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Préambule

Cette partie donne un aperçu du contexte scientifique de mes activités de recherche pour
l’inférence statistique de réseaux de régulation de gènes (mentionnées dans les sections 2.1.2,
2.2.3, 2.3.3 et 4.3) et d’extraction de caractéristiques de séquence ADN associées à la régulation
de l’expression (mentionnées dans les sections 3.2.1, 3.2.2 et 4.1).

Ces travaux se placent dans la continuité de mes travaux de thèses pour l’inférence statistique
des réseaux de gènes. Les plus anciens ont été menés en collaboration avec Dirk Husmeier
(BIOSS, Edinburgh) et Frank Dondelinger (BIOSS, Edinburgh). Une grande partie a été réalisée
grâce à une collaboration pluridisciplinaire avec Laurent Bréhélin (LIRMM, Montpellier) et
Charles Lecellier (IGMM, LIRMM, Montpellier), et plus récemment avec Joseph Salmon
(IMAG, Montpellier) ainsi qu’Antoine Martin (IPSIM, Montpellier). Ils sont en grande partie
le résultat de la qualité et de l’investissement des jeunes docteur.e.s que nous avons eu le plaisir
de co-encadrer : May Taha, Raphaël Roméro, Florent Bascou et Océane Cassan, ainsi
que d’une partie des travaux de thèse de Christophe Menichelli et du projet post-doctoral de
Jimmy Vandel.

Dans un autre domaine d’application, la thèse CIFRE de Faustine Bousquet, co-encadrée
avec Christian Lavergne (IMAG, Montpellier) a permis une contribution (présentée en Annexe
C) pour la prédiction du taux de clics à partir de modèles de mélange de données longitudinales
et non-gaussiennes.
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Chapitre 1

Introduction
L’inférence statistique pour la reconstruction de réseaux de régulation de gènes à grande échelle

est un domaine de recherche qui est apparu avec l’acquisition de données quantitatives d’expres-
sion, d’abord avec les puces à ADN ou microarray (Schena et al., 1995) puis avec le séquençage
à haut débit ou RNA-Seq (Chu and Corey, 2012). Ces données permettent d’avoir une mesure
instantanée du niveau d’expression de l’ensemble des gènes d’un organisme, voire de tous les trans-
crits avec le RNA-Seq (gènes codants ou non, microARN, . . . ) et ce, dans une condition spécifique
(traitement, type de cellule, . . . ) et/ou à un instant précis d’un processus biologique. C’est une
information globale (à l’échelle du génome entier), qui suscite un vif intérêt en biologie et en sta-
tistique (Mochida et al., 2018; Erbe et al., 2022) et requiert une attention particulière en termes
de modélisation (Angelin-Bonnet et al., 2018).

La complexité en jeu et le relativement faible nombre de réplicats biologiques (répétitions de
la même expérience permettant de mesurer la variabilité) place généralement ce problème dans un
contexte de grande dimension. Les réseaux biologiques sont connus pour être modulaires (Segal
et al., 2001). De nombreux ensembles de gènes ont des comportements similaires. La sélection de
variables dans ce contexte de grande dimension et de forte corrélation entre variables explicatives
représente un réel défi statistique (Wasserman and Roeder, 2009; Hastie et al., 2020), en particulier
dans un objectif explicatif (Murdoch et al., 2019; Belle and Papantonis, 2021). Bien que des
résultats de prédiction soient utilisés pour évaluer la qualité des modèles, il s’agit davantage de
comprendre le processus observé et d’identifier l’ensemble des facteurs impliqués, que de prédire
le niveau d’expression des gènes. En pratique, l’analyse des mécanismes de régulation requiert une
succession d’étapes (normalisation, pré-sélection, . . . ) à l’issue desquelles il est particulièrement
difficile d’évaluer la significativité des résultats (Boulesteix and Hoffmann, 2022).

Par ailleurs, de nombreux niveaux d’observation des mécanismes de régulation des gènes sont
accessibles (Djebali et al., 2012). On est capable de mesurer précisément l’ouverture de chro-
matine (ATAC-seq), la fixation de facteurs de transcription (ChIP-seq, DNase footprinting), les
sites d’initiation de la transcription (CAGE-seq), . . . La qualité et la quantité des données aug-
mente (Mardis, 2017), et leur accès est facilité par le développement de vastes bases de données
issues de projets tels que ENCODE, TCGA, FANTOM, GTEx. Aussi, il existe un besoin crois-
sant d’approches multivariées efficaces à même d’intégrer des données hétérogènes et de grande
dimension (Rohart et al., 2017; Mariette and Villa-Vialaneix, 2018; Mollandin et al., 2022; Vahabi
and Michailidis, 2022).

Ce manuscrit traite essentiellement des questions de modélisation, d’intégration de données
hétérogènes et de sélection de variables, dans le contexte de l’étude des mécanismes de régulation
des gènes. Le chapitre 2 est dédié aux méthodes d’inférence statistique de réseaux de régulation
de gènes à partir de données d’expression uniquement, et avec intégration de données Omics. Le
chapitre 3 présente des développements récents pour l’extraction de caractéristiques de séquence
ADN associées à la régulation des gènes. Le chapitre 4 aborde la question - essentielle dans
un objectif explicatif - de la mesure de l’importance des variables, dans un contexte de grande
dimension et de forte corrélation propre aux données Omics. Des perspectives de recherche sont
proposées dans le chapitre 5.
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Chapitre 2

Inférence de réseaux de régulation de
l’expression des gènes

2.1 Modélisation

Cette section présente les grandes catégories de modèles utilisés pour l’inférénce de GRN à
partir de données d’expression à grande échelle.

2.1.1 Modèles graphiques

Dépendances univariées (Relevance network) Les premières approches ont consisté à iden-
tifier les liens 2 à 2 entre les niveaux d’expression des gènes (relevance network) sur la base d’une
distance telle que la corrélation (WGCNA Langfelder and Horvath (2008) ou l’information mutuelle
Butte and Kohane (2000) (ARACNE (Margolin et al., 2006), ARACNE-AP (Lachmann et al., 2016),
CLR (Faith et al., 2007), MRNET (Meyer et al., 2007), minet (Meyer et al., 2008)). L’ensemble des
liens identifiés définissent les arêtes d’un réseau non-orienté. Ces approches identifient des groupes
de gènes co-exprimés, potentiellement impliqués dans un même processus biologique.

Modèles graphiques gaussiens (GGM) Les GGM fournissent un cadre théorique pour mo-
déliser les dépendances multivariées. On considère un vecteur aléatoire auquel on associe un graphe
non dirigé, où chaque noeud correspond à une variable du vecteur (ici, le niveau d’expression d’un
gène). Une arête n’est pas présente entre deux noeuds si les variables aléatoires correspondantes
sont indépendantes conditionnellement aux variables restantes. Dans un cadre gaussien, une in-
dépendance conditionnelle entre deux éléments du vecteur aléatoire correspond exactement à une
valeur nulle dans la matrice de concentration (c’est-à-dire l’inverse de la matrice de covariance)
(Lauritzen and Lauritzen, 1996; Pearl, 1988; Whittaker, 1990). Ainsi, il s’agit de détecter les
éléments non nuls dans la matrice de concentration.

Le passage à l’échelle (considérer plusieurs centaines de gènes simltanément) avec un nombre
limité d’observations place cette problématique dans le contexte de la grande dimension “small
n, large p”. Traditionnellement, dans le cadre des modèles graphiques, un algorithme glouton
forward-backward est utilisé pour déterminer les coefficients nuls (Lauritzen and Lauritzen, 1996;
Whittaker, 1990) mais cette méthode est computationnellement intractable, même pour un nombre
modéré de variables (Banerjee et al., 2008). Cependant, les réseaux de régulation sont parcimonieux
(ou sparse). On cherche un nombre d’arêtes relativement petit. D’un point de vue statistique, cette
information a priori de parcimonie permet une réduction de dimension mise à contribution dans de
nombreux développements en statistique. On retrouve notamment des approches reposant sur des
heuristiques et tests statistiques (Wille and Bühlmann, 2006; Castelo and Roverato, 2006; Drton
and Perlman, 2007, 2008) ; des méthodes d’inférence bayésienne (Dobra et al., 2004; Jones et al.,
2005) qui restent limitées en terme de dimension.

L’inférence de GGM à partir d’une régularisation en norme l1 via le Lasso (Tibshirani, 1996) a
été particulièrement explorée. d’Aspremont et al. (2005) utilise l’approche sparse PCA (Zou et al.,
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2006). Meinshausen and Bühlmann (2006) utilise un simple Lasso pour la régression linéaire et
montrent que l’estimateur résultant est consistent, même pour les graphes en grande dimension.
Cette approche est ensuite améliorée ensuite par Yuan and Lin (2007) à l’aide d’un critère de type
BIC puis Banerjee et al. (2008) en améliorant les algorithmes d’optimisation de deux façons :
(i) une descente de gradient par bloc ou (ii) un algorithme de premier ordre (Nesterov, 2005).
Friedman et al. (2008) propose le graphical Lasso, une version modifiée du lasso dédiée à l’inférence
d’une matrice de concentration parcimonieuse. D’autres approches utilisant une régularisation ont
été proposées. Schäfer and Strimmer (2005) considèrent une combinaison d’estimateurs (dont des
estimateurs pénalisés) implémentée dans le package R GeneNet. Ambroise et al. (2009) utilise les
caractéristiques modulaire des réseaux de régulation dans le package R SIMoNe.

Réseaux bayésiens Parmi les modèles graphiques, les réseaux bayésiens (Pearl, 1988) sont
également largement utilisés pour la modélisation de réseaux de régulation. Contrairement aux
GGM, les réseaux bayésiens sont définis par un graphe orienté, qui correspond à une factorisation
de la densité jointe de l’ensemble des variables. Ce graphe permet également d’identifier des indé-
pendances conditionnelles entre deux variables. Cependant, ce graphe est soumis à la contrainte
d’être acyclique (DAG pour Directed Acyclic Graph), ce qui complique à la fois la modélisation
(les réseaux de régulation contiennent des boucles, notamment des boucles de rétroactions) et
l’interprétation des arêtes (il faut construire le graphe moral associé au DAG pour identifier les
indépendances conditionnelles) (Lauritzen and Lauritzen, 1996). L’estimation de la structure du
graphe a succité quelques dévelopements statistiques (Friedman and Koller, 2003; Grzegorczyk
and Husmeier, 2008; Ellis and Wong, 2008)

En pratique, les réseaux bayésiens sont souvent utilisés en présence de données temporelles, via
les réseaux bayésiens dynamiques (Friedman et al., 1998; D’haeseleer et al., 1999) . Dès lors, chaque
gène est représenté par autant de nœuds qu’il y a de points de temps. La recherche de structure du
graphe orienté acyclique (DAG) est alors largement simplifiée car l’information temporelle permet
d’orienter les arêtes. Les parents d’un nœud sont recherchés parmi les nœuds des temps précédents.

Un grand nombre de modélisations dynamiques (à temps discret) se ramènent à un DBN
(Murphy and Mian, 1999), qu’ils soient définis par des modèles discrets, auto-régressifs, HMM ou
non paramétrique (Kim et al., 2003).

Hypothèse non gaussienne (données de comptage) Les développements les plus récents
permettent de modéliser la nature discrète des données de comptages acquise par RNA-Seq dans le
cadre des GGM (Gallopin et al., 2013; Chiquet et al., 2019) et des Réseaux bayésiens dynamiques
(Thorne, 2018).

2.1.2 Modèles dynamiques

Choisir un délai Avec la présence de données temporelles, les approches univariées ont été
utilisées pour quantifier les liens entre les niveaux d’expression des gènes observés à 2 points de
temps successifs (Time-delay ARACNE (Zoppoli et al., 2010), Time-lagged MRNET et Time-lagged
CLR (Lopes et al., 2012). Comme pour les réseaux bayésiens, la difficulté reste à connaître et à être
en mesure d’observer le ‘bon’ délai, qui n’est pas forcément constant et commun à l’ensemble des
gènes (Lopes and Bontempi, 2013).

Equations différentielles Afin de modéliser plus finement la dynamique de régulation de l’ex-
pression, des équations différentielles ont été utilisées pour modéliser plus précisément la dyna-
mique de régulation de l’expression, incluant notamment la dégradation de l’ARNm (Cao et al.,
2012). Les différentes étapes de modélisation (et de génération de données) sont finement décrites
par Angelin-Bonnet et al. (2018). Les équations différentielles sont actuellement utilisées dans les
approches d’inférence à grande échelle telles que dynGenie3 (Huynh-Thu and Geurts, 2018) ou
The Inferelator (Skok Gibbs et al., 2022), décrites plus en détail en section 2.2.

Réseaux non homogènes L’inférence statistique suppose que l’on observe des réplicats d’une
même expérience. Aussi, en l’absence de réplicat biologique (pour un même point de temps), les



réseaux dynamiques sont supposés homogènes au cours du temps : une arête est présente si le lien
entre les 2 variables est observé tout au long du processus. C’est une hypothèse forte car à partir
de données temporelles, on peut s’attendre à une cascade de régulation.

Cette hypothèse a été relâchée de façon à considérer des réseaux non homogènes au cours du
temps, notamment par des approches d’inférence de régularisation en norme l1 pour des graphes de
corrélation sur variables discrétisées (TESLA (Ahmed and Xing, 2009). Plus récemment, l’approche
TDCor (Time Delay Correlation) identifie des cascades de régulations en identifiant des corrélations
sur une plage de temps délimitée à l’intérieur d’une série temporelle (Lavenus and Lucas, 2022).

Andrieu and Doucet (1999) ont proposé une approche MCMC à sauts réversibles pour la
sélection de variables dans le modèle linéaire (avec intégration des coefficients de régression).
Nous avons adapté ces résultats pour l’inférence de réseaux bayésiens dynamiques non homogènes
(NHDBN)dans une méthode nommée ARTIVA (Lèbre et al., 2010). ARTIVA permet de reconstruire
la structure non homogène de réseau sans information a priori sur les positions de rupture.

Nous avons ensuite proposé une amélioration significative de cette approche par l’introduction
de partage d’information entre les structures successives du graphe (Dondelinger et al. (2013) et
disponible en Annexe E). Le partage d’information est introduit en utilisant une loi a priori
pour le choix des arêtes, non pas uniforme comme dans ARTIVA, mais qui dépend des arêtes pré-
sentes dans la structure du réseau de la plage temporelle précédente. Nous avons utilisé une loi a
priori de type exponentiel (un paramètre), puis une loi a priori de type binomial (deux paramètres)
qui permet de différencier le degré de partage d’information des arêtes présentes de celui des arêtes
absentes. Ceci représente un réel avantage dans le contexte des GRN : les réseaux de régulation
étant essentiellement creux, les arêtes absentes sont majoritairement très conservées au cours du
temps. Afin d’obtenir un bon mélange de l’algorithme MCMC, nous avons encore amélioré cette
méthode en ajoutant un mouvement ‘global’ qui propose le changement simultané de la structure
des réseaux de plusieurs phases successives.

2.1.3 Causalité

Des modélisations ont été proposées pour inférer de la causalité. Parmi les plus connus, le PC
algorithm (Spirtes et al., 2000) (package R pcalg) repose sur l’inférence d’un modèle graphique
qui permet d’orienter certaines arêtes, quand les données le permettent. Il a ensuite été étendu au
PC-stable algorithm (Colombo and Maathuis, 2014) afin de rendre l’algorithme indépendant de
l’ordre des variables.

Dans le cadre des GGM, Opgen-Rhein and Strimmer (2007) (package R GeneNet) ont déve-
loppé une approche pour pour inférer l’orientation des arêtes à partir d’un réseau de corrélations
partielles. L’orientation, quand elle est possible, utilise un test statistique qui repose sur le ratio
de variance partielle standardisé (i.e. la variance partielle d’une variable conditionnellement à
l’ensemble des variables divisée par sa variance) entre 2 variables reliée par une arête. Si le ratio
est différent de 1, l’arête est orientée dans le sens de la variable qui a le plus de variance partielle
standardisée, vers celle qui en a le moins. L’idée est qu’on explique bien la variance de la variable
cible (car on connait sa cause). En revanche, la variable parent a une variabilité qui n’est pas
expliquée par les autres variables observées (c’est une variable exogène), son ratio de variance
partielle standardisé reste proche de 1.

Des données interventionnelles, mesurées suite à des modifications génétiques (knock out ou
knock down) sont particulièrement intéressante pour rétablir des liens de causalité, mais coûteuses.
Aussi de nombreux développements ont été proposés pour l’inférence de causalité à partir de
données ‘observationnelles’ (voir Glymour et al. (2019) pour une revue).

Une solution alternative, utilisée depuis les débuts de l’inférence de réseaux pour inférer de la
causalité, consiste à intégrer différentes sources de données. Cette problématique, encore très ac-
tuelle avec le volume et la diversité des données pour l’observation des méchanismes de régulation,
est développée en section 2.3.



2.2 Apprentissage statistique en pratique (Passer à l’échelle)
Parallèlement aux efforts de modélisation, le passage à l’échelle a motivé l’utilisation d’un

simple modèle de régression pour l’inférence de réseaux en grande dimension.

2.2.1 Se ramener à p sous-problèmes de régression
Dans le cadre des modèles graphiques gaussiens (GGM), Meinshausen and Bühlmann (2006)

exploitent le lien étroit entre les coefficients βij du modèle de régression linéaire et l’inverse K =
Σ−1 de la matrice de covariance d’un GGM :

Soit X ∼ N (µ,Σ), K = Σ−1, ∀1 ≤ i ≤ p, Xi =
∑

j 6=i

βijXj + εi, alors ∀i 6= j, βij = −Kij

Kii

et introduisent le graphical Lasso. Un modèle de régression par variable Xi est considéré. La
sélection des coefficients non nuls réalisée par le Lasso (régression pénalisée en norme l1 (Tibshirani,
1996)) permet d’identifier un voisinage de Xi. L’ensemble des arêtes (associées aux corrélations
partielles non nulles) résulte alors de l’intersection ou de l’union de l’ensemble des p voisinages
(avec les mêmes propriétés asymptotiques).

En pratique, afin de reconstruire des réseaux orientés (non acycliques dans le cadre statique),
l’inférence de réseaux est souvent ramenée à p sous-problèmes de régression, sur lesquels repose
la sélection de variables. Pour chaque variable sélectionnée, une arête orientée de la variable
explicative à la variable cible est inclue au réseau inféré. Quelques exemples de modèles utilisés
fréquemment, dans un contexte statique (Eq. (2.1)) ou dynamique (Eq. (2.2, 2.3,2.4)), où toute
fonction f peut être considérée (linéaire ou non) sont listés ci-dessous.

1. Steady State model :
∀1 ≤ i ≤ p, Xi = f(X−i) + εi (2.1)

avec Xi le niveau d’expression du gène i, X−i le vecteur des niveaux d’expression des p− 1
autres gènes et εi l’erreur du modèle.

