Figure 3.l a, b) and/or have more common 

interacting-partners than expected by chance alone (CI, Figure 3. la, b). Two attributes 

were a lso des igned to identify Gis within functi onal modules (N and NPh, Figure 3.1 a, 

b ). The attribute ca lled "Neighborhood" (N) identifi es the enri chment of phenotypes in 

the neighborhoods of gene-pairs w ithin a network where genes are linked when they 

are significantly co-expressed, or code for interacting proteins (see Methods fo r details; 

(Lee et al. 201 O)).The attribute "Neighborhood w ith Phenotype" (NPh) identifi es pa irs 

of genes with a pos itive va lue fo r the attribute N and the associat ion of both genes with 

the phenotype enri ched in their neighborhood (see Methods fo r deta il s; (Lee et al. 

2010) . We used these attributes to assess whether Gis di splay distincti ve dependency 

towards data located at di ffe rent abstraction leve ls. To do so, attribute values were used 

to c luster Gi s-ail together w ith 1,500 gene-pairs randornl y chosen in the C. elegans 

genome. If Gis were fo rming an homogeneous group of entit ies with unique di stinctive 

properti es when considering negati ve sets of examples, we would expect them to 

cluster as a group fro m these negative examples. However, Gis-ail tend to cluster into 

groups of Gls (using Euclidean di stance-based dissimilarities; see Methods) w ith some 

di spers ion among the negati ve examples (F igure 3. l a). Thi s suggests that Gls-a ll can 

be subdivided into Gls groups with potenti al di stincti ve biological properties. 

In an attempt to characterize the functi on of these GI groups, we used a cl us ter se lection 

algorithm to identi fy GI classes fro m Gls-all (F igure 3. lb), while controlling the 
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robustness of this class ifi cation (see Supplementary Information, Text S3. 1 (vo ir 

Annexe A); F igure 3.S 1). This study identified ten Gl classes, six of them (C l-C6) 

being s ignificantl y different from gene pai rs randomly selected fro m the genome (see 

Supplementary Info rmation , Text S3.l (Voir Annexe A); F igure 3.S2). Analysis of the 

proportion of rni ssing data supporting each class revealed that miss ing express ion, 

phenotype and/or PPI data could not exp la in the classification by itself. We conclude 

fro m this anal ysis that GI classes with similar combination of attribute values would 

still be identi fied from a GI set exempt of miss ing data. 

3.3 .2 GI classes have di fferent functions 

Two main classes of G ls have been ident ified in the yeast genome: positive (alleviating 

interactions) and negative (synergistic interactions) (Tong et al. 200 l ; Kelley et Ideker 

2005; Schuldiner et al. 2005 ; Collins et al. 2007; St Onge et al. 2007). 

Monochromaticity of GI dense subnetworks (GDS), enriched in either positive or 

negative interactions, has a lso been identi fied in yeast (Bellay et al. 2011 ; Sharifpoor 

et al. 2012). These monochrornatic GDS were described as being functionally biased -

i. e. they tend to be associated with specific biological functions (Bell ay et al. 20 11 ; 

Sharifpoor et al. 2012). This characterization of GI networks in yeast was critical to 

understand better the role of Gls in coordinating gene function w ithin bi ological 

processes. 

To characterize the potenti al di stincti ve biologica l properties of GI c lasses and their 

ability to contrai 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 multi chromatic - if they were enri ched in one or several GI classes. 

Lastly, we assessed whether these GI classes are functionally biased. 
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This analys is revealed that Gls fro m Gls-a ll fo rm few GDS (see Supplementary 

lnfo rmati on, Text S3. l (Vo ir Annexe A); F igure 3.S3a). However, while the number 

of GDS fo rmed is too small to assess their enri chment in unique class or combination 

of classes as done in yeast, clustering of classes based upon the GDS compos iti on, 

revea led that GI c lasses tend to form GDS in a biased manner: C L with C2, C4 with CS 

and C3 with C6 (see Suppl ementary Info rmation, Text S3. 1 (Vo ir Annexe A); F igure 

3 .S3a). Analys is of the gene composition of GI classes also revealed that C4 Gls share 

more genes with CS than with the other classes (see Supplementary Informati on, Tex t 

S3 . L (Voir Am1 exe A); Figure 3.S4) supporting the hypothes is that GI classes may 

assemble into GDS in a biased way. 

Enrichment of GI classes in Gene Ontology annotations (GO, (Ashburner et al. 2000)) 

was a lso measured. GO annotations were found enriched for ail GI classes except C2 

(F igure 3.2a; Table 3.S2 [en ligne: (Boucher et al. 201 6)]; Figure 3.S5-3.S l L). Thi s 

ana lys is was done first by considering gene repetition within c lasses (some genes being 

invo lved in more than one GI in a given class) and secondly, without considering gene 

repetition (asterisk indicates enrichment observed without cons idering gene 

repetitions; F igure 3.2a; Table 3.S2 [en ligne: (Boucher et al. 201 6)]). Sirnilar resul ts 

were obta ined fo r both analyses, suggesting that GI classes are functionally biased as 

deta il ed below. 

C I interactions were enriched in genes invo lved in cell di vision (P = 0.01 , F isher ' s 

exact test; Figure 3.2a; Table 3.S2 [en li gne: (Boucher et al. 20 16)]). For example, C l 

Gis were identified between spd-2, spd-5 and dhc-1 controlling centrosome assembly 

and maturation (Kemp et al. 2004) (Figure 3.SS). We expect genes invo lved in ce ll 

div ision to be essential. To tes t a potenti al enrichrnent of essenti a l genes in C l , we 

measured the enrichment of two gene sets of 294 and 1,259 es entia l genes identi fied 

using systematic RNA sil encing by Kamath et al. (Karnath et al. 2003) and Sonnichsen 

et al. (Sonnichsen et al. 2005) in Gl classes when compared to Gls-all using a 

hypergeometric test (bars above the red line indicate a signi ficant enrichment; P < 0.05 ; 
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F igure 3.2b). These data showed that C l and C2 di sp lay the highest enri chment Jevel 

in essenti al genes when compared to Gis-all and other c lasses. These data support the 

functional bias of C l towards ce ll di vision and also assoc iate GDS enri ched in Cl and 

C2 interactions to essential biological functions. Enrichment analysis of GO terrns 

within G[ c lasses also revealed that C4 and CS were enri ched in genes coding for 

kinases (P < 0.0001, F isher's exact test; F igure 3.2a; Table 3.S2 [en ligne: (Boucher et 

al. 20 16)]) . A kinase-centric study of the GI network in yeast showed that genes coding 

for kinases are often redundant and are invo lved in e ither kinase-kinase (K-K) or 

kinase-substrate (K-S) Gls (Sharifpoor et al. 20 12). We assessed whether GI classes 

were enri ched in these two kinds of interact ions when compared to Gis-a ll . In this 

study, kinases were identified based on their GO annotation (Table 3.S2 [en li gne: 

(Boucher et al. 20 16)]) and substrates were identified as non-kinases. This analys is 

revea led that C4 is significantly enriched in K-K (P = 0.004, F isher's exact test) and 

K-S (P = 0.03 , F isher ' s exact test). Considering that K-K interactions were primarily 

observed between redundant kinases (Sharifpoor et al. 20 12), we assessed w hether C4 

was also enriched in Gis between redundant genes. We thus measured the enrichment 

in Gl classes of 306 genes identifi ed as redundant (linked by a synthetic sick or lethal 

interact ion) and evol utionarily conserved genes (Tischl er et al. 2006). Thi s analysis 

revealed that both C4 and CS were enriched in evo lutionari ly conserved redundant 

genes (Bars above the red line indicate sign ifi cant enri chments; P < 0.05 ; F igure 3.2c). 

In order to assess whether C4 and CS were enriched in interactions invo lvi ng only 

redundant kinases or redundant genes at large, we measured thi s enrichment after 

removing kinases fro m both the Tischler et al. list of conserved redundant genes and 

fro m GI classe . Thi s analys is revealed that only C4 was enriched in Gls invo lving 

non-kinase redundant genes (Fisher' s exact test; P = 9 x 10·6). Thi s suggests that CS 

Gls involve mainly conserved redundant kinases whil e C4 G is in vo lve conserved 

redundant genes coding fo r 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 II 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 .SS). Moreover, GO annotation enrichrnents 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; F igure 3.3a). 

Altogether, these data suggest that Gl classes rn ay assemble in GDS in a "class­

dependent" manner and also display a functional bias. Genes interacting through C l 

and C2 Ols tend to be essenti al genes, more particul arly involved in cell division. Genes 

interacting through C4 or CS Gls tend to code for evoluti onaril y conserved redundant 

kinases and non-kinases . This study also suggests a potenti al function for genes 

interacting through C3 and C6 Ols in cell signaling. 

3.3.3. GI classes have di fferent positi ons in the PPI network 

The coordination of molecular machines by Ols has been intensively in vestigated in 

yeast through characterization of the relationship ex isting between Ols and protein­

protein interaction (PPI) networks (Kell ey et ldeker 2005; Ulitsky et Shamir 2007 ; 

Costanzo et ai. 20 l 0). Four out of the six attributes used in thi s study are built, even 

partially, on PPI data (N, NPh, CI, I; see Methods) . GI classes, displaying positive 

values for different combinations of attributes (F igure 3 .1 b ), may exhibi t distinct 

relationship with the PPI network. To assess the relationship between GI classes and 

rnolecular machines we measured the average PPI-degree of proteins coded by genes 

within GI classes and Gis-all (Figure 3.3a). This revealed that C4 and CS Ols involve 

genes with a median PPI-degree signi ficantly higher than the other classes and Ols-ail 

(P < 10-3 and P < 10-6 respectively, Wilcoxon rank-surn test; Figure 3.3a). We then 

assessed whether this was due to a significant enrichment of genes coding for PPl-Hubs 
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- defined as the 20% proteins with the highest PPI-degree within the PPI-network 

(F igure 3.3b; Figure 3.S 12). This revealed that C4 and CS were indeed signifi can tly 

enriched in PPI-Hubs when cornpared to Gis-all (P < 10-4 and P < 10-11 respectively, 

F isher's exact test; F igure 3.3b). 

The structure of the PPI networks has been extensive ly stud ied in unicellular and 

multicellular organisms (Chang et al. 20 13). 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 w ithin the PPI network (Yu et 

al. 2007 ; Chang et al. 2013). The betweenness centrality metric was previously defi ned 

to identify network nodes playing a critical role in the PPI-network organization (call ed 

"bottleneck nodes") (Yu et al. 2007). These nodes were characterized by their 

positioning in many shortest paths within the PP] network ([Yu et al. 2007] , Figure 

3.3c). Measurement of the betweenness centrality of PPI-non-Hubs and PPI-Hubs in 

the different GI classes revea led that CS non-Hub proteins tend to be bottlenecks with 

a sign ificantly higher betweenness centrality than Gls-all (P < 10-9
, Wilcoxon rank­

surn test; Figure 3.3d). The betweenness centrality of PPI-Hubs was not s ignificantly 

different between GI classes and Gis-all (F igure 3.3e). 

Altogether, these data clearly show that GJ classes have dist inctive properties with 

respect to the PPI network and may consequently coordinate differently molecular 

machines in biologica l processes . They identify C4 and CS interactions as enriched in 

genes coding for PPI-Hubs that tend to be non-bottl enecks (green node; Figure 3.3c), 

suggesting that these Hubs may be embedded within PDS rather than at their periphery. 

CS also appear to be enriched in non-Hub Bottleneck nodes (B lue nodes, F igure 3.3c) 

thought to play a criti cal role in PDS coordination (Yu et al. 2007). Therefore, these 

data suggest, C4 and CS interactions may play a critical role in controlling the assembl y 

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

The data presented above suggest that C4 and CS Gls link genes coding fo r proteins 

within or between PDS while C l , C2, C3 and C6 may link genes coding fo r proteins 

outside PDS. To test thi s hypothesis we used the Cytoscape "MINE" plugin 

(Rhrissorrakrai et Gunsa lus 2011 ) to identify PDS within the PPI-network as 

prev iously done (Kell ey et ldeker 2005 ; Ulitsky et Shamir 2007) (see Methods) . Thi s 

approach identifi ed l 06 PDS containing at least four pro teins. We then assessed 

whether Gis-al! and GI classes were enri ched in genes coding for pro teins: (i) in the 

same PDS (GI within-PDS; red lines / bars; F igure 3 .4a and b ); or (ii) between PDS 

(pairs of proteins located in di ffe rent PDS; GI between-PDS; blue lines / bars; F igure 

3.4a, b). To evaluate thi s enri chment level, we compared the frequencies obtained fo r 

the diffe rent scenarios (within-PDS and between-PDS) with those for randomized GI 

networks of similar size and structure, and computed log-rati o transfom1 (LR) scores 

(see Methods, F igure 3.4b). Consistently with prev ious studies (Lehner 2007), Gls-all 

was enri ched in w ithin-PDS connecti ons while being depleted in between-PDS 

connecti ons (F igure 3.4b), confirming that Gis in C. elegans are more frequently 

observed within-PDS than between-PDS. lnteresting ly, C2 and C3 Gls tended to occur 

between-PDS, and C4 and CS Gis occur ba th within- and between-PDS, while Gls in 

C l and C6 appear to be independent fro m PDS (Figure 3.4b). We assessed w hether thi s 

PDS-independency results fro m a dependency of C l and C6 towards connected 3-

protein triangles, called bistable motifs , which are not considered as PDS in our study 

(see Methods). However, no bistable moti f was found in Gis-ail and consequently, 

suggest that C l and C6 do not fo rm any bistable moti f Gls and are independent fro m 

PDS. 

These data confirm our hypothesis that C4 and CS Gls are enriched in w ithin- and 
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between-PDS. We will consequently, characterize them as PDS-centric in teractions, 

and C 1 and C6 Gis as PDS-independent. Moreover, C2 and C3 Gis appea red to be 

enri ched in between-PDS connections suggesting some kind of fu nctional re lati onship 

with the PDS-centric in teractions. Taken together these data suggest that GI c lasses 

disp lay di stinct re lat ionships towards PDS and consequently, may coordinate 

di fferently molecular machines within bi ological processes. 

3.3.5 PDS and pathways constitu te different functional mod ules 

In the yeast S. cerevisiae, subgroups of Gls have been identi fied and characterized 

based on their re lationship with physical interaction networks - mainly protein-protein 

(PPI) and protein-DNA (PDI) interactions (Kelley et ldeker 2005; Uli tsky et Shami r 

2007; Costanzo et al. 2010). In these studies, a " pathway " was defi ned as a dense 

subnetwork or a connected graph module of PPis (defined as PDS in our study) and 

PDis. These studies showed that Gls tend to occur rather between- than within­

pathways (Kell ey et Ideker 2005; Uli tsky et Shamir 2007; Costanzo et al. 2010). 

Interest ingly, a similar study was done on GI networks in C. elegans and showed the 

oppos ite - Gls occur more frequently within- than between-pathways (Lehner et al. 

2006; Lehner 2007). These results are in agreement with data obta ined in thi s study fo r 

Gis-a ll (Figure 3.4b). 

The pathway described above is qui te differe nt fro rn the defi ni tion used by 

developmental geneticists fo r whom a pathway consists in a group of genes functioning 

together to contro l a given bio logical process (McNeill et Woodgett 20 10) (Figure 

3 .Sa). Characteri zation of the relationship between PDS and pathways is consequentl y 

required to clar ify the relative positioning of Gis and pathways (both located at the 

abstraction leve l IV) between molecular machines (level III) and biological processes 
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(l eve l V). To do so, 61 pathways were retrieved fro m the KEGG database (Kanehisa et 

al. 2004) along with 33 pathways contro ll ing the embryonic and larval development of 

C. elegans that we manua ll y curated fro m the literature (Figure 3.S3 [en li gne: 

(Boucher et al. 201 6)]; see Methods). We then assessed whether gene-pairs invo lved 

in a given pathway (within-pathway interactions) tend to code fo r proteins, which are 

part of the same PDS (within-PDS; orange lines / bars; Figure 3.5a and b) or of two 

di stinct PDSs (between-PDS; green lines / bars; Figure 3.5a and b). We compared the 

frequencies obta ined for these scenarios with those resul ting fro m randomizati on of 

pathways (see Methods, Figure 3.5 b). Interesting ly, proteins coded by gene-pai rs in the 

same KEGG or pathways fro m the literature (within-pathway gene-pairs, KEGG and 

Lit. respectively; F igure 3. 5b) are mainly fo und in w ithin- and between-PDS 

interacti ons (orange and green bars respecti vely; F igure 3.5 b). We also confirmed that 

thi s enrichment of w ithin- and between-PDS observed within-pathways did not depend 

on the topo logy of the PDS network but instead depend upon the interactions 

themselves (see Supplementary Informati on; Text S3 . l (Voir An nexe A); Figure 

3.S l 4). 

These data suggest that pathways and PDSs are di stinct fu nctional modules. They also 

suggest that pathways are composed of several PDS and that proteins invo lved in a 

given pathway may be part of the same PDS or of di ffe rent PDSs. We confirmed these 

assumptions thro ugh a c lose examination of genes/prote ins involved in pathways and 

PDSs as shown in 3.S4 [en ligne: (Boucher et al. 20 16)] and detailed in supp lementary 

in formati on (Tex t S3 .l (Voir Annexe A)) . 

3.3.6 GI classes are enriched in within-pathway interacti ons 

Considering that pathways and PDS are di stinct :functional modules and that G [ c la se 
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have distinct relationships towards PDS, we were interested to test whether this wo uld 

also be the case for pathways. We thus investigated if Gl classes and Gls-a ll were 

enri ched in within-pathways · (pairs of genes functi oning in at least one common 

pathway, see Methods) and/or between-pathways (pairs of genes involved in at least 

one pathway but not invo lved in any comm on path way, see Methods; F igure 3.6a). As 

detail ed for PDS in the prev ious secti ons, we compared the frequencies obtained for 

the different scenarios (within-pathways and between-pathways) wi th those fo r 

randomized GI networks (F igure 3.6b and c, see Methods). GI c lasses and Gls-all were 

enri ched in within-pathway interactions for both path ways retrieved fro m the KEGG 

database and fro m the li terature (F igure 3.6b and c respectively). Remarkably, GI 

classes were depleted in between-path way interactions while Gls-a ll was enriched in 

this kind of interacti ons (F igure 3.6b and c). These results suggest that non-se lected 

clusters, C7 to C IO (F igure 3.lb), are enri ched in between-pathway interactions. 

Characterization of these later GI classes revealed that it was indeed the case: except 

fo r C l O that was enri ched only in within-pathway interactions, C7, C8 and C9 Gls were 

enriched in both within- and between-pathways interactions (F igure 3.S 13) 

Together, these data show that C l/C6 PDS-independent, C4/C5 PDS-centri c and C2, 

C3 Gls are enri ched in w ithin -path ways in teractions. Thi s implies that pathways 

invo lve both fu nctional in teractions that are organi zed around PDS and other that are 

independent fro m PDS. 

3.3.7 C3 and C6 Gls invo lve connectors 

Highly connected genes ca ll ed connectors, or GI-Hubs, are genes whose alteration 

impacts on a large number of genes. Their fu nction is consequently expected to be 

central within pathways and bioprocesses (Lehner et al. 2006; Costanzo et al. 20 1 O; 
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Szappanos et al. 2011 ). GI-Hubs are defin ed here as the 20% genes with the highest GI 

degree within the GI-network (F igure 3.S l6). In order to understand better the functi on 

of GI c lasses within pathways, we characteri zed the distributi on of GI-Hubs/connectors 

within Gis-a il and thei r potenti al enri chment in GI classes. Therefore, we computed 

the average GI degree of interacting genes in GI classes and Gls-a ll (F igure 3.7a), and 

a l o measured the ir enrichment in Gl-Hubs (F igure 3.7b) . Thi s ana lys is revealed that 

C3 and C6 howed a median GI-degree signifi cantly higher than Gls-all and are 

enri ched in GI-Hubs (F igure 3.7a and b) . These res ul ts suggest C3 and C6 are enriched 

in connectors that may play a critical ro le in the coordinati on of gene functions within 

pathways. Such a fu nction fo r C3 and C6 Gls is consistent with their expected 

invo lvement in ce ll signaling (F igure 3.2a) . 

. 
3.3 .8 Identify ing pleiotropic and non-pleiotropic G [s 

Our study upports a mode! in which fo ur out of the six classes of Gls coordinate the 

fun ction of genes either in a PDS-centric or in a PDS-independent manne r. They al o 

identi fy two additi ona l classes of Gls with central coordinati on fun cti on through the 

invo lvement of connectors/GI-H ubs. The C. elegans, be ing a mul ticellul ar organism, 

one may ask whether some parts of thi s organizati on may be organ or process specific 

whil e others may be ub iquitous. To an wer thi s question, we assessed whether GI 

classes are enri ched in pleiotropic gene - i. e. genes whose geneti c alterati on 1s 

assoc iated to multiple phenotypic express ions and consequentl y, whose function 1s 

required in several organs and/or at di ffe rent developmental stages of the animal. To 

do so, we di vided the C. elegans phenotype ontology into 22 gro ups of phenotypes 

(F igure 3.S l 5). We computed a pleiotropic index (PI) fo r each gene as the number of 

phenotype groups conta ining at least one phenotype ex pres ed upon genetic alteration 
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of the gene of interest (see Meth ods). The P[ rnedi an genome-wide (2 ± 1.48 M AD) i 

smaller than in Gis-all (5 ± 2.97 MAD; F igure 3.S 16b), and its distr ibution revea led 

that a large nurnber of genes di splayed a low PI whil e a small number of genes have a 

high PI (F igure 3.S 16b). Us ing thi s di stribution of PI, we defined a class of hi ghl y 

ple iotropic genes (High-PI) as the 20% genes displaying the hi ghest PI genome-w ide 

(F igure 3 .S 16b ). 

We measured the PI of genes invo lved in G [ classes and fo und that only genes invo lved 

in C l , C2 and C6 G ls di spl ayed s ignificantl y higher median Pis than Gis-all (P < 10-4, 

Wilcoxon rank-sum test; dark grey boxes; F igure 3.7c) and are significantl y enriched 

in High-PI genes (P < 10-5; F isher 's exact test; Figure 3.7d). We fu rther characterized 

the distribution of GI classes at di fferent PI ranges and the ability of these classes to 

link genes between ranges (see Supplementary Info rmation, Text S3 .1 (Voir Annexe 

A); F igure 3.S 17) . This study revealed that whil e CS connects genes onl y within an 

average PI range, other classes connect genes across PI ranges, especia lly C3 and C6 

that tend to link genes within an average PI range to either genes with low (C3 class) 

or high PI (C6 class) . 

These data suggest that PDS-independent Gis tend to invo lve pleiotropic genes whil e 

PDS-centric Gis involve genes with an average to low ple iotropy. They also furth er 

characterized the properties of connectors invo lved in C3 and C6 Gis, linking genes 

within di ffe rent ple iotropic ranges: C6 and C3 Gls link genes fro m an average to a 

high-pleiotropy and fro m a low to an average pleiotropy respectively . These data show 

that the organization of the characterized GI network within path ways is more complex 

when considering the multice llular nature of C. elegans. They impl y that genetic 

mutations within a g iven pathway may either lead to pleiotropic or 

t issue/developmenta l stage-specific phenotypic manifestat ions. This also implies th at 

such mutati on may be compensated by a mutati on in a genes involved in the same 

pathways but with p leiotropic or non-pleiotropic effect. 
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3.3.9 Integration of di fferent kind of datais required to identify OI classes 

PDS-centric Ols (C4 and CS) are OI c lasses displaying positive va lues fo r I and CI 

attr ibutes (F igure 3.lb), which are attributes mainly built on PPl network. We, 

consequently, wondered whether these two classes of Ols could have been identifi ed 

considering PPI data alone. In order to test the value of the data integration strategy 

used in this study to identify the OI classes, we assessed whether functional 

characteristics observed for each class may depend on one or a combination of the 

attrib utes used for the classification (Figure 3. la and b). To answer this question, we 

defined a threshold value for each attribute [en ligne: (Boucher et aL. 20 16)], allowing 

us to identify groups of Ols associated to a positive or a negative value per attribute. 

We subsequently assessed the enrichment in 01-Hubs, PPI-Hubs, redundant genes, 

essenti al genes, genes with high PI (High-Pl ; Figure 3.8a and 3.S18), within- and 

between-PDS (W-PDS and B-PDS; F igure 3.8b and 3.Sl9) as we ll as within- and 

between-pathway interactions (W-Path and B-Path respectively, Figure 3.8b) in these 

GI gro ups. We clustered GI groups and OI classes (C l-C6) based on these enrichment 

levels using Euclidean distances (Figure 3.8a and b). This analysis revealed that the 

enrichment of agi ven OI property is not associated to a positive or a negati ve value for 

a single attribute but for several of them (Figure 3.8a and b). For examp le, enrichment 

of genes with High-PI was observed in groups of Ols w ith positive or negative val ues 

for Ph ( enrichment of phenotypic manifestations), with negative va lue for CI (high 

number of common partners within the PPl 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 Ols. 
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This ana lysis also revea led that the biologica l characteri sti cs observed for GI-classes 

are not fo und in GI groups associated to either a positive or a negative value fo r an 

attribute. For instance, when comparing C4 and CS with the GI group pos itive fo r CI 

(interacting genes coding fo r pro te ins sharing a s ignifi cantl y high number of common 

PPI partners), these GI groups/c lasses di splayed similar enri chment of redundant 

genes, PPI-Hubs and essential genes (blue square; F igure 3.8a) but have di ffe rent 

enrichment profiles when considering their relati ve positioning towards pathways and 

PDS (blue square; Figure 3.8b). Thi s suggests that the enrichment of essenti a l genes, 

PPI-Hubs and redundant genes in C4 and CS may be signi ficantly influenced by a 

pos iti ve value fo r the CI attribute (F igure 3.lb). Pos iti ve va lue for thi s attribute does 

not, however, exp Iain the depl eti on of C4 and CS in Gis between-pathways and their 

enrichment in GI between-PDS (F igure 3.8b). 

Altogether, thi s study demonstrates that the biolog ical characteri stics identified fo r GI 

classes depend on the combination of attributes identifi ed through data integrati on 

strategy used fo r thi s study. Irnportantly, it indicates whi ch combination of attributes is 

appropriate in integration to identi fy c lasses of GT w ith specific biological fun cti ons. 

3.4 Di scuss ion 

Extensive mapping and characterizati on of the yeast geneti c interaction network has 

revealed precious info rmation on the still mysterious genetic interactome. These 

studies identi fied multi ple classes of Gls with distinctive properties when considering 

the prote in-p ro tein interaction network and biological processes (bi oprocesses) (Ke ll ey 

et Ideker 2005; Costanzo et al. 20 l O; Bellay et al. 2011 ). Therefore, these studies 

suggested that Gls di sp lay a certa in 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 Gis form a heterogeneous 

group of entities with respect to attributes computed from express ion, protein-protein 

interaction (PPI) and phenotype data. From this set of Gis, we identified six classes 

covering - 600 Gis, named Cl to C6 that cluster apart from gene-pairs randomly picked 

from the genome. Characterization of these GI c lasse 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 cu1Tent study shows that PDS-centric interactions are composed of 

C4 and CS Gis, and tend to invo lve redundant genes, particularly kinases, PPI-Hubs 

and non-Hub bottlenecks, which also display average to low pleiotropy (F igure 3.9, 

Figure 3.S20). PDS-independent interactions are mainly composed of Cl Gls. They 

tend to in vo lve essential and pleiotropic genes and also genes involved in ce ll division 

(Figure 3.9, Figure 3.S20). Our data also suggest that PDS-centric and PDS­

independent interactions coordinate gene functions within-pathways and that two 

classes of Gis, C3 and C6 are highly involved in this coordination due to their 

association w ith connectors/GI-Hubs. These later GI classes were hown to connect 

genes across ranges of pleiotropy. C6 Gis 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 cal! GI-Hubs involved in C6 and C3 Gls, pleiotropic connectors 

(PC) and non-ple iotrop ic connectors respective ly (NPC; Figure 3.9 ; F igure 3.S20). Our 

study built a structural and functional model for GI-networks in C. elegans mainly 

composed of Gls with in signaling and metabolic pathways. This network may be 

representative for a fraction of the Gl network genome-wide (the union of C l-C6 GI 

corresponds to - 40% of Gls-all ). Our data showed that Gls within C7-C 10 are 

composed of both within and between pathway interactions that could not be 

distinguished from gene-pairs r!:mdomly se lected from the genome using our 

classification strategy. Another classification strategy may consequently, be required 

to characterize these prominent classes of Gis . Nevertheless, our characterization of 
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within-pathway 01 classes rai ses critical questions relative to the coordination of genes 

and their protein products within pathways as we ll as on the role played by the 

individual 01 classes on genomic robustness and on network evolution as discussed 

below. 

3 .4.1 Coordination of molecular machines by Ols 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 IV (functional interactions) (Boucher et Jenna 2013). Furthermore, 

we showed that both PDS-centric and PDS-independent Ols 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 Ols is quite unexplored. The apparent independence of Cl interactions 

towards PDS is intriguing. It may be explained by the possibility that physical 

interactions between prote in products of genes involved in C 1 Ols have not been 

identified yet. Interestingly, physical interactions between proteins contro lling early 

embryogenesis, including that contro lling 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 Ols. PDS­

independence of C 1 Ols 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, Cl Ols include interactions between the 

chromatin modifying enzymes coding genes mes-4, mes-2/3/6 and mep-1, which were 

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

Our study also revealed that C3 and C6 GI c lasses are enriched in GI-Hubs and may 

play a cri tical ro le in coordinating molecul ar machines w ithin pathways. GI-Hubs have 

been previously proposed to constitute connectors w ith high modifie r potential - i.e. 

the ability to modi fy the express ion of phenotypes resulting fro m geneti c alterations of 

mul tiple genes - both in C. elegans and in yeast (Lehner et al. 2006). Our study a lso 

characterized C6 Gls as involv ing p leiotrop ic connectors (PC, F igure 3.9) and C3 Gis 

as invo lving non-ple iotropic connectors (NPC, F igure 3.9). The in vo lvement of PC in 

the coordinati on of molecul ar machines within pathways is consistent w ith a study of 

pleiotropi c genes in C. elegans suggesting th at genes involved in early embryogenesis 

are organi zed into parti a ll y overl apping fun ctional modules and that ple iotropic genes 

represent connectors between these modules (L i, Yuan et Z hang 20 l 0). Our data, whil e 

support ing th is mode!, suggest that non-ple iotropic genes may also have an 

organizational ro le w ithin pathways through C3 interact ions. 

Intri guingly, genes interacting using C3 and C6 Gls, white being associated 

indi vidually to several phenotypes did not present any significant correlation in their 

phenotyp ic profil es . This is the major distinctive property of C3 and C6 Gls, when 

compared to other classes. A study investigating the tissue spec ific ity of PPI-network 

identified both housekeeping/pleiotropic and "loca l" PPI-Hubs (Boss i et Lehner 2009) . 

It a lso documented the way housekeeping/pleiotropic Hubs interact w ith tissue-specific 

pro teins, being consequently involved in di ffe rent bio logica l processes than other 

housekeeping prote in (Boss i et Lehner 2009) . Such a scenar io transposed to GI­

networks may partia ll y expla in how a connector may be associated to a panel of 

phenotypes which is significantly di fferent than that of their partners . 

Overall , our study establi shes an organizati onal model fo r pathways suggesting that 

they are built around both pleiotropic PDS-independent and non-pleiotropic PDS­

centric Gls coordinating molecular machines together w ith both pleiotropic and non­

pleiotropic connectors. Such an organi zati on suggests that mutations in genes of a 
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given pathway may lead to e ither pleiotropic or non-ple iotropi c effect. These effects 

may then be modulated at the organ ism or at the tissue leve l, through selection of 

compensative mutations (Pav licev et Wagner 2012) or through buffered pleiotropy 

effect (Fernandez et al. 2014). Further characterization of the GI-network structure 

within and between pathways will thus certa inl y provide a better understanding of the 

abundant pleiotropy effect found in human complex di seases and traits (S ivakumara n 

et al. 20 l l). 

3.4.2 GI-network modularity and genomic robustness 

CS and C4 Gis involve genes with an average to a low pleiotropy. This is consistent 

with their enrichment in genes coding fo r kinases (F igure 3.2a) and a lso evo lutionarily 

conserved redundant genes that are mostly kinases in CS and either kinases or non­

kinases in C4. While these genes may be involved in more than one bioprocess, their 

redundancy may highl y li mit the number of phenotypes ex pressed upon perturbation, 

thus reducing their apparent ple iotropy. While compensatory functions between 

dupli cated genes were shown to be evo lutionarily unstable fo r most of the duplicated 

gene-pairs (Lynch et Conery 2000), a srna ll fractio n of them are submitted to natura l 

selection that stabi li zes their functional overlap (Li , Yuan et Zhang 20 l 0) . These 

se lected pairs tend to have a high propensity of clustering into the same protein 

complexes, and share common in teract ion partners (Li, Yuan et Zhang 20 10). Protein 

comp lexes were identified form PPI networks as dense subnetworks with methods 

similar to that used in this study to identify PDS (Chen et al. 20 14). Altogether, these 

data are in agreement with C4 and CS Gls di spl aying positi ve values for the CI attribute 

(gene pairs coding for proteins w ith a significantly high number of common PPI 

partners; Figure 3. lb). They are al o consistent with C4 beingbeing enriched in 
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evo luti onaril y conserved redundant genes . Gene dupli cation, when associated to 

functional redundancy, was associated to genom ic robustness - i. e. increased resistance 

of the system to genetic alterations (Woods et aL. 2013). The PDS-centri c w ithin­

path way Gis in vo lving redundant and conserved genes within- or between-PDS may 

then contribu te to the robustness of C. eLegans genome. 

3.4 .3 GI-network modularity and evo lution 

The present study shows that C l to C6 Gis classes are enriched in w ithin-pathway 

interactions white C7 to C9 classes are enriched in both withi n- and between-pathways 

Gis. Interest ingly, these later GI classes could not efficiently be dissociated fro m gene 

pairs randomly picked from the genome based on the six attributes used for the 

class ificati on. While attribute values may be highly intluenced by miss ing data fo r 

these GI classes, it is intriguing to observe that the vast maj ori ty of between-pathways 

interactions lay in these classes. It was shown in yeast that both pos itive and negative 

Gis within fu nctional modules (protein compl exes, gene belonging to the same 

bio logical process) are significantl y more conserved between S. cerevisiae and S. 

pombe, than wiring between these modul es (Roguev et aL. 2008; Dixon, Andrews et 

Boone 2009; Ryan et al. 201 2). Considering that a path way is a fun ctional module, it 

would then be interesting to assess whether C 1 to C6 Gis wo uld be more evolutionaril y 

conserved than C7 to C9. Similarly, it would be interesting to assess whether 

interactions within-PDS would be more evo lutionarily conserved than between or 

outs ide PDS interactions. 

The organization of the within-path way GI-network described here is consistent with 

the evo lution theory mode! ca ll ed selection, pleiotropy and compensation (SPC) 

recently built from quantitative genetics studies (rev iewed in (Pav li cev et Wagner 
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20 12)). Thi s mode! predicts that adaptive change in one character (through functiona l 

alterations of a pleiotropic gene) is associated with deleteriou pleiotropy in others and 

subsequent selections to compensate for these pleiotropic effects. This compensation 

involves the genetic alteration of non-pleiotropic/"pri vate" gene(s). This mode! relies 

upon the existence of functional interaction between pleiotropic and non-p leiotrop ic 

genes within pathways targeted by evo lution. lnteresting ly, such interactions have been 

identified in tissue-specific PPI-networks (Boss i et Lehner 2009) and are a lso 

consistent with the mode! proposed here, in which pleiotropic H ub 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 thi s study, !evel II, III and VI), identified GI classes with distinctive 

biological prope1iies from a Gl-network. Similar c lass ifi cation strategy app lied to 

gene-pairs found within-pathways of systems inappropriate to a genome-w ide 

experimental mapping of Gis wou ld be interesting to interrogate the evo lutionary 

conservation of funct iona l interactions in multicellular organ isms. lntegrative 

genomics approaches using a selected subset of statistica l attrib utes may also be used 

to improve predictors fo r specific classes of Gis such as connectors/GI-Hubs, wh ich 

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 mode! in which PDS-centric and PDS-independent interactions coordinate 

molecular machines within pathways together w ith 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 geneti c interaction networks, 

their re lationship with networks located at different abstract ion levels and to study the 

systems bas is of complex biolog ical phenomena, including genomic robustness, 

p le iotropic effects and adapti ve evo lution. 

3.6 Methods 

3.6 .1 Dataset of geneti c interactions 

The complete set of genetic interactions (Gis-all ) consists of 1,5 14 Gis retri eved fro m 

Wormbase, Biogrid and/or curated manually fro m the li terature ([Lee et al. 20 10] and 

this study; Table 3.S L, en ligne: [Boucher et al. 201 6]). Five Gls were curated using 

the curation and blind re-curation procedure of BIOGRID (Chatr-Aryamontri et al. 

2015); 689 Gis (45%) were curated by an author-based curati on approach used by 

Wormbase to insure the accuracy of their data (Yook et al. 201 2); 56 and 26 1 Gis were 

manuall y cura ted in our laboratory in the context of (Lee et al. 20 10) and thi study 

respective ly (Table 3.S l [en li gne: (Boucher et al. 201 6)]). The 26 1 Gis curated in thi s 

study caver Gls identi fied from the literature by Textpresso (Mull er, Kenny et 

Sternberg 2004) and found in GI c lasses (C 1 to C6) (Table 3 .S 1 [ en I igne: (Boucher et 

al. 201 6)]) . References to an experimental validation were fo und in the lite rature for 

252 of these Gis, leav ing nine of them without experimental ev idences (3 .57%). Less 

than 3.3% of Gis lay in that category of non-validated interactions per class. Gls-all 

was used to build a GI network analyzed and visualized using Cytoscape v2.8.2 

(S hannon et al. 2003). GI degree was computed for each gene using the network 

stati sti c too l. 
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3.6.2 Attributes used to cluster Gis into classes 

Attributes and data used to compute them have been described previously (Lee et al. 

20 l 0). 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 (retr ieved 

from (Kim et al. 200 1)) relative to the emp irica ll y estimated probability distribution of 

corre lation for a il gene pairs (i.e. a fitted normal). The co-phenotype attribute Ph(A, B) 

uses 107 phenotypes (retrieved from W 01111Base release WS 14 t) 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 nurnber of phenotypes observed for 

at least two genes). The multispecies PPI network was taken from (Lee et al. 20 10). 

Briefly, PPis were obtained from a il C. elegans, Saccharomyces 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 vl.35 (O'Brien, Remm et 

Sonnhammer 2005) (non-defau lt parameters: score cutoff l 0, in-paralog confidence 

cutoff 0.025 , sequence overlap cutoff 0.2) . The interaction attribute I(A, B) indicates 

whether the proteins encoded by A and B exhibit a PPI in the rnulti-species PPI network 

as defined in (Lee et al. 2010). Similarly, the common interactors attrib ute, CI(A, B), 

considers the statistical significance of the observed number of cornrnon physical 

interactors of the proteins encoded by A and B, in the multi -species PPI network. The 

attribute CI is then assigned a P-value derived from a one-tailed Fisher' s exact test (N 

= the number of genes encod ing proteins that are in the mu lti-species PPI network). 

For the other attributes, a biological network ca ll ed the Ph EP 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 surpri sing it is to witness the 

observed number of their neighbors (i.e. genes connected toit by one edge) in the PhEP 

network labeled with a specific phenotype identifi ed by RNAi in C. elegans. This was 

measured using a one-tail ed F isher's exact test (N=the number of genes with some 

ass igned phenotype) . If the derived P-value is less than or equal to 0.05 fo r A and B 

for at least one phenotype, we assign a value of 1 to a categorical vari able N(A, B), and 

0 otherw ise. Similarl y, if A and B exhibit a phenotype that is also enriched in both their 

neighborhoods in the PhEP network, a value of 1 is ass igned to a categorical vari able 

NPh(A, B), and O otherwise. Miss ing values for any of the deri ved attributes (due to 

miss ing va lues in the underly ing datasets) were replaced with the expected value (i.e. 

the sample mean) of the attribute before training. See (Lee et al. 2010) fo r additional 

infonnation regarding the attributes and datasets u ed to deri ve them. 

3.6.3 Heatmaps 

Unless otherw ise specified, heatmaps were the result of hierarchical c lustering using 

Ward 's agglomerati ve method w ith a di stance metric between x and y based on 

Euclidean distance and is given by : 

d= L(x;-yJ 
i 

The Canberra distance is given by: 

where d x,y is the Canberra distance between two GI classes x and y, x ; and y; is the 
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number of genes that occur in the classes . The binary di stance is defined as the fract ion 

of the n genes that is present in onl y one of classes x and y. 

3.6.4 GI classes identi ficat ion 

Gls-a ll was hi erarchically clustered, and uncertainty in the resulting c lusters was 

judged with approx imately unbiased (AU) ?-values acquired after a multiscale 

bootstrap resampling of the data (10,000 resamples) us ing the R package " pvclust" 

vl .2-2 with the default parameters (S uzuki et Shimodaira 2006) . The dendrogram was 

eut at each height with the R fonction cutree. Clusters with AU >0.95 were retained for 

further analysis . For each remaining cluster of genetic Gis (positive set), a logistic 

regression mode! was tested using leave-one-out cross-validat ion (LOOCV) against a 

negative set (randomly se lected gene pa irs) of equal size with the requirement that one 

of the genes fo und in a negative pair was included in the cluster of genetic interactions. 

For all clusters, the six attri butes were used in the regress ion models. True and fa lse 

pos itive rates were computed at 20 equally spaced model score cutoffs in [O, 1] , 

resulting in a rece iver operating characteristic (ROC) curve for each mode!. The area 

under the ROC curve (AUC) was used as an indicator of how we ll a class ifier rnodel 

could di scriminate Gis fo und in our positive training sets from negative examples. 

3.6 .5 Enrichment calculat ion 

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

High-PI genes enrichments were eva luated using a one-tailed Fisher ' s exact test. 
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Measurement of enri chrnent in groups of Gls defined by pos iti ve or negative values for 

a s ing le attribute required the identification of a threshold above which the attribute 

value is considered as pos iti ve. These thresholds are indicated in the Tabl e 3.S6 [en 

ligne: (Boucher et al. 2016)] as well as the number of Gls within Gls-all assoc iated to 

a positive value to the attribute. For GO terrn enrichments, the reference uni verse N 

was constituted of ail terms assoc iated to genes (with or without repetition) foun d in 

genetic interacti ons of Gls-a ll (see Dataset of genetic interactions section). Note that 

certain genes are in vo lved in more than one GI within GI classes. As indicated in the 

result section, GO enrichrnent was done considering the gene freq uency within c lasses 

(each repetition being considered as an independent gene) or without cons idering the 

gene frequency (each gene is used onl y once per class and in Gls-all to calculate the 

enrichment). The uni verse N fo r the other enri chment tests conta ined a il genes (with 

repetition) fo und in Gis-all. 

3.6.6 Monochrornaticity index 

To eva luate the monochromati c index of each Gl class, we first partitioned the Gls-all 

network into several dense subnetworks using the Cytoscape plugin "MINE" v l.5 

(Rhri ssorrakrai et Gunsalus 20 1 1) with the default parameter values. The resulting 

network contained a total of 42 Gis subnetworks (GDS) (S3a Fig). To assess the 

proportion of interactions fro m a GI class w ithin a particul ar GDS, we calculated a 

monochromatic score (MS) in a similar way than described previously (Szappanos et 

al. 2011). Let BR represent the rat io of Gls fro m a given class within Gl s-all and MR, 

the ratio of Gis fro m the same GI c lass within a GDS. The monochromatic scores of a 

GI class and for a GDS is g iven by: 
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3.6.7 Protein-protein interaction (PPI) network analys is 

PPJ-Hubs were identified as the 20% protein with the highest PPI-degree (k 2: 22) as 

prev iously done (Yu et al. 2007). The degree and the betweenness centrality were 

assessed for a il genes, Hubs and non-Hubs us ing the network stati tic too l in Cytoscape 

v2 .8.2 (Shannon et al. 2003). Distributi on of interaction degrees and betweenness 

centralities was computed for ail the gene ( considering the frequency of in vo lvement 

fo r each gene in Gls of the cl ass) in a g iven et of Gls. 

3.6.8 PPI dense subnetworks and pathways 

The modular partitioning of PPI-network was done u mg the Cytoscape plug in 

"MINE" v l. 5 (Rhri ssorrakrai et Gunsa lus 2011) with the default parameter values. 

Significant PPl dense subnetworks (PDS) were selected by taking ail complexes with 

a score (Density * Number of Prote ins) 2: 4, g iving a tota l of 106 PDS covering 1,760 

prote in connected by 17,430 edges. The s ize di stribution of ail PDS is g iven in Figure 

3.Sl4a. Significant GI-dense modules (Gl-modules) were selected by taking ail 



128 

compl exes w ith a score (Density * Nu mber of Proteins) 2: 3 . KEGG pathways were 

retrieved from the Kyoto Encyc lopedia of Genes and Geno mes database 61.1 release 

(Kanehi sa et al. 2004) . Pathways fro m the li terature were manua ll y curated fro m 

(Riddl e 1997) (Table 3.S3 [en li gne: (Boucher etal. 201 6)]). 

3.6.9 Within - and between- PDS/pathway assessments 

To measure the enrichment of within-PDS/pathway and between-PDS/pathway within 

classes ofGis and pathways, we defi ned several networks. Networks Uc;are composed 

of genes and in teractions fo und in GI classes Ci. A network Wp0 is composed of genes 

fo und in pathways, which are linked by an edge if th ese genes are found in at least one 

common pathway. We also defined a network Wros, which is composed of prote ins 

and PPI fo und within PDS. The networks B Pa and Bros are composed of nodes found 

in Wra and WPDs respective ly and ail poss ible edges between these nodes frorn which 

were removed the edges fo und respective ly in Wpa and W ros. (note that Bro do not 

overlap with the PPI-network). We then comp uted the frequency Fin these networks 

w ith respect to the mean frequency calcul ated for a random network Vas fo ll ows: 

where Tx, Ty and Tv represent all edges in network X, Y and V respective ly. 

To compute the frequency of w ithin-PDS and between-PDS in teractions found in 

pathways, we defined the fo ll owing: X= Wra, Y = Wros and BPDs respectively, and V 

is a random network with the same structure as Wra (deta iled in the Network 

randomization section below). 
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To compute the frequency of with in-PDS and between-PDS found in GI classes, we 

defined the fo llowing: X = U i· Y = Wpos and 8 pos respectively, and V is a random 

network w ith the sarn e structure as Uci. 

To compute the frequency of within-pathways and between-pathways fo und in GI 

classes, we defined the fo llowing : X = Uci, Y = WPa and BPa respectively and V is a 

random network with the same structure as Uci . 

We then computed the log 10-rati o (LR) transforrn score of the frequency fo r network X 

relative to randomized network V. To avo id the log-ratio of a zero value, we used a 

si mple transform that took care of any undeterrnined poss ibilities as fo ll ows : 

1og10 if Fx,Fv > 0 

LR(Fx,v )= - 1 if Fx > 0& Fv =0 

0 if Fx = 0 & Fv = 0 

3.6. 10 Network randomi zation 

The fo llowing randomization procedure was used to randomize GI networks (F igure 

3.4 and 3.6; F igure 3 .S 13) and pathways (F igure 3.5). To do so, fo r each network being 

randomized, ail connected gene-pairs were sp lit 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 connecti vity fo r any gene 

present in the network and its randomized version. Restriction was applied to make 

sure that a pair of gene cou Id not be composed of twice the sarn e gene. The num ber of 

randornized networks generated was determined g iving Hoeffding's inequa li ty 

(Hoeffding 1963). Bas ically, by increasing the nurnber (n) of random networks, we 

minimize the relative error p and get a better estimati on of p, the real mean frequency 
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of edges in with in- or between-pathways/PDS. Since the calculated mean µ 1s an 

ln2-ln(l-c% 
estimation of the real meanp and E= , let ~C =max{O,µ-E} and 

2n 

µ+ = max{l,,LL+E} and with probability c = 0.99, µ- <p < µ+.And ifµ- > 0, we get with 

probability c, the maximum value of p: 

l,u-pl maxqµ-µ -1,1µ-µ +I} 
p=~~~--"----'-"----'-

p µ -

For ail networks being randomized, 100,000 randomizations were sufficient to obtain 

a reasonab ly 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 F igure 3.4-6. 

The second randomization method, used to validate within- and between-PDS 

relationships (Figure 3.S 14), aimed at randomizing all the PDS node labe ls to create 

new PDS (Ran dom ; Figure 3 .S 14d) with the exact same topology than that extracted 

from the PPI network (Original; Figure 3.S 14c), but with different node labels. In short, 

for a given PDS, we permuted the node labels by randomly selecting labels from a li st 

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 pennuted. Edges 

were unchanged to preserve the degree distribution, PDS size, within- and between­

PDS connectivity (as seen in Figure 3.Sl4c and 3.Sl4d) . After the random ization 

process, the resulting network contained less than 3% overlapping edges with the 

original PDS newtork. Note that a il PPI used in our study have been generated using 

yeast -two-hybrid systems which use .protein bait to identify preys. However, the 

bai t/prey orientation of PPis was not considered in the present study. 
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3.6. 11 Distributi on ple iotropic indices (Pls) 

IDs of observed phenotypes fo r every gene fo und in the C. elegans genome, and their 

hi erarchical re lat ionships, were downloaded from WormBase (release WS220-bugfix). 

Relati onships between phenotypes were visua li zed in Cytoscape, where a node 

represents a phenotype, and an edge between two nodes, the hierarchica l re lati onship 

between two phenotypes. Groups of phenotype corresponding to the 22 most general 

phenotypes, covering in 1 step the entire network, were identifi ed (F igure 3.S l5 ). The 

ple iotropic index (Pl) 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 identi fy the in vo lvement of a gene in different tissues and at different 

developmental stages without being biased by the extensive characterization of certain 

developmental stages and/or biolog ical processes. As seen in F igure 3 .S 15, some 

groups of phenotypes, for examp le, "Developmental vari ant" and "morphology 

vari ant" are associated to a much larger number of spec ifi c phenotypes than other 

gro ups. Severa! spec ific phenotypes of highly populated groups may be ath·i buted to 

individual genes. Our strategy avoids hav ing those genes being ple iotrop ic if not 

associated to other phenotypic groups. 

Each di stributi on of Pls was computed frorn a g iven set of genes, e.g. ail C. elegans 

genes, or genes in a g iven set of Gls. Odds ratios ( OR), used to measure the enrichment 

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

log (oR)= log [nx,; /nau,;] 
10 10 N / N 

X al/ 

where n .. = number of class x Gls (e.g., C 1 Gis) in subnetwork i (i being fo r example 
.\ , / 

a subnetwork of Gls between genes with pl e iotropi c index >8); n 
11

. = total number of 
a - 1 

Gls in subnetwork i ; Nx= total number of class x Gls ( e.g. C 1 Gls) and Na
11
= total 
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number ofG is in the geneti c interactome. S ignificant enrichments of GI classes in each 

subnetwork were estimated us ing a one-tail ed F isher 's exact test. O nl y OR assoc iated 

w ith a P-va lue <0.05 were represented in F igure 3 .S 17. 

3 .6.1 2 Wilcoxon rank-sum test 

Wilcoxon rank-sum test was done according to Holl ander and W olfe (1972) using the 

wil coxon.test fu nction in R. Thi s test is used when the population cannot be assumed 

to be normall y di stributed. 

3.6. 13 P-va lues 

A il computed P -values were adjusted us 111g the Benj amini and Hochberg (1995) 

method fo r contro lling the fa lse di scovery rate (specifically, with th e p.adjust fun ction 

in R). 
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(a) Positive (Gis , 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 individua l attribute is either a measure of genes co­
expression levels (Exp) or en richment 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 sign ificant co-expression with it (P :5 0.05, see 
Methods) and/or encode proteins that exhibit a PPI with the product of this gene. NPh is an ind icator like N with 
the add itional requi rement that the genes of interest themselves must also exhibit the phenotype enriched in their 
neighborhoods. Attributes I and Cl 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 fol lowing 
valuation: 1 or O (on a binary system) for N, NPh and I attributes. (1 - (P-va lue <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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(a) Summary of Gene Ontology (GO) term enrichments for interacting genes in individua l genetic interactions (Gis) 
classes when compared to interacting genes from Gls-a ll. Only the statistical ly sign ificant enrichments are shown 
with adjusted P-values. An asterisk (*) means that the GI 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 essentia l 
gene sets (Kamath et al. and Soninchsen et al. taken from (Kamath et al. 2003) and (Sonnichsen et al. 2005)) in 
GI classes when compared to Gls-all. (c) Enrichment of redundant and evolutionari ly conserved genes in GI 
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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(a) Physica l interaction deg ree 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, Wi lcoxon rank-sum test, indicates a 
significant difference when compared to Gls-all and other GI classes . (b) Enrichment of PP I-Hubs in GI classes 
when compared to Gls-a ll. - Log10 of P-va lues obtained using Fisher's tests are indicated . The area over the red 
dashed line indicates sign ificant enrichment (P < 0.05) . (c) Illustration of bottlenecks and the different type of nodes 
in the protein-protein interaction (PP I) network (adapted from (Yu et al. 2007)) . (d-e) Betweenness centra lity of 
non-Hub and Hub gene products . *P < 10-3, Wilcoxon rank-sum test, indicates significant difference when 
compared to other GI classes . The box plots (a , d-e) represent the min , max, 25th , 50th (med ian) and 75th 
percentile of either PPI Degree (k) or betweenness centrality va lues. 



141 

a 

PDS1 

PDS2 

GI within-PDS 

GI between-PDS 

b 
PDS 

T""" 

0 
+-' 
CU 
O::o 

1 
0) 
0 

_J 
T""" 

1 

T""" C\J (") 'tj" L{) CO 
CC! ü ü ü ü ü ü 1 
Cl) 

c:, 

Figure 3.4 GI classes define PDS-depend and -independent modules. 