2. Time-step model :

∀1 ≤ i ≤ p, ∀1 ≤ k < n, Xi(tk+1) = f (X(tk)) + εi (2.2)

3. ODE model :

∀1 ≤ i ≤ p, ∀1 ≤ k < n,
Xi(tk+1)−Xi(tk)

tk+1 − tk
+ αiXi(tk) = f (X(tk)) + εi (2.3)

4. ODE-log model :

∀1 ≤ i ≤ p, ∀1 ≤ k < n,
Xi(tk+1)−Xi(tk)

log(tk+1 − tk)
+ αiXi(tk) = f (X(tk)) + εi (2.4)

avec Xi(tk) le niveau d’expression du gène i observé au temps tk, X(tk) le vecteur des
niveaux d’expression des p gènes, αi le taux de dégradation de l’ARNmessager (ou transcrit)
et εi l’erreur du modèle.

Pour une équation différentielle, cela requiert (i) de construire la variable réponse à partir
des niveaux d’expression du gène i et des temps d’observation tk et (ii) de choisir les paramètres
αi traduisant les taux de dégradation des ARN. Ce paramètre est parfois commun à tous les
gènes (Cirrone et al., 2020). Il est fixé à partir de connaissances biologiques, ou bien estimé sur
les données d’expression (JUMP3 (Huynh-Thu and Sanguinetti, 2015), dynGENIE3 (Huynh-Thu and
Geurts, 2018), The Inferelator (Skok Gibbs et al., 2022)). Ces différentes modélisations étendent
naturellement les approches de régression au cadre dynamique. Dans tous les cas, il s’agit d’estimer
la fonction f pour chaque gène i.

C’est dans le cadre de p sous-problèmes de régression que se place la suite de ce chapitre.



2.2.2 Un aperçu des méthodes d’inférence x logiciels

Les challenges DREAM (Dialogue on Reverse Engineering Assessment and Methods. ont été
organisés pour faire face à une difficulté majeure pour l’inférence statistique de réseaux de régula-
tion : on ne dispose que d’une représentation fragmentaire et partiellement correcte des interactions
entre les gènes. Ces challenges reposent sur des jeux de données artificielles ou réelles avec éléments
de validation.

Les modèles de régression se sont révélé particulièrement performants dans les challenges
DREAM4 Multifactorial Network challenge et DREAM5 Network Inference challenge, et en par-
ticulier les méthodes TIGRESS (Haury et al., 2012) en régression linéaire et GENIE3 (Huynh-Thu
et al., 2010)) en régression non-linéaire comme cela a été analysé et mis en évidence par Marbach
et al. (2012a). Les données collectées et générées pour ce challenge ont été largement ré-utilisées
depuis pour améliorer les choix de modélisation et d’inférence de réseaux (e.g. Greenfield et al.
(2013); Petralia et al. (2015); Huynh-Thu and Geurts (2018); Cirrone et al. (2020)).

Cette section donne un aperçu des grandes catégories de méthodes (et logiciels) pour l’inférence
de réseaux de régulation par régression.

Modèles linéaires régularisés Les approches parmi les plus performantes dans le challenge
DREAM5 (en particulier sur les données artificielles) reposent sur une régularisation en norme l1
ou Lasso pour Least Absolute Shrinkage and Selection operator proposée par Tibshirani (1996).
Grâce à la géométrie de la norme l1, le Lasso réalise simultanément l’estimation des paramètres et
la sélection de variables. Cela permet d’obtenir rapidement une prédiction. En revanche, le calcul de
l’importance des variables nécessite le recours au sous-échantillonnage (Bach, 2008; Meinshausen
and Bühlmann, 2010), en particulier dans un contexte de corrélations élevées (voir section 4.1).

Parmi les packages les plus cités, Haury et al. (2012) ont introduit l’approche nommée TIGRESS
pour Trustful Inference of Gene REgulation using Stability Selection qui utilise l’algorithme LARS
(Least Angle Regression (Efron et al., 2004)) suivie d’une étape de stabilité de sélection. L’algo-
rithme LARS est proche de la sélection pas à pas et du Lasso. A chaque étape de l’algorithme, une
nouvelle variable est ajoutée (celle dont la corrélation avec le résidu est la plus forte). Contraire-
ment à une sélection pas à pas classique, LARS ne ré-estime pas entièrement le modèle à l’inclusion
d’une nouvelle variable, mais l’affine partiellement. Greenfield et al. (2013) utilise l’elasticNet in-
troduit par (Zou and Hastie, 2005) qui repose sur une combinaison des régularisations en norme
l1 et l2, qui est ensuite intégrée à la suite The Inferelator (Skok Gibbs et al., 2022). Guo et al.
(2016) proposent PLSNET, un algorithme de sélection de variables à partir de régression PLS et de
sous-échantillonage.

Forêts aléatoires L’utilisation des forêts aléatoires (RF pour Random Forests) (Breiman, 2001)
pour l’inférence de réseaux de régulation a été introduite par Huynh-Thu et al. (2013) avec l’ap-
proche nommée GENIE3 pour GEne Network Inference with Ensemble of trees. Les RF reposent sur
une agrégation d’arbres de régression. Un arbre de régression ou de classification (CART pour Clas-
sification And Regression Tree (Breiman et al., 1984)) est caractérisé par une succession de règles
de décision (les nœuds de l’arbre) portant sur les valeurs des variables explicatives. Dans un cadre
de régression, les prédictions sont données par la moyenne des observations classées dans chaque
nœud terminal de l’arbre (feuille). Pour plus de robustesse, les forêts aléatoires considèrent une
prédiction moyenne obtenue à partir d’une agrégation d’arbres, chacun arbre étant estimé sur une
modification du jeu de données (sous-échantillon bootstrap et tirage aléatoire d’un sous-ensemble
de prédicteurs).

Plus récemment, le modèle a été adapté à la modélisation dynamique ((Maduranga et al.,
2013), JUMP3 (Huynh-Thu and Sanguinetti, 2015), dynGENIE3 (Huynh-Thu and Geurts, 2018)), à
l’intégration de connaissance a priori sur la présence d’arêtes dans le réseau (iRafNet (Petralia
et al., 2015)), et à la combinaison des deux (OutPredict (Cirrone et al., 2020)). L’estimation
des forêts aléatoires a également été optimisée par un algorithme stochastic gradient boosting
(Friedman, 2002), avec l’approche GRNBOOST (Aibar et al., 2017; Moerman et al., 2019) de façon à
analyser des données cellule unique utilisée dans SCENIC (Aibar et al., 2017; González-Blas et al.,
2022).

https://cd2h.org/node/33


Scores bayésiens avec a priori parcimonieux Le cadre bayésien permet naturellement la
sélection de variables au moyen d’une loi a priori en faveur d’un petit nombre de prédicteurs
(Andrieu and Doucet, 1999). Certaines approches pour l’inférence de réseaux utilisent un score
bayésien, par exemple avec un a priori parcimonieux (Zellner, 1983) dans l’approche BBSR (Baye-
sian Best Subset Regression (Greenfield et al., 2013)) ou bien une loi a priori de la forme d’une
sigmoïde à valeur entre 0 et 1 (fonction logit) dans l’approche MERLIN (Roy et al., 2013). La sé-
lection de modèle se fait par un algorithme glouton, avec un filtre en amont lorsque le nombre de
prédicteurs potentiels est grand. MERLIN propose également de considérer un a priori modulaire
du réseau (section 2.2.4).

Les formes de lois a priori utilisées dans ces deux approches permettent également l’intégration
de données et sont utilisées dans des développements plus récents tel que MERLIN+Prior (Siahpirani
and Roy, 2017) ou The Inferelator (Skok Gibbs et al., 2022). Ces deux approches sont présentées
en section 2.3.3.

Interactions entre prédicteurs Les arbres de régression (et donc les forêts aléatoires) per-
mettent non seulement une modélisation non linéaire, mais aussi reposent par construction sur
des interactions entre prédicteurs (ce que ne fait pas le modèle linéaire par défaut). Bien sûr, dans
un cadre linéaire on peut ajouter l’ensemble des interactions 2 à 2 à la liste des prédicteurs, et
éventuellement considérer des opérateurs logiques AND, OR ou XOR entre prédicteurs comme
dans la première version de The Inferelator (Bonneau et al., 2006), mais cela accroit fortement
le problème de dimension. Dans le contexte de l’inférence de réseaux, le nombre d’observations
disponibles limite dans tous les cas l’ordre des interactions que l’on peut raisonnablement identi-
fier. De nombreux développements en statistique et optimisation ont été proposés pour la sélection
d’interactions dans le modèle linéaire, et sont discutés dans la section 3.2.1.

Single cell Avec le développement des données cellule unique (Single cell), la reconstruction de
réseau est plus récemment considérée à l’échelle de la cellule (Nguyen et al., 2021), en particulier
les approches SCENIC (Aibar et al., 2017), SCENIC+ (González-Blas et al., 2022) et CellOracle
(Kamimoto et al., 2023).

2.2.3 Réduction de dimension, en amont de l’estimation

Quelle que soit la méthode choisie, l’apprentissage et/ou la modélisation des réseaux de régu-
lation sont grandement facilités en réduisant la dimension de l’espace de recherche en amont de
l’inférence. En pratique, de nombreux moyens sont utilisés à partir des données d’expression et de
la connaissance du processus étudié (espèce, conditions, voies de régulation, présence de motifs,
. . . ). Un aperçu des pratiques courantes est donné ci-dessous.

1. (Données) Sélection des conditions expérimentales d’intérêt Un même gène peut
être régulé par différents mécanismes/TF sous différentes conditions. Aussi, pour la recons-
truction d’un seul réseau, il est important de sélectionner un ensemble de conditions au
sein desquelles les mêmes relations de régulations sont en jeu. En revanche, cela diminue
le nombre de conditions exploitables pour l’inférence statistique. Si l’on souhaite conserver
des conditions relativement hétérogènes, une option consiste à relâcher l’hypothèse d’homo-
généité pour considérer une inférence conjointe avec partage d’information entre différentes
plages temporelles (voir section 2.1.2) ou entre différents jeux de données d’expression (voir
section 2.2.4).

2. (Données) Sélectionner les gènes différentiellement exprimés. Beaucoup de gènes
ont un profil plat. dans les conditions d’intérêt. Ils sont généralement retirés de l’analyse.
Différents critères sont utilisés en pratique (Expression différentielle (DIANE, Cassan et al.
(2021), seuil de variance (Miraldi et al., 2019) , . . . ). En plus de limiter le nombre de ré-
gulateurs, cela réduit également le nombre de cibles et donc de modèles de régression à
estimer. Dans le cas d’un grand nombre de conditions expérimentales disponibles, la mé-
thode cMonkey (Reiss et al., 2006) également disponible dans la suite The Inferelator
(Skok Gibbs et al., 2022) propose une approche par bi-clustering pour identifier simultané-



ment des sous-ensembles de gènes et de conditions dans lesquelles les gènes sont co-régulés
(Tâches 1. et 2.).

3. (Connaissances) Pré-sélectionner les gènes qui seront considérés comme régu-
lateurs potentiels C’est ici que se situe le gain le plus important. Utiliser la connaissance
du rôle fonctionnel des gènes permet de réduire drastiquement l’espace de recherche des
prédicteurs. Lorsque l’espèce a été largement étudiée (plante A. thaliana, Souris, Homme),
la plupart des gènes codant pour un facteur de transcription sont déjà connus. On peut
alors chercher les régulateurs parmi ce sous ensemble de gènes. Cela permet une réduction
drastique de l’espace de recherche. Éventuellement, la connaissance de voies metaboliques
(KEGG,Kanehisa et al. (2016)) ou la présence de motifs de fixation de TF dans la région pro-
motrice du gène cible permet d’affiner encore la pré-sélection. Pour les espèces dont les TF
ne sont pas connus, utiliser les annotations telles que les termes GO (The Gene Ontology
Consortium, 2008) pour identifier les gènes annotés comme DNA binding ou Transcription
Factor, ou bien une identification par orthologie à partir d’annotations pour une espèce
proche.

4. (Données) Grouper les prédicteurs corrélés Pour améliorer l’apprentissage statis-
tique, il est souhaitable de regrouper les gènes (parmi les régulateurs potentiels) dont les
profils d’expression sont très similaires. quelle que soit la distance choisie (corrélation, infor-
mation mutuelle, . . . ). Le modèle linéaire par exemple repose sur l’hypothèse que la matrice
des observations des variables explicatives est de plein rang. Bien que des méthodes de ré-
gularisation soient utilisées (Lasso (Tibshirani, 2013), Elastic Net (Zou and Hastie, 2005)),
il est préférable pour l’inférence et pour l’interprétation de regrouper les profils presque
indistinguables. Les distances 2 à 2 ne permettent pas d’identifier directement des groupes
de gènes. Des approches de classification non supervisée sont utilisées pour identifier ces
profils très fortement similaires.

Ce protocole rassemble des pratiques couramment citées mais rarement disponibles dans une
seule et même application, mettant à disposition des méthodes statistiques avancées pour l’infé-
rence de réseaux. Afin de le rendre facilement accessible, et dans un objectif de reproductibilité,
nous avons mis à disposition une application en ligne interactive nommée DIANE (Cassan et al.
(2021) et disponible en Annexe B) pour l’inférence de réseaux à partir des données brutes.
DIANE permet de reproduire ce protocole de réduction de dimension en amont de l’inférence de
réseaux : exploration des données par ACP (package R ade4), analyse différentielle de l’expression
(package R EdgeR (McCarthy et al., 2012) ), pré-sélection des régulateurs annotés comme TF pour
de nombreuses espèces, regroupement des régulateurs les plus corrélés par la méthode de Louvain
(package R igraph). L’application inclut également des outils pour la normalisation des données
(TMM (Robinson et al., 2010) ou DESeq2 (Love et al., 2014)) et pour le clustering de profils
d’expression (package R coseq (Rau and Maugis-Rabusseau, 2018)).

L’inférence de réseaux est proposée à partir du package R GENIE3 (Huynh-Thu et al., 2010).
Nous avons ajouté la possibilité de choisir le critère d’importance MDA au lieu du critère MDI
qui proposé par défaut (voir section 4.2, dédiée à la mesure de l’importance des variables pour
les agrégations d’arbre) et d’associer une p-valeur à chaque arête selon un mode d’estimation non
paramétrique (voir la section 4.3, dédiée à la sélection de variables dans le cadre de l’inférence de
réseaux).

Au sein du réseau estimé, l’identification de modules de gènes avec des similarités de connexion
est proposée à partir du modèle SBM (Stochastic Block Model, package R sbm (Leger, 2016)). Des
enrichissements en termes GO au sein d’un ensemble de gènes peuvent être calculés (package R
clusterProfiler (Yu et al., 2012)).

Depuis sa publication en 2021, l’application DIANE a été utilisée notamment dans 2 contribu-
tions pour l’inférence de réseaux, dans les racines du lupin blanc (Le Thanh et al., 2021) et le
champignon Trichoderma reesei (Beier et al., 2022).

Ces développements nous ont également permis de reconstruire un réseau de régulation de la
réponse à l’élévation du CO2 dans les racines de la plante A. thaliana (Cassan et al., 2023) à
partir d’un plan d’expérience impliquant la combinaison de deux de effets, apport en nitrate et
niveau de CO2. Le rôle dans la stimulation de la croissance par l’élévation du CO2 a été validé
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expérimentalement pour 3 TF (MYB15, WOX11, EDF3) parmi ceux de fort degré dans ce réseau.

2.2.4 Améliorer l’apprentissage statistique

Des stratégies ont été développées pour améliorer l’apprentissage statistique dans le contexte
d’inférence de GRN à partir de données d’expression, notamment à partir des connaissances rela-
tives à la topologie des réseaux, pour combiner plusieurs jeux de données d’expression ou méthodes
d’inférence.

Connaissance de la topologie du réseau Les réseaux biologiques sont connus pour avoir une
structure modulaire. Cette propriété a été utilisée pour l’identification de groupes de gènes co-
régulés, en particulier à partir d’ensembles de données complémentaires à l’expression, telles que
la présence de motifs de fixation de TF, de modifications génétiques ou d’autres types de données
expérimentales (voir section 2.3.3). Segal et al. (2003) ont étendu ces approches pour identifier des
groupes de gènes co-régulés par les mêmes TF à partir de l’expression uniquement. Dès sa création,
la suite The Inferelator (Bonneau et al., 2006) regroupe les gènes corrélés avec l’approche pour
le bi-clustering (gènes x conditions) implémentée dans cMonkey (Reiss et al., 2006). Cet objectif
est également présent dans d’autres approches pour l’optimisation d’un score bayésien (Roy et al.,
2013), en plus de l’intégration d’une connaissance a priori du réseau issus de données hétérogènes
(Siahpirani and Roy (2017), section 2.3.3).

Mukherjee and Speed (2008) ont proposé un modèle de réseau bayésien exploitant des lois a
priori décrivant la parcimonie et la distribution des arêtes dans le réseau dans un cadre d’appren-
tissage bayésien (MCMC). Dans le cadre des GGM, Ambroise et al. (2009) propose un algorithme
EM-like permettant de reconstruire la topologie du réseau exploitant un modèle de mélange (Dau-
din et al., 2008) sur les nœuds, chaque classe étant définie par sa connectivité dans le réseau. Ce
modèle est ensuite étendu par Charbonnier et al. (2010) avec une approche weighted Lasso per-
mettant d’intégrer une connaissance a priori du réseau (voir section 2.3.3), ou d’inférer un réseau
avec une pénalité Lasso non uniforme sur les arêtes favorisant une structure modulaire à partir de
données d’expression uniquement.

Intégration de données homogènes (partage d’information) Dans le cadre des GGM,
Chiquet et al. (2011) propose l’inférence jointe de plusieurs réseaux à partir de jeux de données
différents à partir d’une pénalité lasso favorisant les arêtes présentes dans plusieurs réseaux.

Nous avons proposé un partage d’information dans un cadre bayésien, pour l’inférence conjointe
de réseaux bayésiens dynamiques isuus de jeux de données différents (Dondelinger et al., 2012) ou
entre les plages de temps successives d’un réseau bayésien dynamique non homogène au cours du
temps (Dondelinger et al. (2013) et disponible en Annexe E).

La pénalité group Lasso (Yuan and Lin, 2006) a également été utilisée pour le partage d’in-
formation entre plusieurs jeux de données (Liu et al., 2014). Cette pénalité incite à sélectionner
les mêmes variables dans les différents jeux de données. Omranian et al. (2016) utilise une péna-
lité fused Lasso permettant de favoriser la similarité 2 à 2 entre les jeux de données successifs,
initialement ordonnés selon la similarité des données.

Steady State + Time series Avec dynGENIE3, Huynh-Thu and Geurts (2018) obtiennent de
meilleurs résultats sur les données DREAM4 en intégrant des données stationnaires et des données
temporelles dans un même modèle de régression, défini par une équation différentielle (Eq. (2.3)).
Pour les données non temporelles, le terme Xi(tk+1)−Xi(tk)

tk+1−tk est considéré égal à 0 (approchant
∂Xi(t)
∂t , il est considéré nul dans un état stationnaire). Le taux de dégradation αi et la fonction de

lien f sont communs aux 2 types de données. Cette approche a aussi été utilisée ensuite avec les
méthodes Outpredict (Cirrone et al., 2020) et The Inferelator (Skok Gibbs et al., 2022).