(a) Schematic representation of possible relationships between genetic interactions (G is) and protein-protein 
dense subnetworks (PDS). Each node represents a gene being part of PDS1 or PDS2. A red line indicates a 
within-PDS GI and a blue line, a between-PDS GI. (b) Log-Ratio scores for within-PDS (red bars) and between­
PDS (blue bars) re lationships observed between genes interacting through different GI classes, or present in Gls­
all. A positive Log-Ratio score means that the frequency of within- or between-PDS Gis occurring in the GI class 
is significantly higher than the frequency of simi lar situations witnessed in re levant randomized GI networks with 
a probability of 0.99 (see Methods). 
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(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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(a) Schematic representation of possible relàtionships between genetic interactions (Gis) and pathways. Each 
node represents a gene being part of pathways 1 or 2. A red line ind icates a wi thin -pathway GI and a blue line, a 
between-pathway GI. (b-c) Log-Ratio scores for within-pathway (red bars) and between-pathway (blue bars) 
relationships observed between genes interacting through different GI classes , or present in Gls-all. A positive 
Log-Ratio score means that the frequency of within- or between-pathways Gis occurring in the GI class is 
significa ntly higher than the frequency of similar situations witnessed in re levant random ized GI 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 (GI) degrees for Gls-all and the six classes of Gis . 
Distributions were found to be significantly higher (Dark grey boxes) or lower (white boxes) than Gis-ail (P < 0.05, 
Wilcoxon rank-sum test) . Light grey boxes indicate classes with GI degree not significantly different than Gis-ail. 
(b) Enrichment in GI-Hubs (defined as the 20% most connected genes in Gis-ail) for GI classes when compared 
to Gis-ail. (c) Distribution of pleiotropic indices (Pis) for Gis-ail and the six classes of Gis. 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 Pis genome-wide) for GI classes when compared to Gis-ail. The box plots (a, c) represent the min , 
max, 25th , 50th (median) and 75th percentile of either GI Degree (a) or pleiotropic indices (c). (b, d) -Log10 of P­
values obta ined 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 GI classes. 
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Hierarchica l clustering of (a) Enrichment in GI classes and GI groups of Genetie interaction-Hubs (GI-H ubs) , 
redundant genes, protein-protein interaction-Hubs (PPI-Hubs), High ly pleiotropic genes (High-PI ) and essential 
genes - log of P-va lues from Fisher's exact test are indicated . GI groups are associated to a positive value (+ ; 
above a threshold) or a negative value(-; below the threshold) for indicated attributes. Threshold va lues for each 
attributes are indicated Table 3.S6 [en lig ne: (Boucher et al. 2016)]. (b) Log-Ratios profiles for GI classes and GI 
groups associated to a positive(+) or a negative (-) values for indicated attributes. Blue boxes indicate enrichment 
of biolog ical characteristics for C4 and C5 GI classes and Cl(+ ) 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) 
located 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. Gis involving pleiotropic (PC; C6 
class) and non-pleiotropic connectors/GI-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.S1 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 equa l to the threshold ind icated 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 ils magnitude represents the number of Gis 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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Percentage of interacting gene pairs missing co-expression , phenotype or protein-protein interaction data are 
indicated. 
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Figure 3.53 GI classes tend to form GDS in a class-dependent manner. 
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3 

(a) Hierarchical clustering of monochromatic indices of GI classes. Each row represents a GOS extracted from 
Gls-all using the MINE tool. GOS sizes are indicated by the blue shaded legend . (b) Enrichments of Gis classes 
and pair combinations of classes in GOS when compared to Gis-ail. Only the statistically significant enrichments 
are shown with -Log10 adjusted P-va lues (P < 0.05, see Methods). The GOS size indicates the tota l number of 
Gis (edges) of the subnetwork. 
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Figure 3.54 Hierarchical clustering of GI classes based on their genes frequencies. 

Gene frequencies are clustered using Binary (left dendrogram) and Canberra (right dendrogram) distance metrics 
(see Methods). 
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C1 

C2 

C3 

C4 

C5 

C6 

Nodes represent genes connected by genetic interactions from the six classes of Gis. Are also indicated , protein­
protein interaction dense subnetworks (PDS) and genes involved in C1 to C6 Gis and also involved in signal ling 
pathways controlling vulval development (Table 3.S3 [En ligne: (Boucher et al. 2016)]) 
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Figure 3.56 Genetie interactions found in C1 Gis. 

Refer to Figure 3.S5 for the nodes and edges descriptions. 
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Figure 3.57 Genetie interactions found in C2 Gis. 

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.S9 Genetie interactions found in C4 Gis. 

Refer to Figure 3.S5 for the nodes and edges descriptions. 
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Figure 3.S10 Genetie interactions found in CS Gis. 

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.S13 C7 to C9 classes are enriched in between-pathways interactions. 

Log-Ratio scores for within-pathway (red bars) and between-pathway (blue bars) re lationships observed between 
genes interacting through unselected GI classes (C7-C10) or present in Gls-all. A positive Log-Ratio score means 
that the frequency of within- or between-pathway Gis occurring in GI classes is significantly higher than the 
frequency of simi lar situations witnessed in relevant randomized GI 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 (P DS). (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 "Ali " 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-bugfix) are represented by nodes and their hierarchical 
relation ships 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 GI degrees in Gls-a ll. GI-Hubs, correspond ing to the 20% Gis with the highest GI 
degrees, are located on the right side of the dashed line (G I degree:::: 16). (b) Pl distribution for ail genes with Pl 
> 0 in the C. elegans genome and for al l interacting genes in Gls-all. High-PI genes, corresponding to the 20% 
genes with the highest Pl , are located on the right side of the dashed line (Pl :::: 6) . 
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Figure 3.517 Interaction between gene within or across pleiotropic ranges. 

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

Enrichment in GI classes and GI groups of Genetie interaction-Hubs (G I-Hubs) , redundant genes, protein-protein 
interaction Hubs (PP I-Hubs), Highly pleiotrop ic genes (High-PI) and essential genes. -Log of P-values from 
Fisher's exact test are indicated . GI groups are associated to a positive value(+; above a threshold) or a negative 
va lue(-; below the threshold) for indicated attributes. Threshold values for each attributes are indicated Table 3.S6 
[en ligne : (Boucher et al. 2016)]. 
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Figure 3.S19 Log-Ratios for GI groups and GI classes occurring within or between PDS 
or pathways. 

Log-Ratios profiles for GI 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 GI classes and Cl(+) GI 
group. 



Level VI 

Phenotype 

Level V 

Biological/ 
molecular 
Function 

Level IV 

Functional 
Interactions 

Level Ill 

Molecular 
Interactions 

Level li 

Gene 
expression 

Pleiotropy 

Essential 
genes 

Functional 
en ri ch ment 

Redundant 
genes 

GI classes 

GI degree 

Pathways 

PDS 

PPI degree 

Co-
expression 

1 

' 

Lowto 
Average 

+ 

Kinases 

++ 

C4-C5 

Average 

Within 

Within and 
between 

High 

' 

1 

1 

1 

High 

++ 

Cell division 

-

C1-C2 

Average 

Within 

Between 
(C2 only) 

Average 

1 

1 

166 

Average High 

- + 

wide 
- spectrum of 

functions 

- -

C3 C6 

High High 

Within Within 

Between 

Average Average 

Figure 3.520 Summary of the distinctive characteristics identified for modules and 
connectors. 



CHAPITRE IV 

LA GÉNOMIQUE INTÉGRA TIVE POUR IDENTIFIER LES GÈNES 

CONTRÔLANT LA REPROGRAMMATION MÉTABOLIQUE DES TUMEURS 

DU SEIN CHEZ L'HUMAIN 

Boucher B, Diallo AB, Jenna S. (20 17) lntegrative genom1cs identifies genes 

controlling metabolic reprogramming in human breast tumours. Manuscrit en 

préparation finale pour la soumiss ion. 

Après avoir caractéri sé et mis en év idence des classes d'interactions génétiq ues à 

l ' intéri eur des vo ies chez Caenorhabditis elegans, nous avons décidé d 'exp lorer cette 

approche chez ! ' humain et plus particulièrement, dans le cancer du sein. 

Brièvement, on sa it que les cellules cancéreuses, au contra ire des cellules saines, ont 

plus souvent recourt à la g lyco lyse pour produire de I 'A TP et ce, même en présence 

d ' oxygène. Cette particularité du métaboli sme des cellules cancéreuses sera it aussi 

associée à des formes plus agressives de cancer. Dans les tumeurs du sein , cela 

s'expliquerait en partie par une sur-activation de la g lycolyse et une surutili sation du 

glucose dans des types de cellu les associés à des formes agressives de cancer du sein . 

Pour ce chapitre, nous avons déc idé d ' utili ser les connaissances acquises et décrites 

dans le chap itre précédent pour identifier les gènes clés des réseaux fo nctionnels du 

métabolisme des cellules du cancer du sein . Nous allons ici proposer une liste de gènes 

prédits comme ayant un rôle c lé dans le contrô le de la g lyco lyse et dans le 

développement des cellules du cancer du sein. 
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bases de données chez l'humain. J'ai conçu l' ensemble des algorithmes et consh·uit les 

attributs pour l'ensemble des paires de gènes du génome humain. J'ai effectué les 

analyses in silico d'expression et de co-expressions des gènes et appliqué les différents 

filtres. J'ai aussi conçu l'algorithme pour le calcul des proportions d'interactions de 

chacune des classes d' interactions fonctionnelles pour les gènes situés à l' intersection 

de voies de signa lisation/métabolisme. Finalement, j ' ai fait l'ensemble des tests 

statistiques d'enrichissement. 

Abdoulaye Baniré Diallo (ABD) a contribué à la conception et au design de l'étude. II 

a fait aussi fait un suivi technique du projet. 

Sarah Jenna (SJ) a conçu et dirigé le projet. Ell e a effectué l'ensemble des analyses 

statistiques des gènes associés à l 'effet Warburg. Elle a élaboré le concept de force 

contextuelle et défini la plasticité entre les sous-types de cancer du sein. Elle a conçu 

les modèles prédictifs des gènes Warburg. Elle a aussi contribué aux analyses 

statistiques et a effectué la comparaison des méthodes de prédiction de gènes impliqués 

dans l'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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F igure 4.3: BB ( co llecte de données, analyse, design et réali sation des figures), ABD 

(supervision technique), SJ (design et réa lisation des figures). 

Figure 4.4: BB (co ll ecte de données, analyse), ABD (supervision technique), SJ 

(des ign). 

Figure 4.5: BB (analyse), ABD (supervision technique), SJ (co llecte de données, 

analyse, design et réali sation des figures). 

F igure 4.6: SJ (collecte de données, analyse, des ign et réalisation des figures) . 

Figure 4.7: SJ (coll ecte de données, analyse, des ign et réalisation des fig ures). 

Figure 4.8: SJ (collecte de données, analyse, des ign et réalisati on des figures). 

RÉSUMÉ 

Le cancer du sein humain est une maladi e hétérogène dans laque ll e la progress ion 

tumora le pourrait dépendre d ' un changement dans les programmes métaboliques. Cette 

reprogrammation métabolique impli que l'utilisati on de la glyco lyse aérob ique comme 

source d'énergie et est connue sous le nom de l'effet Warburg. En outre, le maintien de 

ces programmes pourrait être contrôlé par plusieurs gènes qui ne sont pas directement 

impl iqués dans ces vo ies métaboliques. Afin d'identifi er ces gènes associés à l'effet 

Warburg, nous avons développé une nouve lle approche de génomique intégrative pour 

préd ire 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 fa ible et élevé 

respecti vement. Nous avons identifié les propriétés di stincti ves de 28 gènes associés à 

l' effet Warburg dans le réseau préd it du cancer du se in et construit un modèle prédictif 

basé sur ces propriétés pour identifie r de nouveaux gènes Warburg dans le génome 

humain . Fait intéressant, le modèle prédi ctif résul tant a s ign ificativement surpassé 

l'identi fication des gènes Warburg basée uniquement sur des données d'expression. Au 

tota l, 70 gènes Warburg prédits seront soumis à des validations expérimenta les qui 
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pourraient conduire à la découverte de nouvell es cibles pour le tra itement anti-tumoral 

et anti-métastatique pour le cancer du sein. 

4.1 Abstract 

Human breast cancer is an heterogeneous di sease in which tumor progression could 

re ly on a change in metaboli c programs. Thi s metabolic reprogramming in vol ves the 

use of aerobic glyco lys is as an energy source and is known as the Warburg effect. 

Moreover, the contra i of these programs cou Id be contro lled by several genes that may 

not be directly implicated in these metabo li c path ways. To identify these Warburg 

effect assoc iated genes, we have developed a nove! integrati ve genomics approach to 

predi ct fu nctional interacti on (FI) networks of Luminal A and Basa l-like breast tumor 

subtypes which are characteri zed by low and high Warburg effect respective ly. We 

identifi ed the distinctive properti es of 28 Warburg-associated genes w ithin predicted 

breast cancer FI net:works and built a predicti ve mode! based on these properties to 

identify nove! Warburg effect genes in the human genome. Interesting ly, the resul ting 

predictive mode! s ignificantly outperfo rmed the identification of Warburg effect genes 

based on express ion data onl y. In tota l, 70 predi cted Warburg genes will be submitted 

to experimental validations that cou Id lead to the discovery of nove! ta rgets fo r anti­

tumora l and anti-metastatic therapy for breast cancer. 

4.2 Background 

Ce lls and orgamsms need to generate biocompatible energy to live, develop and 

reproduce. The generation of this energy invo lves the production of A TP fro m 
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metaboli c processes consuming macromolecul es such as lipids, carbohydrates and 

proteins in the presence or in the absence of oxygen. In aerobic conditions (presence 

of oxygen), ATP production involves ox idative phosphorylation (OXPHOS) occurring 

at mitochondria membranes (Hinkle, 2005). In anaerobic condi tions or upon 

mitochondria l dysfunction, g lyco lys is and lacti c fe rmentation (resulting in the 

production of lactate) become the main energy prov iders of the ce li s (Cairns et al., 

2011 ). Cancer cells extensive ly use g lycolysis/fermentati on to produce ATP even in 

aerobic condi tions, a biolog ical phenomenon called the Warburg effect (L incet et Icard, 

2015). While TCA cyc le and OXPHOS still function to some extent in cancer cell s, an 

energeti c metabolism heav il y rely ing on g lyco lysis prov ides the ce lls with severa l 

growth advantages (DeBerardinis, Sayed et al. , 2008). For instance, it allows fas ter 

synthes is of A TP with reduced production of reacti ve oxygen spec ies (ROS). [n 

addition, g lyco lysis produces large number of precursors fo r biosyntheti c pathways 

(DeBerardini s, Lum et al., 2008; Ward et Thompson, 201 2). 

Breast cancer cell s can be divided in subtypes based on their morphology and 

molecul ar s ign atures inc luding Luminal A ce ll s, which di splay an epithelial 

morphology and are characterized by active oestrogen and progesterone signaling and 

Basal-like subtype, which is characteri zed by mesenchymal morpho logy and 

inactivati on of these pathways (Blick et al. , 2008; Rakha et al. , 2009). Recent studies 

revealed that aerobic g lyco lysis was not adopted evenly as a main energetic metabolic 

pathway by ail cancer cells (Guppy et al. , 2002; Martin et al. , 1998; Pasdois et al. , 

2003; Rodriguez-Enriquez et al. , 2006). ln fact, Basa l-li ke breast cancer ce ll s were 

shown to use aerobic g lycolys is at a higher rate than Luminal A ce lls (Brauer et al. , 

201 3; Palas kas et al. , 2011 ). Metabo li c reprograming of ce lls which involves the 

acti vation of aerobic g lyco lysis has been correlated with increased aggressiveness and 

poor outcome in patients (G illies et al., 2008). Also, thi s reprogramming was recently 

associated with the ability of breast cancer cells to invade tissues and fo rm secondary 

tumors (Dupuy et al., 201 5). For instance, fo rmation of secondary tumor in li ver was 
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recently shown to be assoc iated w ith an increase in aerobic glycolysis, while the 

invasion of lung by cell s from the same breast p rimary tumor was associated with a 

metabolism re lying mainly on OXPHOS (Dupuy et al. , 2015). Metabol ic 

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 et al. , 2008). 

Genes controlling tumor progression are usually identifi ed through measurement of 

di fferentia l expression of these genes in tumor versus normal tissues us ing express ion 

data (DNA-chip and RNA-seq) or protein and phosphoprotein quantifi cation using 

proteomic analyses (Mertins et al., 2016; Mocellin et Rossi, 2007) . Integrat ive 

genomics approaches have also been successfull y used to identify driver mutations, as 

well as prognostic and diagnostic genetic markers for breast cancer (Malinowski, 2007; 

Normanno et al. , 2009; Tian et al., 20 14). Sti ll , no approach has been developed to 

spec ifically target genes controlling metabo li c reprogramming. Consequentl y, the 

development of such approaches is still needed to develop nove! anti-tumoral and anti­

metastati c therapeutic strategies . 

We recently deve loped a nove! integrative genom,cs approach usmg statisti ca l 

assessment of the context of genes within functional networks using C. elegans as a 

mode! system (Boucher, B. et al., 2016; Lee, A. Y. et al. , 2010) . Thi s approach was 

proven efficient to predict genetic interactions in the nematode (Lee, A. Y. et al. , 20 l 0) 

and to identi fy classes of genetic interactions (Gls) defining functional modules with 

distinctive properties within a GI network highly enriched in functional interactions 

between genes occurring within signal Jing and metabolic pathways (Boucher, B . et al., 

2016) . Thi s study a lso identified the genomics s ignatures of genes w ith expected 

critical coordination function within functional interaction networks (Boucher, B. et 

al., 20 16). We consequently hypothesized that transposition ofthi s integrat ion strategy 

to Luminal A and Basal-like breast cancer subtypes, characterized by low and high 
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levels of aerobic g lyco lys is respecti ve ly, w ill a llow us to identi fy genes controlling the 

metabolic reprogramming associated to tumour progression. 

We tested thi s hypothes is and revealed that a set of 28 Warburg associ ated genes 

displayed di stinctive properti es within predicted breast cancer functi onal interaction 

networks. These properties were then used to build a predi cti ve mode! to identi fy 

Warburg effect genes in a genome-w ide manner. We tested these predictions in silico 

using a list of genes co-c ited in the literature with the term "Warburg effect" from which 

were remove genes used to build the mode!. This validation demonstrated that the 

predi cti ve mode! buil t in thi s study significa ntl y outperformed identifi cati on of 

Warburg effect genes based on expression data only. A set of 70 genes predi cted by 

our mode! will be submitted to experimental validati on using both C. elegans and breast 

cancer ce ll s . This validation may identi fy nove! targets fo r anti-tumoral and anti­

metastati c therapy fo r breast cancer, especia lly fo r Basal-like subtypes which are 

associated with poor outcome fo r patients. 

4.3 Results 

4.3 .1 Overview of the integration strategy 

We prev iously showed that integrating express ion, protein-protein interactions (PPI) 

and phenotype data fro m the nematode allowed the identification of di fferent classes 

of function al interacti ons between genes w ith di stinctive structural and functi onal 

characteri stics within C. eiegans signaling and metabolic pathways (Boucher, B. et al., 

201 6). ln the current work, we hypothe~ ized that Warburg effect genes cou Id di splay 

distincti ve properti es within the fun ctional network that could lead to the generation of 

a predi cti ve mode! to identify these genes genome-w ide. To test this hypothes is, we 
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transposed the integration strategy previously developed in C. elegans to breast cancer. 

We retri eved, from public databases, breast cancer express ion data, PPI and disease 

annotations fo r human genes (Data; F igure 4.l A). We then used these data to bui ld 

stati stical attributes deri ved fro m single data-type (Data derived-attributes; Figure 4.1 A 

and B) or multi-data networks (Network derived attributes; Figure 4. l A and B). We 

a lso bui lt a reference set of "true" functi onal interacti ons between genes on which the 

predi cti ve power of each attribute to identi fy true fun ctional interactions was tested 

(Reference Set and Class validati on; F igure 4. l A). We subsequentl y used stati stica l 

attributes with high predicti ve power to generate a predicted genome-wide breast 

cancer functional interacti on networks (Oenome-wide set; filtering stage and Predicti ve 

network; Figure 4. l A). Next, we used Luminal A and Basal-like functi onal networks 

to identi fy genes interacting with both g lyco lysis and OXPHOS machineries 

(Predictive network; F igure 4. lA) . Using these subnetworks, we extracted the 

distincti ve properti es of 28 Warburg effect genes and used these properties to bui ld a 

model that ranked ail genes interacting with both g lyco lysis and OXPHOS machineri es 

based on the ir probability of being a Warburg effect genes (Predictive network; Figure 

4. l A) . We subsequentl y tested these predi cti ons in silico. The deta iled description of 

thi s integrati on strategy is presented below. 

4.3 .2 Building the Reference set of fun cti onal interactions 

We first identified a set of experimental ly validated functional interacti ons within the 

human genome. To our knowledge, no comprehensive screen has been carried out to 

identi fy geneti c interactions in human breast cancer cells. We prev iously showed that 

classes of genetic interacti ons (Ols) identifi ed in C. elegans were enriched in within­

pathways Ols. Consequently, we used w ithin-pathways gene pairs in human as a 
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reasonable starting point to build a set of "true" functi onal interactions. Human 

metabolic and signaling pathways (3,424 genes; 203 path ways) were retri eved from 

WikiPathways (June 2015 ; (Kutmon et al. , 201 6)) . Combinat ions w ithin individual 

pathway all owed the identi fi cati on of 245 ,365 gene-pairs within pathways (Reference 

set; Figure 4. lA) . 

To identi fy within-pathway gene pa ir with the highest probability of being "true" 

fun ctional interacti ons, we selected those that are composed of genes co-cited in more 

than two arti cles (F igure 4.2A), and retrieved fro m the PubMed databa e in June 201 5 

(16,544 gene-pa irs; Reference et; Figure 4. l A). Similar methods have been 

successfull y employed to uncover functional associations between genes (Karadeniz et 

al. , 201 5; Lee, l. et al. , 2008; Lee, 1. et al. , 2010; Sintupisut et al., 201 3) and prote ins 

(Franceschini et al., 201 3). Also, s ince genome-wide studi es tend to cite many 

unrelated genes, we excluded fro m thi s study PubMed IDs c iting more than 15 genes 

(which correspond to - 1% of ail PubMed entries; F igure 4.2B). In to tal, 7, 11 8 gene 

pairs compo ed of co-cited genes in more than two independent non-genome-w ide 

studies consti tuted the reference set of "true" fu nctional in teracti ons (Reference set; 

Figure 4. 1 A) . 

4.3.3 Generation of co-express ion attribute 

Express ion data from 1,05 8 breast in vas ive carcinoma were downloaded from the 

TCGA Data Porta l (see Methods). Twelve samples from male patients were removed 

and the resulting data co ll ection fro m 1,036 tumors were class ifi ed into fi ve breast 

cancer (BC) subtypes (Luminal A, Luminal B, HER2, Basal-like and ormal-like) 

using the AIMS too l (Paquet et Ha ll ett, 20 15): 32 1 tumors were class ified as Luminal 

A (Lum A), 306 as Luminal B (LumB), 102 as ERBB2 pos iti ve (HER2E), 162 as Basal-
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like (BasalL) and 145 as Normal-like (NormL) (Supplementary Tab le 4.S 1; vo1r 

Annexe C). 

We used the Pearson corre lation coefficient (PCC) of expression values fo r each pair 

of genes across turnour samp les for each BC subtype to build the co-expression 

attribute (CoE; F igure 4. lA 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. lA and B). 

Considering that our reference set of functional interactions covers pathways 

associated to ail human organs, including several pathways that may not be activated 

in breast cancer cell s, 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. S ince a il the male patients were 

removed from the mRNA expression data, we used the 30th percentile expression value 

( 1 st value over 0) on the Y chromosome to fil ter the expression data frorn potentially 

unexpressed genes per BC subtype. A gene was identified as not expressed if 

expression values reported fo r this gene were below this threshold for at least 95% of 

tumor samp les for a given BC subtype (F igure 4.2C) (see Methods). On average 1,600 

genes were considered as non-expressed for each BC subtype and removed from our 

express ion data sets (n umber of non-expressed genes are below the dashed line per BC 

subtype; Figure 4.1 C). The resu lting 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 a lso 

identified pairs of genes co-cited w ith 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 = Ali gene pairs in Refset; F igure 4.2D). This revea led that the reference 
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sets fo r each BC subtypes, which are composed of - 5,400 gene pairs after removing 

"non-expressed genes", were s ignificantl y enriched in BC co-cited gene-pairs (F isher's 

exact test, P < 0.001 ; F igure 4.2D). 

4.3 .4 Generation of protein-protein interaction-based attributes 

Protein-Prote in interactions (PPI) were downloaded from the BioGRID (April 2015, 

(Oughtred et al., 2016)) and IntAct (April 2015 , (Orchard et al. , 20 14)) databases. To 

reduce the fa lse pos itive rate of these datasets, we se lected 19,928 PPI val idated by at 

least two independent experimental methods. The resulting filtered interactions set 

covered a total of 7,060 prote ins. 

For each pair of pro teins A and B, we assigned a value I to the binary attribute I(A, B) 

if the proteins A and B exhibited a direct PPI and O otherwise (Data-deri ved attributes; 

Figure l A and B). We also computed an attribute CI (A, B) (Common [nteractors), 

considering the stati stical significance of the observed number of common physical 

interactors of the proteins encoded by A and B, in the PPI network (Data-deri ved 

attributes; F igure lA and B). CI is assigned a ?-value derived fro m a one-ta il ed Fisher ' s 

exact test (N = the number of genes encoding prote ins that are in the considered PPT 

network), which is di screti zed into binary values: 1 fo r P < 0.05 and O otherwise. 

4.3.5 Generation of co-disease attribute 
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Disease-gene annotati ons were downloaded fro m the DISEASES database (August 

2015 ; (Pletscher-Frankild et al. , 2015)) and curated to minimize false positi ve 

annotations and redundancy of annotations fo r highly characteri zed di seases (see 

Methods). This selecti on identified a set of 653 annotations, which were associated 

with at least two genes and provided annotations fo r 15 , 1 16 genes. 

The co-disease attribute D i(A, B) measured the statisti cal s ignifi cance of the number of 

shared diseases annotations between two genes (A and B) via a standard F isher's exact 

test (N = the number of curated di seases annotations observed fo r at least two genes; 

Data-derived attributes; Figure 4 . l A and B). We discreti zed the resulting ?-values to 

obtain three groups of re lationships between genes based on the Di attribute: a group 

with significant enri chment of di sease annotati ons between genes A and B (Di (A,B) = 

l fo r P < 0.05); a group with significant depletion of disease annotati ons between genes 

A and B (D i(A,B) = 0 fo r P > 0.95); and a group with no signifi cant enrichment or 

depleti on of di sease annotati ons (Di(A,B) = 0. 5) . 

4.3.6 Generati on of network-deri ved attributes 

To build the networks-deri ved 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 (s ignificant CoE; Pearson correlation coeffi cient 2: r; Table 4.1 ), or if 

their gene products exhibit a PPI (1 = l ; F igure 4.lA and B). For both genes A and B, 

we measured the enri chment of at least one common di sease annotation w ithin their 

first neighbours (i. e. genes connected to gene A or B by one edge) in the above network. 

This enrichment was measured using a one-ta iled Fisher's exact test (N = the number 

of genes with di sease annotation). If the deri ved ? -value fro m this test was less than or 

equal to 0.05 for A and B, and fo r at Jeast one phenotype, we ass igned a value of l to 
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a categorical vari able N(A, B) , and O otherwise (Netwo rk-deri ved attributes; F igure 

4.lA and B). Similarly, if A and B were both assoc iated with the disease annotati on 

that was also enriched in both their neighborhoods, a value of l was ass igned to a 

categorica l variable NDi(A, B) , and O otherwise (Network-deri ved attributes ; Figure 

4. lA and B). 

4.3.7 ldentificati on of fu nctional interaction cl asses within-pathways 

Us ing the statisti cal attributes described above, we identifi ed c lasses of fun ctional 

interacti ons (Fls) as prev iously done us ing C. elegans data (Boucher, B. et al. , 2016). 

To do so , Fls of the reference sets (Refset) were clustered hierarchically for Luminal 

A and Basal-like tumor subtypes based on di scretized values of the six statistical 

attributes (CoE, Di , N , NDi, I and CI; F igure 4.3A) using Ward ' s agglomerati ve 

method w ith Euclidean di stance metric. This strategy identifi ed e ight major classes of 

Fls witbin the Refset of each subtypes of BC. We named FI c lasses according to the 

combination of values observed fo r the stati tical attributes as prev iously done 

(Boucher, B. et al. , 201 6). Three groups of classes could be identifi ed based on va lues 

fo r PPI-associated (I and Cl) and Disease annotations-associated (Di) attributes . 

Classes with positive values fo r I or CI comprised pa irs of genes that code for proteins 

that directly interact or that share more co rn mon PPI partners than expected by chance 

and are identi fied as PPI-centered interactions (PC; Figure 4.3A). F rom those that are 

not associated with pos iti ve values fo r I or CI, we identified a gro up of Fls invo lving 

pairs of genes which are significantl y depleted in corn mon di sease annotations (Di = O; 

Figure 4. 3). In C. elegans, thi s class of Fls was suggested to play a major coordinati on 

function w ithin the FI network (Boucher, B. et 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 fro m PPI and were named PPI-independent interactions (PI; 

F igure 4.3) . Next, each one of these three Fls classes was subdi vided in three subclasses 

based on value of network-based attributes N and NDi. These attributes assess the 

enri chment in the neighbourhood of gene pairs of genes assoc iated to a g iven Disease 

annotation (N = 1; Figure 4.3B) and the associati on of genes of thi s pair with the 

enri ched annotation (NDi=l; Figure 4.3B). We hypothesized that gene pairs with both 

positive N and NDi attr ibutes could act in a stronger functional context than those with 

null va lues for either or both attributes. Based on thi s ass umpti on, we defined Fls with 

N= l and NDi=l as di splaying a strong (s) contextua l strength (CS) . We a lso identifi ed 

Fis with N= l and NDi=O as di splaying a medium (m) CS and Fls with N=O and NDi=O 

as di sp lay ing a weak (w) CS (Figure 4.3B). Overall , this c lassificati on allowed us to 

identify th ree main c lasses of Fis that are also subdi vided 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 simil ar to those de igned in our previous 

study in C. elegans as is the clustering strategy we employed in both systems to identi fy 

FI c lasses (Boucher, B. et al. , 2016). We therefore compared the range of values 

supporting the identificati on of FI classes in the two studi es. AU attributes, except CoE, 

were di scretized and associated to binary or trinary values as detailed above. The on ly 

diffe rence in attribute values observed between FI classes in human and C. elegans 

consists in the distribution of CoE values (F igure 4.4A). While most gene pairs of PI 
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and PC classes di splay CoE higher than 0.8 in C. elegans, the CoE of gene-pairs of 

corresponding classes in human were more homogenously di stributed along the range 

of positive values (Figure 4.4A). The major di fference between gene express ion data 

used in our studies consists in the biological samples used to generate these data, one 

being whole animais fo r C. elegans express ion data, and breast tumor ti ssues for 

human. S ince within pathway Fls used to generate our training sets are involved in 

pathways that may not be active in breast cancer ce lls, we hypothes ized that such pairs 

might di sp lay low CoE when considering breast cancer express ion data only. To filter­

out these gene-pairs from the 7, 11 8 pairs composing the Refset (Refset; Figure lA), 

we identifi ed a threshold on C. elegans CoE data for each F l c lass as the CoE va lues 

fo r 99% of gene-pairs present in the C. elegans reference set (Boucher, B. et al., 20 l 6) . 

This threshold was used to filter-out 1,7 18 gene pairs. We tested whether this filtering 

step (Fi ltering stages; Figure 4. lA) further enriched the Refset, composed of - 5,400 

Fls, of gene-pairs repo1ied in the I iteratu re on breast cancer (Figure 4.4B) . The resu lting 

set of gene pairs were significantly enri ched in BC gene-pai rs for some F I classes , 

depending on breast cancer subtypes (Figure 4.4B), suggesting that this filtering is 

beneficial to increase the specifici ty of the Refset towards "true" Fl s invo lve in BC 

bio logy (Figure 4.48). 

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

Basal-like breast cancer 

To test the potenti al of the integration strategy used in this study to build a predi cted 

function al interaction networks enriched in "true" Fls, we assessed whether models 

considering the 9 subclasses of Fls indi vidua lly all owed an effic ient segregation of 

gene-pairs ta ken from the Refset ("true" Fls ), from th ose of a negative set of Fls. This 
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negati ve set of Fis was generated th rough randomizations of genome-wide gene-pairs 

as prev ious ly done (Boucher, B. et al. , 20 16). Thi s strategy insures that both pos it ive 

and negative tra ining sets were composed of eq ui va lent rat io of miss ing data. Leave­

one-out cross-va lidation test was then used to evaluate the perfo rmance of log isti c 

regression models tra ined for each Fls class to identify the pos itive set of Fls (Refset) 

against the negative set (see Method ). The receiver operating characteri stics (ROC) at 

20 equall y spaced mode! score eut-offs rang ing fro m O to l was ca lculated fo r each 

model. The true pos itive rates (TPR) obta ined fo r FI c la s-specific mode! at a fa lse 

pos itive rate (FPR) of 0.5% were compared with that of a unique mode! tra ined on the 

entire Refset (Table 4.2). The sum of pa irs retri eved fro m the Refset by class-specific 

models fo r 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, J 19 gene-pairs; 40% fo r Luminal A; Table 4.2). Thi s suggests that the 

integrative strategy considering c lasses if Fls indi viduall y di splays high perfo rmances 

to identify Fis fro m gene-pa irs randomly selected fro m the genorn e and is a l o 

perfo rrning better than a genera l in tegrati ve strategy, ignoring intrinsic di fference 

ex isting between Fls classes in human, as a lready shown in C. elegans (Boucher, B. et 

al. , 201 6) . 

Considering the predi ctive power of our models, we appli ed the integration strategy 

described above to pairs of genes identi fied in the human genome in orderÀ to build a 

genome-w ide pred icted fu nctional interact ion networks for Luminal A and Basal-li ke 

breast cancer. From the 300 milli on poss ible pa irs of genes, 70 million pairs with 

express ion and di sease annotations were retained (Genome-wide set; Figure 4. lA). 

From this list, approx imately 30 million gene-pairs were fï ltered out due to their 

invo lvement of non-expressed genes or their associated CoE va lues inferio r to the 

fil tering thresho ld identified fo r each FI c lass (F iltering stages; F igure 4. l A). Network 

were then buil t fo r Luminal A and Basal-li ke breast tumours and were composed of 
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10,947 genes and approx imately 40 million of interactions subdivided into three main 

classes and 9 sub-classes of F is. 

4.3 .10 Rewiring of Fls between subtypes of breast tumors 

A s ignifi cant amount of rewiring was observed between predicted breast cancer FI 

networks. Interesting ly, thi s rewiring occu1Ted within FI classes, whi ch tend to change 

contextual strength (CS) from one network to another (Figure 4. 5A). For instance, 

whil e 4 l ,8% of Fls are rewired/plastic in the Refset, onl y 3,65% Fls change classes 

(between PI and C). The remaining 38 .2% change CS within classes. lnterestingly, the 

three classes of Fls (PI, PC and C) did not di splay the same plasti c ity leve l. Indeed, 

only C interactions had a significant enrichment of plasti c interacti ons between Basal­

like and luminal A subtypes of BC when considering genome-wide predictive networks 

(F isher 's exact test, P-vaJue < lü-200
; F igure 4.5B). PI and PC classes were significantl y 

depleted in plas tic interacti ons (F isher's exact test, P-vaJue < 10-200
; F igure 4 .5B). 

These data suggest that FI classes di splay distinctive pl as ti city properties. 

4.3.11 Warburg effect genes di splay di stincti ve properti es within predicted breast 

cancer FI networks 

The Warburg effect is a metabolic reprogramming of ce ll s. Recent data showed that 

this effect was stronger in Basal-like when compared to lumina l A breast tumours 

(Brauer et al., 201 3; Palaskas et al. , 2011) . We consequently assessed whether a set of 

28 genes, shown to control thi s reprogramming (Gogvadze etal., 2010; Hensley etal. , 
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201 3; Lunt et Vander Heiden, 2011 ; Samudio et al. , 2009; Semenza, 201 3; White, 

201 3), displayed di stincti ve properti es within predicted FI networks built fo r Luminal 

A and basa l-Jike tumours. 

To do so, we identifi ed indirect interactions linking a set of genes identified in the 

glycolys is machinery (Supplementary Table 4 .S2; voir Annexe D) to genes assoc iated 

with the OXPHOS (Supplementary Table 4 .S3 ; vo ir Annexe E) w ithin predi cted BC 

FI networks. Thi s analys is identified a network in vo lving 10,450 genes, including 23 

of the 28 Warburg associated gene (training set). We assessed, fo r each one of these 

genes, the di stribution of PI, PC and C interactions in Luminal A and Basal-like 

tumours (F igure 4.6A and C). We also assessed the percentage of pl as tic interactions 

linking these genes with glycolys is and OXPHOS genes (F igure 4.6B and C). This 

revealed that genes of this training set displayed s lightly, but s ignificantly less plastic 

interactions than the other genes interacting with both g lyco lys is and OXPHOS genes 

(Student 's t-test, P-value = 0.043; Figure 4.6C) . It also revealed that these genes were 

interacting w ith g lycolysis 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 t-test, P­

value < 0.0001 ; Figure 4.6C). The significant enrichment of Pl and depleti on of C 

between genes controlling the Warburg effect and their partners in the glycolys is and 

OXPHOS machinery is intriguing. Prev ious study characteri zing the geneti c 

interaction network of C. elegan suggested that genes linked through C interactions to 

their partners may play major coordination role w ithin functional interaction networks 

(Boucher, B. et al. , 2016). Comparing the structural fun cti on of PI, PC and C classes 

of function al interaction in human breast cancer and C. elegans revealed that in both 

systems C and to a Jesser extent Pl interactions play a critical structural functi on at the 

intersection of functional modules (see Supplementary data (voir Annexe B); 

Supplementary Figure 4.S l ). 
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4.3.12 Generation and in silico va lidations of predi ctive mode ls fo r Warburg effect 

genes 

Gene interacting with both g lyco lys is and OXPHOS genes (10,45 0 genes) are 

identi fied and call ed the indirect binding set. We used the distinctive properties of the 

tra ining set of 23 Warburg effect gene (tra ining set) to generate an unwe ighted linear 

mode! providing each gene A of the indirect binding set with a va lue V(A) such as : 

V(A) = Pftum (A) + Phas(A) - Plastic(A) - C1u111(A) - Cbas(A); with PI1u111(A), 

and Pl bas(A) be ing the percentage of PI interactions linking the gene A w ith G lycolysis 

and OXPHOS genes in Luminal A and Basal-like predi cted FI networks respecti vely; 

C1u11i(A) and Cbas(A) being the percentage of C interactions linking the gene A with 

G lyco lysis and OXPHOS genes in Luminal A and Basal-l ike predicted FI networks 

respective ly and Plastic(A) being the percentage of plastic interactions li nking gene A 

with glycolys is and OXPHOS genes. 

Groups of genes associated with the top 25 %, 5%, 1 %, 0 .5% and O. l % V(A) values of 

the indirect binding set were identi fied. The percentages of the tra ining set genes fo und 

in these groups were represented with respect to the percentage of the indirect bind ing 

set also fo und in each group (Unweighted mode!; orange; F igure 4.7 A) . The expected 

percentage of genes fro m training set picked when randomly picking genes fro m the 

indirect binding set is a lso indi cated (Random; black curve; F igure 4.7 A). Fo ld 

enri chment of training set genes over indirect binding set and the number of all sets of 

genes contained per gro up were also computed (F igure 4.7 0 and E respective ly) . Thi s 

ana lys is revea led that the unweighted linear mode! built in a supervised manner on the 

di stinctive characteristics of the training set enables the identificati on of genes from 

this training set with hi gh efficiency from the indirect binding set (up to 69-fo ld 

enrichrnent for the top O. l % V(A) va lue group; Figure 4.7D). 
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To further test the performance of thi s mode] to identi fy genes controlling the Warburg 

effect, we identifi ed testing sets of genes. To do so, identifi ed human genes co-cited 

with the "Warburg effect" 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 

contain ing 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 art icles (testi ng set 2). We measured 

the percentage of testing sets 1 and 2 (orange lines; Figure 4.7B and C respectively) 

with respect to the percentage of indirect binding set identified for V(A) va lues w ithin 

the top 25% to 0.1 %. We also measured the enrichment of testing set in groups of genes 

with V(A) va lues 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 mode! 

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 mode! was 

observed at a threshold corresponding to the top l % V(A) values which display 35.4-, 

17.4- and 29.4-fo ld enrichrnent of the training, testing sets 1 and 2 respectively when 

compared to the actual representation of these sets genome-wide (Figure 4.7D). At this 

threshold, 108 genes were se lected from the indirect binding set, 71 of thern being 

genes never assoc iated to the Warburg effect in the li terature. 

4.3.13 Madel built on integrative genomic approaches outperforms prediction of 

Warburg effect genes driven from expression data onl y 

One hall mark of genes associated to the Warburg effect is a reduced leve l of plasticity 

(Figure 4.6C). As di scussed in the supplementary data section, very low plasticity 

levels are detrimental fo r the predictions, suggesting that interaction between Warbw-g 

effect genes and glyco lys is/OXPHOS genes still display a certain leve l of rewiring 
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(Supplementary Data (vo ir Annexe B); Supplementary Figure 4.S2). Other Hallmarks 

of Warburg effect genes revealed by our study consist in an elevated level of PI and a 

low level of C interactions lin.king these genes to g lyco lys is and OXPHOS a soc iated 

genes (Figure 4.6C). Pl interactions are characterized by high co-express ion of 

interacting genes as well as a s ignificant enrichment of common di sease annotations 

(Figure 4.2A), while C interactions contain gene pairs that are characterized by a lower 

co-expression leve l and a s ignifi cant dep letion of common di sease annotations (Figure 

4.2A). We tested whether the co-expression of training and testing set genes with 

Glycolysis and OXPHOS genes alone wo uld support the predictions obtained using the 

unweighted linear mode! built in this study. To do so, we used the CoE attribute to 

identify genes significantly co-expressed with Glyco lys is and OXPHOS genes. Co­

expressed genes were ranked based on their co-expression leve l and the number of 

glycolys is and OXPHOS genes they were significantly co-expressed with. To do so, 

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

n 

CoESum(A) = L (1 - CoE(Pval\) 
i=l 

where n is the number of genes i of the glyco lys is or OXPHOS machineries 

s ignificantly co-expressed with the gene A, and Pvaf is the ?-value lower than 0.05 

supporti ng 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 identifi ed. The enri chment of training and 

testing set l and 2 over respective representation of these sets genome-w ide were 

measured in each group of genes (F igure 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 enri chment is observed for training and testing sets in groups of 

genes co-expressed with glyco lys is 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-fo ld lesser to those obtained when using V(A) 

va lue fro m the unweighted linear model resulting from the integrati ve genomic strategy 

described in this study (compare top 1 %, F igure 4. 8A-B and F igure 4.7D). 

We also measured the overl ap of predicti ons obtained using co-express ion data and 

unweighted linear mode!. Thi s overl ap was nul! when considering groups of genes 

identi fied w ith a threshold corresponding to the top 1 % V(A) and CoESum(A) values . 

They were lower than 0.4% when using thresho ld corresponding to to p 5% V(A) and 

CoESum (A) (Figure 4.8C and D). This suggests that predictions obtained by the 

un weighted linear mode! generated in thi s study do not rely exclusive ly on the co­

express ion attribute. 

Co-express ion is a commonly used metric to identi fy genes sharing similar fu nctions 

than a group of seed genes (Lee, H . K. et al. , 2004; van Noort et al. , 2003) . Therefore, 

we compared the performance of the unweighted model generated in thi s study with a 

class ical approach and identified genes s ignifi cantly co-expressed with genes in the 

training set us ing the CoESum metrics described above. Enrichments of genes in testing 

sets I and 2, when compared to the ir respective representation genome-wide, were 

measured in groups of genes co-expressed w ith the tra ining set and di sp laying top 25%, 

5% and 1 % of CoESum values (F igure 4.8A and B). A max imum of 4-fo ld enrichment 

of testing sets was reached fo r genes co-expressed with the training set (top 1 %; Figure 

4.8B) versus a max imum of 29.4-fo ld enrichment when using the unwe ighted model 

(top 1 %; Figure 4 .7D). The overlap between predictions based on co-express ion 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 predi ctive mode!, generated th rough the 

integrative genomic strategy described in thi s study, outperfo rms predicti ons of 

Warburg effect genes using co-express ion data only. It a lso suggests that predi cti ons 

using the two methods are complementary. 
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4.4 Di scuss ion 

Metabo li c reprogrammtng constitu tes a hallmark of cancer development. Recent 

studies showed that thi s reprograrnming contra is tumour progression and metastas is. 

Thi s identifies genes controlling the increase of aerobic glyco lys is in cancer ce ll s, the 

Warburg effect, as patent anti-tumoral and metastati c targets. In this study, we 

deve loped an integrative genomics strategy that in vo lves the generati on of predi ctive 

functional interaction networks for Lu minai A and Basal-like subtypes of breast cancer 

and the identificati on of di stincti ve feature of genes shown to contra i the Warburg 

effect in these networks. These distinctive features were used to build an unwe ighted 

linear mode!. The performance of thi s mode! to identify genes assoc iated the Warburg 

effect in the I iterature was tested and was shown to be good and to outperform 

predi ctions made using express ion data onl y. 

We consider the strategy used to generate the predictive mode! described in thi s study 

as preliminary. Severa! unsupervised modeling approaches, such as linear regress ion, 

naive Bayes ian or randorn fo rest, need to be evaluated to generate a robust mode! to be 

used prior to experirnenta l validation. 

The study presented here identifies the Warburg effect genes as genes that tend to relate 

with genes of the glyco lys is and the OXPHOS machineries through PPI-independent 

interactions (PI) and through interacti ons that are on average less plastic than expected. 

These results are surpris ing when considering our recent characterization of C. elegans 

genetic in teractome whi ch suggested that genes linked thro ugh "connector" 

in teract ions are critica l coordinator of biological processes. Thi s po int is di scussed in 

further detail in the next chapter. 

In addi tion to provide a better understanding of the re lative position ing of Warburg 

effect genes in the fu nctional interacti on network with respect to g lyco lys is 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 impo1tant to note that the integrative genomics strategy developed in this tudy 

uses expression data which are tissue specific (or tumor spec ific) 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 

di sease mode! and tis ue fo r which express ion data are ava il able. The superior 

performance of that method, when compared to the identifi cation of co-expressed 

genes al one, suggests that thi s method may highly improve predictions of genes with a 

given fonction or co-functionality of genes when there are only express ion data 

avail ab le. This tool would be particularly useful fo r pathologies with limited access to 

enough biological material to generate proteogenomics studies . 

4.5 Methods 

4.5 .1 Generation of the co-express ion attribute 

Expression data (Level 3 TCGA RNAseqV2) from 1,05 8 breast invas ive carcinoma 

were downloaded from the TCGA Data Porta l (February 20 16; (The Cancer Genome 

Atlas Research et al. , 20 13)). Twelve sarnples from male patients were removed and 

the resu lting data collection from 1,046 tumors were classifi ed into five breast cancer 

(BC) subtypes (Luminal A, Luminal B, HER2, Basal and Normal) using the AIMS tool 

(Paquet et H allett, 2015). Considering that the minimum posterior probability of a 

correctl y classified sample was at least 0.90 for each predicted subtype, we could 

class ify 1,036 tumors fro m their associated express ion data as fo llowed: 32 1 tumors 

were classified as LLm1inal A (LumA), 306 as Luminal B (LumB), 102 as ERBB2 
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pos iti ve (HER2E), 162 as Basal-like (Basa lL) and 155 as Normal-like (NormL) 

(Supplementary Table 4.S l ; vo ir Annexe C). 

To remove "non-expressed genes" from breast express ion data based on express ion 

level of the Y chromosome, a RNA-Seq by Expectati on-Maximization va lue (RSEM) 

of0.3 was considered as the minimal express ion threshold per sarnple and gene. Similar 

strategies have been successfully used in the past to filter out unexpressed genes 

quanti fied by Reads Per K ilo base of transcript per M illi on mapped reads (Labaj et al., 

20 11 ; Ramskold et al. , 2009; Sam et al. , 20 11 ). For each BC subtype, a gene was 

identi fied as not expressed if at least 95% of its express ion values (F igure 4.2C) were 

below thi s threshold (0.3 RSEM). 

We computed the Pearson correlation of expression values for each pair of genes across 

tumour samples fro m each BC subtype. We then built the Co-express ion (CoE) 

attribute using P-va lues relati ve to the empirica lly estimated probabili ty distribution of 

correlations for a il gene pairs fi tted on a normal distribution. Corre lations greater than 

r and characterized by a P -value<0.05 (one-tailed probabili ty) were indicative for 

s ignifica ntly co-expressed genes (Table 4. 1; CoE; Data-derived attributes; Figure 4. 1 A 

and B). 

4.5.2 Co-disease attributes 

Disease-gene annotati ons were downloaded fro m the DISEASES database (August 

201 5; (Pletscher-Frankild et al., 2015)). Di sease annotations of genes were collected 

fro m the literature through text-mining and manual curation or experirnental evidences 

(from COSMIC and DistiLD database; (Forbes et al., 2008 and Pa ll ejà et al. , 20 12)) . 

We eliminated fro m thi s dataset the assoc iat ions retrieved through text-mining and 
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experimenta l ev idences with less than two stars confidence scores . We then did a 

manual curation of disease annotations using the Di sease Ontology too l (Kibbe et al., 

2015). The goa l of thi s curation was to rem ove redundancy of annotations fo r highly 

characteri zed di seases. We tested the efficiency of our manual curation of Disease 

annotations through computation of the number of genes overl apping between two 

disease annotati ons (277,885 annotation pairs) and found only 0.1 % of these 

combinations have more than 30% of genes in common (Suppl ementary Table 4.S4; 

voir Annexe F). F rom the resulting 746 curated di sease annotations, we se lected 653 

annotations which were associated w ith at least two genes, and prov ided annotat ions 

for 15 ,11 6 genes. 

4.5.3 Leave-one-out cross validation on tra ined models 

Leave-one-out cross-va lidation test was used to evaluate the perfo rmance of logistic 

regress ion models trained for each Fls class to identi fy the positi ve set of Fls (Refset) 

aga inst the negative set. The receiver operating characteristi cs (ROC) at 20 equally 

spaced mode! score eut-offs fro m O to 1 was calculated fo r each mode!. The true 

pos itive rates (TPR) obta ined for FI c lass-specific mode ls at a fa lse pos itive rate (FPR) 

of 0.5% were compared with that of a unique mode! trained on the en tire Refset (Table 

4.2). The 0. 5% FPR was chosen as prev iously done (Boucher, B. et al., 20 L 6; Lee, A. 

Y. et al., 2010), as pro babil ity of finding in yeast a genetic interacti on by chance w ithin 

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



193 

4.6 References 

B lick, T. , Widodo, E. , Hugo, H., Waltham, M., Lenburg, M.E., Neve, R.M. et 
Thompson, E. W. (2008). Ep ithelial mesenchymal transition traits in human breast 
cancer cell lines. Clin Exp Metastasis, 25(6), 629-642. doi: 10.1007/sl0585-008-9170-
6 

Boucher, B. et Jenna, S. (2013) . Genetie interaction networks: better understand to 
better predict. Fran.tiers in Genetics, 4, 290. doi: 10.3389/fgene.2013 .00290 

Boucher, B. , Lee, A.Y., Hallett, M. et Jenna, S. (2016). Structural and F unctional 
Characterization of a Caenorhabd iti s elegans Genetie Interaction Network within 
Pathways. PLoS Comput Bio!, 12(2), el 004738. doi: 10.1371/journal.pcbi. l 004738 

Brauer, H.A. , Makowski, L. , Hoadley, K.A. , Casbas-Hernandez, P. , Lang, L.J. , 
Romàn-Pèrez, E., D'Arcy, M. , Freemerman, A.J ., Perou, C.M. et Troester, M.A. 
(2013) . Impact of tumor and epithelial phenotypes on metabo lism in breast cancer. 
Clinicat cancer research : an official journal of the American Association for Cancer 
Research, 19(3), 57 1-585 . doi: 10. l 158/1078-0432.ccr-1 2-2 123 

Cairns, R.A., Harris, l.S. et Mak, T.W. (20 11 ). Regulation of cancer cell metabo lism. 
Nat Rev Cancer, 11(2), 85-95. doi: l0. l038/nrc2981 

DeBerardinis, R.J. , Lum, J.J. , Hatzivassiliou, G. et Thompson, C.B. (2008). The 
Biology of Cancer: Metabol ic Reprogramming Fuels Ce l) Growth and Pro liferation. 
Cel! Metabolism, 7(1), 11-20. doi: http://dx.doi.org/l0. l01 6/j.cmet.2007. l0 .002 

DeBerardinis, R.J. , Sayed, N., Ditsworth, D. et Thompson, C.B . (2008). Brick by brick: 
metabolism and tumor cell growth. Current Opinion in Genetics & Development, 
18(1 ), 54-61. doi : htip: //dx.doi .org/ l 0.1016/j.gde.2008.02.003 

Dupuy, F. , Tabaries, S., Andrzejewski, S. , Dong, Z., Blagih, J. , Annis, M.G. , 
Omeroglu, A., Gao, D. , Leung, S., Am ir, E. , C lemons, M. , Agui lar-Mahecha, A., 
Basik, M., Vincent, E.E., St-Pierre, J., Jones, R.G. et Siegel, P.M. (2015). PDKl­
Dependent Metabolic Reprogramming Dictates Metastatic Potential in Breast Cancer. 
[Research Support, Non-U.S. Gov't]. Cel! Metab, 22(4), 577-589. doi: 
l 0.1016/j.cmet.20 15.08.007 

Forbes, S.A., Bhamra, G., Bamford, S., Dawson, E., Kok, C., Clements, J. , Menzies, 
A., Teague, J.W. , Futreal, P.A. et Stratton, M.R. (2008). The Catalogue of Somatic 
Mutations in Cancer (COSMIC). Current protocols in human genetics / editorial 
board, Jonathan L. Haines [et al.], CHAPTER, Unit-10. 1 l. doi: 
l 0.1002/0471142905 .hg l O 11 s57 



194 

Franceschini , A. , Szklarczyk, O. , Franki ld, S. , Kuhn, M ., Simonovic, M. , Roth , A., Lin, 
J., Minguez, P., Bork, P., von Mering, C. et Jensen, L.J. (2013). STRING v9. I : protein­
protein interaction networks, with increased coverage and integration. Nucleic Acids 
Research, 41(Database issue), D 808-D8 15 . doi : l0 .1093/nar/gks l094 

Gillies, R.J. , Robey, I. et Gatenby, R.A. (2008). Causes and consequences of increased 
g lucose metaboli sm of cancers. J Nucf Med, 49 Suppl 2, 24S-42S. doi: 
10 .2967 /jnumed. l 07.047258 

Gogvadze, V. , Zhivotovsky, B. et Orrenius, S. (20 10). The Warburg effect and 
mitochondrial stability in cancer ce ll s. Mol Aspects Med, 31( 1), 60-74. doi : 
I0.1016/j. mam.2009. 12.004 

Guppy, M. , Leedman, P. , Zu, X . et Russell , V. (2002). Contribution by different fue ls 
and metabol ic pathways to the total ATP turnover of proliferating MCF-7 breast cancer 
cells. [Article]. Biochemical Journal, 364(1), 309-3 15. 