Wisdom of crowds L’intégration de plusieurs méthodes d’inférence (à partir d’un même jeu de
données) s’est également révélé très utile, en particulier dans l’analyse des résultats du challenge
DREAM5 réalisée par Marbach et al. (2012a). Les approches reposant sur l’ensemble des prédic-
tions, intégrée en moyennant les rangs des arêtes proposées par les différentes méthodes surpassent



clairement les approches individuelles. D’autres approches ont été proposées pour combiner les pré-
dictions de différentes méthodes d’inférence de réseaux (Ruyssinck et al., 2014; Schiffthaler et al.,
2021).

2.3 Intégration de données hétérogènes
L’analyse statistique des données Omics évolue progressivement vers l’intégration de données

provenant de différentes plateformes (Noor et al., 2019).

2.3.1 Motivations et aperçu des types de données
Avec le développement du séquençage à haut débit, de nombreux niveaux d’observation des

mécanismes de régulation des gènes sont accessibles à l’échelle du génome (Djebali et al., 2012).
On est capable de mesurer précisément l’ouverture de chromatine (ATAC-seq), la fixation de
facteurs de transcription (ChIP-seq, DNase footprinting), les sites d’initiation de la transcription
(CAGE-seq), . . .

Motifs de fixation (matrices PWM) Les facteurs de transcription (protéines) se lient préfé-
rentiellement à des séquences d’ADN spécifiques, qui sont résumées dans des modèles statistiques
connus sous le nom de ‘matrices de poids de position’ ou PWM pour Position Weight Matrix
(Wasserman and Sandelin, 2004; Stormo, 2013). Le plus souvent, les matrices PWM sont obte-
nues à partir du log ratio des probabilités d’occurence de chacune des 4 lettres A, C, G, T pour
chaque position (rassemblées dans une matrice PPM pour Position Probability Matrix ). Ces ma-
trices PWM sont disponibles pour de nombreux TF dans des bases de données telles que JASPAR
(Sandelin et al., 2004; Castro-Mondragon et al., 2022) et HOCOMOCO (Kulakovskiy et al., 2016),
et permettent de calculer un score pour chaque position d’une séquence ADN. Un score élevé in-
dique un potentiel site génomique de fixation. Cependant, dans une condition spécifique, les TF
ne s’associent qu’à un petit sous-ensemble de leurs sites génomiques potentiels Il y a beaucoup de
faux positifs. En effet, d’une part, le nombre de familles de domaine de fixation des protéines à
l’ADN est faible par rapport au nombre de TF. Plusieurs TF ont souvent des motifs de fixation
très similaires, bien qu’ils présentent généralement des sites de fixation distincts in vivo (Jolma
et al., 2013; Shen et al., 2018). De plus, une part importante des sites de fixation observés in vivo
ne correspond pas au fixation de liaison connu du TF (Wang et al., 2012; Jolma et al., 2013),
potentiellement en raison de fixation indirecte, via une autre protéine. Des données d’interaction
de protéine peuvent être utiles pour étendre la liste des les TF susceptibles de se fixer. Par ailleurs,
un grand nombre de paramètres influencent la fixation des TF, et ces paramètres varient entre les
types de cellules, de tissus ou les conditions expérimentales (Slattery et al., 2014; Srivastava and
Mahony, 2020).

Accessibilité de la chromatine Le degré de condensation de l’ADN (autour des nucléosomes
d’histones et des protéines non histones) est variable le long des chromosomes, dans la chromatine.
selon les conditions et est également associé à la transcription. Lorsque le degré de condensation
est faible, la chromatine est ‘ouverte’ et accessible à la machinerie de transcription. Des analyses
de la fixation des TFs ont montré que la plupart des sites de fixation sont situés dans des régions
ouverte de la chromatine (Ernst and Kellis, 2013). On peut noter qu’il n’est pas évident d’établir
si l’état de la chromatine est une cause ou une conséquence de la fixation de TF (Huminiecki and
Horbańczuk, 2020).

Variations génétiques (SNP, eQTL) Les variations génétiques, notamment les sites de poly-
morphismes mono-nucléotidiques au sein du génome (SNP pour single-nucleotide polymorphisms),
peuvent également réguler l’expression des gènes. Des SNP sont identifiés pour être associés à l’ex-
pression (eQTL pour expression Quantitative Trait Loci) : la variabilité génétique des ces sites
génomiques est associée à la variation de l’abondance d’un transcrit particulier (Schadt et al.,
2003; Gilad et al., 2008), principalement en raison de leur impact sur la fixation des TF (Gaffney,
2013; Albert and Kruglyak, 2015). Plus généralement, les études de génomique génétique (Gaffney,
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2013) analysent la manière dont les polymorphismes conduisent à la variation des caractéristiques
moléculaires, telles que les profils d’ARNm, de protéines ou de métabolites.

Ainsi la diversité des données mesurées à l’échelle du génome augmente, et leur accès est facilité
par le développement de vastes bases de données issues de projets tels que ENCODE, TCGA,
FANTOM, GTEx. Les données d’expression ne donne qu’une vision partielle des mécanismes de
régulation et les relations de causalité (section 2.1.3) restent difficiles à établir dans ce contexte de
grande dimension, et de forte corrélation. Des modèles définis par des réseaux très distincts peuvent
représenter les données de façon comparable. Aussi, l’intégration de données pour l’inférence de
réseaux de régulation est largement considérée (Wani and Raza, 2019), mettant à profit une source
de données complémentaire à l’expression pour réduire l’espace de recherche et/ou se rapprocher
de la causalité.

2.3.2 Différentes modélisations

Combinaison de réseaux issus de différents types de données Marbach et al. (2012b)
exploitent des réseaux inférés indépendamment, à partir de type de données complémentaires et de
nature différentes (présence de motifs conservés, fixation de TF, modification de la chromatine) en
plus du niveau d’expression des gènes, chez la drosophile. Les poids associés aux arêtes de chacun
de ces réseaux sont utilisés comme prédicteurs dans un modèle de régression logistique (prédire
les arêtes présentes) à partir d’un jeu de données de validation avec un niveau de confiance élevé.
De Clercq et al. (2021) reprennent cette démarche et comparent différents classifieurs (forêts
aléatoires, régression logistique et gradient boosting pour des arbres de décision) chez la plante
Arabidopsis thaliana. Les meilleures performances sont obtenues avec le gradient boosting.

Inférence de l’activité des facteurs de transcription Etant donné que le niveau d’expres-
sion d’un TF ne représente pas nécessairement son activité (Schacht et al., 2014), Arrieta-Ortiz
et al. (2015) proposent d’inférer l’activité des facteurs de transcription à partir des niveaux d’ex-
pression des gènes cibles et d’une matrice indiquant les relations de régulation connues a priori.
C’est la matrice inférée traduisant l’activité des TFs qui est ensuite utilisée comme prédicteur
pour l’inférence de réseau. Cette approche a été intégré à la suite The Inferelator (Skok Gibbs
et al., 2022).

Variables explicatives de différentes natures Certains modèles de réseaux considèrent des
nœuds de différentes natures. Cai et al. (2013) intègrent des données de variants associés à l’ex-
pression de certains gènes (eQTL), et utilisent cette information supplémentaire pour orienter les
arêtes en terme de causalité. Kim et al. (2014) intègrent des données de méthylation de l’ADN et
des données de variation du nombre de copies d’un gènes (CNV). Cette approche est reprise par
Zarayeneh et al. (2017) en n’incluant que les gènes dans le réseau, mais la structure du réseau est
estimées conditionnellement à des données de CNV et de méthylation.

L’intégration de variables explicatives de différentes natures (méthylation, CNV, fixation de
TF, expression de micro ARN) est également utilisée pour expliquer le niveau d’expression des
gènes, par exemple dans les approches RACER (Li et al., 2014) et TEPIC (Schmidt et al., 2017) qui
sont comparées aux modèles utilisant uniquement des données de séquence ADN dans la section
3.2.1. L’approche RACER utilise également l’inférence de l’activité des facteurs de transcription.
La méthode d’inférence repose sur 2 modèles de régression successifs (le premier pour estimer
l’activité des TF, le deuxième pour inférer le réseau).

Pré- ou post- sélection des arêtes D’un point de vue méthodologique, les approches les plus
simples reposent sur une étape de pré-sélection des régulations possibles, en amont de l’inférence.
On peut limiter les arêtes entrantes pour un gène cible donné aux TF dont le motif est situé dans
la région promotrice du gène. Chaque arête inférée est alors soutenue par la présence de corrélation
partielle entre l’expression du TF et du gène cible et la présence d’un motif de fixation. On a alors
grande confiance en les arêtes inférées, mais cela limite le réseau aux facteurs de transcription
dont le ou les motifs de fixation sont connus. La même chose est possible à partir de données
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expérimentales de fixation de protéines (ChIP-chip, puis ChIP-seq) (Youn et al., 2010). Cela est
particulièrement intéressant si ces données sont disponibles pour un grand nombre de facteurs
de transcription, et dans les conditions étudiées. Ces approches reposant sur un filtre via des
données hétérogènes sont utilisées dans des approches récentes pour l’inférence de réseau à partir
de données cellule unique. Par exemple, CellOracle (Kamimoto et al., 2020) utilisent la présence
de motifs de fixation dans les régions de chromatine ouvertes (ATAC-seq) pour pré-sélectionner
les arêtes potentielles.

A l’inverse, d’autres approches utilisent la présence de motifs (SCENIC (Aibar et al., 2017))
ou des données de fixation de TFs (GRACE, Banf and Rhee (2017)) afin d’élaguer un réseau inféré
en premier lieu uniquement à partir de données d’expression (en cellule unique). L’approche est
étendue (SCENIC+, González-Blas et al. (2022)) pour intégrer de données cellule unique mesurant
l’ouverture de chromatine (single-cell ATAC-seq), afin d’identifier des liens entre les triplets (acces-
sibilité du site de fixation du TF, expression du TF et expression du gène cible) afin de proposer
des associations entre régions de régulation distantes (enhancer) et gènes, spécifique d’un type
cellulaire.

Plutôt que d’utiliser cette information partielle du réseau en amont ou en aval de l’inférence
(à partir de données d’expression), les méthodes présentées dans la section suivante permettent
d’utiliser ces différents types de données conjointement pour résoudre un problème d’optimisation
sous contraintes.

2.3.3 Intégrer un a priori pour guider l’inférence
Les premières approches pour l’intégration de données hétérogènes ont été proposées dans un

cadre de classification non supervisée. Afin de reconstruire des réseaux modulaires, des groupes
sont identifiés sur la base de similitudes entre l’expression des gènes et la présence de motifs de
fixation de TF connus dans les promoteurs, des annotations fonctionnelle des gènes ou des données
de fixation (D’haeseleer et al., 2000; Segal et al., 2001; Bar-Joseph et al., 2003).

Dans un contexte de régression, une matrice de connaissance a priori du réseau construite
à partir de données OMICS (même partielle et imparfaite), peut servir de guide à l’inférence
statistique. Ceci a été considéré dans différents cadres statistiques.

Inférence bayésienne Utiliser une information a priori est le propre de l’inférence bayésienne,
et c’est dans ce cadre que naturellement l’utilisation de connaissances a priori a été utilisée pour
l’inférence de réseaux, à partir de données de fixation de facteurs de transcription (Hartemink
et al., 2002; Bernard and Hartemink, 2005; Werhli and Husmeier, 2007), de la séquence promotrice
(Tamada et al., 2003) de données génotypiques (Zhu et al., 2004, 2007), de données d’interactions
entre protéines (Imoto et al., 2003; Nariai et al., 2004), ou d’une combinaison de plusieurs types
de données (Zhu et al., 2008).

D’un point de vue méthodologique, Hartemink et al. (2002) ont proposé d’incorporer des
données de localisation génomique pour guider l’inférence du modèle. Tamada et al. (2003) ont
développé une méthode qui détecte itérativement les motifs de consensus sur la base de la structure
du modèle de réseau estimé, puis évalue le réseau à l’aide du résultat de la détection des motifs,
jusqu’à ce que le réseau inféré devienne stable. Imoto et al. (2003) ont introduit un cadre utilisant la
distribution de Gibbs où une fonction d’énergie a été utilisée pour évaluer la probabilité d’une arête
dans les réseaux inférés. Cette approche a ensuite été étendue pour intégrer de multiples sources
de connaissances préalables dans l’apprentissage dynamique des réseaux bayésiens (DBN) via
l’échantillonnage MCMC (Bernard and Hartemink, 2005; Werhli and Husmeier, 2007). Cependant
ces approches restent limitées en termes d’échelle (quelques dizaines de TFs).

Critères bayésiens Plus récemment, afin de passer à l’échelle, des méthodes d’optimisation d’un
critère bayésien intégrant des connaissances a priori ont été proposées. La contrainte de parcimonie
modélisée par un score bayésien (section 2.2.2) est étendue de façon à exploiter une connaissance
a priori de la topologie du réseau. Greenfield et al. (2013) utilisent une approche exhaustive
(Bayesian Best Subset Regression) après considération des 2k modèles de régression possibles à
partir de k variables explicatives (avec un filtre en amont pour réduire k à 10). L’algorithme
consiste à minimiser l’espérance du critère BIC pour un modèle de régression bayésien avec un



a priori sur le vecteur des coefficients qui repose sur une modification du g-prior (Zellner, 1983),
c’est-à-dire une distribution similaire à une loi normale multivariée d’espérance un vecteur donné
β0 et de matrice de variance-covariance liée aux données via un scalaire positif. Le vecteur β0

est choisi nul de façon à satisfaire les attentes de parcimonie. Le lien aux données dépend d’un
vecteur de dimension égale au nombre de prédicteurs, et dont les éléments prennent la valeur g
si l’arête est soutenue par les connaissances a priori, 1

g sinon. Cette approche a été ajoutée à la
suite The Inferelator (Skok Gibbs et al., 2022). Siahpirani and Roy (2017) utilisent un algorithme
glouton pour optimiser un score défini par la vraisemblance contrainte par une loi a priori de type
logistique. C’est une extention d’un premier modèle prenant en compte de la structure modulaire
(Roy et al., 2013) (voir section 2.2.4).

Régularisation l1 (weighted Lasso) Des approches pour l’intégration de données à partir
d’un vecteur de poids reposant sur des connaissances a priori ont également été proposées via
l’optimisation de modèles linéaires régularisés (weighted Lasso) ou de forêts aléatoires (weighted
RF ). Dans les 2 cas, ce vecteur de poids guide l’inférence statistique.

La régularisation en norme l1 offre elle aussi un cadre naturel pour l’intégration de données
via un poids de pénalité spécifique wk pour chaque coefficient βk (Eq. (2.5)). Les coefficients
βk associés aux prédicteurs identifiés comme régulateurs potentiels par une source de données
complémentaire sont moins pénalisés que les autres, via poids wk plus faible.

β̂weighted Lasso = argminβ ||y −
K∑

k=1

xkβk||2 +

K∑

k=1

wk|βk| (2.5)

Cette approche a été considérée pour l’inférence de GRN par Yong et al. (2008) avec des poids
choisis dans l’intervalle [0,+∞[, définis à partir de recherches bibliographiques ou de la présence
de motifs de fixation de TFs dans les régions promotrices. Bergersen et al. (2011) proposent une
analyse détaillée du weighted Lasso pour l’intégration de données, et considèrent différente façons
de définir le vecteur des poids de pénalité wk en fonction des connaissances a priori.

Greenfield et al. (2013) l’utilisent avec l’elastic Net (Zou and Hastie, 2005; Zou and Zhang,
2009) afin de combiner les avantages de la régularisation en norme l2 (plus stable que le Lasso) et
un vecteur de poids de pénalité en norme l1 spécifique à chaque TF :

β̂weighted eNet = argminβ ||y −
K∑

k=1

xkβk||2 + λ2||β||22 +

K∑

k=1

wk|βk| (2.6)

L’intensité de l’a priori est fixée en fonction de performances évaluée sur des données de validation
biologiques (solidement construites, mais partielles et imparfaites).

L’intégration de données via une régularisation en norme l1 a été proposée également dans
le cadre de l’inférence de GGM pour la reconstruction de GRN avec le weighted graphical Lasso
(Li and Jackson, 2015; Zuo et al., 2017). Plus récemment, Lingjærde et al. (2021) proposent de
définir les poids à partir d’une fonction de lien logistique dépendant d’un paramètre k qui permet
de contrôler la force de l’a priori (écart entre les arêtes soutenues par le prior et les autres) et
introduisent le tailored graphical Lasso. La valeur de k est choisie pour l’ensemble des gènes du
réseau en optimisant le critère BIC étendu aux GGM (eBIC, Foygel and Drton (2010)), après
avoir estimé un poids de régularisation global qui garantit la stabilité du modèle via l’approche
StARS pour Stability Approach to Regularization Selection (Liu et al., 2010) (voir section 4.1).

L’intégration de données avec le Lasso pour l’inférence de réseaux a également été proposée
de façon différente, en utilisant l’a priori initialiser l’algorithme itératif ISTA pour Iterative Soft
Thresholding Algorithm (Qin et al., 2014).

Forêts aléatoires (weighted RF) Les forêts aléatoires permettent également d’intégrer une
information a priori au moment de la pré-sélection aléatoire des variables, qui est effectuée à la
création de chaque nouveau nœud d’un arbre (contrairement aux gradient-boosted trees (Friedman,
2001) pour lesquels l’ensemble des variables est considéré à chaque nœud). Au lieu de considérer
une loi uniforme (par défaut dans les forêts aléatoires), les weighted RF consistent à fixer un poids



spécifique pour chaque variable explicative, à partir d’une information a priori venant appuyer ou
non la sélection de cette variable. Petralia et al. (2015) ont exploité cette modélisation pour l’in-
férence de réseau dans une approche nommée IRafNet, et ont considéré l’intégration de différents
types de données telles que des capacités de fixation à l’ADN ou d’interactions entre protéines.
Plus tard, Cirrone et al. (2020) ont étendu cette approche d’intégration de données à une modé-
lisation dynamique comme proposé par la méthode dynGENIE3 (Huynh-Thu and Geurts, 2018).
Cette approche nommée OutPredict inclue deux types de modélisation dynamique : Time-step
(Eq. (2.2)) et ODE (Eq.(2.3)), présentées en section 2.2.1.

Optimisation de l’intensité d’intégration des connaissances a priori La connaissance a
priori d’une relation de régulation entre un TF et un gène cible issue de données complémentaires
à l’expression augmente la confiance que l’on peut avoir dans la sélection d’une arête. En revanche,
quel que soit le type de données complémentaires, les faux positifs sont nombreux : la présence
d’un motif ne signifie pas qu’il est fonctionnel, ni qu’il est fixé dans la condition étudiée ; la fixation
d’un TF dans les conditions expérimentales requises pour l’analyse n’implique pas qu’il se fixe dans
les conditions réelles, . . . (voir section 2.3.1)

L’intensité d’intégration est contrôlée par la construction du vecteurs des poids. Les écarts
entre les poids associés aux différentes variables peuvent être plus ou moins importants, permettant
ainsi de contrôler l’avantage donné aux prédicteurs soutenus par l’a priori. Le choix de l’intensité
repose souvent sur la maximisation de critères de validation (tels que le F1− score ou l’aire sous
la courbe Précision-Rappel) en fonction d’une référence solidement construite (Greenfield et al.,
2013; Petralia et al., 2015; Siahpirani and Roy, 2017). Cependant, ce gold standard reste imparfait
et parfois non disponible, en particulier si l’on s’intéresse à un processus biologique encore peu
étudié. Des approches reposent sur la minimisation de l’erreur de prédiction sur un jeu de données
test (Cirrone et al., 2020) ou bien un critère tel que le BIC (Charbonnier et al., 2010; Lingjærde
et al., 2021). A notre connaissance, l’intensité d’intégration pour l’inférence de réseaux est fixée
de façon globale, pour tous les gènes cibles.