Hensley, C.T. , Wasti , A.T. et DeBerardini s, R.J. (20 13). Glutamine and cancer: cell 
bio logy, physio logy, and clinical opportunities . The Journal of Clinical Investigation, 
123(9), 3678-3 684. do i: IO. l l 72/JCI69600 

Hinkle, P. C. (2005). P/0 ratios of mitochondrial ox idative phosphorylation. Biochim 
Biophys Acta, 1706(1-2), 1-11. doi : 10.1016/j .bbabio.2004.09.004 

Karadeniz, i., Hur, J. , He, Y. et Ôzgür, A. (20 15). L iterature Mining and Ontology 
based Analysis of Host-Brucella Gene-Gene Interaction Network. Frontiers in 
Microbiology, 6, 13 86. do i: l 0.3389/fmicb.20 15.01 386 

Kibbe, W.A., Arze, C ., Fe li x, V., Mitraka, E. , Bolton, E. , Fu, G. , Mungall , C.J. , Binder, 
J.X. , Malone, J. , Vasant, O. , Parkinson, H. et Schriml , L.M. (2015). Disease Ontology 
2015 update : an expanded and updated database of human di seases fo r linking 
biomedica l knowledge through di sease data. Nucfeic Acids Research, 43(Database 
issue), D1071-Dl078. doi: 10.1093/nar/gkulOll 

Kutmon , M., Riutta, A., Nunes, N. , Hanspers, K. , Willighagen, Egon L., Bohler, A., 
Mélius, J. , Waagmeester, A. , Sinha, Sravanthi R. , Miller, R. , Coort, S.L. , C irillo, E., 
Smeets, B. , Evelo, Chri s T. et Pico, A.R . (20 16) . WikiPathways: capturing the full 
diversity of pathway knowledge. Nucleic Acids Research, 44(Database issue), D488-
0494. doi: 10.1093/nar/gkv l024 

Labaj , P.P., Lepare, G.G. , Linggi , B.E. , Markillie, L.M. , Wiley, H.S . et Kreil , D .P. 
(20 11 ). Characterization and improvement of RNA-Seq precision in quantitat ive 



195 

transcript expression profiling. Bioinformatics, 27( 13), i383-i391. doi: 
10.1093/bioinformatics/btr247 

Lee, A.Y. , Perreault, R., Harel, S. , Boulier, E.L. , Suderman, M. , Hallett, M. et Jenna, 
S. (20 10). Searching for signaling balance through the identification of genetic 
interactors of the Rab guanine-nucleotide dissociation inhibitor gdi-1. PLoS One, 5(5), 
el0624. doi: 10.137 l/journa l. pone.00 10624 

Lee, H.K. , Hsu, A.K. , Sajdak, J. , Qin , J. et Pavlidis, P. (2004). Coexpress ion Ana lysis 
of Human Genes Across Many Microarray Data Sets. Genome Research, 14(6), 1085-
1094. doi: 10.1101 /gr.19 10904 

Lee, I., Lehner, B. , Crombie, C. , Wong, W. , Fraser, A.G. et Marcotte, E .M. (2008). A 
single gene network accurately predicts phenotypic effects of gene pe11urbation 111 

Caenorhabditis elegans. Nat Genet, 40(2) , 181-188. do i: 10.1038/ng.2007.70 

Lee, I. , Lehner, B. , Vavouri, T. , Shin, J. , Fraser, A.G. et Marcotte, E.M. (2010). 
Predicting genetic modifier loci using fu nctiona l gene networks. Genome Research, 
20(8), 1143-1153. doi: I0.110 1/gr.102749. 109 

Lincet, H. et Icard, P. (2015) . How do g lyco lytic enzymes favour cancer cell 
proliferation by non metabolic funct ions[quest]. [Review]. Oncogene, 34(29), 3751-
3759. doi: I0 .1038/onc.2014.320 

Lunt, S.Y. et Vander Heiden, M.G. (2011) . Aerob ic glycolysi s: meeting the metabo li c 
requirements of cell proliferation. Annu Rev Cefl Dev Bio!, 27, 44 1-464. doi: 
\0.1146/annurev-cell bio-092910-154237 

Malinowski, D.P. (2007). Multiple biomarkers in molecular onco logy. II . Molecular 
diagnostics appli cations in breast cancer management. Exp ert Rev Mol Diagn, 7(3), 
269-280. doi: 10.1586/14737159.7.3 .269 

Martin, M. , Beauvoit, B. , Vo isin, P.J ., Canioni , P. , Guérin , B. et Rigoulet, M. (1998) . 
Energetic and morphological plasticity of C6 g lioma ce ll s grown on 3-D support; 
Effect of transient glutamine deprivation . [Article]. Journal of Bioenergetics and 
Biomembranes, 30(6), 565-578. 

Mertins, P. , Man i, D .R ., Ruggles, K.V., G illette, M.A. , Clauser, K.R. , Wang, P. , Wang, 
X. , Qiao, J.W. , Cao, S., Petralia, F. , Kawaler, E. , Mundt, F., Krug, K. , Tu, Z., Lei , J.T., 
Gatza, M.L. , Wilkerson , M., Perou, C.M. , Ye ll apantul a, V., Huang, K.-1. , L in , C., 
McLellan, M.D ., Yan, P. , Davies, S.R., Townsend, R.R. , Skates, S.J., Wang, J., Zhang, 
B. , Kinsinger, C.R. , Mesri, M. , Rodriguez, H. , Ding, L. , Paulovich, A.G. , Fenyo, D., 
Ellis, M.J. , Carr, S.A. et Nci , C. (2016). Proteogenomics connects somatic mutations 



196 

to signalling in breast cancer. [Article]. Nature, 534(7605) , 55-62. doi: 
10 .103 8/nature l 8003 

Mocellin , S. et Rossi , C.R. (2007) . Principles of gene microarray data analysis. Adv 
Exp Med Bio!, 593, 19-30. doi: 10.1007/978-0-387-39978-2_3 Récupéré de 
http ://link.springer.com/chapter/ 10.1 007%2F978-0-387-39978-2 _3 

Normanno, N ., De Luca, A. , Carotenuto, P. , Lamura, L. , O liva, I. et D'A lessio, A. 
(2009) . Prognostic app lications of gene expres ion signatures in breast cancer. 
Oncology, 77 Suppl 1, 2-8 . doi : 10.1159/000258489 

Orchard, S. , Ammari, M. , Aranda, B. , Breuza, L. , Briganti , L. , Broackes-Carter, F. , 
Campbell , N.H. , Chava li , G ., Chen, C., del-Toro, N ., Duesbury, M., Dumousseau, M. , 
Galeota, E., Hinz, U. , lannuccelli, M ., Jagan nathan, S ., Jimenez, R. , Khadake, J. , 
Lagreid , A., Licata, L. , Lovering, R.C. , Melda!, B. , Melidoni, A.N. , M ilagros, M. , 
Peluso, D. , Perfetto, L. , Porras, P ., Raghunath, A. , Ricard-Blum, S ., Roechert, B., Stutz, 
A. , Tognolli , M. , van Roey, K. , Cesaren i, G. et Hermjakob, H. (2014). The MintAct 
project--IntAct as a common curation platform for 11 molecular interaction databases. 
Nucleic acids research, 42(Database issue), D358-363 . doi: 10.1093/nar/gktl 115 

Oughtred, R. , Chatr-aryamontri , A. , Breitkreutz, B.J. , C hang, C.S ., Rust, LM., 
Theesfeld, C.L. , Heinicke, S., Breitkreutz, A., Chen, D. , Hirschman, J. , Kolas, N. , 
Livstone, M.S. , Nixon, J. , O'Donnell, L. , Ramage, L. , Winter, A. , Reguly, T. , Sell am, 
A., Stark, C. , Boucher, L. , Dolinski , K. et Tyers, M . (2016). BioGRID: A Resource fo r 
Studying Biological Interactions in Yeast. Cold Spring Harb Protoc, 2016(1) , pdb 
top080754. doi: 10. l 101/pdb.top080754 

Palaskas, N., Larson, S.M. , Schultz, N ., Komisopou lou, E ., Wong, J. , Rohle, D. , 
Campos, C., Yannuzzi , N. , Osborne, J.R., Linkov, I. , Kastenhuber, E.R., Taschereau, 
R. , Pla is ier, S.B. , Tran, C., Heguy, A., Wu, H. , Sander, C., Phelps, M.E. , Brennan, C., 
Port, E., Huse, J.T. , Graeber, T.G . et Mellinghoff, I.K. (2011) . 18F-fl uorodeoxy­
glucose positron emission tomography (18FDG-PET) marks MYC-overexpressing 
human basal-l ike breast cancers. Cancer research, 71(15), 5164-5174. doi: 
10.1158/0008-54 72.can- l 0-4633 

Pallejà, A. , Hom, H. , Eli asson, S. et Jensen, L.J. (20 12). DistiLD Database: diseases 
and traits in linkage disequilibrium blacks. Nucleic Acids Research, 40(Database 
issue), D1036-Dl040. doi: 10.1093/nar/gkr899 

Paquet, E.R. et Hallett, M.T. (2015). Absolute ass ignment of breast cancer intrinsic 
molecular subtype. J Nat! Cancer Inst, 107(1), 357. doi: 10. l 093/jnci/dju357 



197 

Pasdois, P. , Deveaud, C., Voisin, P. , Bouchaud, V. , Rigoulet, M. et Beauvoit, B. 
(2003). Contribution of the Phosphorylable Complex I in the Growth Phase-Dependent 
Respiration of C6 Glioma Cells in Vitro. [Artic le]. Journal of Bioenergetics and 
Biomembranes, 35(5), 439-450. doi: I0 .1023/a:102739 183 1382 

Pletscher-Frankild, S., Palleja, A., Tsafou, K. , Binder, J.X. et Jensen, L.J. (20 15). 
DISEASES: text mining and data integration of disease-gene associations. Methods, 
74, 83-89. doi: I0.101 6/j.ymeth.2014.11.020 

Rakha, E.A., EI-Sayed, M.E. , Reis-Filho, J. et E lli s, I.O. (2009). Patho-biological 
aspects of basal-like breast cancer. Breast Cancer Res Treat, 113(3), 41 1-422 . doi: 
10.1007 /s 10549-008-9952- l 

Rarnskold, D. , Wang, E.T. , Burge, C.B. et Sandberg, R. (2009). An Abundance of 
Ubiquitously Expressed Genes Revealed by Tissue Transcriptome Sequence Data. 
PLOS Computationaf Biofogy, 5(12), e l 000598. doi: l 0.1371 /journal.pcbi.1000598 

Rodriguez-Enriquez, S. , Vital-Gonzalez, P.A., Flores-Rodriguez, F.L., Marin­
Hernandez, A., Ruiz-Azuara, L. et Moreno-Sanchez, R. (2006). Contra i of cellular 
proliferation by modulation of oxidative phosphorylation in human and rodent fast­
growing tumor cells. [Article]. Toxicology and Appfied Pharmacology, 215(2), 208-
217. doi: 10.1016/j.taap.2006.02.005 

Sam, L.T. , L ipson, D., Raz, T., Cao, X., Thompson, J. , Milos, P.M., Robinson, D. , 
Chinnaiyan, A.M. , Kumar-Sinha, C. et Maher, C.A. (20 11). A Compari son of Single 
Molecule and Amplification Based Sequencing of Cancer Transcriptomes. PLOS ONE, 
6(3), e l 7305. doi: 10.1371/journal.pone.00 17305 

Samudio, I., F ieg l, M. et Andreeff, M. (2009). Mitochondrial uncoupling and the 
Warburg effect: Molecular basis for the reprogramming of cancer cell metabo li sm. 
Cancer research, 69(6), 10.1158/0008-5472.CAN-l 108-3722. doi: 10.l 158/0008-
5472.CAN-08-3722 

Sernenza, G.L. (2013). HIF-1 mediates metabolic responses to intratumoral hypoxia 
and oncogen ic mutations. J Clin lnvest, 123(9), 3664-367 1. doi: 1 O. l 172/jci67230 

Sintupisut, N ., Liu, P.-L. et Yeang, C.-H. (2013). An integrative characteri zation of 
recurrent molecular aberrations in gli oblastoma genornes. Nucfeic Acids Research, 
41(19), 8803-8821. doi: 10.1093/nar/gkt656 

The Cancer Genome Atlas Research, N., Weinstein, J.N. , Co lli sson, E.A., Mills, G.B., 
Shaw, K.R.M., Ozenberger, B.A., E ll rott, K. , Shmulev ich, I. , Sander, C. et Stuart, J.M. 



198 

(20 13). The Cancer Genome Atlas Pan-Cancer analysis project. [Commentary]. Nat 
Genet, 45(10) , 1113-1120. doi: I0.1038/ng.2764 

Tian, F. , Wang, Y., Seiler, M. et Hu, Z. (2014). Functional characterization of breast 
cancer using pathway profiles . BMC Medical Genomics, 7( 1), 45. doi: 10. 11 86/1755-
8794-7-45 

Tong, A.H., Lesage, G. , Bader, G.D., Ding, H., Xu, H. , Xin , X. , Young, J. , Berriz, G.F. , 
Brost, R.L. , Chang, M., Chen, Y. , Cheng, X. , Chua, G. , Friesen, H. , Go ldberg, D.S. , 
Baynes, J. , Humphries, C. , He, G., Hussein, S. , Ke, L. , Krogan, N. , Li , Z. , Levinson, 
J.N. , Lu, H. , Menard, P. , Munyana, C. , Parsons, A.B ., Ryan , O. , Tonikian, R. , Roberts, 
T., Sdicu, A.M., Shapiro, J. , Sheikh, B., Suter, B. , Wong, S.L. , Zhang, L.V., Zhu, H., 
Burd, C.G., Munro, S. , Sander, C. , Rine, J. , Greenb latt, J. , Peter, M. , Bretscher, A., 
Bell, G., Roth, F .P., Brown, G.W. , Andrews, B. , Bussey, H. et Boone, C. (2004). 
Global mapping of the yeast genetic interaction network. Science, 303(5659), 808-8 13. 
doi: I0 . 11 26/science. 1091 317 

van Noort, V., Snel, B. et Huynen, M.A. (2003). Predicting gene function by conserved 
co-expression. Trends Genet, 19(5), 238-242. doi: I0.1016/s0168-9525 (03)00056-8 

Ward, Patrick S. et Thompson, Craig B.(2012). Metabolic Reprogramming: A Cancer 
Hallmark Even Warburg Did Not Anticipate. Cancer Cel!, 21(3) , 297-308 . doi: 
http://dx.doi .org/ 10.1016/j .ccr.2012.02.014 

White, E. (2013) . Exploiting the bad eating habits of Ras-driven cancers. Genes Dev, 
2 7(19), 2065 -2071. doi : 10.1101/gad.228122.113 



199 
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 taise positive rate. 

Class FPR Threshold TPR 
nb . of 
pairs 

Ali 0.005 0.95 0.4 2119 
Pis 0.005 0.95 0.6 728 
Plm 0.005 0.95 0.58 385 
Plw 0.005 0.95 0.55 251 

<( Cs 0.005 0.95 0.5 165 E 
:J Cm 0.005 0.9 0.48 69 _J 

Cw 0.005 0.9 0.43 58 
PCs 0.005 0.95 0.51 614 
PCm 0.005 0.95 0.49 424 
PCw 0.005 0.9 0.44 126 
Ali 0.005 0.95 0.41 2201 
Pis 0.005 0.95 0.61 706 
Plm 0.005 0.95 0.58 359 
Plw 0.005 0.95 0.54 252 

_J 

CO Cs 0.005 0.95 0.51 176 
Cf) 
CO Cm 0.005 0.9 0.47 72 

CO 
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 0.9 0.42 156 
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(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 sing le type of data ( CoE, D, I and C/) or from network built on several kinds 
of data (N, NOi) . Each attribute is built with data corresponding (arrows) to the different abstraction levels of biolog ica l 
systems (see (Boucher, B. et Jenna , 2013)). 
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(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 ci te . 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= Ali 
gene pairs in the original reference set) are indicated . 
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(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 (PPI) independent (Pl ), PPl-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 bath genes of the considered pair to this 
enriched annotation (NDi ; score =1 ; 0 otherwise) ; interacting genes code for interacting proteins (1 ; score =1 ; 0 otherwi.se); 
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 PPI 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. 



203 

A Pls/C1 Plm/C2 Plw/C7 

1.5 
6 

>, 1.5 >, .-2 :t:: :t:: 1.0 en 4 en 1.0 en 
C C C 
(l) 

2 
(l) 

0.5 
(l) 0.5 0 0 0 

0 0.0 0.0 

0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 

Exp Exp Exp 

PC/C4 PC/CS 

1.5 

A 
2.5 

~ 
_q 

1.0 BC-Basall .è 2.0 
en 

C.elegans 
en 1.5 

C C 
(l) 0.5 (l) 1.0 
0 BC-LumA 0 0.5 

0.0 0.0 

0.0 0.5 1.0 0.0 0.5 1.0 

Exp Exp 

Cs/CB Cm/C3 Cw/C6 

/\ _J 
1.5 

1.5 4 
>, _.q >, 

:t:: 3 :t:: 1.0 en 1.0 en en 
C C 2 C 
(l) (l) (l) 0.5 0 0.5 0 1 0 

0.0 0 0.0 

0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 

Exp Exp Exp 

B 
<{ 

0 • _J 0 

~(O ~N 

E a: . CU a: . • en ,- Cf) ..-en 
::J -0 •• 1 CU -0 

_J -00 • a::i 
-0 (0 

o . 0 ci 

0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0 
-log(P-value) -log(P- value) 

• Pis • Plm • Plw • PDs • PDm PDw • Cs • Cm • Cw 

Figure 4.4. Comparative distribution of Co-expression distributions between C. e/egans and 
breast cancer subtypes. 

(A) Distribution of co-expression values of functional interactions classes for the Basal-like (BC-Basall) and Luminal A (BC­
LumA) breast cancer subtypes compared with co-expression distributions of corresponding genetic interactions classes in 
Caenorhabditis e/egans (see (Boucher, B. et al., 2016)). Co-expression values are given as (1-(P-value)) of a normal fitted 
distribution of ail 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 calcu lated via a one-ta iled 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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(A) Contextual strength (weak, medium and strong) is ind icated for interactions in a schematic representation of Luminal A 
and Basal-like predicted functiona l interactions networks. The plasticity is defined by a change in the contextua l 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 Lumina l A and Basa l-like networks. N indicates the number of predicted interactions. 
enrichment of plastic interactions in each class of functiona l interaction is ind icated by a low P-values given by a two-tailed 
Fisher's exact test when considering the tota l 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 functiona l interactions (F I) classes from Lum inal A (LumA) and 
Basal-l ike (Basal) breast tumours predicted networks between oxidative phosphorylation (OXPH OS) and glycolysis 
associated genes. The proportion for ai l FI (indirect-OXP HOS) is also indicated. (B) Percentage of plastic Fis between each 
Warburg associated genes and its partners in the OXPHOS and glycolysis machineries. Ali plastic FI (indirect-OXPHOS) is 
also indicated. (C) Comparison of the proportion of plastic and class-specific interactions between ail indirect genes and the 
training set (Warburg effect genes) within the glycolysis-OXPHOS FI ind irect networks of Luminal A and Basa l-like (basal) 
breast cancer. P-values are calculated via a two-tai led 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-l inear 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 subg roups of the OXPHOS-G lycolysis ind irect 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 tota l predicted functiona l interactions (within breast cancer 
network) and in the ind irect 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 train ing and testing sets in groups of genes identified based on their co-expression with genes of the 
glycolysis and OXPHOS machineries (G lyco./OXPHOS) or with the training set (Warburg (training)) using Basa l-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 va lues. (C)-(0 ) Venn diagrams showing the overlaps between predictions based on the unweighted 
mode! (top 5% V(A) value for gene A) and co-expression with Glycolysis/OXPHOS genes or the Warburg (top 5% 
CoESum(A) for gene A) when considering Basal-l ike (C) and Luminal A (D) data . 
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Supplementary Figure 4.S1. Edges betweenness of functional interactions classes for breast 
cancer subtypes and genetic interactions in Caenorhabditis elegans. 

(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 statistica lly significant 
differences (P < 0.05) between interactions classes and union of interactions classes (Ali). Wh ite boxes ind icate not 
statistica lly significant differences with Ali. Differences are assessed with a two-tailed Wilcoxon signed-rank test. 
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Supplementary Figure 4.52: contribution of attribute to the unweighted linear model. 

Three models have been generated using either the sum of percentage of Pl interactions in Lumina l (A) (Pl(lum)) and Basal­
like (Pl(Bas)) subtypes (A) or the of C interactions (C(Lum) and C(Bas) respectively) . (B) A third mode l use on ly low plasticity 
va lue for predictions . (C) Enrichment of training and testing sets 1 and 2 in groups of gene with score va lue 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 thèse 

Connaître et comprendre la structure des réseaux fonctionnels est d ' une importance 

capitale pour élucider les mécani smes moléculaires complexes liant les gènes chez les 

organi smes modèles et chez l'homme. Dans cette thèse, j ' ai décrit une méthode 

d' intégration de données qui a permis d ' élucider la structure d ' un interactome 

génétique chez le nématode Caenorhabditis elegans et a i auss i montré qu ' une structure 

semblable chez l' humain pouvait serv ir à prédire des li ens fo nctionnels impliquant des 

gènes clés dans la progress ion du cancer du se in . 

Dans le Chapitre II, nous avons montré que pour mieux prédire des interactions 

génétiques (IGs) chez C. elegans, il était d 'abord nécessa ire de mieux comprendre ce 

type d'interaction fonctionnell e encore mal décrit dans la li ttérature (Boucher et Jenna, 

201 3). Pour ce fa ire, nous avons présenté une étude comparative de plusiems méthodes 

ex istantes démontrant que les techniques et approches actuelles n 'arri va ient pas à 

prédire l'ensemble des IGs. Dans les fa its, l' ana lyse exhaustive exposée dans ce 

chapi tre montre que la p rédiction d ' IGs pourrait bénéfic ier grandement d ' une meilleure 

compréhension des li ens qui existent entre les différents niveaux d ' abstraction des 

systèmes bio logiques (Boucher et Jenna, 201 3). 
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Dans le Chap itre III, j ' ai présenté la caractérisation d ' un interactome génétique de C. 

elegans li ant des gènes se trouvant à ! 'i ntérieur des voies de s ignali sation/métabolisme 

(Boucher et al., 2016). Cette caractérisation a permis de mettre en év idence une 

structure de ce réseau formé de six classes d 'IGs ayant des propriétés distinctes. Cette 

étude révèle que les voies de signali sation/métabolisme sont composées d'lGs 

apparaissant au centre des modules denses d ' interactions protéine-proté ine (PDS) 

appelées PDS-centric Gis et d 'autres étant indépendantes de ces mêmes modules 

(« FOS-indépendant GI »). Notre étude suggère que la coordination des modules 

fonctionnels définis par ces deux classes d'IGs impliquera it des gènes hautement 

connectés dans le réseau (IG-Hub) et li és à leurs partenaires fo nctionnels via deux 

autres classes d'IG (« Connector invo lving GI ») . Les gènes défi ni s par ces différentes 

classes d'IG présentent des caractéristiques di stinctives lorsque l'on considère leur 

connectivité au sein du réseau IG mais auss i au sein du réseau d ' interactions protéine­

protéine, leur pléiotropie et leur redondance fonctionnelle (Boucher et al. , 2016). Le 

modèle de l'interactome génétique construit par notre étude pourrait permettre de mieux 

comprendre le rôle des IGs au niveau de la robustesse des systèmes et le contrôle 

qu'elles exercent sur les processus biologiques. 

Dans le Chapitre IV, j 'ai montré qu ' il était poss ible de transposer à l ' humain, la 

méthode d ' intégration déve loppée chez le nématode C. elegans. Plus précisément, nous 

avons démontré dans l'étude présentée à 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 et al., 2017, manuscrit en préparation). Nous avons 

ensuite identifié, dans ce réseau, différentes classes d'IFs ayant des caractéristiques 

similaires aux c lasses d'IGs étudiées précédemment chez C. elegans. Nous avons utilisé 

ces classes d'IFs a insi que leur nivea u de plasticité entre les sous-types de cancer du 

sein Luminal A et Basal-like, pour construire un modèle prédictif servant à découvrir 

des gènes potentiellement impliqués dans l'effet Warburg, et ce, à l'éche lle du génome. 

La comparaison des performances in silico de ce modèle et d'autres approches, utilisant 
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des données d 'expression seul ement, démontre clairement l'avantage de l' approche de 

génomique intégrati ve pour identifi er des gènes impliqués dans la reprogrammati on 

métabolique des tumeurs mammaires (Boucher et ai., 201 7, manuscrit en préparati on). 

La validation expérimentale des prédictions de notre modèle sera effectuée dans les 

prochains mois permettant la soumiss ion de cet articl e pour publication. 

5.2 Le degré de centra lité intermédiaire des réseaux d ' interactions fo ncti onnelles 

Un des points importants de cette thèse concerne la structure de l' interactome génétique 

chez C. elegans, il serait très intéressant de savoir s i cette structure pa11age des 

similitudes avec le réseau d ' interactions fo nctionnelles du cancer du sein chez 

l' humain. Par exemple, lorsque l 'on considère le degré de centra lité intermédi aire 

( « betweerrness », Chapitre IV, Figure 4 .S 1 ), les IFs de types connecteurs pour les sous­

types de tumeurs du sein chez ! 'humain ont des « betweenness » s ignificati vement 

supéri eures à l'ensemble des IFs . Du côté du nématode, les classes d ' interactions de 

type connecteur (C3, C6) du réseau d ' IGs ont des valeurs de « betweenness » 

semblables à l'ensembl e du réseau, mais supérieures aux autres classes (Figure 4 .S l ). 

Sur ce point précis, j e va is discuter du li en uni ssant la classe des connecteurs et le degré 

de centra lité intermédia ire élevé de leurs interacti ons. 

5.2. 1 Comparaison entre la levure et le nématode 

L'organi sation des IGs en PDS-independant, PDS-centri c, ainsi qu'en connecteur, 

particuli èrement les C6 (enrichis en « GI-Hub ») et présentant une va leur moyenne de 
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« betweenness » élevée, suggère le modèle suivant (Figure 5.1). Les interactions PDS­

independant et PDS-centric pourraient former des modules hyperconnectés (bien que 

ce la n'ait pu être testé) et les liens impliquant des connecteurs de type C6 fera ient le 

li en entre ces deux types de modules fonctionnels à l ' intérieur d ' une même vo ie de 

signali sation ou de métabolisme, ce qui expliquerait leur degré élevé (GI-Hub) au sein 

de l'interactome génétique et leur va leur de Betweenness élevée(« Pathway 1 », Figure 

5. 1). 

0 Non-Hub Bottleneck node 

0 Hub Bottleneck node 

0 Hub Non-bottleneck node 

- GI between connectors 

- PPI 

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 ( « GI ») ou 
des interactions protéine-protéine ( « PPI » ). Les motifs denses d'interactions protéine-protéine 
( « PDS ») sont à l'i ntérieur des cadres en gris pointillé . Les différentes classes sont indiquées 
par des flèches ( « PDS-independent » et « PDS-centric ») ou par des liens en gras ( « GI 
between connectors » ). 

Ce modèle s'appuie par analog ie sur l'ex istence de protéines« bottleneck » servant de 

ponts entre les modules fonctionne ls dans l' 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 gènes essentiels qui sont fai blement co-exprimés avec leurs 

partenaires (Yu et al., 2007). Une propriété s imilaire est d'aill eurs attr ibuée chez C. 
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elegans aux gènes connecteurs li és par des interactions de type C6, qui sont fa iblement 

co-exprimés avec leurs partenaires (Chapitre III, F igure 3 .1 b) (Boucher et al., 20 16). 

Néanmoins, des études sont nécessaires sur le degré de centralité intermédiaire des 

réseaux d ' IGs chez la levure et auss i, chez C. elegans, dont différentes méthodes de 

prédictions d ' IGs pourraient être mises à contribution. 