Par ailleurs, si le jeu de données complémentaire est informatif, il met souvent en avant les
gènes les plus connus et les mieux étudiés (ceux pour lesquels on dispose de données de validation).
On serait alors tenté d’utiliser une intensité d’intégration élevée. Cela permettrait probablement
d’améliorer les critères de précision et de rappel calculés sur des données de validation, ces données
étant souvent liées aux données utilisées a priori. En revanche, cela a pour effet de concentrer
l’intérêt sur des TFs connus, alors que d’autres sont très peu étudiés. Ainsi, Weidemüller et al.
(2021) mettent en avant l’intérêt de comprendre le rôle de ces ‘dark TF ’. C’est pourquoi, quelle que
soit la modélisation choisie, tout l’enjeu consiste à optimiser l’intensité d’intégration des données.

Nous avons récemment initié une analyse comparative de l’intégration de données de motifs
de fixation (PWM) chez la plante A. thaliana par weighted Lasso et weighted Random Forests
(Thèse d’O. Cassan (2022), section 2.3). Ainsi deux grandes catégories de modèles fréquemment
utilisés pour l’inférence de GRN sont considérées : le Lasso, un modèle linéaire régularisé en
norme l1 (généralisé à un modèle de Poisson pour mieux tenir compte de la nature des données
de comptages) et les forêts aléatoires, un modèle non-linéaire et non-paramétrique. Ces travaux
ont montré que pour la plante A. thaliana, la connaissance des motifs de fixation (PWM) et des
séquences promotrices des gènes permet d’améliorer l’inférence de réseaux à partir de l’expression.
On peut cependant noter que cela est propre au génome d’A. thaliana, qui est de relativement
faible complexité. Il y a très peu de régions d’ADN non codant, et l’on s’attend à ce que l’essentiel
des régulations soient contrôlées par la région promotrice. Cependant, des données d’ouverture de
chromatine (ATAC-seq) pourrait permettre de délimiter plus précisément les régions de l’ADN au
sein desquelles rechercher la présence de motifs.

Dans la continuité de ces travaux (Manuscrit en cours de rédaction), nous proposons d’optimiser
l’intensité d’intégration à partir d’une approche originale reposant sur la permutation des profils
d’expression des TFs (le lien entre les profils d’expression et le vecteur de poids issus de l’a priori
est alors rompu). Nous introduisons un nouveau critère permettant d’optimiser l’intégration à
partir de la comparaison de l’erreur de prédiction sur données permutées ou non.

Nous faisons de plus l’hypothèse que l’intégration de l’a priori est parfois utile pour certains



gènes uniquement. Aussi, dans le cadre de p modèles de régression, nous proposons de choisir
l’intensité d’intégration, non pas pour l’ensemble des gènes cibles (pour les p modèles) mais in-
dividuellement, pour chaque gène cible. Dans cette étude, seulement un tiers des gènes tirent
avantage de l’intégration de données de motifs de fixation de TFs.



Chapitre 3

Extraction de caractéristiques de
séquences génomiques impliquées
dans la régulation de l’expression

La diversité des données disponibles amène à de nouvelles questions méthodologiques, en par-
ticulier en termes de modélisation et d’inférence statistique, pour l’analyse intégrative de divers
ensembles de données. Des modèles statistiques pour la compréhension de la régulation de la
transcription sont développés et largement utilisés en biologie computationnelle. Et cela mobilise
tous les niveaux d’observation, incluant le niveau d’expression des gènes ou transcrits, la fixation
des facteurs de transcription (TF) à l’ADN, l’accessibilité de la chromatine, la structure de la
chromatine et ses modifications, la fixation des TF à l’ARN, . . .

Ce chapitre traite des méthodes de modélisation et d’inférence statistique pour identifier l’in-
formation encodée dans l’ADN associée à ces mécanismes de régulation de l’expression des gènes.

3.1 Modéliser la régulation de l’expression à partir de la sé-
quence ADN

Motivations biologiques Les cellules eucaryotes (possèdant un noyau contenant le génome)
produisent de nombreux types d’ARN primaires et transformés. Chez l’homme, on estime que
les trois quarts du génome peuvent être transcrits. La totalité des ARN n’est pas encore connue,
mais les méthodes de mesure des quantités d’ARN dans les cellules se sont largement développé et
diversifié. On est capable aujourd’hui d’observer l’expression, la localisation, les régions régulatrices
ainsi que des modifications des ARN, qu’ils soient déjà annotés ou non (Djebali et al., 2012).

Une part importante des capacités de régulation d’une cellule dépend de la synthèse de l’ARN,
de son traitement, son transport, sa modification et sa traduction. A partir d’une même séquence
ADN, la transcription du génome (ARN) est spécifique d’un contexte tel que le type de cellule ou
de traitement. Aussi, l’ARN représente une expression directe de l’information génétique encodée
par les génomes, que l’on cherche à identifier.

Changement de paradigme Au délà de la seule présence d’un motif spécifique, la fixation d’un
facteur de transcription dépend du contexte et notamment de l’accessibilité de la chromatine, de
la configuration 3D de l’ADN, de la fixation de cofacteurs de transcription (voir section 2.3.1).

Des modèles ont été développés pour identifier les régulateurs de la transcription de l’ADN à
partir de données expérimentales. C’est un changement de paradigme par rapport à l’inférence
de réseaux de régulation. Il s’agit d’un modèle général, construit pour l’ensemble des niveaux
d’expression (ARN) à l’échelle du génome. Ainsi pour un modèle du niveau d’expression des gènes,
l’individu statistique est le gène (parmi n gènes du génome) et les variables explicatives sont des
caractéristiques associées à chaque gène (fixation de TF dans la région promotrice, ouverture de
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chromatine, . . . ). Dans un cadre linéaire, on peut considérer le modèle de régression suivant :

Y = Xβ + ε (3.1)

où Y[n×1] = (y1, . . . , yn)′ est le vecteur des niveaux d’expression de l’ensemble des gènes ou trans-
crits dans une condition donnée, X[n×k] = (xij) la matrice des variables explicatives (xij décrit la
caractéristique j pour le gène i), β[k×1] = (β0, β1, . . . , βk)′ le vecteur des p coefficients de régres-
sion et ε[n×1] = (ε1, . . . , εn)′ le vecteur des erreurs. L’ensemble de ces données est mesuré dans
une condition d’intérêt, par exemple une tumeur d’un certain type de cancer issue de la base de
données TCGA.

On se place alors dans un contexte statistique beaucoup plus favorable que dans le cadre de
l’inférence de réseaux de régulation : on dispose ici d’autant de réplicats que de gènes ou transcrits,
qui est élevé même pour une seule condition. Par exemple, le génome humain possède environ 20
000 gènes codants, et la plante A. thaliana environ 30 000. Ainsi le nombre de réplicats n est
en général plus élevé que le nombre p de variables explicatives. On sort du contexte de grande
dimension. Cependant, d’une part le nombre de variables peut rester élevé, voir très élevé si
l’on considère les interactions entre variables (section 3.2.1), et d’autre part, ces variables sont
fortement corrélées.

Utiliser uniquement la séquence ADN Des données expérimentales telles que des données de
fixation de TF ou bien des données de conformation de la chromatine sont utilisées pour expliquer
le niveau d’expression des gènes, notamment par des approches de réduction de dimension dans
un cadre linéaire (régression sur composantes principales (Ouyang et al., 2009), Lasso (Li et al.,
2014), ElasticNet (Schmidt et al., 2017)).

Parallèlement, l’information encodée dans la séquence ADN a été utilisée pour prédire ce
type de données expérimentales. Par exemple, des approches de classification reposant sur un
modèle de forêts aléatoires (Epigram (Whitaker et al., 2015)), ou sur des réseaux de neurones
convolutionnels (CNN) (deepSea (Zhou and Troyanskaya, 2015), Expecto (Zhou et al., 2018))
permettent de prédire l’accessibilité de la chromatine ou la fixation de facteurs de transcription.
Ainsi, une partie des déterminants de la régulation de la transcription est associé à la séquence
ADN. Cela a motivé le développement de modèles de prédiction du niveau d’expression des gènes
uniquement à partir de la séquence ADN, avec des réseaux de convolution (Expecto (Zhou et al.,
2018), Xpresso (Agarwal and Shendure, 2020) ou des modèles linéaires (Bessière et al. (2018),
disponible en Annexe D).

D’une manière générale, l’étude de la séquence ADN a motivé de nombreux développements
à partir de méthodes d’apprentissage profond. Les réseaux de convolution, qui se sont montré
très performants pour l’analyse d’images via la prise en compte du voisinage en 2 dimension sont
particulièrement adaptés pour réaliser une prédiction à partir de séquence ADN (1D). En pratique,
la séquence ADN est encodée via une matrice à 4 lignes (une pour chaque nucléotide A, C, G, T)
dans laquelle chaque colonne indique le nucléotide lu à la position t (One hot encoding matrix ).
Les développements de CNN pour l’analyse de séquence ADN sont nombreux que ce soit dans
un objectif de classification (deepbind (Alipanahi et al., 2015), deepSEA (Zhou and Troyanskaya,
2015), Expecto (Zhou et al., 2018), DanQ (Quang and Xie, 2016), BPnet(Avsec et al., 2021)),
ou dans un objectif de régression (Expecto (Zhou et al., 2018), Bassenji (Kelley et al., 2018),
Xpresso (Agarwal and Shendure, 2020), deepSTR (Grapotte et al., 2021), Enformer (Avsec et al.,
2021)).

Deep vs. shallow learning L’utilisation de modèles simples (tels que des modèles linéaires)
est souvent justifiée par la facilité d’interprétation et le faible coût en temps de calcul, même si la
qualité de prédiction peut être inférieure à celle de modèles plus complexes. Cependant, la dispo-
nibilité de gros volumes de données favorise et généralise l’utilisation de méthodes d’apprentissage
profond. Ce dilemme deep versus shallow learning (voir (Zrimec et al., 2021) pour une revue des
différentes approches pour l’analyse de séquences génomiques) se place au cœur du compromis
entre qualité de prédiction et interprétabilité des modèles.

Contrairement aux modèles d’apprentissage profond, les modèles shallow utilisent des carac-
téristiques construites à partir d’un jeu de données d’intérêt, et n’exécutent que quelques étapes

https://www.cancer.gov/ccg/research/genome-sequencing/tcga


d’inférence (associées à un modèle statistique choisi, linéaire ou non). Il est a priori plus simple
d’expliquer un modèle shallow, bien que cela soulève des questions non résolues dans un contexte
de forte corrélation entre les variables explicatives, en particulier en termes de robustesse et de
mesure de l’importance des variables (voir chapitre 4). Par ailleurs, l’explicabilité des modèles
issus de l’apprentissage profond est un domaine très étudié et de nombreux développements ont
été proposés pour la compréhension des mécanismes de régulation (voir Li et al. (2023) pour une
revue récente). Certaines approches reposent sur l’utilisation d’exemples (deepbind (Alipanahi
et al., 2015)), ou de perturbations des données en entrée du modèle (deepbind (Alipanahi et al.,
2015), BPnet (Avsec et al., 2021)). D’autres approches permettent de calculer une importance pour
chaque élément en entrée, par exemple à partir du calcul du gradient du modèle de prédiction par
rapport aux variables d’entrée (Sundararajan et al., 2017), de la valeur de Shapley qui repose sur
l’importance d’une variable au sein de tous les sous-ensembles de variables (Lundberg and Lee,
2017) ou bien d’algorithmes de backpropagation (deepLift (Shrikumar et al., 2017)).

La suite de ce chapitre est dédiée à la catégorie de modèles shallow, et plus particulièrement à
des méthodes reposant sur des modèles linéaires pour la régression ou la classification, que nous
avons proposés pour l’extraction de caractéristiques de séquences.

3.2 Construction de caractéristiques

Le choix des caractéristiques considérées dans un modèle statistique est cruxial. Construire des
prédicteurs pertinents est tout l’enjeu des approches de feature engineering en amont de l’étape
de feature selection. La qualité du modèle repose alors sur la construction de la variable réponse
et des caractéristiques pertinentes à inclure au modèle. La connaissance du domaine d’application
- ici la biologie moléculaire et les données Omics - est alors essentielle.

3.2.1 Expliquer la quantité de transcrits (Régression)

Motivations biologiques La présence de motifs de fixation de facteurs de transcription dans
des régions impliquées dans la régulation de la transcription, en particulier le promoteur, condi-
tionne certains modes de régulation. On sait également que la composition en nucléotidique joue
un rôle essentiel (voir Boeva (2016) pour une revue). Tout d’abord, les séquences riches en GC
(nucléotide G ou C, nucléotides complémentaires sur les 2 brins de l’ADN), ou en AT (nucléotide A
ou T) sont souvent situées dans les promoteurs et participent à l’initiation de la transcription. En
effet, environ un quart des promoteurs humains contiennent une séquence riche en AT dont 10%
environ contiennent le motif TATA canonique, qui recrute des protéines capables d’ouvrir la chro-
matine. La force de liaison entre les nucléotides A et T sur les 2 brins complémentaires de l’ADN
sont moins fortes (qu’entre G et C) et cela facilite également l’ouverture de la chromatine (Yang
et al., 2007). Les trois quart restant des promoteurs humains sont riches en GC et peuvent contenir
plusieurs occurrences d’un site de fixation d’un activateur de la transcription (SP1, famille des
zing finger). Ces régions peuvent également contiennent des ilôts CpG (c’est à dire des séquences de
faible complexité, riches à la fois en GC et en dinucléotides CpG, longues de 300 à 3000 nucléotides)
dont le niveau élevé de méthylation est associé à la répression de la transcription.

Par ailleurs, la composition des séquences impacte naturellement les scores de motifs. Les
motifs contenant plusieurs occurrences des nucléotides G ou C ont un score naturellement plus
élevé dans une région riche en GC. Aussi, prendre en compte la composition en nucléotides permet
d’identifier la part d’information provenant uniquement des motifs.

Construire des caractéristiques à partir d’annotations issues de bases de données
Dans une première approche, un modèle linéaire avec sélection de variable via le lasso (Tibshirani,
1996) nous a permis de montrer que la composition en nucléotide et dinucléotide de certaines
régions bien choisies dans la séquence ADN contient une information associé au niveau d’expression
des gènes (Bessière et al. (2018), disponible en Annexe D). Ce modèle permet de prédire le
niveau d’expression des gènes avec une qualité de prédiction comparable à celle de modèles utilisant
des données épigénétiques tels que RACER (Li et al., 2014), ou TEPIC (Schmidt et al., 2017).



Figure 3.1 – Aperçu de différents mécanismes de régulation de l’expression des gènes.
Ici la régulation de la transcription est contrôlée par la fixation de plusieurs TF dans deux régions
promotrices : le promoteur du gène, situé à proximité du site d’initiation de la transcription (TSS),
et une région promotrice distante (enhancer). À partir de la séquence ADN, un gène est d’abord
transcrit en pre-mRNA par des ARN polymérases (RNA poly II). Le pre-mRNA subit ensuite un
processus de maturation au niveau post-transcriptionnel,qui abouti à un ARN messager stable.
Pendant la maturation de l’ARN, des introns sont éliminés de façon spécifique (épissage alternatif).
Les extrémités 5’UTR et 3’UTR sont également impliquées dans la stabilité de l’ARN et peuvent
être fixées par des protéines spécifiques (RNA-binding proteins ou (RBP)).

Il s’agit de régions spécifiques délimitées au moyen d’annotations issues des bases de données
GENCODE (Harrow et al., 2012) et Ensembl (Aken et al., 2016), à partir de la connaissance actuelle
des mécanismes de régulation de l’expression des gènes (Figure 3.1). En particulier, le cœur du
promoteur (à proximité du TSS) mais également des régions particulières telles que les introns, les
régions codantes (exons) ou les extrémités des gènes (5’UTR ou 3’UTR) se sont révélé informatives.
Ceci va à l’encontre du point de vue selon lequel l’expression des gènes dépend en priorité des
marques épigénétiques, qui ne sont pas nécessairement contrôlées par la séquence ADN (Zeitlinger,
2020). Cependant, l’information apportée par la présence de motifs n’apporte que peu à ce modèle
général de la transcription, et dans nos analyses chez l’Homme, ce sont essentiellement les gènes
dit de ménage (housekeeping genes) dont l’expression est expliquée.

Utiliser un modèle heuristique (Model-based feature engineering) Des régions de faible
complexité, c’est-à-dire des régions enrichies en un mot de longueur k, comme par exemple les ilôts
CpG, sont également associées à la régulation de la transcription et connues sous le nom de Long
Regulatory Elements (LRE). Dans le cadre de sa thèse, C. Menichelli a cherché à identifier, et à
délimiter des régions situées à proximité du TSS et dont la fréquence d’un mot donné de longueur
k (k ≥ 2) est corrélée au niveau d’expression du gène par une approche nommée DExTER pour
Domain Exploration To Explain gene Regulation (Menichelli et al., 2021). Un parcours selon un
demi-treillis permet de considérer efficacement un ensemble de combinaisons (région x k-mer), avec
une initialisation à k = 2. L’ensemble des caractéristiques pré-sélectionnées, ainsi que les scores
de fixation de motifs (issus des PWM) sont ensuite confrontés dans un modèle linéaire avec sélec-
tion de variables via le Lasso (Tibshirani, 2013). Les modèles appris sont parfois spécifiques d’une
condition, mais seulement pour certains organismes, notamment pour Plasmodium, un parasite
associé à la transmission du paludisme. Bien que quelques TF spécifiques aient été identifiés, les
principaux facteurs de la régulation de la transcription sont présents dans le génome de Plasmo-
dium (Toenhake et al., 2018). La pertinence d’une des régions identifiées située en amont du TSS
enrichie en le trinucléotide ATA a pu être évaluée de façon expérimentale in vivo.
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Inclure les interactions Certaines caractéristiques de séquence ont un effet seulement en in-
teraction avec d’autres ; par exemple lorsque la fixation de 2 TF est requise pour activer la trans-
cription d’un gène, ou encore si un motif de fixation d’un TF n’est fonctionnel que dans une région
riche en certains nucléotides ou dinucléotides. Aussi, un de nos objectifs consiste à identifier des
interactions entre les caractéristiques considérées. Face à la dimension du problème, une approche
classique est de considérer une hypothèse de structure hiérarchique entre les effets simples et les in-
teractions (Nelder, 1977; Chipman, 1996). Une interaction entre deux variables est alors considérée
seulement si ces deux variables ont chacune un effet propre significatif (hiérarchie forte), ou alors
si c’est le cas pour au moins l’une des deux variables (hiérarchie faible). Différentes approches ont
été proposées pour la sélection d’interactions via le LASSO à partir de ces hypothèses (Bien et al.,
2013; Lim and Hastie, 2015). Nous avons proposé de relâcher cette hypothèse d’hérédité (forte
et faible) via une adaptation de l’Elastic Net (Zou and Hastie, 2005) permettant de considérer
toutes les interactions d’ordre 2 (Bascou, 2022). Afin d’éviter de construire la matrice des inter-
actions, nous avons adapté un algorithme de descente par coordonnées (Tseng, 2001; Friedman
et al., 2007), qui permet de mettre à jour les coefficients d’interactions un par un (les colonnes de la
matrice des interactions à la volée, sans jamais avoir besoin de la stocker entièrement en mémoire).
Dans objectif de parcimonie, des algorithmes d’ensembles actifs ou active set (Fan et al., 2008)
ont été développés pour sélectionner efficacement un sous-ensemble de variables exploitant un tri
des variables en amont. C’est le cas de l’algorithme CELER (Massias et al., 2018), que nous avons
adapté pour la considération d’interactions d’ordre 2 en séparant les deux ensembles de variables
(effets simples et effets d’interaction). Ces développements ont permis de considérer toutes les in-
teractions d’ordre 2 dans le modèle proposé dans notre première approche pour la modélisation de
l’expression des gènes à partir de la séquence (Bessière et al. (2018), disponible en Annexe D).
Différents opérateurs d’interactions (produit, minimum, maximum) ont été comparés. La majorité
des interactions sélectionnées croisent deux effets principaux issus de régions différentes, ce qui
nous incite à étudier les interactions entre les régions (promoteur, introns, exons, extrémités du
gène).