5.2.2 Comparai son entre le nématode et l' humain 

Dans le cancer du sein, chez l' humain, notre réseau d 'interactions fonctionnelles (IFs) 

entre paires de gènes appartenant à une même vo ie de signa lisation/métabolisme 

présente des classes ayant un degré de centralité intermédiaire semblable aux classes 

retrouvées dans le réseau d ' IGs caractérisé de C. elegans (F ig ure 5 .2) (Boucher et al. , 

2017, manuscrit en préparation). E n effet, le degré de centralité intermédiaire des li ens 

de types connecteurs est supérieur aux autres types de I iens, et ce, autant chez le 

nématode (C3 , C6; chapitre TV, Figure 4.S 1) que chez l' humain (Cs, Cm, Cw; Chap itre 

IV, Figure 4 .S l) (Boucher et al., 201 7, manuscrit en préparation). Spécifiquement, le 

« betweenness » moyen des classes connecteurs des réseaux d ' IFs chez ! ' humains est 

significativement différent de la valeur moyenne lorsqu'on considère l'union des classes 

d'IFs (Chapitre IV, Figure 4.S 1). Par contre, chez C. elegans, le « betweenness » des 

classes connecteurs n'est pas s ignificativement di fférent du réseau d ' IGs en enti er 

(Chapitre IV, Figure 4.S 1). L'apparente différence de« betweenness » entre les classes 

des connecteurs chez le nématode et l' humain pourrait s'expliquer, bien évidemment, 

par la nature différente des li ens utilisés (IG vs IF). En effet, l'étude chez le nématode 

décrit la caractérisation d'IGs va lidées expérimentalement et donc enrichies en 

interaction fonctionnelles , identifiées à l'intéri eur des voies de s ignali sati on (Boucher 

et al. , 2016). Étant donné la non disponibilité de tell es données pour l'homme, 
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particuli èrement dans les tumeurs mammaires, nous avons utilisé des IFs consistant en 

des paires de gènes prises à l'intérieur de voies de signalisation en plus d ' être co-c itées 

à p lus d ' une reprise dans la littérature (Boucher et al., 20 17, 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 et al. , 2005) et génétiques (Lee, I. 

et al. , 201 O; Lee, I. et al., 2007). Nous postulons donc que cet ensemble de référence 

conti enne peu de faux positif et qu ' il soit enrichi en IGs, quoique ce postul at so it 

difficil ement testab le. 

De faço n intéressante, une étude a montré que des réseaux fonctionne ls construi ts à 

partir de vo ies de signa li sation et de données d ' express ion des gènes provenant de ces 

deux espèces sont sensiblement di ffé rents dans leurs topologies (Korcsmaros et al., 

20 l 0). Cette étude montre en effet que le réseau fonctionne l de l' humain présente 

beaucoup plus de gènes communiquant entre les voies de signa li sation que celui du 

nématode et de la mouche Drosophila melanogaster (Korcsmaros et al. , 20 l 0) . Ceci 

supporte l'hypothèse selon laquelle la di fférence observée entre les degrés de centralité 

intermédi aire du réseau fo nctionnel de C. elegans et ce lui de l' humain pourraient être 

due à des différences biologiques et non expérimentales. Par ana logie, ces gènes 

communiquant entre les vo ies de signali sation sont auss i, fort possiblement, des 

« bottlenecks » au ni veau du réseau fonctionnel complet. Bien que dans cette étude le 

réseau fo nctionne l so it constitué de paires de gènes co-exprimés à l' inté rieur des voies 

de signali sation (Korcsmaros et al., 2010), il demeure encore bien éloigné dans sa 

nature par rapport à un réseau d ' IGs validées expérimentalement. Des études précises 

sur ce point sont donc nécessaires pour confirmer cette hypothèse chez ! ' humain et 

d' autres animaux. 
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0 Non-Hub Bottleneck node 

0 Hub Bottleneck node 

0 Hub Non-bottleneck node --
LumA high betweenness FI 

Basall high betweenness FI 

PPI 

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

Différents types de points nodaux sont connectés par des interactions fo nctionnelles ( « FI ») 
ou des interactions protéine-protéine ( « PPI » ). Les motifs denses d'in teractions protéine­
protéine ( « PDS ») sont à l'intérieur des cad res en gris poin ti llé . Deux voies ( « Pathway ») sont 
montrées pour les deux sous-types de cancer du sein, les Basal-like (B) et les Lumina l A (L). 

Dans l'ensemble, l 'évolution et la p las ticité des réseaux fo nctionnels pourraient 

dépendre, en parti e, d 'une certaine quanti té de nouveaux gènes acquis ou de gènes 

communs, codant pour de nouvelles isoformes d ' une même protéine. Ces gènes 

pourraient alors permettre une coord ination différente des modu les fo nctionnels 

nécessaires à la survie et au développement des ce llules sa ines chez C. efegans, ou 

encore à ceux des cellules cancéreuses chez l' humain. L ' identification de gènes ayant 

un « betweenness » élevé représente donc une vo ie possible dans la recherche de cibles 

thérapeutiques adaptées au di fférents contextes fo nctionnels d 'une maladie. 



217 

5.3 Distinguer les interactions fonctionne ll es impliquant des interactions protéine­

protéine des autres 

Une des conclusions importantes du Chapitre III concerne la di stincti on entre les IGs 

concentrées dans les modules denses d ' interacti ons protéine-proté ine (PDS) et les IGs 

comprises dans les modules fo nctionne ls dépourvus de PDS. Contrairement à beaucoup 

d 'études intégratives ex istantes, notre méthode d ' intégration traite séparément les 

paires de gènes codant pour des proté ines qui interagissent ensemble ou qui partagent 

un nombre s igni ficati f de partenaires en commun de cell es qui ne semblent pas 

impliquées dans un complexe protéique(« PDS-independent ») (Boucher et al. , 201 6) 

(Boucher et al. , 20]7, manuscrit en préparation) . Chez C. elegans, les IGs associées 

aux PDS, appartenant à la classe des « PDS-centric », sont enrichies en gènes codants 

pour des protéines hautement connectées dans le réseau d ' interactions protéine­

protéine (IPP) (« PPI-Hubs ») (Chapitre III , F igure 3.3b) (Boucher et al., 201 6). 

Les « PPI-Hubs » ou protéines hautement connectées dans le réseau d ' IPP, sont d ' un 

intérêt parti culi er au ni veau thérapeutique. En effet, beaucoup de cibles thérapeutiques 

chez l'humain sont des pro téines hautement connectées dans le réseau d ' IPP et sont 

aussi conservées chez plusieurs espèces en plus d 'être codées par des gènes essentiels 

(Lv et al. , 201 6). Cela a évidemment moti vé beaucoup d 'études à utili ser le degré d ' IPP 

pour découvrir des cibles thérapeutiques (Fu et al. , 2015 ; Ivanov et al. , 201 3 ; Padiadpu 

et al., .2010) . Bi en sûr, cibler des gènes essentiels n' a év idemment pas que des 

avantages. E n effet, il a été montré que les effets secondaires de nombreux 

médicaments soient liés au fait que leurs principales c ibles so ient des « Hubs » 

essenti els dans l' interactome proté ine-pro téine (Wang et al., 201 3) . Dans le tro is ième 

Chapitre, on a montré que les IGs « PDS-centric » éta ient peu, ou pas enri chies en 

gènes essentiels (F igure 3.2b) mais enrichies en « PPI-Hubs » (F igure 3.3b) (Boucher 

et al. , 201 6). Cette part icul arité, avec leur pléiotropie réduite (F igure 3.7c et 3.7d), 

suggère que cette classe pourrait contenir des in teractions entre gènes pouvant être de 
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bonnes cibl es thérapeutiques et spécifiques à un ti ssu. À ! ' in verse, tout en étant enrichie 

en gènes essenti els, la c lasse des interactions « PDS-independent » n 'est pas enrichie 

en « PPI-Hubs » (Figure 3.2b et 3.3 b), mais est enrichi es en gènes plé iotropiques 

(Figure 3.7c et 3.7d) (Boucher et al. , 2016). Cela suggère que cette classe contienne 

des IG entre des gènes qui ont peu de chance d 'être de bonnes cibles thérapeutiques. 

Comme les gènes associés à l 'effet Warburg sont maj orita irement retrouvés dans la 

classe « PDS-independent » (Chapitre IV), ceux-ci auraient donc aussi peu de chance 

d 'être de bonnes cibles pour des traitements anti-cancéreux. 

L'avantage de notre méthode d ' intégration est qu 'e ll e permet de traiter séparément les 

pa ires de gènes associées fortement aux IPP et d'év iter de concentrer notre étude sur 

les interactions génétiques associées à des complexes protéiques, qui font actuell ement 

l'obj et de la plupart des études utilisant des approches de génomique intégrati ve (Mitra 

et al. , 2013). 

5.4 La coordination des processus biolog iques par différentes classes d ' interactions 

fonctionne ll es selon le contexte 

Dans le derni er chapitre, le modèle prédicti f pour identifier des gènes potenti e ll ement 

impliqués dans l'effet Warburg utilise les li ens de la classe PI comme un attribut 

fo rtement prédi cti f. À ! ' inverse, les interactions fonctionne lles (IFs) de la classe des 

connecteurs C sont utili sées négati vement dans le modè le prédictif final. Auss i, les IFs 

associées aux IPP, appartenant à la classe PC, sont complètement absentes du modèle 

prédicti f (Boucher et al., 201 7, manuscrit en préparation). Nous avons été surpris par 

ces résultats puisque l'étude faite sur le réseau d'interaction génétique du nématode a 

permis de qualifi er les gènes impliqués dans des interactions de type connecteurs (C3 

et C6) comme étant des gènes ayant des propr iétés de coordination des processus 
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biologiques, principalement due à leur enri chi ssement en « Gl-Hubs » et à leur 

pléiotropie (Chapitre III ; C6, F igure 3.7b et c) . Notre hyp othèse semblaient aussi se 

confirmer par le fa it que de nombreux gènes de la famille "L ineage defic ient" Lin 

(Chapitre III ; lin-1 , lin-1 2; F igure 3.S5), qui sont des gènes clés déterminant la 

spéc ification du li gnage cellulaire au cours du développement du nématode, étaient liés 

à leur partenaires fo ncti onnels via des interaction de type connecteur plé iotropiques, 

(C6; Figure 3 .S5, (Boucher et al. , 2016)). Nous nous attendions donc à ce que des gènes 

contrô lant la reprogrammati on métabolique des tumeurs mammaires fasse parti e de 

cette catégorie de gènes et interagissent avec leurs partenaires de la vo ie de la g lyco lyse 

et de la phosphory lati on oxydative (OXPHOS), en maj ori té via des interacti ons de type 

connecteur. Les résultats obtenus indiquent un appauvri ssement de ce type 

d'in teractions entre les gènes associés à l' effet Warburg et les gènes de 

glyco lyse/OXPHOS, nous la issant imaginer: ( 1) que les interactions fo nctionnelles que 

nous avons appe lées connecteur (C) dans notre interactome fonctionnel humain n'ont 

pas de fonction de coordination des processus biolog iques; ou (2) qu'i l y a plusieurs 

niveaux de coordinati on des processus biologiques dont certains impliquent des 

interactions de type « PDS-independent » (PI) et d'autres, des in teractions de type 

"connecteur" (C). 

Le fa it que les liens C a ient une valeur moyenne de « betweenness » élevée dans les 

interactomes fo nctionnels, et ce à la fo is chez le nématode et l'humain, suggère que les 

gènes li és par des interacti ons de ce type jouent un rôle structu ral et potentiell ement 

important dans les réseaux d'interactions fo ncti onnels de ces deux espèces . Ceci va 

donc à l'encontre de l'hypothèse (1 ) énoncée plus haut. 

Nous considérons donc l'hypothèse (2) comme la plus probable. En prenant l'ensemble 

des processus biologiques, les voies métaboliques constituent un ensemble de gènes 

que nous imaginons très interconnectés . Des gènes impliqués dans la reprogrammati on 

métabolique seraient donc des gènes à l'intersection d'é léments ou de sous-groupe de 

gènes à l'intéri eur de cet ensemble. Nous pourrions donc considérer les gènes associés 
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à l'effet Warburg comme des gènes coordonnant des modules fonctionnels s itués à 

l'intérieur de l'ensemble des vo ies métaboliques. Ces gènes auraient donc des fo nctions 

de coordination entre des modules fo nctionnels s itué à "proximité" les uns des autres 

dans l'interactome fo nctionnel du ti ssue cons idéré. Sui vant ce même raisonnement, 

nous émettons l'hypothèse que les gènes coordonnant le métaboli sme avec d'autres 

processus bi ologiques, te ls que la machinerie de po larité ou de migration ce llulaire, 

serait des gènes montrant des fonctions de coordinat ion entre des processus biologiques 

p lus distants dans les réseaux d'in teracti ons fonctionne ll es et interagiraient via des 

in teractions de type Connecteurs. 

Cette hypothèse est supportée par les caractéristiques di stincti ves des interaction de la 

classe PI, équi va lent à la classe « PDS- independent » de I' interactome génétique chez 

C. elegans (C l et C2; F igure 3.lb) (Boucher et al. , 20 16), et de ceux de classe C 

équivalent aux classes C3 et C6 chez C. elegans (F igure 3 .1 b) (Boucher et al. , 20 16). 

La classe PI est caractéri sée par des gènes qui sont très souvent co-exprimés et qui sont 

associés à plusieurs phénotypes ou maladies en communs (Boucher et al., 20 17, 

manuscrit en préparation) (Boucher et al. , 201 6). Les interactions fonctionnell es de 

type PI, chez l' humain et le nématode, seraient donc concentrées au sein de modules 

fo nctionnels associés aux même phénotypes et maladies. Il fa it du sens que les 

a ltérations du métabolisme énergétique associées à la perturbati on de la g lyco lyse, ou 

à celle de la respiration mitochondriale, so ient associées aux mêmes pathologies. Notre 

étude suggère donc que les gènes associés à ! 'effet Warburg soient des gènes présentant 

des fo ncti ons de coordinati on de processus de proximité à l'intérieur de l'interactome 

fonctionnel des tumeurs mammaires humaines. Il serait aussi intéressant de vo ir si une 

approche similaire nous permettrait d'identifie r une classe de gènes ayant une fonction 

de coordination de processus distant via l'identifica tion d'interactions de type 

connecteurs. 
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5.5 Pertinence de notre approche intégrati ve pour la découverte de gènes impliqués 

dans di fférents contextes d ' une maladie 

Comme démontré dans le derni er chapitre, le modèle prédicti f basé sur noh·e approche 

intégrative est beaucoup plus performant que celui basé sur des données d 'expressions 

seulement. Il est donc raisonnable de croire que notre approche, grâce aux di fférents 

attributs dont certa ins dérivés à partir des données d 'expression, permette de 

caractéri ser les réseaux fonctionnels avec beaucoup plus de précision qu 'en utili sant 

l' expression des gènes seulement. Bien évidemment, il est primordial de tester d 'autres 

approche de prédiction que la régress ion linéaire s impl e présenté dans le derni er 

chapitre. 

Dans le même ordre d ' idée, un des champs d 'études parmi les plus prometteurs ayant 

mené à la caractéri sation de réseaux fo ncti onnels de plusieurs types de cancer est la 

pro téogénomique (Locard-Paulet et al. , 20 l 6; Mertins et al., 2016; Zhang, B . et al. , 

201 4; Zhang, H. et al., 2016). Ce champ de recherche combine non seulement la 

protéomique et la phosphoprotéomique (Locard-Paulet et al. , 2016), mais intègre auss i 

souvent des données d 'express ion des gènes et de nombre de copies des gènes (Mertins 

et al. , 2016; Zhang, B. et al. , 2014; Zhang, H. et al. , 201 6). Ces dernières études ont 

non seulement permi s d' identifi er des gènes conducteurs potentiels (dont leur a ltération 

est favorable à la progre sion tumorale), mais ont auss i permis d ' identifi er les vo ies de 

signali sation, et donc les contextes fo nctionnels qui sont altérés par les mutations de 

ces gènes (Mertins et al., 2016; Zhang, B . et al. , 2014; Zhang, H. et al. , 2016). Il serait 

donc intéressant de voir où se situe notre méthode d' intégrati on et notre caractérisation 

des réseaux foncti onnels du cancer du sein par rapport aux résultats obtenus par 

l' entremise de la protéogénomique. Un avantage certa in de notre approche vis-à-vis 

cette dernière est le fa it que notre approche ne nécess ite que l'obtention de données 

d'express ion pour le tissu et échantillon de tumeur. En effet, à l' inverse des données 

d'expression qui sont access ibles et peu coûteuses, les données de protéomique sont 
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beaucoup moins access ibles et ont plutôt coûteuses à obtenir pour de larges cohortes 

de pati ents (Di M eo et al. , 201 4; White, ~011 ). Notre méthode pourrait s'avérer être 

une altern ative peu coûteuse et très access ible pour identifier des c ibl es thérapeutiques 

pour di fférentes pathologies incluant tous les types de cancer. 

Enfin , toute chose n 'étant pas parfaite, notre méthode d ' intégration possède tout de 

mê.rne quelques fa iblesses. Parmi cell es-ci, les in teractions fo nctionne lles caractérisées 

ou prédites par notre méthode ne sont pas directi onnell es. Autrement dit, il n 'est pas 

poss ible de prédire si une interacti on fo nctionne ll e donnée a un effet pos iti f ( e.g. 

activati on) ou négati f ( e.g. inhibition) dans le contexte étudi é. Par exemple, la mesure 

de la fo rce contextuelle (FC) décrite pour chaque interaction et la moyenne des forces 

contextuelles des interacti ons impliquant un gène dans un contexte A versus un 

contexte B, ne nous pennet pas de prédire s i ce gène est plus "acti f ' ou "inacti f ' dans 

chacun de ces contextes . Par exemple, s i le gène X a des interactions présentant un FC 

plus fo rt dans le contexte A que dans le B, cec i n'indique pas que ce gène so it plus actif 

dans le contexte A. En effet, ce gène pourrait être impliqué dans un plus grand nombre 

d'interacti ons inhibitrices dans le contexte A et sera donc plus inacti f que dans le 

contexte B. 

Pour remédier à cette fa iblesse, il serait poss ibl e d ' identifier, chez l ' humain , les 

interacti ons fo nctionne ll es inhibitri ces et activatri ces dans les vo ies de 

signalisati on/métabo lisme afi n de caractéri ser Jeurs s ignatures basées sur nos attributs 

et/ou d 'autres propriétés. Ces signatures pourraient ensuite servir à départager, dans le 

contexte d ' une maladie humaine, les interacti ons fo nctionnelles ayant po tenti e ll ement 

un effet pos itif de cell es ayant un effet négati f et de les utiliser comme ensembles 

d 'entrainements dans un modèle prédicti f. Ce modèle prédictif peut ensuite servir à 

class ifi er, à l' échell e du génome, les paires de gènes se lon leur potenti el inhibiteur ou 

activateur. Cette dernière information pourrait auss i être intégrée au calcul de la force 

contextue ll e, vu dans le derni er chapitre, afin de mieux caractéri ser les vo ies e t modules 
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foncti onnels acti vé ou désacti vés, et d ' identifier avec une meilleure préc ision la 

pl asti c ité des réseaux entre des cohortes de patients. 

5.7 Directions fu tures et suivi expérimental 

Grâce à l' info rmati on provenant de l'analyse en profondeur d ' interactomes génétiques 

et au modèle prédi cti f permettant d ' identifie r des gènes potenti ellement associés à 

l 'effet Warburg, plusieurs possibilités de sui v i expérimental pourraient être réali ser 

dans les prochaines années. 

Parmi ce ll es-ci, notons la validation expérimenta le des prédicti ons, provenant du 

derni er chapitre, chez le nématode Caenorhabditis elegans. En utili sant les orthologues 

des gènes prédits comme j ouant un rôle dans l'effet Warcburg dans le cancer du sein 

chez l' humain (chapitre IV). Il serait poss ible de caractériser, chez le nématode, les 

rô les j oués par ces orthologues dans des processus clés du déve loppement cellulaire de 

cet anima l. Il a été montré, dans plusieurs études récentes, que C. elegans pourrait 

utiliser l'effet Warburg lorsque la respiration mitochondria le est compromi se par 

inact ivati on chimique (Jang et al. , 2016; Luz et al., 201 6) . De plus, les essais de 

déve loppement et de locomotion de larves développés dans ces études pourrai ent servir 

à évaluer le rôle énergétique critique joué par des gènes prédits par notre modèle pour 

contrô ler l'effet Warburg chez ! 'humain. Ces tests seraient réali sés chez des animaux 

pré entant des défici ences de la respiration mitochondriale et soumis à un ARN 

interférant (ARNi) cibl ant ces gènes. Par la suite, les gènes identifi és dans le contrôle 

de l' effet Warburg chez C. elegans seraient testés pour leur fo nction pendant la 

proli fé ration cellulaire et la migration dans les cellules cancéreuses du sein chez 

! ' humain. Pour ce faire, des cel Iules associées aux sous-types de tumeurs mammaires 

luminal et basal, affichant un fa ible et un haut ni veau de glyco lyse aérobie 
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respectivement (Brauer et al., 201 3; Pala kas et al. , 2011), seraient utilisées. Des 

résu ltats concluants permettraient d 'étab lir C. elegans comme modèle pour l'étude de 

l'effet Warburg et de va lider notre modèle prédictif. 



ANNEXE A 



225 

Text S3. l 

Supplementary information 

Robustness of Gls-a ll clustering into classes 

We classified Gls fro m Gls-all us ing a c luster selecti on a lgorithm (F igure 3. 1 b; see 

Methods). Briefly, fo r each pre-se lected cluster obtained by cutting the dendrogram at 

a certain height, we assessed the info rmation content w ith the approximate ly unbiased 

bootstrap probabili ty, whi ch indicates how data support the clusters (see Methods). 

Secondl y, we evaluated the class ificati on perfo rmance of a logistic regress ion mode! 

using the cluster in formation content as a pos iti ve learning set and compu ted the 

performance with a leave-one-out cross-validation (LOOCV) test. A receiver operating 

characteri stic (ROC) curve was then built fo llowing LOOCV results, which gave AUC 

scores between O and 1 (0.5 for a random predi cti on and 1 fo r a perfect predi ction; 

F igure 3.S l ). We judged that equivalentl y sized c lusters with high AUCs were 

preferable over di sparately sized clusters to ensure obj ective compari sons in further 

analysis. Thus, clustering the positive set of Gls identified l O clusters and the six with 

AUC scores higher than 0.8 (C l to C6) were subsequently analyzed to identi fy 

di stinctive properties of GI classes (F igure 3.S l ). 

Impact of missing data on GI clustering 

Despite the ever-growing amount of data coming fro m genome-wide studies, certa in 

types of data, such as PPis and phenotypical characteri zati on of geneti c alterations, still 

present very poor genome coverage. In addition, white a il genes have express ion data 

available, missing data is reported for the co-express ion attribute fo r a certain number 
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of genes that have express ion values fo r Jess 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 express ion data, which present high genorne­

coverage (Lee et al. 20 l 0). Before fu rther characterizing the diffe rent cl asses of Gls, 

we asked whether the genomic signatures associated w ith each class might result fro m 

the sparse nature of genomic data used in the clustering. To evaluate thi s poss ibili ty, 

we ca lculated the percentage of Gls in each cl ass mi ss ing express ion data, PPI or 

phenotypica l characteri zations (Figure 3 .S2). Wh il e a certain amount of data were 

miss ing in each cl asses of Gis, detail ed analys is revea led that miss ing expression, 

phenotype and/or PPI data did not significantly influence the distincti ve properties 

observed fo r the s ix selected classes of Gls identifi ed by our c lustering technique. For 

example, Gl s fo und in C 1 and C2 segregate from CS and C4 based on the absence of 

direct interaction between protein products of interacting genes (Int = O; see Methods; 

Figure 3. lb) and the absence of an unexpectedly high number of cornmon protein 

partners fo r these proteins within the PPI network (CI P 2: 0.05 ; see Methods; Figure 

3. 1 b). At most 3 1.7% of Gls clustered in C l and C2 Jack PPI data (F igure 3.S2), 

suggesting that up to 3 l.7% of these interactions may segregate into C4 and CS if using 

more complete protein interaction data. While this constitutes a signifi cant portion of 

the Gls found in C l and C2, these data suggest that the rn ajori ty of C l and C2 (more 

than 68%) are significantl y di stinct fro m CS and C4 and consequentl y, that C l and C2 

constitute a real di stinct class from C4 and CS. 

CS is composed of 51 .7% of Gls expressing the phenotype enri ched in their 

neighbourhood (NPh = 1, see Methods; Figure 3. lb) and express ing prote ins that share 

a large number of corn mon interactors w ithin the PPI network (Cl < 0.05, see Methods; 

Figure 3. lb). 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 ass igned phenotype upon geneti c a lteration. The lack of phenotypic data is then 

responsible fo r the null values of NPh fo r 60.4% of C4 Gis indicating that at lea t one 
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of the interacting genes is not essenti al to any biolog ical function a sayed during 

genome-wide RNAi screening, or that the RNAi experiment used was not efficient 

enough to identi fy any phenotype. The cumulative fa lse negative proportion (i.e. the 

frequency of genes hav ing no phenotype association because of technical artefact) of 

genome-wide RN Ai screenings reported in WormBase (release WS 180) is imposs ible 

to estimate and may be responsibl e fo r the clustering of Gis in C4 instead of CS. C4 

Gls are also distinguished from the second half of CS Gls based on I and CI attributes. 

No miss ing PPI data are observed fo r C4 and CS Gls suggesting that the segregation 

of these two clusters cannot be explained by miss ing PPI data. 

C2 G Is were di stinct from C l based on the fac t that C2 gene pairs do not express the 

common phenotype(s) enriched in their neighborhoods (NPh = 0, ee Methods; Figure 

3. lb). However, no missing phenotypical data is observed for C l and C2 Gls, 

suggesting that di fferent NPh values are a real di stinctive property fo r differentiating 

C2 from C 1 Gls . Miss ing express ion data in C2 (F igure 3.S2) may also parti ail y exp Iain 

the lower average coexpress ion va lue observed in C2 when compared to Cl, (F igure 

3.lb). 

C3 and C6 segregated fro m the other clusters based on the absence of a significant 

enrichment of similar phenotypical profiles (Ph = l; see Methods; Figure 3.lb). 

However, none of the Gls in C3 and C6 lack phenotypical data (F igure 3.S2), 

suggesting that the absence of a s ignificant enri chment of similar phenotypical profiles 

is a real distincti ve property of these two GI classes. 

C3 and C6 distingui shed themselves fro m the other clusters based on low coexpress ion 

va lues of interacting genes in C6 and on the lack of phenotype enriched in the ir 

neighbourhood (N ?:. 0.05 ; see Methods, F igure 3. 1 b). Expression data are miss ing in 

25.6% of Gls fro m C6 (Figure 3.S2). These data play a lso an important role in the 

computation of the N attribute since the neighbourhood of a gene is defined by its 

signifi cantly coexpressed genes and the PPI partners of its protein product. This 

suggests that up to 26% of Gis fro m C6 may redi stribute to C3, given more complete 
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data sets . This a lso irnpli es that the rnajority of C6 (more than 74%) retains di stinctive 

properties when compared to C3. 

Overall , these data show that miss ing expression, phenotype and/or PPI data cannot 

expia in the classification of Gis-Ali in s ix classes with distinctive properti es. 

GI classes assembly into GI dense subnetworks 

We tested whether Gls may assemble into GI dense subnetworks (GOS). To test this 

possibility, we identifi ed GOS w ithin Gis-all using the cytoscape "MINE" plugi n 

(Rhrissorrakrai et Gunsalus 2011 ). We identifi ed 42 GDS (Figure 3.S3). For each GOS, 

we cornputed a monochrornacity score (MS) adapted frorn sirnilar study done on yeast 

GI network (Szappanos et al. 20 11 ) . Pos itive and negative MS identified GOS enriched 

or dep leted respective ly in a g iven Gls class (see Methods). C lustering of GI classes 

u ing Euclidian distance based on MS revealed that GI classes tend to cluster by pair 

within GDS: C 1 with C2, C4 with CS and C3 with C6 (F igure 3.S3). Measurernent of 

the enrichment of combination of classes using hypergeometric test a lso revealed that 

C l is enriched alone or in combination w ith C2, C3 or C6 in a few GOS (Figure 3.S3 b). 