3.2.2 Caractériser la grammaire de fixation des TFs (Classification)

L’apport des motifs de fixation reste moindre dans les modèles de l’expression des gènes pré-
sentés dans la section précédente. Ceci peut s’expliquer par le fait qu’un modèle général de l’ex-
pression de l’ensemble des gènes est assez peu spécifique de la condition choisie (section 3.2.1).
Afin d’étudier la grammaire de fixation des TF, nous avons cherché à modéliser la fixation à l’ADN
(Chip-Seq) de façon spécifique à chaque TF.

Grammaire de fixation des TF Il existe de l’ordre de 2000 TFs dans les cellules humaines,
chacun reconnaissant des éléments génomiques différents, et notamment un ou plusieurs motifs de
fixation. Un motif annoté comme associé à un TF est généralement utilisé pour prédire sa fixation
sur une séquence ADN. L’approche classique consiste à retenir le meilleur score de motif pour
chaque séquence, et à prédire comme fixées les séquences au-dessus d’un certain seuil. Mais la
fixation des TF ne dépend pas uniquement de la présence d’un motif de fixation. Il y a beaucoup
de faux positifs. Un élément déterminant est la configuration de l’ADN, qui est associé à sa
composition nucléotidique (voir Epigram (Whitaker et al., 2015), deepSea (Zhou and Troyanskaya,
2015), Expecto (Zhou et al., 2018), section 3.1). Ainsi le contexte nucléotidique de la région autour
du motif peut contribuer largement à améliorer le modèle (Levo et al., 2015). Par ailleurs, la fixation
des TF peut se faire de façon coopérative, entre plusieurs TF. Plusieurs modèles biologiques de
fixation des TF ont été décrits, connus sous le nom de ‘grammaire’ de fixation des TF (voir
Jindal and Farley (2021) pour une revue récente). De multiples mécanismes peuvent conduire à
la coopération des TF (Morgunova and Taipale, 2017; Reiter et al., 2017; Ibarra et al., 2020). La
coopération peut impliquer des interactions directes entre deux TF (interaction protéine-protéine),
requises pour la fixation à l’ADN. Mais elle peut aussi impliquer la fixation de plusieurs TFs à
l’ADN, selon différentes règles. Ainsi, le modèle enhanceosome est défini par un ordre, une distance,
une affinité et/ou une orientation relative pour plusieurs sites de fixations. Il s’oppose au modèle
billboard qui autorise une grammaire plus souple de l’arrangement des sites de fixation des TF.
Aussi le modèle statistique pour la fixation de TF peut être largement amélioré en ajoutant la



contribution d’autres facteurs tels que la composition nucléotidique de la séquence ADN et la
présence d’autres motifs de fixation que celui du TF cible.

Il a de plus été observé que les cofacteurs d’un TF peuvent varier d’un type cellulaire à un autre.
L’enjeu consiste alors à identifier la combinatoire de cofacteurs spécifique d’un type cellulaire, pour
chaque TF.

Identifier des cofacteurs spécifiques d’une condition Wang et al. (2018) ont proposé
d’identifier les motifs de fixation associés à la fixation de 2 TFs (TCF7L2 et MAX) dans un
type cellulaire donné via un modèle de forêts aléatoires. Les variables explicatives considérées en
entrée sont le nombre d’occurrences de chaque motif. Le package R inTrees Deng (2014) leur
permet d’extraire des règles de décision sur-représentées dans l’ensemble des arbres. Au total plus
de 2000 motifs issus de la base de données mise à disposition par le projet ENCODE (Luo et al.,
2020) sont utilisés dans cette étude.

Nous avons construit un classifieur linéaire (régression logistique avec régularisation lasso)
exploitant les données de motifs de fixation ainsi que la composition nucléotidique des séquences
ADN (Vandel et al., 2019). Afin de limiter les redondances et la dimension de l’espace de recherche,
nous avons utilisé une sélection d’environ 600 motifs de fixation issus des bases de données JASPAR
(Mathelier et al., 2016a), CisBP (Weirauch et al., 2014) et HOCCOMOCCO (Kulakovskiy et al., 2016).
Avec ce modèle, nommé TFcoop, nous avons réalisé une analyse de la combinatoire des cofac-
teurs asociée à la fixation d’un TF cible, sur des séquences promotrices de différents types d’ARN
(mRNA, lncRNA, miRNA), ainsi que sur des séquences dites enhancers, qui sont des régions impli-
quées dans la régulation de la transcription, bien qu’éloignée du site d’initiation de la transcription
(voir Figure 3.1 et Andersson (2015) pour une revue). A travers une analyse sur un vaste jeu de
données de fixation de TF (409 expériences pour 106 TF et 41 types cellulaires dstincts) issus de la
base de données ENCODE (Luo et al., 2020), ce modèle montre une meilleure qualité de prédiction
que d’autres approches exploitant des données DNA shape issues de modèles physiques (Rohs
et al., 2009; Li et al., 2017) prenant en compte la structure de l’ADN (TRAP (Roider et al., 2007),
DNAshape (Mathelier et al., 2016b). La qualité de prédiction est comparable à celle obtenue avec
deepSEA (Zhou and Troyanskaya, 2015) à partir d’un modèle CNN. De plus, cette analyse permet
d’étudier la fixation de promoteurs dans des processus biologiques spécifiques. Notamment, nous
avons pu mettre en évidence que, pour un TF et un type de cellule donnés, les combinaisons de
TF sont différentes entre les promoteurs et les enhancers (i.e. les modèles ne sont pas interchan-
geables). Par ailleurs, les combinaisons qui régissent la fixation des TF sur les enhancers sont plus
spécifiques du type de cellule que dans les promoteurs. Enfin, l’analyse des TF coopérants (qui
contribuent à la fixation d’un autre TF) montre une sur-représentation des TFs pionniers, dont
la fixation est parfois requise pour ouvrir la chromatine condensée avant la fixation d’autres TFs
(Zaret and Carroll, 2011; Sherwood et al., 2014).

Plus récemment, des modèles utilisant des données de conformation de l’ADN en plus de la
séquence ADN par apprentissage profond (Wang et al., 2021; Zhang et al., 2021) ou forêts aléatoires
(Barissi et al. 2022) (Barissi et al., 2022) ont montré de meilleures performances que deepbind
(Alipanahi et al., 2015) un modèle CNN utilisant uniquement la séquence ADN. Ceci peut être
considéré comme un challenge pour mieux capturer l’information de séquence pour prédire la
fixation de TF.

Construire des caractéristiques pour discriminer 2 conditions Avec la diversité des types
cellulaires et des conditions expérimentales, se sont développé naturellement des approches de
classification multi-classe pour caractériser les facteurs de fixation d’un TF spécifique d’un type
cellulaire ou d’une condition (Wang et al., 2018; Yuan et al., 2019).

Dans le cadre d’une étude des mécanismes de régulation de ces deux TFs dans les cancers
du sein dits “triple négatifs” (Bejjani et al., 2021), le modèle TFcoop (Vandel et al., 2019) nous
a permis de discriminer les séquences fixées in vivo par deux TFs (Fra-1 et Fra-2) de la même
famille (Fos) et ayant des motifs de fixation très proches. Cependant, le motif associé à un TF, tel
que représenté par une matrice PWM issus d’une base de données, n’est pas spécifique d’une de
ces conditions.

De même, les TF paralogues (descendants d’un même TF ancestral) reconnaissent des motifs

https://www.encodeproject.org/
https://jaspar.genereg.net/
http://cisbp.ccbr.utoronto.ca/
https://hocomoco11.autosome.org/
https://www.encodeproject.org/


similaires mais peuvent se fixer dans des régions génomiques très différentes. Nous avons proposé
un classifieur linéaire, nommé TFscope, qui a pour enjeu d’identifier les caractéristiques de l’ADN
qui différentient la fixation observée entre deux expériences de fixation de TF (ChIP-seq), ciblant
soit le même TF dans deux conditions différentes (types cellulaires ou traitements), soit deux TF
paralogues (Roméro et al. (2022), disponible en Annexe A). Afin de discriminer deux condi-
tions, TFscope réalise une sélection (via une régularisation Lasso) parmi plusieurs caractéristiques
construites en amont : (i) un nouveau motif discriminant, (ii) l’environnement nucléotidique au-
tour du site de fixation et (iii) la présence de motifs de fixation associés à d’autres TF, dans une
région délimitée spécifiquement pour chaque motif et pour les deux conditions considérées. Le mo-
tif discriminant est construit à partir d’un modèle logistique exploitant l’information du nucléotide
présent parmi les quatre A, C, G,T (variable catégorielle) à chaque position t du motif général pour
distinguer les deux conditions. L’environnement nucléotidique est décrit via la fréquence de k-mer
dans des sous-régions identifiées via une adaptation de l’approche DExTER (Menichelli et al., 2021)
pour la classification. La région associée à chaque autre motif est elle aussi déterminée par une
approche exhaustive.

Cette approche identifie ainsi les principales caractéristiques de la séquence ADN utilisée pour
la prédiction ainsi que la contribution de chacune de ces caractéristiques à l’explication des diffé-
rences de liaison. A travers une étude sur plus de 350 comparaisons de contexte de fixation, nos
expériences ont montré que les caractéristiques génomiques qui distinguent la fixation des TF dans
deux contextes différents varient en fonction des TF considérés et/ou des conditions. Pour discri-
miner la fixation d’un même TF dans différents types de cellules ou sous différents traitements, la
fixation de TF ‘coopérants’ et l’environnement nucléotidique expliquent la plupart des différences
entre les sites de fixation. En revanche, pour les TF paralogues, des différences subtiles dans le
motif du TF cible semblent être la principale raison des différences.





Chapitre 4

Mesure de l’importance des variables

La capacité à interpréter correctement les résultats d’un modèle de prédiction est extrêmement
importante. D’une part, elle est source de confiance de la part de l’utilisateur, mais elle aide
également (i) à savoir comment un modèle peut être amélioré et (ii) à comprendre le processus
modélisé. Aussi l’explicabilité des modèles prend une part de plus en plus importante dans les
développements méthodologiques en apprentissage statistique (Murdoch et al., 2019; Belle and
Papantonis, 2021), y compris en dehors des méthodes d’apprentissage profond.

Dans un contexte de forte corrélation entre les variables prédictives, les modèles les plus simples
manquent de robustesse et la mesure de l’importance relative des variables est une tâche difficile.

4.1 Modèles linéaires

Avec les modèles linéaires régularisés en norme l1, on obtient naturellement un sous ensemble
parcimonieux qui minimise l’erreur de prédiction sous contrainte (par validation croisée ou selon
un critère tel que Cp, BIC ou AIC) (Hastie et al., 2020). En revanche, dans un contexte de grande
dimension et de fortes corrélations entre les prédicteurs, ce sous-ensemble n’est pas robuste, et a
tendance à inclure un nombre important de faux positifs (Knight and Fu, 2000; Zou, 2006).

Sous-échantillonnage Des méthodes de sous-échantillonnage sont utilisées pour identifier un
sous-ensemble stable de variables explicatives, notamment par une simple approche bootstrap
(Bolasso (Bach, 2008), StARS-GGM (Liu et al., 2010)), par l’introduction d’un aléa sur le poids
de la pénalité lasso (Randomized Lasso (Meinshausen and Bühlmann, 2010)), ou encore par une
division aléatoire du jeu de données pour ne retenir que les variables sélectionnées conjointement
sur les 2 sous-échantillons (CPSS pour Complementary Pairs Stability Selection (Shah et al.,
2013)). Pour l’inférence de GRN (Chapitre 2), la méthode TIGRESS (Haury et al., 2012) utilise
une déclinaison du Randomized Lasso, The inferelator (Skok Gibbs et al., 2022) l’approche
StARS − GGM adaptée pour le Lasso. La sélection de variables se fait alors en fonction de la
fréquence de sélection sur l’ensemble des sous-échantillons. Cela nécessite de fixer a minima 2
paramètres : le poids de la pénalité λ pour minimiser l’erreur de prédiction et un seuil π de
fréquence de sélection des arêtes.

Récemment, Bodinier et al. (2023) ont mis en évidence que le choix du seuil de fréquence
de sélection π peut dépendre de nombreux paramètres, et notamment de la dimension et de
la topologie du réseau. Ils proposent une nouvelle approche pour optimiser conjointement ces 2
paramètres (λ, π) via une approche originals qui consiste à minimiser la vraisemblance jointe Lλ,π
de la classification des variables explicatives (entre trois catégories : sélectionnée de façon stable,
non sélectionnée de façon stable ou instable) sous l’hypothèse d’équi-probabilité de sélection, avec
l’idée qu’un bon classifieur ne donne pas la même probabilité de sélection à toutes les variables.

Apprentissage multi-tâches Dans le cas de plusieurs jeux de données relativement proches
(succession de points de temps, réplicats biologiques, ...), l’apprentissage simultané des modèles
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associés à chaque condition avec un partage d’information favorisant la sélection des mêmes va-
riables dans les différentes conditions permet de stabiliser la sélection de variables. Le critère de
pénalisation group lasso (Yuan and Lin, 2006) permet cela en définissant comme groupe de va-
riables, la même variable au sein de chacun des modèles associés à une condition : Si une variable
est sélectionnée, elle l’est pour toutes les conditions. Cette pénalisation incite à choisir un petit
nombre de variables qui permettent d’expliquer l’ensemble des réponses observées dans les diffé-
rents contextes. Elle a été utilisée par exemple par (Liu et al., 2014) pour l’inférence de GRN.
Cette approche s’est également révélé particulièrement utile pour identifier un sous-ensemble ro-
buste de variables dans le contexte de forte corrélation généré par les caractéristiques construites
à partir d’une recherche exhaustive de composition en mots de k lettres dans une sous-région
(Menichelli et al., 2021). Selon le contexte et les objectifs, différentes déclinaisons de pénalité en
norme l1 peuvent être envisagées. En particulier, l’approche sparse group Lasso (Rao et al., 2013)
encourage de plus à la sélection de variables à l’intérieur des groupes de variables sélectionnées.
A l’inverse, l’approche exclusive Lasso (Zhou et al., 2010) permet d’identifier des prédicteurs uti-
lisés exclusivement dans une des tâches ou condition, et permet ainsi d’identifier des variables
spécifiques.

Importance relative (Approches par permutations centrées sur l’individu) Dans les
travaux menés pour la construction d’un modèle général de l’expression des gènes (Bessière et al.
(2018) et disponible en Annexe D), nous avons utilisé une approche par permutation afin
de vérifier la confiance que l’on peut avoir dans le sous-ensemble de variables sélectionnées. Pour
chaque individu statistique (ici le gène i), les valeurs des variables explicatives qui lui sont associées
sont permutées : les variables explicatives (colonne de la matrice X, Eq. (3.1)) n’ont alors plus
de sens. La permutation sur les données de composition de séquence fait chuter les performances
du modèles comme attendu, mais ce n’est pas le cas pour les données expérimentales (données de
fixation de TF ou de méthylation) utilisées par RACER (Li et al., 2014) et TEPIC (Schmidt et al.,
2017). Cela met en évidence de fortes redondances dans ces jeux de données expérimentales :
le modèle utilise essentiellement l’information commune portée par ces variables, traduisant ici
l’accessibilité de la chromatine. Schmidt and Schulz (2019) ont ensuite proposé une normalisation
du score de fixation de facteur de transcription à partir de le l’ensemble des TFs fixés dans une
région donnée, ce qui permet de capturer l’importance d’un TF donné, en dehors de l’accessibilité
de la chromatine.

4.2 Aggrégations d’arbres

Critères empiriques Un arbre de régression est construit en sélectionnant à chaque noeud la
variable explicative (et le seuil associé) qui minimise l’erreur de prédiction sur l’échantillon d’ap-
prentissage. Les forêts aléatoires fournissent une prédiction à partir de la moyenne des prédictions
sur l’ensemble des arbres, mais ne permettent pas directement de sélection ou de tri des variables.
Cela requiert une analyse post-hoc.

Deux critères ont été initialement proposés pour mesurer l’importance relative des variables
explicatives des RFs dans un objectif de régression : la diminution de la précision (MDA pour
Mean Decrease in Accuracy) (Breiman, 2001) ou la diminution de l’impureté des noeuds (MDI
pour Mean Decrease in Impurity) (Breiman, 2002) apportée par une variable explicative donnée.
Le critère MDA pour une variable Xk mesure l’augmentation de l’erreur de prédiction sur la part
de l’échantillon non utilisée pour construire un arbre (out-of-bag) lorsque les valeurs observées de
la variable Xk sont permutées (ce qui rompt sa relation avec la variable réponse, mais aussi avec
les autres variables explicatives). On peut noter cependant qu’il n’y a pas de consensus dans la
formulation exacte du critère MDA (Bénard et al., 2022), seules les implémentations proposées par
randomForest (Liaw and Wiener, 2002), ranger (Wright and Ziegler, 2017) et randomForestSRC
(Ishwaran and Kogalur, 2023) suivent la définition originale :

MDA(Xk) =
1

M

M∑

l=1

MSEl,(Xk permuted) −MSEl (4.1)



avec MSEl = 1
nl

∑nl

m=1(ym − ŷm)2 la moyenne des erreurs de prédiction sur l’out-of-bag pour
l’arbre l, nl le nombre d’observations non utilisées pour construire l’arbre l (taille de l’out-of-bag)
et MSEl,(Xk permuted) le même calcul réalisé à partir des prédictions obtenues lorsque les valeurs
de la variable Xk sont permutées aléatoirement.

Pour une mesure d’impureté donnée (ici la variance, Eq. (4.2)), le critère MDI pour une
variable Xk est obtenu à partir une somme pondérée des diminutions d’impureté sur chaque nœud
t associé à la variable Xk (Eq. (4.3,4.4)), moyennée sur tous les arbres Tm de la forêt aléatoire.