Similarly, C4 was found enriched alone or in combination with CS (Figure 3.S3b). 

These data suggest that while GOS nurnber is too small to clearly measure a 

monochromatic ity of GOS, GI c lasses tend to assemble in GDS in a biased rn anner. 

We supported this assumption through measurement of the amount of overlapping 

genes in the selected GI classes. The rational behind thi s measurement is that GI classes 

that had a propensity to assem ble in GOS together may also share comrnon genes . To 

do so, we hierarchica lly clustered gene frequencies and used the resulting dendrograms 

as an indi cation of proximity between GI classes (Figure 3.S4). Two di stance rnetrics 
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were used to di stinguish GI c lasses: Canberra di stance was used to cluster GI classes 

when considering repetition of genes within c lasses (due to the potential invo lvement 

of genes in more than one GI). We used also Binary distance to cluster these c lasses 

base on gene compos ition without considering frequency. This study revealed that gene 

sets appear to be di fferent between GI clusters (Binary; F igure 3.S3), and that the most 

connected genes are also largely different fro m one cluster to another (Canberra; F igure 

3.S3). lnteresting ly, irrespective of the clustering method used, GJ classes di stributed 

in three groups, Cl/C2/C3 , C4/C5 and C6 based on gene overlaps (F igure 3.S4). 

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 infl uence the enri chment of 

within- ~nd between-PDS, within pathways . To do so, we analyzed the di stribution of 

PDS identified from our PPI network (F igure 3.S 14a), eut thi s di stribution and 

generated severa l networks with di fferent combination of small and large PDS. As seen 

in Figure 3.S 14b, these networks are composed of: 

PDS-1: 30 PDS of less than l O proteins 

PDS-2: 10 PDS of more than 99 pro te ins 

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 prote ins 

PDS-AII: As a conh·ol we used the network composed of ail PDS fo und in our PP­

interactome 
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PDS-Rdm : In order to strengthen thi s study, we used node permutation to generate 100 

random networks display ing the same topology than PDS-all (same number of 

interactions, same number of PDS, same PDS size-distributi on, same between PDS 

interactions; F igure 3.S l 4c and 3.S l4d). These random networks are call ed PDS-Rdm 

(F igure 3.S 14b) and conta in less than 3% overlapping edges with the PDS-all. 

W e then used these networks to assess the enri chment in within- and between-PDS 

interaction found within pathway as detail ed in the Method section. Thi s analysis 

showed that except fo r PDS-1 containing onl y PDS of less than 10 prote ins, PDS-2 to 

-5 and PDS-all di splay a significant enri chment in w ithin- and between-PDS 

interactions within pathways (F igure 3.S l4b). In addition, PDS-Rdm with the same 

topology than PDS-a ll did not disp lay any enrichment neither in w ithin- nor in 

between-PDS and even appears significa ntl y dep leted in these two kinds of interactions 

(Figure 3.S 14b). These data suggest that the enri chment 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 fun ctional modul es . They also 

suggest that pathways are cornposed of several PDSs and that proteins invo lved in the 

same pathway may be part of the same PDS or of di ffe rent PDS. We confirmed these 

assumptions through a close examination of KEGG pathways and PDS as shown in 

Tabl e 3.S4 (en ligne: Boucher et al. 201 6) . We identified fo r each KEGG pathways 

and pathways fro m the literature genes invo lved in the same PDS (same-pathway & 

sarne-PDS) and genes invo lved in the same pathway and in diffe rent PDS (same 

pathway & different PDS). Thi s study revealed that our assumption is exact and that 

up to 6 PDS may conta in proteins in vo lved 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 invo lving genes coding for prote ins present in 5 di fferent 

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 fo r p ro teins that are part of 4 di ffe rent PDS 
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(Tabl e 3 .S4; en ligne: Boucher et al. 201 6). 

Distribution of GI classes within and between ranges of Pleiotropy 

We looked at the di stribution of GI classes at diffe rent ranges of pleiotropy. To do so, 

we measured the enri chment of GI c lasses in GI subnetworks composed of genes within 

a similar PI range, either PI higher or equal to a certa in threshold (t) (upper panel, 

Figure 3 .S 17) or PI lower or equa l to t (middl e panel, F igure 3 .S 17). Log Odds ratio 

and hypogeometri c P-values are indicated in Table 3.S5 ( en li gne: Boucher et al. 201 6). 

lnteresting ly, we fo und that C l , C2 and C6 Gis are enri ched in interaction between 

genes w ith high PI (PI 2: 7 for C I and PI 2: 6 fo r C2 and C6; upper panel, Figure 3.S 17). 

On the other side, C4 is highly enri ched in interactions between genes with lower Pis 

(PI :S 2; middle panel, Figure 3.S 17) . CS and C3 are enriched in interaction between 

genes with an average PI (4 :S PI :S 5 and 5 :S PI :S 6, respecti vely). 

Gls may also link genes in different PI ranges. To test thi s poss ibility, we measured the 

enri chment of GI clas es in sets of interactions linking genes with a PI higher or equal 

to a certain threshold (PI 2: t ) with genes hav ing a PI below thi s threshold (P.I < t ). We 

tested this for every 'C between 1 and 10 (lower panel, Figure 3.S 17). These data showed 

that C 1, C2 and C6 link genes with average to high Pis (between 4 and 7; higher panel, 

Figure 3.S 17) to genes with an even higher Pl (from 6 to 10; lower panel, F igure 3.S 17). 

These data also show that C4 links genes with low Pis (from O to 2; middl e panel, 

Figure 3.S 17) to genes having an average PI (between 2 and 5; lower panel, Figure 

3.S 17). C3 appeared to do the oppos ite of C4, li nki ng genes of average to high Pis 

(from 5 to 6; middle panel, Figure 3.S 17) to genes with lower PI (:from 2 to 5; lower 

panel, Figure 3.S 17). CS interactions appeared not to be enr iched across ra nges of Pls, 

suggesting that CS interactions link genes main ly within an average PI range (from 4 
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to 5; middle panel, F igure 3.S 17). Note that Gl between genes that have very diffe rent 

PI w ill be considered to compute the Log Odds ratio more than once (meaning at 

diffe rent threshold ('r)) . For example an interaction between a gene w ith PI=9 and a 

gene with PI=7 w ill be identifi ed w ith -r = 9 and 8. 

Altogether these data further characterize PDS-centr ic (C4-C5) functional modules 

composed of elements with average and low Pls, and PDS-independent (C l-C2) 

fu ncti onal modules linking genes w ith high Pls . T hese data also furth er dis tinguish C3 

fro m C6 connectors, w ith C6 linking genes fro m an average to a hi gh leve l of 

pleiotropic and C3 interacti ons linking genes fro m an average to a low pleiotropi c level. 
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Supplementary data 

Structural fun ction of classes of FI in C. elegans and human 

"Connector" interactions (C) were enriched in Gl 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 GI 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. F ig. lA). Edges with high 

betweenness are called bottleneck edges. The analogy for these edges are bridges 

linking dense networks of roads w ithin a city located on an island to those located on 

the shore (Yu et al. , 2007). Measurement of betweenness for Gis of the C. eiegans 

network characteri zed in our prev ious study identifi ed Cm and Cw interactions (C3 and 

C6 respecti vely; Suppl. F ig. lB-D) and Pim (C2; Suppl. F ig. lB-D) as bottleneck edges 

of the networks, particularly for interactions involving non-Hub genes (Suppl.!. Fig. 

10). Similarly, Cs, Cm, Cw and Plw di splayed significantl y higher betweenness than 

other classes of Fls in both Luminal A and Basal-like (S uppl. Fig. l E and F 

respectively) . Ali together, these data suggest that FI classes di splay distinctive 

plasticity properties and structural functions within FI networks. These data also 

suggest that in both human and C. eiegans, C, and to a lesser extent, PI interactions 

tend to be bottl eneck interactions, suggesting that genes linked to their partners through 

these classes of interactions may di splay more critical coordination :function between 

biologica l processes that those that do not. 

Characterisation of predictive mode! of Warburg effect genes 
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To better characterize the mode! 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 mode!. We generated three models using: on ly percentage 

of PI (Supp l. F ig 2A); only the percentage of C (S uppl. Fig. 2B); and on ly the 

percentage of plastic interactions (S uppl. Fig. 2C). This analys is revealed that none of 

these models were as performant as the linear mode! 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 whi le lower 

plasticity value than average display a sign ificant predictive power to identify Warburg 

effect genes, a minimal plasticity is sti ll an hall mark of this group of genes. 
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Luminal A Lum inal B HER2-E Basal-like Normal- like 

TCGA-B H-AOEA-01 TCGA-D8-A3Z6-01 TCGA-E9-Al RF-11 TCGA-AR-ASQQ-01 TCGA-BH-AlEW-11 

TCGA-B6-AOl5-01 TCGA-AC-ASXU-01 TCGA-BH-AODD-01 TCGA-C8-Al31-01 TCGA-E2-A1BC-11 

TCGA-AQ-A54N -01 TCGA-BH-AOBT-11 TCGA-E9-A1NC-01 TCGA-A2-A3XS-01 TCGA-BH-AOHX-01 

TCGA-E9-A1R6-01 TCGA-Z7-A8R6-01 TCGA-AO-AlKQ-01 TCGA-AR-AlA0-01 TCGA-BH-AlF J-11 

TCGA-B6-AOX4-01 TCGA-A2-A04Q-Ol TCGA-E2-A1LH-11 TCGA-BH-AODT-01 TCGA-OL-A66K-01 

TCGA-D8-A145-01 TCGA-BH-AlFM-11 TCGA-BH-AOBW-01 TCGA-D8-A147-01 TCGA-AN-AOAT-01 

TCGA-E2-Alll -01 TCGA-AR-A24R-01 TCGA-A8-A06Y-01 TCGA-E9-A1RD-11 TCGA-AC-A3EH -01 

TCGA-GM-A2D0-01 TCGA-A2-A25E-01 TCGA-E2-A14V-01 TCGA-AR-ASQM-01 TCGA-AO-AOJM-01 

TCGA-B6-AOWV-01 TCGA-BH-AlFU-11 TCGA-A2-AOT6-01 TCGA-AC-A2BK-01 TCGA-C8-A1HG-01 

TCGA-Al-AOSP-01 TCGA-E9-A1NG-01 TCGA-E2-A1LB-11 TCGA- E2-A110-01 TCGA-AO-AlKT-01 

TCGA-B H-AOH P-01 TCGA-BH-AODS-01 TCGA-AR-A2LR-01 TCGA-LL-ASY0-01 TCGA-C8-A12V-01 

TCGA-B H-AODZ-01 TCGA-BH-AOBS-11 TCGA-B6-A401-01 TCGA-OL-ASDA-01 TCGA-D8-A1XA-01 

TCGA-E9-A1NA-01 TCGA-AR-AOU4-01 TCGA-B6-AORN -01 TCGA-D8-A27R-01 TCGA-E2-A11U -01 

TCGA-EW-AlPG-01 TCGA-AO-AOJ B-01 TCGA-AN -AOFS-01 TCGA-E9-A227-01 TCGA-3C-AALl -01 

TCGA-AC-A61X-01 TCGA-PE-ASDC-01 TCGA-A2-A4S3-01 TCGA-E9-AlRF-01 TCGA-AN-AOFK-01 

TCGA-BH-A18P-01 TCGA-E9-A1RD-01 TCGA-A8-A08Z-01 TCGA-AR-AOTQ-01 TCGA-E2-A150-01 

TCGA-AN-AOAK-01 TCGA-A2-A25C-Ol TCGA-C8-A1HE-01 TCGA-A8-AOA2-01 TCGA-PL-A8LX-01 

TCGA-E9-A22D-01 TCGA-XX-A89A-Ol TCGA-BH-AOHU-01 TCGA-A2-A1Gl-01 TCGA-AN-A03X-01 

TCGA-BH-AODK-11 TCGA-BH-AOBS-11 TCGA-A8-AOA1-01 TCGA-A2-A1FV-01 TCGA-S3-A6ZH -01 

TCGA-BH-AOBF-01 TCGA-BH-AOE7-01 TCGA-EW-AlPl-01 TCGA-E2-A573-01 TCGA-AN-A049-01 

TCGA-D8-A1XS-01 TCGA-D8-A1JS-01 TCGA-D8-A271-01 TCGA- D8-A27V-01 TCGA-OL-A6VQ-Ol 

TCGA-A2-A25A-01 TCGA-XX-A899-01 TCGA-S3-AA15-01 TCGA-A7-A31Z-01 TCGA-AR-A251-01 

TCGA-AO-AOJ7-01 TCGA-E2-A151 -01 TCGA-AR-AlAV-01 TCGA-A2-AOT4-01 TCGA-BH-AlFG-11 

TCGA-E9-A243-01 TCGA-BH-AlFL-01 TCGA-EW-AlPD-01 TCGA-EW-AlOV-01 TCGA-LL-A7SZ-01 

TCGA-BH-AOAY-01 TCGA-E9-A248-01 TCGA-E2-A15D-01 TCGA-GM -A2DL-01 TCGA-A8-A06P-01 

TCGA-B H-A18S-01 TCGA-OL-ASRU-01 TCGA-A2-A25F-01 TCGA-AC-A2FF-01 TCGA-D8-A1X6-01 

TCGA-E2-A158-11 TCGA-A2-AOET-01 TCGA-C8-A1Hl -01 TCGA-A 7-A425-01 TCGA-AC-A2FF-11 

TCGA-D8-A27N-01 TCGA-C8-Al38-01 TCGA-A8-A07W-01 TCGA-BH -AOBA-11 TCGA-E2-A15P-01 

TCGA-A8-A06Q-O 1 TCGA-EW-AlPS-01 TCGA-B6-AOIN-01 TCGA-BH -AODV-11 TCGA-E2-A14Y-01 

TCGA-AO-AOJ E-01 TCGA-E9-ASFK-01 TCGA-E9-A1N6-11 TCGA-A8-A06N -01 TCGA-EW-AlPH-01 

TCGA-AR-A2LL-01 TCGA-BH-AlFN -11 TCGA-BH-AOH9-01 TCGA-A2-AOCT-01 TCGA-E2-A1LH-01 

TCGA-C8-A12Q-Ol TCGA-D8-A1XT-01 TCGA-A7-AOCJ-01 TCGA-BH-AODH -11 TCGA-AC-ASEH-01 

TCGA-A2-AOCW-01 TCGA-A8-A09W-O 1 TCGA-Al-AOSM-01 TCGA-A2-AOCY-01 TCGA-E2-A3DX-01 

TCGA-BH-AOW4-01 TCGA-EW-A6SD-Ol TCGA-D8-A1J8-01 TCGA-AC-A3W7-01 TCGA-A7-A0DC-11 

TCGA-D8-A1J9-01 TCGA-AO-A12C-01 TCGA-A8-A070-01 TCGA-E2-A15A-01 TCGA-86-AORS-01 

TCGA-E2-Al5K-01 TCGA-C8-A273-01 TCGA-OL-A66N-01 TCGA-B6-A408-01 TCGA-E9-A1RH -01 

TCGA-A2-AOYE-01 TCGA-E9-A1NE-01 TCGA-A8-A075-01 TCGA-A2-A3KD-01 TCGA-A8-A07F-01 

TCGA-B H-AOB8-11 TCGA-JL-A3YX-01 TCGA-OL-ASD6-01 TCGA-AO-AOJG-01 TCGA-LL-A441-01 

TCGA-BH-AODP-01 TCGA-E2-A2P5-01 TCGA-D8-A1JC-01 TCGA-E2-A1AZ-01 TCGA-D8-A1J P-01 

TCGA-B H-A204-01 TCGA-AR-A2LM-01 TCGA-A8-A08G-01 TCGA-A2-AOCV-01 TCGA-S3-A6ZF-01 

TCGA-E9-A1Rl -01 TCGA-AO-A12A-01 TCGA-A2-A0SY-O 1 TCGA-AR-A2LE-01 TCGA-A8-A09 I-O 1 



TCGA-E9-A1RH-11 TCGA-E2-A14N -01 TCGA-BH-AlFH-11 TCGA-EW-A6S9-01 TCGA-D8-A73U-01 

TCGA-AC-A3 H N-01 TCGA-JL-A3YW-01 TCGA-BH-A42T-01 TCGA-AC-A80Q-Ol TCGA-A8-A095-01 

TCGA-B H-A8FY-01 TCGA-OL-ASRV-01 TCGA-A2-AOYG-01 TCGA-BH-AlFU-01 TCGA-A2-AOES-01 

TCGA-A2-A04X-01 TCGA-A8-A097-01 TCGA-BH-AODK-01 TCGA-BH-AOBZ-11 TCGA-AR-AOU0-01 

TCGA-B6-AOI P-01 TCGA-WT-AB41-01 TCGA-C8-A133 -01 TCGA-LL-A6FP-01 TCGA-B H-AOB3-11 

TCGA-AO-A128-01 TCGA-E2-A15 E-06 TCGA-E9-A1Rl -11 TCGA-E2-A14P-01 TCGA-A7-A261-01 

TCGA-C8-A12M-01 TCGA-D8-Al Y3-01 TCGA-OL-A66L-01 TCGA-E9-A54Y-01 TCGA-AR-A2 LH-01 

TCGA-AC-A23G-01 TCGA-A2-AOEU-01 TCGA-A7-ASZX-01 TCGA-LD-A66U-01 TCGA-EW-A1J6-01 

TCGA-A8-A06X-01 TCGA-BH-AOEl -01 TCGA-E9-A2JS-Ol TCGA-A7-A3J0-01 TCGA-AR-AOTS-01 

TCGA-A8-A09V-01 TCGA-AN-AOXT-01 TCGA-AC-A61W-01 TCGA-BH-A18R-01 TCGA-AR-A2LJ-Ol 

TCGA-A8-A07L-01 TCGA-D8-A142-01 TCGA-E2-All7-11 TCGA-D8-A1J L-01 TCGA-AC-A3QP-01 

TCGA-D8-A27M-01 TCGA-AO-AOJ L-01 TCGA-3C-AALJ -01 TCGA-BH-AODH-01 TCGA-E9-A226-01 

TCGA-LL-A440-01 TCGA-AC-A2QJ-01 TCGA-B H-A208-11 TCGA-AO-A124-01 TCGA-E9-A3H0-01 

TCGA-Z7-A8R5-0l TCGA-E9-A54X-01 TCGA-B6-AOI0-01 TCGA-E2-A10A-01 TCGA-BH-A18N-01 

TCGA-0 L-AS D8-01 TCGA-LL-A6FQ-Ol TCGA-AO-A03M -01 TCGA-AR-AlAU-01 TCGA-AC-A7VC-01 

TCGA-E2-A10F-01 TCGA-BH-AOHK-11 TCGA-LL-A7T0-01 TCGA-D8-A1X5-01 TCGA-D8-A1JN-Ol 

TCGA-E2-A108-01 TCGA-BH-AlFS-01 TCGA-BH-AOBA-01 TCGA-AN -AOFY-01 TCGA-E9-A1R2-01 

TCGA-AR-A255-01 TCGA-BH -A18P-11 TCGA-A2-A04N-01 TCGA-D8-A27T-01 TCGA-AR-A256-01 

TCGA-GM-A4E0-01 TCGA-AO-AlK0-01 TCGA-E2-All6-01 TCGA-D8-A1XB-01 TCGA-BH-AOH6-01 

TCGA-PE-ASDE-01 TCGA-A2-A25D-01 TCGA-E9-ASU0-01 TCGA-A2-AOYF-01 TCGA-BH-AOB7-11 

TCGA-PL-A8LY-01 TCGA-AR-AlAW-01 TCGA-A2-A3XZ-01 TCGA-BH-AOBJ -11 TCGA-GM-ASPX-01 

TCGA-AC-A2FB-11 TCGA-A2-AOD0-01 TCGA-OL-ASRY-01 TCGA-AO-AOJ F-01 TCGA-A8-A09D-01 

TCGA-A2-A4S1-01 TCGA-A7-AOCG-01 TCGA-BH-A18R-11 TCGA-BH-AODT-11 TCGA-AR-AOU3-01 

TCGA-E2-A1LG-01 TCGA-D8-A3Z5-01 TCGA-OK-ASQ2-01 TCGA-AN-AOG0-01 TCGA-GI -A2C9-11 

TCGA-E2-A106-01 TCGA-BH-AlEN-11 TCGA-EW-A423-01 TCGA-D8-AlJT-01 TCGA-Al-AOSQ-01 

TCGA-AC-A2FE-01 TCGA-B6-AOX0-01 TCGA-E9-A3Q9-01 TCGA-E2-A11K-01 TCGA-BH-AOHS-11 

TCGA-BH-AlEU-01 TCGA-A7-A26E-01 TCGA-AQ-A7U7-01 TCGA-A7-A6VW-01 TCGA-D8-A27F-01 

TCGA-LL-ASYL-01 TCGA-BH-AlES-06 TCGA-LD-A 7 4U-01 TCGA-A8-AOA9-01 TCGA-E2-A140-01 

TCGA-A 7-A4SF-01 TCGA-E2-Al5M-01 TCGA-BH-AOB6-01 TCGA-Al-AOSB-01 TCGA-BH-AOC7-01 

TCGA-BH-AOC3-01 TCGA-E9-A1N8-01 TCGA-E9-A3QA-01 TCGA-E9-A1RA-01 TCGA-A 7-A4SB-01 

TCGA-B6-AOl1-01 TCGA-C8-A8H P-01 TCGA-BH-A8G0-01 TCGA-0 L-AS RZ-01 TCGA-E2-Al5R-01 

TCGA-BH-AlF0-01 TCGA-E9-A1N D-11 TCGA-AC-A3W5-01 TCGA-4H-AAAK-01 TCGA-D8-A1JA-01 

TCGA-A7-A13E-11 TCGA-EW-A1J3-01 TCGA-C8-A26X-01 TCGA-EW-A2FR-01 TCGA-A7-A0DC-01 

TCGA-C8-A12T-01 TCGA-BH-AOB3-01 TCGA-E2-Alll-01 TCGA-A8-A09C-01 TCGA-A2-A3XU-01 

TCGA-Al-AOSD-01 TCGA-A2-A3Y0-01 TCGA-BH-AOH L-01 TCGA-D8-A1J D-01 TCGA-D8-A1XK-01 

TCGA-A 7-A26J -01 TCGA-C8-A26Z-01 TCGA-D8-A141-01 TCGA-E2-A153-01 TCGA-BH-AlFG-01 

TCGA-AO-AOJJ-01 TCGA-AR-A24P-Ol TCGA-AN -AOXS-01 TCGA-BH-A202-01 TCGA-E2-A11G -11 

TCGA-G M-A3XG-01 TCGA-A8-A07U-01 TCGA-LL-A8F5-0l TCGA-A2-AOT2-01 TCGA-86-AORQ-Ol 

TCGA-A8-AOAD-01 TCGA-AR-A24T-01 TCGA-A2-A3XY-01 TCGA-A2-AOYC-01 TCGA-A2-AOYJ -Ol 

TCGA-EW-A1J2-01 TCGA-A2-AOD3-01 TCGA-BH-AlFM-01 TCGA-BH-AOD0-11 TCGA-EW-AllZ-01 

TCGA-AR-AlAR-01 TCGA-A8-A083 -01 TCGA-B6-AORL-01 TCGA-AN -AOAM-01 TCGA-B6-A409-01 

TCGA-BH-AOB2-01 TCGA-D8-A1JI -01 TCGA-A8-A084-01 TCGA-BH-AOC0-11 TCGA-E2-Al5T-01 



TCGA-B H-AOE E-01 TCGA-BH-AlEY-01 TCGA-AR-AOU2-01 TCGA-AR-A250-01 TCGA-AO-AOJ 1-01 

TCGA-A2-AOYL-01 TCGA-BH -AOBR-01 TCGA-GI -A2C8-11 TCGA-E9-A1RB-11 TCGA-E2-A15M-11 

TCGA-A2-AOEW-Ol TCGA-GI -A2C8-01 TCGA-BH-AORX-01 TCGA-BH-A42V-01 TCGA-A2-A3KC-01 

TCGA-BH-AOH0-01 TCGA-AC-A80P-01 TCGA-BH-AlE0-11 TCGA-A2-AOSV-01 TCGA-D8-A1XG-01 

TCGA-S3-AA12-01 TCGA-AR-AlAY-01 TCGA-E2-A15H-01 TCGA-D8-A1XL-01 TCGA-A2-A04R-01 

TCGA-A2-A04U-Ol TCGA-E9-A229-01 TCGA-A8-AOA6-01 TCGA-C8-A8HQ-Ol TCGA-0 L-A6VO-O 1 

TCGA-E2-Al5J-01 TCGA-D8-A1XQ-01 TCGA-E9-A22A-01 TCGA-A7-A13D-01 TCGA-E9-A1RS-Ol 

TCGA-AR-ASQP-01 TCGA-AR-ASQN-01 TCGA-E9-A1NG-11 TCGA-C8-A3M8-01 TCGA-E9-A1ND-01 

TCGA-EW-AlPF-01 TCGA-UL-AAZ6-01 TCGA-E9-A1RE-01 TCGA-BH-AOHY-01 TCGA-D8-A143-01 

TCGA-B H-AOB9-01 TCGA-BH-AlEV-11 TCGA-E2-A9RU-01 TCGA-E2-A15E-01 TCGA-BH-A209-01 

TCGA-A2-AOCP-01 TCGA-BH-ASJ0-01 TCGA-AO-AlKS-01 TCGA-BH-A18Q-11 TCGA-BH-AOBD-01 

TCGA-WT-AB44-01 TCGA-AR-A24S-01 TCGA-A8-A09B-01 TCGA-A2-A1FW-01 TCGA-E2-A14Z-01 

TCGA-C8-A26V-01 TCGA-BH-AlFN-01 TCGA-D8-Al Y0-01 TCGA-PL-A8LZ-01 TCGA-Al-AOSN-01 

TCGA-C8-A135-01 TCGA-BH-AOH7-11 TCGA-A7-A6VY-01 TCGA-EW-A1P4-01 TCGA-BH -AlFB-11 

TCGA-BH-A18U-11 TCGA-AN-AOFD-01 TCGA-B6-AORP-01 TCGA-GM-A2DH-01 TCGA-C8-A1HJ -01 

TCGA-C8-A120-01 TCGA-C8-A12P-01 TCGA-AC-A3QQ-Ol TCGA-E2-A1LE-01 TCGA-AO-A03N-01 

TCGA-BH-AOH9-11 TCGA-BH-AlEW-01 TCGA-A2-A04P-01 TCGA-BH-AOBZ-01 TCGA-BH-AOE6-01 

TCGA-D8-A1X7-01 TCGA-AO-A030-01 TCGA-LL-ASYP-01 TCGA-E9-AlN9-01 TCGA-B6-AOIM -01 

TCGA-C8-Al H F-01 TCGA-AR-A24Q-Ol TCGA-BH-AlF J-01 TCGA-EW-A424-01 TCGA-BH-AOHl-01 

TCGA-G M-A2DC-01 TCGA-BH-A18L-11 TCGA-A7-A4SC-01 TCGA-E9-A228-01 

TCGA-D8-A27K-01 TCGA-A8-AOA4-01 TCGA-A2-AOEV-01 TCGA-A 7-A4SA-01 

TCGA-BH-AOBW-11 TCGA-D8-Al Y2-01 TCGA-D8-A1XF-01 TCGA-A2-AOYH -01 

TCGA-BH-AlF0-11 TCGA-B6-AOWY-01 TCGA-B6-AOIC-01 TCGA-BH-AOBT-01 

TCGA-A8-A071 -01 TCGA-GM-A2DF-01 TCGA-A 7-A3J 1-01 TCGA-BH-AODQ-01 

TCGA-AO-A03U-01 TCGA-D8-A1XV-01 TCGA-D8-A1X8-01 TCGA-BH-AOBM-11 

TCGA-A 7-A13G-01 TCGA-AR-A2 L0-01 TCGA-LD-A7W6-01 TCGA-E2-A152-01 

TCGA-B H-AODQ-11 TCGA-BH-AlE0-01 TCGA-B6-AORH -01 TCGA-OL-A66P-01 

TCGA-AR-AlAP-01 TCGA-A7-A31Y-01 TCGA-C8-A12L-01 TCGA-BH-AOAZ-01 

TCGA-D8-AlXR-01 TCGA-E2-A14T-01 TCGA-BH-AOE9-01 TCGA-B6-AlKC-01 

TCGA-A2-AOEP-01 TCGA-AN-AOFV-01 TCGA-A8-A076-01 TCGA-AN -AOFN -01 

TCGA-D8-A27P-01 TCGA-SL-AATl-01 TCGA-AN-AOXU-01 TCGA-AO-AOJ2-01 

TCGA-A8-A09 R-01 TCGA-AO-A03 R-01 TCGA-BH-A208-01 TCGA-B6-AORM-01 

TCGA-E2-A154-01 TCGA-A8-AOAB-01 TCGA-LL-ASOY-01 TCGA-AN-AOAR-01 

TCGA-D8-Al Yl-01 TCGA-AO-AOJS-01 TCGA-Al-AOS0-01 TCGA-C8-A1H0-01 

TCGA-BH-A1F6-01 TCGA-B6-AOWZ-01 TCGA-EW-A2FW-01 TCGA-D8-A1JE-01 

TCGA-B6-AORU-Ol TCGA-A8-A09N-Ol TCGA-BH-AODZ-11 TCGA-E2-A11G-01 

TCGA-E9-A1NS-01 TCGA-D8-A146-01 TCGA-B6-AORE-01 TCGA-BH-A18K-01 

TCGA-A2-AOCQ-Ol TCGA-AR-A24X-01 TCGA-BH-A18J -11 TCGA-A2-A3XV-01 

TCGA-S3-AA11-01 TCGA-A8-A06Z-01 TCGA-E2-A1B4-01 TCGA-AR-A2LQ-Ol 

TCGA-C8-A12W-01 TCGA-C8-A12 N-01 TCGA-AN -AOFT-01 TCGA-A2-AOCM-01 

TCGA-C8-A26W-01 TCGA-AC-A62V-01 TCGA-BH-A18K-11 TCGA-C8-A12 U-01 

TCGA-AO-AOJ9-01 TCGA-D8-A1JK-01 TCGA-AO-Al KP-01 TCGA-LL-ASYM-01 



TCGA-AR-A24V-01 TCGA-AC-A23H-01 TCGA-E2-A159-01 TCGA-AC-A4ZE-01 

TCGA-B H-A18Q-01 TCGA-0 L-A97C-01 TCGA-E2-A1Ll-01 TCGA-BH-AOB4-01 

TCGA-AQ-AOYS-01 TCGA-OL-A66H-01 TCGA-BH-A18V-06 TCGA-S3-A6ZG-01 

TCGA-AO-A03V-01 TCGA-AR-A24U-01 TCGA-AO-AOJ4-01 TCGA-BH-AOEl-11 

TCGA-A R-AlAL-01 TCGA-OL-ASRX-01 TCGA-BH-AOBl-01 TCGA-BH-AOBJ-01 

TCGA-BH-AOB0-01 TCGA-LL-A740-01 TCGA-BH -AOBS-01 TCGA-AN-AOFX-01 

TCGA-A2-AOCR-01 TCGA-E2-A11F-01 TCGA-E9-A1Nl -01 TCGA-C8-A132-01 

TCGA-AC-A3TM-01 TCGA-E9-ASFL-01 TCGA-E9-A6HE-01 TCGA-BH-AB28-01 

TCGA-A8-A08H-01 TCGA-BH-A18U-01 TCGA-B6-A400-01 TCGA-E9-A1N9-11 

TCGA-E2-A1BD-01 TCGA-BH-A203-01 TCGA-E9-A244-01 TCGA-E2-A572-01 

TCGA-A8-A09M-01 TCGA-D8-A1JG-01 TCGA-AC-A2FM -11 TCGA-E2-A105 -01 

TCGA-AC-A23H-11 TCGA-E2-A150-01 TCGA-BH-AOBQ-01 TCGA-B6-A2IU -01 

TCGA-AN-A03Y-01 TCGA-AC-A2Ql -01 TCGA-GM-A2D9-01 TCGA-BH-ASIZ-01 

TCGA-A 7-A26G-01 TCGA-C8-A275-01 TCGA-BH-A18J-01 TCGA-AR-AOTV-01 

TCGA-AN-AOAL-01 TCGA-E2-A153-11 TCGA-Al-AOSH -01 TCGA-A8-A08C-01 

TCGA-AO-A12 F-01 TCGA-B6-AOIG-01 TCGA-BH-AODL-11 TCGA-V7-A7HQ-01 

TCGA-A2-A0SU-01 TCGA-A2-AOT0-01 TCGA-A8-A093-01 TCGA-LL-ASYN-01 

TCGA-B H-AOBV-11 TCGA-AQ-A540-01 TCGA-EW-A1P6-01 TCGA-S3-AA14-01 

TCGA-A8-A099-01 TCGA-EW-AlJS-01 TCGA-BH-A181 -01 TCGA-BH-AlEV-01 

TCGA-C8-A27 A-01 TCGA-A2-A1FX-01 TCGA-BH-AOH7-01 TCGA-A2-AOC0-01 

TCGA-E2-A14W-01 TCGA-BH-AOGY-01 TCGA-BH-A18V-11 TCGA-BH-AOE0-11 

TCGA-D8-A1XU -01 TCGA-E9-A1RB-01 TCGA-AR-Al AN-01 TCGA-E9-A1N F-11 

TCGA-A8-A09E-01 TCGA-E9-A1R4-01 TCGA-A2-AOCX-01 TCGA-AO-AOJC-01 

TCGA-B H-AlES-01 TCGA-E2-A15C-01 TCGA-C8-A12Y-01 TCGA-A2-A1FZ-01 

TCGA-AO-A03T-01 TCGA-BH-AlFE-01 TCGA-BH-AOB0-01 TCGA-GM-A2Dl -01 

TCGA-AO-A125-01 TCGA-EW-A2FS-01 TCGA-E2-A11J -01 TCGA-OL-A661 -01 

TCGA-D8-A1XJ-01 TCGA-BH-AlFC-01 TCGA-D8-A1JB-01 TCGA-AN-AOXW-01 

TCGA-A7-A0DB-11 TCGA-BH-AOHB-01 TCGA-A8-A08S-01 TCGA-A 7-AOCE-01 

TCGA-A2-A0SX-01 TCGA-AC-A2FK-01 TCGA-B6-AORl-01 TCGA-A 7-A6VX-01 

TCGA-E2-A1LS-01 TCGA-E2-A158-01 TCGA-C8-A12X-01 TCGA-A8-A086-01 

TCGA-AQ-A04J -01 TCGA-AR-AlAH-01 TCGA-AC-A2FM-01 

TCGA-AR-A24N -01 TCGA-E2-A15S-01 TCGA-BH-A6R8-01 

TCGA-AC-A2QH-01 TCGA-BH-A1F2-01 TCGA-AR-AOTR-01 

TCGA-MS-ASlU-01 TCGA-AR-A240-01 TCGA-AC-A62X-01 

TCGA-BH-AODX-01 TCGA-B6-AOWT-01 TCGA-AC-A62Y-01 

TCGA-AN-AOXL-01 TCGA-BH-AOAW-01 TCGA-AR-AlAK-01 

TCGA-B6-AOWX-01 TCGA-BH-AOBC-11 TCGA-AC-A2 B8-01 

TCGA-EW-AlOZ-01 TCGA-BH-AODG-11 

TCGA-Al-AOSF-01 TCGA-E9-A1N4-01 

TCGA-A2-AOER-01 TCGA-AN-A041-01 

TCGA-D8-A1XZ-01 TCGA-A2-AOTS-01 

TCGA-A2-AOCL-01 TCGA-E2-A109-01 



TCGA-EW-AlPB-01 TCGA-OL-A66J -01 

TCGA-B6-A1KF-01 TCGA-AR-A24K-01 

TCGA-A2-AOE0-01 TCGA-E9-A1N F-01 

TCGA-B6-A40B-01 TCGA-E2-A56Z-01 

TCGA-BH-AlFR-01 TCGA-AR-A24L-01 

TCGA-AO-AOJA-01 TCGA-S3-AA17-01 

TCGA-A2-AOEM-01 TCGA-D8-A1JJ -01 

TCGA-A2-A3XX-01 TCGA-E2-A155-01 

TCGA-AQ-A1H2-01 TCGA-D8-A13Z-01 

TCGA-A7-A13G-11 TCGA-E9-A1R0-01 

TCGA-A2-A1G6-01 TCGA-A7-A3RF-01 

TCGA-A8-A09K-01 TCGA-BH -AOAU-11 

TCGA-BH-AODD-11 TCGA-A2-AOCS-01 

TCGA-BH-AlFD-01 TCGA-A2-A25B-01 

TCGA-A8-A085-01 TCGA-B6-AORT-01 

TCGA-AN-AOFZ-01 TCGA-BH-AlEN-01 

TCGA-A 7-AOCD-01 TCGA-C8-A12K-01 

TCGA-AO-AOJ6-01 TCGA-S3-AAOZ-01 

TCGA-A8-A07Z-01 TCGA-Al-AOSG -01 

TCGA-EW-AlPA-01 TCGA-GM-A2DA-01 

TCGA-BH-AOAV-01 TCGA-A8-A082-01 

TCGA-E9-A2JT-01 TCGA-A7-ASZV-01 

TCGA-86-AOXl-01 TCGA-A7-A56D-01 

TCGA-AO-AOJ8-01 TCGA-BH-AOAZ-11 

TCGA-A7-A0DB-01 TCGA-A 7-A13 F-01 

TCGA-AC-A61X-06 TCGA-A7-ASZW-01 

TCGA-E9-A1R7-11 TCGA-A7-AOCE-11 

TCGA-BH-A1F2-11 TCGA-EW-AlP0-01 

TCGA-E2-A15L-01 TCGA-C8-A8HR-01 

TCGA-A2-A3XW-01 TCGA-D8-A1XY-01 

TCGA-E9-A1RC-01 TCGA-AC-A3BB-01 

TCGA-AO-AOJD-01 TCGA-A7-A13E-01 

TCGA-GM-A3NY-01 TCGA-BH-A8FZ-01 

TCGA-86-AlKl -01 TCGA-A2-A4S2-01 

TCGA-BH-A1F8-11 TCGA-AR-A24W-01 

TCGA-A8-A07G-01 TCGA-BH-AOHA-01 

TCGA-LL-A9Q3-01 TCGA-AN-AOAJ -01 

TCGA-GM-A2DK-01 TCGA-A2-AOYD-01 

TCGA-AR-AlAX-01 TCGA-D8-A27E-01 

TCGA-E9-A1N4-11 TCGA-B6-AOX7-01 

TCGA-AO-A126-01 TCGA-AO-A129-01 

TCGA-BH-AOD0-01 TCGA-A8-A08F-01 



TCGA-AN-AOX0-01 TCGA-D8-A27W-01 

TCGA-A2-A4RW-01 TCGA-A8-A09G-01 

TCGA-E2-A11H-01 TCGA-AC-A23E-Ol 

TCGA-AO-A12 B-01 TCGA-E9-A3X8-01 

TCGA-A8-A081-01 TCGA-A2-A04V-01 

TCGA-E9-Al N H-01 TCGA-E2-AlOC-01 

TCGA-EW-A2FV-01 TCGA-EW-AllX-01 

TCGA-D8-A27L-01 TCGA-E9-A22 B-01 

TCGA-AR-AOTZ-01 TCGA-GM-A3NW-01 

TCGA-C8-A2 7B-01 TCGA-BH-A18N-11 

TCGA-A8-A06R-01 TCGA-BH -AOW7-01 

TCGA-B H-AOCl-01 TCGA-BH-AODE-01 

TCGA-B6-AOIB-01 TCGA-C8-A278-01 

TCGA-D8-AlXD-Ol TCGA-BH-A18G-Ol 

TCGA-A 7-AODA-01 TCGA-E2-A574-01 

TCGA-OL-ASD7-01 TCGA-D8-A73X-01 

TCGA-BH-AODP-11 TCGA-AR-AlAS-01 

TCGA-C8-A26Y-01 TCGA-D8-A1XM-01 

TCGA-A2-A4RY-01 TCGA-HN-A20B-01 

TCGA-E2-A107-01 TCGA-AC-A2FG-01 

TCGA-EW-AlPC-01 TCGA-BH-AlFE-06 

TCGA-AO-Al2E-01 TCGA-AQ-A04H-01 

TCGA-A2-AOT3-0l TCGA-E9-A249-01 

TCGA-E9-A245-01 TCGA-B6-AOl2-01 

TCGA-A8-A08X-01 TCGA-BH-AlET-01 

TCGA-A8-A07 J-01 TCGA-A8-A08B-01 

TCGA-A8-A094-01 TCGA-BH-A185-11 

TCGA-EW-A1P3-01 TCGA-Al-AOSJ-01 

TCGA-EW-A65B-01 TCGA-BH-AODL-01 

TCGA-B H-A209-11 TCGA-AR-AlAl-01 

TCGA-C8-A1H L-01 TCGA-A2-AOD4-01 

TCGA-B6-AlKN-01 TCGA-E9-A22E-01 

TCGA-BH-AlFE-11 TCGA-E2-A11N -01 

TCGA-BH-AlFR-11 TCGA-D8-A1J H-01 

TCGA-AQ-A04L-01 TCGA-EW-AlPE-01 

TCGA-AC-A 7VB-01 TCGA-BH-AOWA-01 

TCGA-AR-A24Z-01 TCGA-AR-AlAT-01 

TCGA-BH-AOHW-01 TCGA-A8-A091-01 

TCGA-U U-A93S-01 TCGA-BH-AOW3-01 

TCGA-A2-A04W-01 TCGA-D8-A 73W-01 

TCGA-BH-AOB7-01 TCGA-LL-A442-01 

TCGA-BH-AODl -01 TCGA-E2-A15G-01 



TCGA-E2-A2P6-01 TCGA-EW-A1P8-01 

TCGA-3C-AAAU-01 TCGA-BH-AlEU-11 

TCGA-A8-AOA 7-01 TCGA-AR-AlAM-01 

TCGA-B H-Al FC-11 TCGA-BH-A204-11 

TCGA-B H-Al ET-11 TCGA-A8-A07S-01 

TCGA-EW-A1P7-01 TCGA-HN-A2NL-01 

TCGA-BH-AOBV-01 TCGA-AO-A12G-01 

TCGA-G M-A2DB-01 TCGA-BH-AOHK-01 

TCGA-Al-AOSl-01 TCGA-E9-A1 N 6-01 

TCGA-B6-AOl9-01 TCGA-A8-A07R-01 

TCGA-E9-A1NS-11 TCGA-E9-A295-01 

TCGA-A8-A092-01 TCGA-A8-A096-01 

TCGA-EW-AllW-01 TCGA-A8-A080-01 

TCGA-BH-A1F8-01 TCGA-BH-A42U -01 

TCGA-E9-A1 RG-01 TCGA-BH -A18M-11 

TCGA-A2-AOEN -01 TCGA-AC-A2F0-01 

TCGA-A 7-A13 F-11 TCGA-LL-A73Y-01 

TCGA-B H-AOBQ-11 selected_samples 

TCGA-BH-AlEX-01 TCGA-AC-A23C-01 

TCGA-E2-A1B5-01 TCGA-BH-A18H -01 

TCGA-A8-A07B-01 TCGA-EW-AlOY-01 

TCGA-B6-AORG-01 TCGA-A8-A09T-01 

TCGA-BH-A6R9-01 TCGA-A8-A08T-01 

TCGA-OL-A6VR-01 TCGA-BH -AOE2-01 

TCGA-A 7-AOCH -01 TCGA-E2-A1B0-01 

TCGA-E2-A1BC-01 TCGA-E2-A14S-01 

TCGA-A7-AOCH -11 TCGA-BH-AOC3-11 

TCGA-AR-A24M-01 TCGA-A2-AOEX-01 

TCGA-5 L-AAT0-01 TCGA-B6-AOWW-01 

TCGA-A2-AOCZ-01 TCGA-E2-A570-01 

TCGA-BH-AlFD-11 TCGA-C8-A137-01 

TCGA-A8-A08P-01 TCGA-BH-AOH0-01 

TCGA-AC-A80R-01 TCGA-BH-AOC0-01 

TCGA-B6-A3ZX-01 TCGA-E2-A1LS-11 

TCGA-BH-AOBL-01 TCGA-AR-A252-01 

TCGA-E9-A22G-01 TCGA-3C-AALK-01 

TCGA-A2-AOT7-01 TCGA-A 7-A4SE-01 

TCGA-AC-A6N0-01 TCGA-LD-A7WS-01 

TCGA-C8-A3M7-01 TCGA-AR-AlAJ -01 

TCGA-A7-A2KD-01 TCGA-BH-AOHS -01 

TCGA-OL-A660-01 TCGA-A8-A07E-01 

TCGA-C8-A134-01 TCGA-BH-A18F-01 



TCGA-C8-A12Z-01 TCGA-AN -A04D-01 

TCGA-C8-A1H K-01 TCGA-BH-AOB8-01 

TCGA-AO-AOJ3-01 TCGA-BH -AOEB-01 

TCGA-EW-A3E8-01 TCGA-AN -AOFL-01 

TCGA-LL-A73Z-0 1 TCGA-AR-A2LK-01 

TCGA-A8-A09Q-01 TCGA-A8-A09Z-01 

TCGA-Al-AOSK-01 TCGA-EW-A3U0-01 

TCGA-LL-A6 FR-01 TCGA-A8-A07 P-01 

TCGA-EW-AlOW-01 TCGA-AN-AOFF-01 

TCGA-D8-A1X9-01 TCGA-A8-A08J -01 

TCGA-E2-A576-01 TCGA-BH -AOGZ-01 

TCGA-BH-AOBP-01 TCGA-AR-A254-01 

TCGA-E2-A15 K-11 TCGA-A8-A08L-01 

TCGA-EW-A6SA-01 

TCGA-BH-AOE0-01 

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-A61V-01 

TCGA-B H-AOH F-01 

TCGA-AN -AOXP-01 

TCGA-GM-A3XL-01 

TCGA-BH-A28Q-01 

TCGA-A2-A04T-01 



ANNEXED 



MDHl CRYLl PGD UBB 

GOT2 DCXR PGLS UBC 

SLC2A3 EPM2A PGM1 UGP2 

PFKM G6PC3 PGM2 XYLB 

PFKL G6PD PHKA1 

PGAM2 GAA PHKA2 

GCK GALE PHKB 

SLC2Al GALKl PHKGl 

MDH2 GALT PHKG2 

HK2 GBEl POM121 

EN03 GYGl PPP2CA 

DLD GYG2 PPP2CB 

GPI GYS1 PPP2R1A 

PGAM1 KHK PPP2R1B 

PC MGAM PPP2R5D 

PDHAl PPP1R3C PRKACA 

FBPl NHLRCl PRKACB 

GAPDH NUP107 PRPSl 

EN02 NUP133 PRPS2 

HK3 NUP153 PYGB 

ALDOA NUP155 PYGL 

HKl NUP160 PYGM 

DLAT NUP188 RAE1 

LDHB NUP205 RANBP2 

SLC2A4 NUP210 RPE 

PDHB NUP214 RPIA 

PGKl NUP35 RPS27A 

LDHA NUP37 SLC25A10 

PDHX NUP43 SLC25A11 

GOTl NUPSO SLC25A12 

PFKP NUP54 SLC25A13 

ENOl NUP62 SLC25Al 

ALDOC NUP85 SLC37A4 

SLC2A5 NUP88 SLCSAl 

AAAS NUP93 SLC5A3 

ADPGK NUP98 SLC5A9 

AGL NUPL2 SORD 

AKR1A1 PCK2 TALD01 

AKR1B1 PFKFBl TKT 

AMY2B PFKFB2 TPll 

B4GALT1 PFKFB3 TPR 

CALM1 PFKFB4 UBA52 



ANNEXEE 



ATPSB NDUFB1 ATP6AP2 

ATPSCl NDUFB10 GZMB 

ATPSD NDUFB2 NDUFAll 

ATPSE NDUFB3 UQCRH 

ATPSFl NDUFB4 

ATPSGl NDUFB5 

ATPSG2 NDUFB6 

ATPSG3 NDUFB7 

ATPSH NDUFB8 

ATPSI NDUFB9 

ATPSJ NDUFCl 

ATPSJ2 NDUFC2 

ATPSL NDUFSl 

ATPSO NDUFS2 

ATPSS NDUFS3 

ATPIFl NDUFS4 

COXll NDUFSS 

COXlS NDUFS6 

COX17 NDUFS7 

COX411 NDUFS8 

COXSA NDUFVl 

COXSB NDUFV2 

COX6Al NDUFV3 

COX6Bl SCOl 

COX6C SDHA 

COX7Al SDHB 

COX7A2 SDHC 

COX7A2L SDHD 

COX7B SLC25A14 

COX7C SLC25A27 

COX8A SLC25A4 

NDUFAl SLC25A5 

NDUFAlO SLC25A6 

NDUFA2 SURFl 

NDUFA3 UCP2 

NDUFA4 UCP3 

NDUFAS UQCRB 

NDUFA6 UQCRCl 

NDUFA7 UQCRC2 

NDUFA8 UQCRFSl 

NDUFA9 ATPSAl 

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 c 

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 

44.1 

44 .1 

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 leukocyte disease 39.7 

blood coagulation disease leukocyte disease 39.7 

bone disease lower respiratory tract disease 39.5 

hypersensitivity reaction type ii disease intestinal disease 39.5 

hepatobiliary disease kidney disease 38.8 

connective tissue cancer sarcoma 38.8 

intestinal cancer male reproductive organ cancer 38.8 

hematologic cancer lung cancer 38.7 

intestina l disease lower respiratory tract disease 38.5 

hepatobiliary disease hypersensitivity reaction type ii disease 38.4 

kidney disease vascular disease 38.3 

bone disease vascular disease 38.3 

female reproductive organ cancer ma le reproductive organ cancer 38.1 

borjeson-forssman -lehmann syndrome coffin-siris syndrome 38.1 

ichthyosis vulgaris x-linked ichthyosis 38.1 

klippel -t renaunay syndrome proteus syndrome 38.1 

hepatobiliary disease primary bacterial infectious disease 37.8 

kidney disease nutrition disease 37.6 

brain disease specific developmental disorder 37.6 

angioedema complement deficiency 37.4 

heart disease kidney disease 37.4 

hematologic cancer liver cancer 37.3 

bone disease hematologic cancer 37.2 

hematologic cancer vascu lar disease 37.2 

breast cancer vascular disease 36.8 

carbohydrate metabolism disease lower respiratory tract disease 36.8 

hepatobiliary disease intestinal disease 36.7 

hereditary mucosal leukokeratosis pachyonychia congenita 36.7 

short qt syndrome timothy syndrome 36.6 

carbohydrate metabolism disease vascu lar disease 36.5 

lung cancer male reproductive organ cancer 36.4 

bone disease kidney disease 36.4 

breast cancer male reproductive organ cancer 36.3 

female reproductive organ cancer melanoma 36.3 

dermatitis upper respiratory tract disease 36.0 

carbohydrate metabolism disease heart disease 36.0 

bra in disease neurodegenerative d isease 36.0 

bra in disease deve lopmental disorder of mental health 35.8 

multiple cutaneous and mucosal venous 

klippe l-trenaunay syndrome malformations 35.7 



lower respiratory tract disease vascular disease 35 .7 

intestinal disease primary bacterial infectious disease 35.5 

intestinal cancer melanoma 35.4 

diarrhea leukocyte disease 35.3 

hematologic cancer intestinal cancer 35 .3 

female reproductive organ cancer hematologic cancer 35.3 

leukocyte disease upper respiratory tract disease 35.3 

bone disease eye and adnexa disease 35.3 

lower respiratory tract disease primary bacterial infectious disease 35.2 

intestinal disease kidney disease 35.2 

carbohydrate metabolism disease pancreas disease 35.2 

intestinal cancer pancreatic cancer 35.0 

epidermolytic hyperkeratosis monilethrix 34.9 

hepatobiliary disease lower respiratory tract disease 34.8 

hea rt d isease lower respiratory tract disease 34.8 

female reproductive system disease infertility 34.5 

carbohydrate metabolism disease hypersensitivity reaction type ii disease 34.5 

epidermolytic hyperkeratosis ichthyosis vulgaris 34.5 

eye and adnexa disease vascular disease 34.4 

eye and adnexa disease kidney disease 34.4 

spinal cord disease tropical spastic paraparesis 34.4 

malignant glioma pancreatic cancer 34.3 

carbohydrate metabolism disease hepatobiliary disease 34.2 

bardet-biedl syndrome nephronophthisis 34.2 

multiple cutaneous and mucosal venous 

malformations proteus syndrome 34.2 

dermatitis leukocyte disease 34.2 

sickle cell anemia thalassemia 34.1 

lung cancer melanoma 34.0 

parasitic protozoa infectious disease primary bacterial infectious disease 33.8 

dementia toxic encephalopathy 33.8 

male reproductive organ cancer melanoma 33.6 

bone disease carbohydrate metabolism disease 33.5 

bannayan-riley-ruvalcaba syndrome cowden disease 33.3 

chickenpox herpes zoster 33.3 

cardiofaciocutaneous syndrome costello syndrome 33.3 

malignant glioma peripheral nervous system neoplasm 33.3 

angelman syndrome prader-willi syndrome 33 .3 

hypersensitivity reaction type ii disease primary bacterial infectious disease 33.3 

dermatitis mouth disease 33.2 



eye and adnexa disease 

hematologic cancer 

nutrition disease 

adenoma 

human immunodeficiency virus infectious 

disease 

liver cancer 

ichthyosis vu lga ris 

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 

ru bel la 

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 

32.5 

32.4 

32.4 

32 .3 

32 .3 

32 .3 

32 .3 

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 

31.6 

31.6 

31.4 

31.4 



asphyxiating thoracic dystrophy ellis-van creveld syndrome 31.3 

anemia parasitic protozoa infectious disease 31.2 

hematologic cancer melanoma 31.2 

breast cancer neurodegenerative disease 31.2 

anemia hepatobiliary disease 31.2 

factor xi deficiency factor xii deficiency 31.1 

mouth disease psoriasis 31.1 

breast cancer melanoma 31.0 

anemia leukocyte disease 30.9 

adrenal gland disease endocrine organ benign neoplasm 30.9 

edwards syndrome patau syndrome 30.9 

head and neck carcinoma oral cavity cancer 30.9 

lipid metabolism disorder lysosomal storage disease 30.9 

hypersensitivity reaction type iv disease lymph node disease 30.9 

kidney disease muscle tissue disease 30.8 

brain disease vascular disease 30.7 

lung cancer pancreatic cancer 30.7 

hypersensitivity reaction type ii disease melanoma 30.7 

bone disease breast cancer 30.6 

esophagealcancer head and neck carcinoma 30.5 

melanoma pancreatic cancer 30.5 

brain disease carbohydrate metabolism disease 30.5 

lower respiratory tract disease melanoma 30.5 

collagen disease systemic lupus erythematosus 30.5 

lipid metabolism disorder pancreas disease 30.5 

hematologic cancer male reproductive organ cancer 30.4 

hepatobiliary disease nutrition disease 30.3 

carbohydrate metabolism disease intestinal disease 30.3 

eye and adnexa disease neurodegenerative disease 30.2 

kidney disease male reproductive organ cancer 30.1 

psoriasis upper respiratory tract disease 30.1 
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