Pour ces deux critères, une valeur élevée signifie que la variable explicative porte une part
importante dans la prédiction de la forêt.

I(t) =
1

n(t)

n(t)∑

j=1

(yj − yt)2 (4.2)

∆t = I(t)−
(
n(tl)

n(t)
I(tl) +

n(tr)

n(t)
I(tr)

)
(4.3)

MDI(Xk, Tm) =
∑

t∈Tm,v(t)=Xk

nt
n

∆t (4.4)

MDI(Xk) =
1

M

M∑

m=1

MDI(Xk, Tm) (4.5)

Identification de biais et améliorations Différents biais on été mis en évidence dans les
méthodes empiriques de mesure de l’importance des variables. Tout d’abord dans un contexte
de classification, des biais ont été mis en évidence pour des variables catégorielles (favorisant
les variables avec beaucoup de catégories (Strobl et al., 2007; Nicodemus, 2011), et les variables
avec des catégories sur-représentées (Nicodemus, 2011; Boulesteix et al., 2012)) et en présence
de corrélations entre les variables explicatives (Nicodemus and Malley, 2009). Ces biais ont été
partiellement corrigés récemment (Li et al., 2019; Zhou and Hooker, 2021; Loecher, 2022).

Par ailleurs, Bénard et al. (2022) ont caractérisé des biais présents les deux critères empi-
riques couramment utilisés (MDI et MDA). L’importance mesurée par le critère MDI contient
une partie de la variance résiduelle, répartie sur l’ensemble des variables explicatives. Le cri-
tère MDA mesure lui la somme de deux indices de Sobol (Total Sobol index (Sobol, 1993) et
Full total Sobol index (Mara et al., 2015; Benoumechiara, 2023)), multipliée à la variance de
la réponse, et additionnée d’un terme difficile à interpréter. Une exception est faite dans le cas
de variables explicatives indépendantes, le MDA mesure bien l’importance relative des variables
(multipliée à la variance de la réponse), mais cette situation se présente rarement. Ils définissent
un nouveau critère appelé Sobol−MDA pour lesquels des résultats de convergence asymptotique
vers l’indice de Sobol (Sobol, 1993). Le Sobol −MDA permet de mesurer l’importance relative
d’une variable en retirant l’effet de cette variable dans le modèle (sans appliquer une nouvelle
fois l’algorithme sur les p − 1 autres variables explicatives). Ce critère est également utilisé pour
l’identification de règles de décision stables (interactions d’ordre 2) à partir d’une aggrégation
d’arbres, de profondeur égale à 2 avec la méthode SIRUS (Bénard et al., 2021a,b).

4.3 Construction d’un réseau
La sélection des arêtes au sein d’un graphe est un problème de classification : on chercher à

identifier les arêtes présentes. Dans le cadre de p sous-problème de régression (chacun associé à
un gène cible) présenté dans la section 2.2, on recherche un sous ensemble robuste de variables
explicatives (facteurs de transcription) qui minimise l’erreur de prédiction. Dès lors, que le cadre
soit linéaire ou non, la construction d’un réseau global nécessite de sélectionner (ou d’interclasser)
des arêtes issues de p modèles de régression. On cherche alors à mesurer une importance relative
à travers p modèles de régression.

Pour les forêts aléatoires, les critèresMDI etMDA évaluent l’importance relative des variables
à l’intérieur d’un modèle de régression. En revanche, les ordres de grandeur des valeurs prises par



ML régularisé + Stabilité
The inferelator 3.0 Skok Gibbs et al. (2022) Rang moyen de la variable Xk
(AMuSR - multi task) Castro et al. (2019) en terme de variance expliquée Sik :
(TF activity inference) Arrieta-Ortiz et al. (2015) Sik = 1− σ̂2

modèle sélectionné
σ̂2
modèle sans Xk

(Structure prior) Greenfield et al. (2013)
(StARS-lasso) Miraldi et al. (2019) Rang de la variable k (fréq. de sélection)

+ |pcorr(Yi, Xk)|
TIGRESS Haury et al. (2012) Fréq. de sélection moyenne de la variable

Xk parmi les l = 1, ..., L premières.
Forêts aléatoires

DIANE Cassan et al. (2021) MDA + p-valeur non-paramétrique
dynGENIE3 Huynh-Thu and Geurts (2018) MDI normalisé
iRafNet Petralia et al. (2015) MDI
GENIE3 Huynh-Thu et al. (2010) MDI

Table 4.1 – Exemples de critère de tri des arêtes (régulateur Xk, gène cible i) dans les approches
pour l’inférence de réseaux présentées dans ce chapitre : Modèles linéaires régularisés en norme l1
+ stabilité de sélection et forêts aléatoires.

ces critères peuvent varier en fonction de la variable réponse. Pour l’inférence de GRN à partir de
forêts aléatoires, le critère le plus couramment utilisé est le MDI, qui a été implémenté initiale-
ment dans l’approche GENIE3 (Huynh-Thu et al., 2010). La méthode dynGENIE3 (Huynh-Thu and
Geurts, 2018) développée plus récemment (ainsi que la version actuelle de GENIE3) utilise un score
MDI normalisé par la somme des poids de tous les variables explicatives (régulateurs potentiels).
Outre les biais associés à ces critères évoqués dans la section précédente, ces critères permettent
d’obtenir un tri des variables explicatives, mais il est difficile de placer un seuil de sélection. Une
pratique courante avec les forêts aléatoires repose sur l’introduction de variables de bruit (ne por-
tant aucune information) qui permet de définir un critère d’arrêt dans la sélection des variables.
Dans un contexte de faible ratio signal-sur-bruit, cela peut mener à sélectionner un nombre trop
élevé de variables, en particulier si l’on cherche à retenir un ensemble très parcimonieux comme
c’est le cas pour les réseaux de régulation.

Dans l’application interactive DIANE pour l’inférence de réseaux (Cassan et al. (2021) dispo-
nible en Annexe B, voir aussi section 2.2.3), nous avons proposé de fixer un premier seuil selon
la densité maximale attendue du réseau (à partir de la connaissance des réseaux en biologie), puis
de calculer une p-valeur non-paramétrique pour les arêtes retenues (obtenue par une méthode de
permutation des arêtes implémentée dans le package R rfpermute (Archer, 2022)).

Avec les modèles linéaires régularisés, de nombreux critères empiriques ont été utilisés pour
estimer l’importance relative des arêtes issues de différents modèles (Table 4.1). Ajouter la valeur
absolue de la corrélation partielle (pcorr(Yi, Xk) = cov(Yi, Xk|X−k)/

√
V (Yi|X−k)V (Xk|X−k)) à

la fréquence de sélection (Miraldi et al., 2019) permet de tenir compte de la variance de la réponse
(à la différence du coefficient de régression βi,k = cov(Yi, Xk|X−k)/V (Xk|X−k)) pour interclasser
les arêtes entre les différents gènes cibles, mais limite le poids de la régression régularisée dans la
reconstruction du réseau. La moyenne des fréquences de sélection entre les L premières variables
(1/L

∑L
l=1 F (k, l) où F (k, l) est la fréquence des sélection de la variable Xk parmi les l premières

variables) proposée dans la méthode TIGRESS (Haury et al., 2012) permet de donner plus de poids
aux variables fréquemment sélectionnées en premier, mais dépend fortement du nombre maximum
de variables considérées L.

Greenfield et al. (2013) utilisent le rang moyen de la variableXk en termes de variance expliquée
Sik dans le modèle sélectionné pour le gène i. Ce terme dépend, non pas de la différence de MSE
avec ou sous la variable k comme le MDA (Equation (4.1)), mais de leur ratio :

Sik = 1− σ̂2
modèle sélectionné
σ̂2

modèle sans Xk

= 1− MSEmodèle sélectionné

MSEmodèle sans Xk

(4.6)



Considérer l’augmentation relative de l’erreur associée au retrait d’une variable (et non une dif-
férence comme le critère MDA) permet d’interclasser des arêtes issues de modèle de régression
différents. Avec un modèle linéaire, la moyenne des carrés des erreurs sans Xk peut être obtenue
en estimant le modèle sans la variable Xk comme proposé dans The Inferelator (Skok Gibbs
et al., 2022), ou bien estimée en attribuant la valeur moyenne des observations à la variable Xk

pour calculer une prédiction. Ce critère dépend uniquement du critère de sélection du poids de
pénalité choisi pour la régularisation (CV , BIC, AIC) et du nombre de sous-échantillons. Ce nou-
veau critère proposé par Greenfield et al. (2013), et utilisé depuis dans la suite The Inferelator
(Skok Gibbs et al., 2022), offre de plus l’avantage d’être borné entre 0 et 1, l’erreur de prédiction
étant (sauf hasard de l’échantillonnage ou mauvais choix de modèle) généralement plus élevée
après avoir retiré une variable d’un modèle sélectionné par régularisation. C’est celui que nous
avons utilisé pour évaluer l’importance des variables dans une approche récemment développée
pour optimiser l’intensité d’intégration pour l’inférence de GRN (Manuscrit en cours de rédaction)
dans la continuité des travaux de thèse d’O. Cassan (2022).





Chapitre 5

Discussion et perspectives de
recherche

Appliquer et développer l’intégration pour l’inférence de réseaux L’intégration de don-
nées pour l’inférence de réseaux a été développée dès les premiers développements de l’inférence
statistique à partir de données d’expression, notamment avec les travaux de Segal et al. (2001) et
Bar-Joseph et al. (2003). Avec le séquençage à haut débit, on a maintenant accès à une grande di-
versité de données pour observer la régulation de l’expression, et pour de plus en plus de conditions
et/ou d’espèce différentes. Il s’agit aujourd’hui d’identifier et de modéliser finement les liens entre
ces différents types de données qui offrent des point de vue complémentaires sur la machinerie de
la régulation, et ce idéalement à grande échelle.

La complémentarité effective des jeux de données dépend de nombreux paramètres, des type
de données considérées, mais aussi des conditions expérimentales et de la question étudiée. Les
volumes et sources de données sont vastes, un des enjeux consiste à arbitrer l’intégration. Quand
l’intégration est-elle valable ? Comment choisir l’intensité d’intégration ? Il y a un réel enjeu à
être en mesure de choisir l’intensité à partir des données. Nous avons proposé une méthode pour
optimiser la force d’intégration pour chaque sous-problème, en contrôlant l’intensité en fonction
de l’erreur de prédiction par une approche par permutation (Preprint en cours de rédaction) qui
rompt le lien entre les 2 jeux de données dans la continuité de la thèse de Cassan (2022). Cette
approche est utilisable dans un cadre général de régression avec a priori, pour tout type de données
continues. Cette approche permet également d’étudier la complémentarité entre 2 jeux de données,
et de l’exploiter de façon optimale pour le partage d’information. Il serait particulièrement intéres-
sant de comparer l’intérêt de différentes sources de données complémentaires à l’expression pour
l’inférence de réseaux (données de fixation de TFs, de configuration de chromatine, d’interaction
entre protéines, ... ) voir éventuellement d’étendre cette approche pour l’intégration de plusieurs
types de données omics.

L’intégration de plusieurs types de données peut également se faire par la construction du
prior. En particulier l’intégration de données ATAC-seq (traduisant l’ouverture de chromatine)
permet de délimiter plus finement la région ouverte autour du site d’initiation de la transcription.
Un des enjeux actuels en biologie moléculaire est de comprendre le fonctionnement des modes de
régulation distante, par exemple les enhancers sont des régions distantes du TSS, mais impliquées
dans la régulation de la transcription via la fixation de protéines également. Il a été constaté que
la fixation des TFs sur les régions enhancer sont particulièrement spécifiques du type cellulaire
(Reiter et al., 2023), et nous l’avons également observé dans l’analyse réalisée avec l’approche
TFcoop (Vandel et al., 2019) pour l’étude de la coopérativité pour la fixation de TF. Aussi, il
serait intéressant d’étendre la région au sein de laquelle les motifs de fixation sont recherchés à
ces régions distantes. L’état de l’art en biologie ne permet pas encore d’identifier les enhancers
associés à un gène. En revanche les données d’ouverture de chromatine (ATAC-seq), les données
d’expression qui permettent de séquencer le début de l’ARN (extrémité 5’) CAGE pour Cap
Analysis of Gene Expression ou encore les données de configuration 3D de l’ADN (Hi-C) sont
autant de sources d’information à exploiter pour identifier des enhancer potentiels, associés à un

39



gène dans une condition spécifique. Inclure ces régions candidates dans nos modèles de l’expression
à partir de données de séquence pourrait permettre d’identifier de nouveaux TFs impliqués dans
la régulation (distante) de l’expression des gènes, et de valider certaines régions candidates.

La combinatoire de structures de réseaux est très élevée si l’on considère l’ensemble des régula-
tions possibles au sein d’une cellule. Un moyen d’identifier une information robuste pourrait être
de poser une question plus précise. Ainsi, l’inférence ‘différentielle’ de réseaux met en évidence, non
pas l’ensemble des régulations en cours dans la cellule, mais celles qui différencient au mieux les 2
jeux de données (Thorne, 2016; Kim et al., 2018; Berest et al., 2019). L’extension pour l’inférence
différentielle de réseaux (classification) des méthodes d’intégration de données via weighted Lasso
et les weighted RF est également une perspective à considérer.

Affiner la modélisation de séquence pour l’expression La présence d’information encodée
dans la séquence associée à la régulation de l’expression des gènes (au delà de la présence de
motifs de fixation) est aujourd’hui établie. Les méthodes pour l’extraction de caractéristiques de
séquence se développent et se précisent, avec des approches d’apprentissage profond ou non. A
partir de caractéristiques construites à partir de connaissances biologiques et de modélisations
linéaires, nous avons développé des méthodes qui permettent l’identification de caractéristiques
de séquence associées au niveau d’expression des gènes (Bessière et al., 2018; Menichelli et al.,
2021) et à la fixation de TF (Vandel et al., 2019; Roméro et al., 2022). Ces modèles sont des outils
pour explorer de façon plus large les différents niveaux de régulation de l’expression des gènes
(configuration de la chromatine, grammaire de fixation des TFs, identification et caractérisation
des régions régulatrices, spécificité cellulaire, ...). Par exemple, le modèle TFscope pourrait être
utilisé pour caractériser les contextes de fixation fonctionnelle d’un TF. En effet, la fixation d’un
TF dans une région promotrice n’assure pas l’activation de la transcription (ou inhibition) du gène.
Des données d’expression collectées dans les mêmes conditions que les données de fixation d’un TF
permettent de distinguer les fixations fonctionnelles des non fonctionnelles. Cela pose un nouveau
problème de classification supervisée à explorer avec cet outil. Par ailleurs, les bases de données
proposent essentiellement des motifs de fixation consensus. Il serait intéressant de contribuer à la
construction d’une base de données de motifs discriminants, tel que ceux construits dans l’approche
TFscope, afin de faciliter et de généraliser leur utilisation.

Plusieurs directions d’amélioration de ces méthodes sont à considérer. Par exemple, un enjeu
essentiel consiste à caractériser le contexte de fixation des TF, en plus d’un motif discriminant et
de la combinaison de cofacteurs. Le modèle de fixation des TF à l’ADN pourrait être amélioré dans
ce sens en exploitant des données de structure locale de l’ADN construites à partir de modèles
physiques (DNAshape ou DNA Affinity) qui sont particulièrement informatives (Bentsen et al.,
2022). Chercher à prédire ces données est en moyen d’identifier de nouveaux prédicteurs de la
fixation des TF, à intégrer au modèle global.

Associer l’information de la présence de motifs de fixation à l’expression des gènes reste une
question largement ouverte, et requiert des efforts de modélisation. Une démarche naturelle consiste
à affiner la question, comme nous l’avons fait pour modéliser la fixation de TF avec une approche
discriminante. En outre, il serait intéressant de considérer l’intégration de données d’expression
des TFs associés aux motifs de fixation afin de guider la sélection de motifs. Cette fois, à l’inverse
de l’intégration de motifs pour l’expression (approche initiée dans la thèse d’O. Cassan (2022)),
ce serait l’expression qui viendrait supplémenter la présence de motif de fixation.

Enfin une perspective consiste à poursuivre les recherches que nous avons initiées pour cap-
turer les interactions entre variables, en grande dimension. Les développements réalisés via une
accélération de descente de gradient coordonnées par coordonnées Bascou (2022) sont destinés à
plusieurs applications, afin de de considérer l’apport de différents types d’interaction entre fré-
quences de mots de k lettres issus de différents régions et/ou présences de motifs. Etant donné
la combinatoire des interactions et la relativement faible taille des jeux de données considérés,
l’identification d’interactions robustes est un problème difficile. Les interactions étant de plus for-
tement corrélées (entre elles et avec les variables simples), cela soulève de plus le problème de la
mesure de l’importance des variables. La prise en compte des interactions est cependant clé dans
la modélisation des processus de régulation de l’expression. Aussi il semble essentiel de mener cette
direction de recherche de front avec celle de la mesure de l’importance des variables.



Étendre les mesures d’importance des variables dans un contexte de forte corrélation
Beaucoup s’accordent à dire qu’un bon modèle est un modèle précis, robuste et interprétable.
Dans un objectif explicatif, la précision du modèle n’est pas un objectif premier. Cependant, en
biologie moléculaire, et en particulier pour la compréhension de la régulation de l’expression des
gènes, on se situe dans une démarche exploratoire. Il s’agit de générer des hypothèses, qui pourront
idéalement être validées expérimentalement.

On manque encore actuellement de données de validation par manque de connaissance du
phénomène étudié. Aussi la précision du modèle est très souvent utilisée comme un indicateur de
qualité du modèle. En revanche, l’interprétabilité est au cœur de cette démarche explicative. Et
dans un contexte où les variables explicatives sont fortement corrélées, l’évaluation de l’importance
des variables est une question difficile. Il n’y a pas de consensus même pour des modèles classiques
tels que les modèles linéaires ou les aggrégations d’arbres. Dans les travaux que nous avons menés,
nous avons utilisé différentes heuristiques empiriques pour identifier des variables importantes pour
la reconstruction de réseau de régulation et pour l’extraction de caractéristiques de séquence. Cela
nous a permis de premières analyses, et d’identifier certaines variables importantes, mais un des
enjeux consiste maintenant à approfondir la mesure de l’importance des variables.

De récentes contributions sont à considérer, en particulier des modèles de régularisation en
norme l1 adaptés à un contexte de forte corrélation (Precision Lasso (Wang et al., 2019), Whi-
tening Lasso (Zhu et al., 2021) ; une approche pour la sélection de variables à travers la stabilité
de sélection dans un modèle linéaire régularisé en optimisant conjointement les paramètres de
régularisation et de stabilité (Bodinier et al., 2023) ; ou encore une nouvelle définition du calcul
de l’importance des variables dans les forêts aléatoires (Bénard et al., 2022) et des interactions
d’ordre 2 (Bénard et al., 2021a,b).

On peut cependant questionner l’objectif premier. Chercher une variable sélectionnée de façon
robuste au sein d’un groupe de variables corrélées, a fortiori dans un contexte de grande dimension
n’est peut-être pas un objectif accessible, ni même souhaitable. Dans un objectif explicatif, il
serait par exemple intéressant d’identifier les ensembles de variables dont les contributions sont
‘indistinguables’ d’après les données, dans un contexte donné.
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and other eukaryotes. PLOS Computational Biology 17(4).

3. Vandel, J., Cassan, O., Lèbre, S., Lecellier, C.-H., Bréhélin, L. (2019) Probing transcription
factor combinatorics in different promoter classes and in enhancers.
BMC Genomics, 20 :103. https://hal.archives-ouvertes.fr/hal-02070201

4. Bessière, C., Taha, M., Petitprez, F., Vandel, J., Marin, J.-M., Bréhélin, L., Lèbre, S.,
Lecellier, C.-H. (2018) Probing instructions for expression regulation in gene nucleotide
compositions. PLoS Computational Biology, 14 (1).

5. Lèbre, S. , O. Gascuel (2017). The combinatorics of overlapping genes. Journal of Theore-
tical Biology, Vol 415, pages 90-101.

6. E. Benard, Lèbre, S. , C. J. Michel (2015).Genome Evolution by Transformation, Expansion
and Contraction (GETEC). Biosystems, Vol 135, pages 15-34.

7. F. Dondelinger, Lèbre, S. and D. Husmeier (2013). Non-homogeneous dynamic Bayesian
networks with Bayesian regularization for inferring gene regulatory networks with gradually
time-varying structure, Machine Learning, Vol 90, Iss. 2, pages 191-230.

8. Lèbre, S., C. J. Michel (2013). A new molecular evolution model for limited insertion inde-
pendent of substitution. Mathematical Biosciences 245, pages 137-147.

9. F. Dondelinger, D. Husmeier and Lèbre, S. (2012). Dynamic Bayesian networks in mole-
cular plant science : Inferring gene regulatory networks from multiple gene expression time
series, Euphytica, 183(3), 361-377.

10. Lèbre, S. , C. J. Michel (2012). An evolution model for sequence length based on residue
insertion-deletion independent of substitution : an application to the GC content in bacterial
genomes. Bulletin of Mathematical Biology, 74, 1764-1788.

11. D. Marbach et al. (2012) Wisdom of crowds for robust gene network inference, Nature
Methods 9, 796-804 (58 auteurs). Étude globale des résultats obtenus par les équipes par-
ticipant au challenge DREAM5.

https://www.biorxiv.org/content/10.1101/2023.09.29.558791v1
https://www.biorxiv.org/content/10.1101/2022.08.16.504098v3
https://pubmed.ncbi.nlm.nih.gov/33533919/
doi.org/10.1186/s12864-021-07659-2
https://hal.archives-ouvertes.fr/hal-02070201


12. Lèbre, S. , C. J. Michel. (2010) A stochastic evolution model for residue Insertion-Deletion
Independent from Substitution (IDIS). Computational Biology and Chemistry, Vol. 34, Iss.
5-6, pages 259-267, 2010.

13. Lèbre, S. , J. Becq, F. Devaux, M. P. H. Stumpf, G. Lelandais. (2010) Statistical inference
of the time-varying structure of gene-regulation networks. BMC Systems Biology, Vol. 4,
Iss. 130, pages 1-16, 2010.

14. Lèbre, S. (2009) Inferring dynamic bayesian network with low order independencies, Sta-
tistical Applications in Genetics and Molecular Biology, Vol. 8, Iss. 1, Article 9, pages 1-40,
2009.

15. Lèbre, S. , P-Y. Bourguignon (2008) An EM algorithm for estimation in the Mixture Tran-
sition Distribution Model, Journal of Statistics Computation and Simulation, Vol. 78, Iss.
8, 713, pages 713-729, 2008.

Articles publiés dans des actes de congrès avec comité de lecture (rang A)
1. Bousquet, F. and Lèbre, S. and Lavergne, C. (2020) From mixture of longitudi-

nal and non-gaussian advertising data to Click-Through-Rate prediction. 24th European
Conference on Artificial Intelligence (ECAI) ECAI 2020 (Taux de sélection 26.8%)

2. D. Husmeier, F. Dondelinger, Lèbre, S. (2010) Inter-time segment information sha-
ring for non-homogeneous dynamic Bayesian networks. Proceedings of the The Neural
Information Processing Systems (NIPS), pages 1-9, 2010 (Taux de selection : 293/1219 =
24%).

3. F. Dondelinger, Lèbre, S., D. Husmeier. (2010) Heterogeneous Continuous Dynamic
Bayesian Networks with Flexible Structure and Inter-Time Segment Information Sharing.
Proceedings of the International Conference on Machine Learning, ICML, pages 1-8, 2010
(Taux de selection : 152/594 = 25%).

Livre
1. R. Nagarajan, M. Scutari, Lèbre, S. (2013) Bayesian Networks in R with Applications in

Systems Biology. Use R ! : Vol. 48. Springer.

Chapitres de livre
1. Lèbre, S. , F. Dondelinger, D. Husmeier. Nonhomogeneous Dynamic Bayesian Networks

in Systems Biology. In : Next Generation Microarray Bioinformatics (Junbai Wang, Aik
Choon Tan, Tianhai Tian eds.) Humana Press, Springer Verlag, New York, Series : Method
in Molecular Biology, Vol. 802, chapter 13, pages 199-214, 2012.

2. G. Lelandais and Lèbre, S.. Recovering Genetic Network from Continuous Dynamic
Bayesian Networks In : Handbook of Statistical Systems Biology (M. P. H. Stumpf, D. J.
Balding and M. Girolami eds), John Wiley & Sons, Ltd, Chichester, UK, chapter 12, pages
255-269, 2011.
http://onlinelibrary.wiley.com/doi/10.1002/9781119970606.ch12/summary

3. Lèbre, S. and G. Lelandais. Modeling a Regulatory Network Using Temporal Gene
Expression Data : Why and How?, In : Automation in Genomics and Proteomics : An En-
gineering Case-Based Approach : MIT and Harvard interdisciplinary special studies courses
(R. Benson, G. Alterovitz and M. Ramoni, eds), John Wiley & Sons, Ltd, Chichester, UK,
chapter 4, pages 69-96, 2009.
http://eu.wiley.com/WileyCDA/WileyTitle/productCd-0470727233.html

Mémoire de thèse
S. Lèbre Analyse de processus stochastiques pour la génomique : étude du modèle MTD et

inférence de réseaux bayésiens dynamiques.

http://ecai2020.eu/
http://onlinelibrary.wiley.com/doi/10.1002/9781119970606.ch12/summary
http://eu.wiley.com/WileyCDA/WileyTitle/productCd-0470727233.html


Doctorat en Sciences, spécialité Mathématiques appliquées, de l’Université d’Évry-Val-d’Essonne.
http://tel.archives-ouvertes.fr/docs/00/31/14/04/PDF/slebrePhDThesis.pdf

Packages récents
1. Application R et Rshiny DIANE (Cassan, O., Lèbre, S. and Martin, A.)

Motivés par des analyses statistiques reproductibles, nous avons partagé notre pipeline
pour l’inférence GRN, (Cassan, O., Lèbre, S. and Martin, A., BMC Genomics 2021) via
une interface utilisateur graphique déployée en ligne, qui se présente également sous la forme
d’un package R : Dashboard for the Inference and Analysis of Network from Expression
data (DIANE).
https://diane.bpmp.inrae.fr/

2. Package R BinomialMix (Bousquet, F., Lèbre, S. and Lavergne, C.)
Algorithme EM developpé sous R pour l’estimation d’un mélange de modèles linéaires
généralisés (GLM) pour des données longitudinales. Chaque composante du mélange est
un GLM dans le cas binomial, caractérisé par des covariables (continues et catégorielles)
spécifiques du contexte et de la périodicité (jour, plage horaire, ...). Cette approche de
classification non supervisée permet d’identifier des profils temporels similaires décrits par
une combinaison de variables (Bousquet, F., Lèbre, S. and Lavergne, C., ECAI, 2020).
https://cran.r-project.org/web/packages/binomialMix/

3. Package R DCODE (Lèbre, S.)
Algorithme de parcours de graphe developpé sous R permettant de lister les contraintes
induites sur les protéines (chaine d’acides aminés) codées par deux gènes chevauchants,
en termes d’acides aminés et polypeptides, en fonction du cadre de lecture. Nous avons
montré que des contraintes linéaires simples lient la composition en acides aminés de ces
deux protéines. Ces contraintes sont symétriques et permettent ainsi la caractérisation
de la composition conjointe de protéines chevauchantes (S. Lèbre, O. Gascuel, Journal of
Theoretical Biology, 2017).
https://cran.r-project.org/web/packages/DCODE/

Conférence internationale (invitée)

1. Computational and Methodological Statistics (CMStatistics), Londres, 2019.
http://cmstatistics.org/CMStatistics2019/
Titre de l’exposé : “Non-homogeneous dynamic Bayesian networks with Bayesian regulari-
zation for gene regulatory network inference”.

2. Workshop on Learning and Inference in Computational and Systems Biology
(LICSB), Londres, 2009.
Titre de l’exposé : “Time-varying genetic network inference using informative priors”.

Workshops (invitée)

1. Atelier IGEN (Integrating GENomic prediction with GENe regulatory networks), Ci-
rad, Montpellier, 2022. Titre de l’exposé : “Un aperçu de méthodes statistiques pour
l’inférence de réseaux de régulation”

2. Journée Statistique et Sciences de la Santé, Lille, 2022. Titre de l’exposé : “Sta-
tistical modeling and inference to identify DNA sequence elements involved in transcription
regulation”

3. Journées Netbio, Paris, 2017. Titre de l’exposé : “Modélisation de l’expression des
gènes à partir de données de séquence ADN”.

4. Biomathematics and Statistics Scotland Seminar,Edinburgh, UK,2013
Titre de l’exposé : “An evolution model for Limited Insertion Independent from Substitution
(LIIS)”

http://tel.archives-ouvertes.fr/docs/00/31/14/04/PDF/slebrePhDThesis.pdf
https://diane.bpmp.inrae.fr/
https://cran.r-project.org/web/packages/binomialMix/
https://cran.r-project.org/web/packages/DCODE/


5. Journées “Inférence de réseaux” MIA, INRA, Paris, Février 2012. Titre de l’ex-
posé : “Réseaux bayésiens dynamiques à structure variable dans le temps”.

6. Colloque du GDR de Bioinformatique Moléculaire, Paris, Novembre 2009.
Titre de l’exposé : “Statistical inference of time-varying structure of gene-regulation net-
works”.

Conférences nationales récentes (présentation par le doctorant premier
auteur)

1. Roméro, R. , Marin, J.-M, Lèbre, S., Lecellier,C.-H. , Bréhélin, L. Prediction of transcrip-
tion factor binding sites between cell types JOBIM 2021, Journées Ouvertes en Biologie,
Informatique et Mathématiques, Paris.

2. Bascou, F., Lèbre, S. , Salmon, J. Elastic Net avec gestion des interactions et débiaisage.
EGC 2021, Extraction et Gestion des Connaissances, Montpellier.

3. Bascou, F., Lèbre, S. , Salmon, J. Debiasing the Elastic Net for models with interactions.
JdS 2020, 53es Journées de Statistique de la SFdS, Nice.

4. Bousquet, F., Lèbre, S. and Lavergne, C. Classification de campagnes de publicité mobile :
Modèle de mélange pour données longitudinales et non gaussiennes. JdS 2019, 51es Journées
de Statistique de la SFdS, Nancy.

5. Bessière, C., Taha, M., PetitPrez, F., Vandel, J., Marin, J.-M., Bréhélin, L., Lèbre, S. and
Lecellier, C.-H. Modélisation de l’expression des gènes à partir de données de séquence
ADN. JdS 2017, 49es Journées de Statistique de la SFdS, 2017, Avignon, France.

http://carlit.toulouse.inra.fr/wikiz/index.php/Inf�rence_de_r�seaux_-_r�seau_MIA
http://www.gdr-bim.u-psud.fr/journees-gdr.html
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Abstract

Transcription factors (TFs) orchestrate gene expression and are at the core of cell-specific
phenotypes and functions. One given TF can therefore have different binding sites depending
on cell type and conditions. However, the TF core motif, as represented by Position Weight
Matrix for instance, are often, if not invariably, cell agnostic. Likewise, paralogous TFs rec-
ognize very similar motifs while binding different genomic regions. We propose a machine
learning approach called TFscope aimed at identifying the DNA features explaining the bind-
ing differences observed between two ChIP-seq experiments targeting either the same TF in
two cell types or treatments or two paralogous TFs. TFscope systematically investigates dif-
ferences in i) core motif, ii) nucleotide environment around the binding site and iii) presence
and location of co-factor motifs. It provides the main DNA features that have been detected,
and the contribution of each of these features to explain the binding differences. TFscope has
been applied to more than 350 pairs of ChIP-seq. Our experiments showed that the approach
is accurate and that the genomic features distinguishing TF binding in two different settings
vary according to the TFs considered and/or the conditions. Several samples are presented
and discussed to illustrate these findings. For TFs in different cell types or with different
treatments, co-factors and nucleotide environment often explain most of the binding-site dif-
ferences, while for paralogous TFs, subtle differences in the core motif seem to be the main
reason for the observed differences in our experiments.

The source code (python), data and results of the experiments described in this article are
available at https://gite.lirmm.fr/rromero/tfscope.

Introduction

The programming of gene expression is the primary mechanism that controls cellular phenotype
and function. At the DNA level, transcription factors (TFs) are supposed to play a key role in this
control. These proteins bind DNA sequence through specialized DNA binding domains (DBDs) to
enhance or repress the transcription of their target genes. DBDs bind preferentially to specific DNA
sequences, which are resumed in statistical models known as Position Weight Matrices (PWMs)
[49]. Most of the times, PWMs are obtained from dedicated probabilistic models—the Position
Probability Matrices (PPMs)—, which are available for many TFs in databases like JASPAR [15]
and HOCOMOCO [28]. PWMs can be used to compute binding affinities and to identify potential
binding sites in genomes. However, contrary to bacterial DBDs which recognize sequences that
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often have sufficient information content to target particular genomic positions, most eukaryotic
DBDs recognize short binding motifs (around 10bp) that are not sufficient for specific targeting
in the usually large (e.g. 109bp) eukaryotic genomes [52]. This purely statistical analysis has
been corroborated by genome-wide studies based on sequencing approaches (ChIP-seq, ChIP-exo,
CUT&RUN) that have been applied to hundreds of TFs in order to determine their binding profiles
in various cell types and conditions [13]. These studies showed that most TFs only associate with
a small subset of their potential genomic sites in vivo [48], and that the binding sites of a given
TF often vary substantially between cell types and conditions [44]. Furthermore, as the number
of DBD families in a genome is small with regard to the number of TFs, TFs paralogs from the
same DBD family often share very similar binding motifs, yet they usually show distinct binding
sites in vivo [21, 42, 27]. Thus, it is now evident that DBD motifs as resumed by PWMs are not
sufficient to completely determine TF binding in a specific cell or condition. On the other hand,
several studies revealed that a substantial part of the in vivo binding sites lack an obvious match
with the known binding motif of the target TF [48, 27].

At this point, it is important to emphasize the strong links that exist between TF binding
and histone marks [14]. Also, ChIP-seq experiments revealed that most TF binding sites (TFBSs)
lie within highly accessible (i.e., nucleosome-depleted) DNA regions [45]. However, it remains
unclear whether these chromatin states are a cause or a consequence of TF binding [20]. More-
over, recent approaches based on machine learning, and specifically convolutional neural networks
(CNNs), have shown that transcription factor binding but also gene expression as well as histone
modifications and DNase I-hypersensitive sites can be predicted from DNA sequence only, often
with surprisingly high accuracy [50, 54, 36, 24, 47, 2]. The good predictive performances of these
approaches suggest that a large part of the instructions for gene regulation and TF binding lies
at the level of the DNA sequence.

Several mechanisms based on specific DNA features have thus been proposed to complement
DBD motifs and to explain how TFs target precise genome locations. The current view is that
TF combinations underlie the specificity of eukaryotic gene expression regulation [11], with several
TFs competing and collaborating to regulate common target genes. Multiple mechanisms can lead
to TF cooperation [34, 37]. In its simplest form, cooperation involves direct TF-TF interactions
before any DNA binding. But cooperation can also be mediated through DNA, either with DNA
providing additional stability to a TF-TF interaction [22], or without any direct protein-protein
interaction, as in the pioneer/settler hierarchy described in Sherwood et al. [43] or in a non-
hierarchical cooperative system such as the billboard model for enhancers [3, 33].

Besides TF combination, other studies have investigated the role the genomic environment
around TFBS may have on binding specificity, revealing that some TFs have a preferential nu-
cleotide content in the flanking positions of their core binding sites [30, 12]. Other studies have
proposed that much larger regions containing repetitive sequences or multiple occurrences of low-
affinity motifs may play an active role in TF binding [1, 9, 27]. Finally, another possibility that
may be underestimated and that could also explain binding specificity in certain cases is that, de-
pending on cell, condition, or TF paralog, the binding motif may actually differ, showing globally
the same PWM to our eyes, but slightly differing on specific positions.

All these mechanisms have been independently studied on specific cases, but a global computa-
tional approach is still missing to investigate their role and relative importance in an automatized
manner. The above-mentioned deep learning approaches are able to capture and combine the
different DNA features involved, but identifying them from the CNNs remains a difficult task
[26, 17]. Although interesting methods are being developed to post-analyze CNN predictions and
to identify single nucleotides and motifs (see e.g. [54, 4, 26]), disentangling all mechanisms/features
captured by a CNN remains unreliable.

Here, we propose a machine learning approach called TFscope specially designed to explain
the binding differences observed between two settings: two cell types, two treatments, or two
paralogous TFs. Our method directly compares the two ChIP-seq data associated with the two
settings, by considering only regions bound either in one or the other experiment. This strategy
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has two advantages. First, by focusing on the binding differences, we obviously gain sensitivity for
identifying the genomic features that best explain these differences. Second, we circumvent the
common problem of the background definition which arises in all studies that aim to distinguish
bound (foreground) versus unbound (background) genomic regions in a given cell type. While
the definition of the foreground is straightforward, the definition of the background is often much
more challenging and strongly influences the results and the conclusions (see for example references
[51, 50, 35, 53] for interesting considerations about the background issue).

Given two ChIP-seq data, our method systematically investigates the importance of i) the
core motif, ii) the genomic environment and iii) the cooperative TFs for predicting the binding
differences between two data. TFscope is based on three different modules that capture these
three levels of information. The first module captures the potential differences in the core motif.
This module is based on a new method that learns discriminative PWMs. It is worth noting that
well known approaches such as DREME/STREME [5], DAMO [39], Homer [19], etc. have been
already proposed for this task. These methods are however designed for a slightly different and
computationally more complex problem, that is not exactly the same as ours. As a consequence,
they rely on sub-optimal heuristics while an optimal algorithm exists for our problem. The second
module captures the nucleotidic environment in the form of short k-mers (2-4 bps) enriched in
specific regions around the core motif and is based on our DExTER method [32]. The third module
is a refinement of our TFcoop method that identifies co-factors and TF combinations involved in
the binding of a target TF [47]. In a final step, these data are used together in a global predictive
model that is used to quantify the relative importance of each information for the problem at
hand. Hence, in contrast to CNN based methods [53, 4], our approach completely controls the
predictive features inputted into the model. This allows to easily measure the importance of each
feature by computing the loss of accuracy induced by its withdrawal from the model, something
very challenging to do with classical CNN approaches.

We applied TFscope to more than 350 pairs of ChIP-seq targeting either a common TF in two
different cell types or treatments, or two paralogous TFs in the same cell type. Our results showed
that classification is very often accurate and that the most important DNA features greatly vary
depending on TFs and conditions. For TFs in different cell types or with different treatments,
either co-factors or the nucleotidic environment often explainsmost of the binding-site differences.
Moreover, when co-factors are involved, which is the most frequent case, their position on the DNA
relative to the core motif is also important. On the contrary, for paralogous TFs the core motif
seems to be the most important factor in our experiments. Although the motifs of paralogous
TFs show very similar PWMs, subtle differences at specific positions explain most of the binding
differences.

Results

TFscope overview

TFscope aims to identify the genomic features responsible for the binding differences observed
between two ChIP-seq experiments. Typically, TFscope can be used to identify the differences
between two experiments targeting the same TF in different cell types or conditions, or two
experiments targeting two paralogous TFs that share similar motifs. TFscope takes in input
two sets of ChIP-seq peaks corresponding to the two ChIP-seq experiments and then runs the
three steps illustrated on Figure 1: sequence selection & alignment, feature extraction, and model
learning. In the sequence alignment step, TFscope first identifies the peaks that are unique either
to the first or the second set (see Material and Methods). All common peaks are discarded for
the analysis (this point is discussed in the experiments below). Then, TFscope identifies the
most likely binding site using a strategy similar to Centrimo [6] and UniBind [16], and parses
the sequence around the peak summit with the PWM associated with the target TF (if several
versions of the motif are available or if the analysis involves two paralogous TFs with similar
motifs, the most discriminative PWM is chosen to scan the two sets of sequences; see Methods).
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The FIMO tool [18] is used for this analysis, and the position with the highest PWM score is
used as an anchor point to extract the 1Kb long sequence centered around this position. At the
end of the alignment step, we get two classes of sequences centered on the most likely TFBSs of
the ChIP-seq peaks given in input. Sequences with no occurrence of the motif around the peak
summit are discarded.

DM %ACA[-150;+50] . . . %CC[-50;+400] PWM1 . . . PWMN

seq1 95 12% . . . 25% 5.2 . . . 2.4
seq2 98 8% . . . 35% 3.1 . . . 8.6
seq3 91 9% . . . 31% 3.1 . . . 1.2
. . . . . . . . . . . . . . . . . . . . . . . .

Figure 1 — The TFscope approach. In the first step (sequence selection and alignment), peaks
associated with both ChIP-seq experiments are removed. The most likely TFBSs of the remaining
peaks are identified and used to extract the 1Kb sequences centered on these sites. All sequences
are then used for the second step (feature extraction). Three dedicated modules extract three kinds
of genomic features that can be useful for discriminating the two classes. The TFscope-DM module
learns a new PWM that can discriminate the sequences on the basis of the core motif solely. The
TFscope-EN module searches for specific nucleotidic environments (i.e. frequency of specific k-mers in
specific regions) that are different in the two classes. The TFscope-CF module searches for binding
sites of specific co-factors whose presence in specific regions differs between the two classes. All these
features (variables) are then gathered into a long table, and a logistic model (Expression (1)) is learned
on the basis of these data (Feature selection and model learning). A special penalty function (LASSO)
is used during training, for selecting only the best variables in the model (in bold in the table).

TFscope then runs three modules detailed below to extract three kinds of DNA features that are
discriminative of the two sequence classes (feature-extraction step). The first module (TFscope-
DM) learns a new PWM of the core motif (see below). This PWM is different from the original
PWM used to parse the sequence, as it focuses on the potential differences of core motif that may
exist between the two sequence sets. This module returns a single variable DM(s), which is the
score of the new PWM on each sequence s. The second module (TFscope-NE) searches for pairs
of (k-mer,region) for which the frequency of the k-mer in the defined region is different between
the two sets of sequences. For example, we may observe that the frequency of the 3-mer ACA in
region [−150 : +500] (0 being the anchor point of the sequences) is globally higher in sequences of
the first class than in those of the second class. The idea is to capture the differences in nucleotidic
environment that may exist between the two classes. We use for this module a slight modification
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of the DExTER method recently proposed to identify long regulatory elements [32]. This module
returns a potentially large set of variables NEi(s) that corresponds to the frequency of ith k-mer
in the associated ith region for each sequence s. The third module (TFscope-CF) uses a library of
PWMs (in the experiments below the JASPAR2020 library is used [15]) and searches for pairs of
(PWM,region) for which the score of the PWM in the identified region is different between the two
sets of sequence (see below). The idea is to identify all co-factors of the target TF whose binding
sites differ between the two classes: either because these binding sites are in majority present in
one class and not the other, or because the locations of these binding sites are different between
the two classes. This third module returns a set of variables CFj(s) that corresponds to the score
of the jth PWM in the identified jth region for each sequence s.

All variables are then integrated into a global model that aims to predict if a sequence belongs
to the first or the second class (learning step). We used a logistic regression model:

P (1|s) = S


a ·DM(s) +

∑

i

bi ·NEi(s) +
∑

j

cj · CFj(s)


 , (1)

where P (1|s) is the probability that sequence s belongs to the first class, S is the sigmoid function,
DM(s) is the score of the discriminative motif for sequence s, NEi(s) is the value of the ith
nucleotidic-environment variable for sequence s, CFj(s) is the value of the jth co-factor variable
for sequence s, and a, bi and cj are the regression coefficients which constitute the parameters of
the model. Because the set of variables identified by the last two modules is usually large and
variables are often correlated, the model is trained with a LASSO penalty function [46] that selects
the most relevant variables—i.e. many regression coefficients (a, bi and cj) are set to zero. Finally,
once a model has been trained, its accuracy is evaluated by computing the area under the ROC
(AUROC) on several hundred sequences. To avoid any bias, this is done on a set of sequences
that have not been used in the previous steps.

TFscope-DM: Identification of differences in the core motif

The first TFscope module learns a new discriminative PWM. Recall that at the end of the align-
ment step, the most likely binding site of each ChIP-seq peak has been identified with the JASPAR
PWM associated with the TF, and all sequences are aligned on these sites. If several versions of
the PWM are available, the most discriminative PWM is used (see Methods). We then extract the
K-length sub-sequence corresponding to the occurrence of the motif in each sequence (K being the
size of the PWM). The first module aims to learn a new PWM that could discriminate these two
sets of K-length sequences. First, each sequence s is one-hot encoded in a K × 4 matrix s. Then,
a logistic model with K × 4 parameters is learned to discriminate the two classes of sequences:

P (1|s) = S




K∑

k=1

4∑

j=1

ak,j · sk,j


 , (2)

with P (1|s) the probability that sub-sequence s belong to the first class, S the sigmoid function, sk,j
the entry of the one-hot matrix s indicating whether the kth nucleotide of sequence s corresponds
to the jth nucleotide of {A, T,G,C} or not, and ak,j the regression coefficients of the model.

Once this model has been learned, it can be used to predict if a sequence belongs to the
first or the second class. The sigmoid function being monotonically increasing, this can be done
easily by computing the linear function inside the parenthesis of Expression (2) and using the
result as a score reflecting the likelihood of class 1. Interestingly, this score function has exactly
the same form as the one used to compute a score with a PWM (see Material and methods).
As a consequence, the logistic model of Expression (2) is strictly speaking a regular PWM with
parameters ak,j . The interest to learn a PWM in this way is two folds. First, we take advantage
of all the algorithmic and theory developed for logistic regression. Most notably, as the likelihood
function of a logistic model is convex, we have the guarantee that the learned model is optimal,
which means that the inferred discriminative PWM is the best PWM for our problem. This is
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an important difference from the approaches already proposed to learn a discriminative PWM,
such as DAMO [39] or STREME [5]. The reason for this is that these approaches do not exactly
address the same problem as ours: they do not search for a PWM that discriminates two sets of
sequences perfectly aligned and of the same length as the PWM. Instead, they take as input two
sets of sequences usually much longer than the PWM, and their goal is to identify a motif whose
presence can be used to discriminate the two sets, a problem known to be NP-hard [31]. As a
consequence, these approaches rely on heuristics and do not warrant returning the best PWM for
our problem (see section Discussion for more details on these differences). The second advantage
to learn a PWM via a logistic regression approach is that we can include a LASSO penalty in
the optimization procedure in order to obtain a model with fewer variables [46] (see Material and
methods). In practice, this means that many parameters ak,j are set to zero, and hence that the
resulting PWM is simpler and easier to interpret.

It is important to note that, as DAMO [39], the PWMs output by our method are not obtained
from position probability matrices (PPMs), which are the probabilistic models that are often
associated with PWMs. This avoids the constraints attached to PPMs (see section Discussion and
the work of Ruan and Stormo [38] for more details) but this also impedes to represent PWMs with
the classical logo graphics based on information theory [40]. Instead, our PWMs are represented
by “mirror-logos” such as the one on Figure 2B (middle). These logos provide the sign of the
parameters, which allows to easily distinguish the nucleotides that are more present in sequences
of one or the other class.

TFscope-NE: Identification of differences in nucleotidic environment

The second TFscope module extracts features related to the nucleotidic environment around the
core binding motif. More precisely, this module constructs variables defined by a pair (kmer,region)
such that the frequency of the identified k-mer in the identified region is, on average, different in
the two classes. We used for this a slight modification of the DExTER method initially proposed
to identify pairs of (kmer,region) whose values are correlated with an expression signal. The
optimization function of DExTER has thus been modified to return variables correlated with
classes rather than with expression signal (see Material and method). The TFscope-NE module
explores short k-mers up to length 4. To prevent this module to capture information related to
the core-motif, this motif is masked before running the TFscope-NE analysis.

TFscope-CF: Identification of differences in co-factor combinations

The third TFscope module extracts features related to co-factors. This module constructs variables
defined by a pair (PWM,region) such that the score of the PWM in the identified region is, on
average, different between the two classes. For example, one can observe that sequences of the first
class often have a potential binding site for a specific TF in region [-250,0] upstream the binding
site of the target TF, while the sequences of the second class have not these potential binding
sites. Hence, the goal of this module is to identify, for each PWM of the library, a specific region
of the sequences in which the scores of this PWM are higher in one class than in the other one.

Sequences are first segmented in bins of the same size. We used 13 bins in the following
experiments. The number of bins impacts the precision of the approach but also the computing
time of the analysis. For each PWM, TFscope scans all sequences with FIMO [18], and the best
score achieved on each bin of each sequence is stored. Then, TFscope searches the region of
consecutive bins for which the PWM gets the most different scores depending on the class of the
sequences. A lattice structure is used for this exploration (see Figure 1 and details in section
Materials and Methods). For each PWM of the library, TFscope-CF selects the region that shows
the highest differences and returns a variable corresponding to this PWM and region. As for
TFscope-NE, the core-motif is masked before running the analysis.
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Analysis of the cellular specificities of 272 ChIP-seq pairs

We first sought to apply TFscope to identify binding sites differences of TFs in different cell types
using a selection of 272 pairs of ChIP-seq experiments downloaded from the GTRD database [25].
To minimize the effects linked to technical issues or indirect binding, data were filtered using the
UniBind p-value score [16]. In UniBind the authors studied the distance between the ChIP-seq
peaks and the position of the most likely binding site (inferred with the PFM associated with the
TF studied). They showed that this binding site is sometimes far from the ChIP-seq peak, and
that the peak may be a false positive. Using a dedicated method named ChIP-eat, the authors
were able to determine genomic boundaries inside which the binding sites are likely true positives,
and they provide a p-value measuring peak enrichment in these boundaries. We used this p-value
to remove ChIP-seq experiments that could be affected by technical issues and indirect binding.
Moreover, we only selected for this analysis pairs of experiments that show strong binding site
differences according to Jaccard’s distance (see Materials and method). The 272 pairs were chosen
to provide a wide view of the ChIP-seq data in GTRD, i.e. pairs that were too close to another
pair already selected were discarded (see the pair selection procedure in Materials and method).

TFscope learns both discriminative and informative core motifs

We first assessed the TFscope ability to identify core motif differences in the ChIP-seq experiments
pairs. In this analysis, we only used the score function of the learned PWM (Expression (2)) to
discriminate the two cell-types. For comparison, we also used the score of the original PWM on
this problem. Accuracies were measured by AUROC on an independent set of sequences (see Fig-
ure 2A). If several versions of the original PWM were available, we used the version that provides
the best AUROC. As we can see, the new PWM outperforms the original PWM most of the time.
Moreover, we can also observe that for some of the 272 experiment pairs, the core motif itself is
sufficient to differentiate the two cell-types with high accuracy. As already discussed, the discrim-
inative PWM is different from the original PWM, as it specifically models the differences while
removing the features common to the two classes. The “mirror-logo” representation summarizes
these differences and shows which features are associated with which cell-type. For example, the
Figure 2B (up) shows the original CEBPA PWM provided by JASPAR, while the middle figure
shows the mirror logo of the discriminative PWM learned by TFscope for discriminating CEBPM
binding sites between the SKH1 and U937 cell-types. One can see here that the canonical CEBPA
motif is more often associated with ChIP-seq peaks collected in U937 than in SKH1. Although
the SKH1 sequences also bear a very similar motif (recall that the motif is present at the center
of the sequences for both conditions) the mirror logo indicates for example that the T nucleotides
at positions 3 and 4 are more often missing in the SKH1 sequences than in the U937 sequences.
Similarly, among the small differences that may exist between the motifs in the two conditions, it
seems that the SKH1 sequences often have a C at position 5.

We next sought to compare these results to those obtained with another method that learns
discriminative PWMs. We used the DAMO approach for this comparison, as it is one of the rare
methods that do not rely on PPM to learn a PWM. Recall that DAMO, as the other classical
approaches to learn PWMs, has not been designed to address exactly the same problem as our.
Indeed, DAMO usually takes in input sequences that are not aligned and that are much longer
than the target PWM. Nevertheless, it can also be used on our simpler problem. However, as
illustrated on Figure 2C, it does not achieve the same accuracy as TFscope on this problem,
which was somewhat expected as the logistic classifier used by TFscope theoretically returns the
most discriminative PWM.

Another striking fact when we compare the discriminative motifs learned by DAMO to those of
TFscope is that the DAMO motifs appear much more complex, with a lot of positions without clear
preferences. On the contrary, thanks to the LASSO penalty used for learning, the TFscope motifs
are easier to interpret, with many positions set to zero (compare the two examples provided on
Figure 2B). This aspect was assessed systematically on the 272 experiments using a score function
based on the Gini coefficient for measuring motif simplicity (see Material and methods). As
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Figure 2 — TFscope learns discriminative and informative motifs. A AUROCs achieved by the
TFscope PWMs vs. original PWMs on the 272 experiments. B(up) Original (JASPAR) PWM of TF
USF2. B(middle) discriminative PWM learned by TFscope for discriminating USF2 binding between
HepG2 and GM12878. B(bottom) discriminative PWM learned by DAMO on the same training set.
C AUROCs achieved by the TFscope PWMs vs. DAMO PWMs on the 272 experiments.D Gini score
of the PWMs learned by TFscope and DAMO. The higher the Gini score, the simpler the model.

illustrated on Figure 2D, TFscope motifs have higher Gini coefficient, and are thus simpler and
easier to interpret than their DAMO counterpart.

Finally, we observed that increasing the size of the PWM until 4 nucleotides on both sides
still improves the AUROC of the DM model (see Supp. Fig. 1). So, in the following, this model
(denoted as DM+8) is used in the TFscope model and the experiments.

Position of co-factors helps for predicting cell-specificity

We next sought to investigate the information gained by the position of the binding sites of
potential co-factors for cell-type prediction. We used for this a simplification of the model of
Expression (1), which only uses the core motif and the co-factor variables for the prediction—
i.e. the NEi variables capturing the nucleotidic environment were removed from the model. The
accuracy of this model was compared to that of a similar model that also uses the score of
potential co-factors, but without integrating the information of position. This model, which
strongly resembles the TFcoop approach we previously proposed [47], simply uses the best score
achieved by the different PWMs in the whole sequence. Hence, the predictive variables of this
model are the best scores achieved at any position of the sequence, while in Expression (1) TFscope
uses the best score achieved in a specific region identified as the most informative for each co-
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factor. While the two models have exactly the same number of parameters (i.e. the number
of PWMs in the PWM library), the variables of TFscope greatly increase the accuracy of the
approach (Figure 3), illustrating the fact that position of co-factors relative to the considered
TFBS also carry important information. Note that, as we will see in the following, TFscope
provides a graphical representation of all identified co-factors, and position information can be
easily retrieved.
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Figure 3 — Position of co-factors helps for predicting cell-specificity. AUROCs achieved by
TFscope models that only use the score of co-factors for the predictions. On the x-axis, the score of
a co-factor on a sequence s is the best achieved at any position of the sequence, i.e. the position of
the co-factor is not considered in the score computation. On the y-axis, the score of each co-factor is
only computed on a specific region identified by the TFscope-CF module to be the most informative
for this co-factor.

TFscope assesses the relative importance of each genomic feature

We next ran TFscope with the full model of Expression (1) on the 272 pairs of experiments and
compared its accuracy (AUROC) to that of different alternatives: the original PWM only, the
discriminative PWM only, and three incomplete TFscope models that only use two of the three
kinds of genomic information. These incomplete models were obtained by taking the full TFscope
model trained with all variables, and by setting to zero either the variable DM (model TFscope w/o
core motif information), or the NEi variables (TFscope w/o nucleotidic environment information),
or the CFj variables (TFscope w/o co-factor information). Figure 4A reports the accuracy achieved
by all these models. As we can see, the full TFscope model successfully integrates the three kinds
of genomic information and outperforms the alternative models. We can also observe that the
accuracy is often good, with a median AUROC above 80%. Moreover, there is a strong link
between the accuracy of the approach and the Jaccard distance between the ChIP-seq peaks in
the two cell types (Pearson r=0.51; see Figure 4B), i.e. experiments with low proportion of ChIP-
seq peaks shared by the two cell types often get good accuracy (remember that these peaks are
removed before the analyses). In other words, when the two ChIP-seq experiments are really
different, TFscope accurately predicts these differences. Figure 4B also illustrates the fact that,
for most analyses, the Jaccard distance is high (so the Jaccard index is low, see Supp. Fig. 2).
This means that the number of common peaks is small in proportion, hence removing these peaks
makes sense for our analyses.

These good performances legitimate the use of TFscope to investigate the relative importance
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of each kind of genomic information in the different comparisons. For this, in addition to the
logo of the discriminative PWM, TFscope outputs a radar plot that summarizes the accuracy
of the different models and alternatives, and a location plot that summarizes the position of the
most important variables of the model (see Material and methods). For example, Figure 5B
reports the radar plot obtained when analyzing the binding differences of TF JUND between
liver and lung carcinoma. For this experiment, the core motif is clearly the most discriminant
information (Figure 5A), since removing this information lead to the largest drop of AUROC.
Besides, peaks detected in lung harbor additional AP-1 motifs around the core motif (Figure 5C).
JunD belongs to the AP-1 family of dimeric TFs, which associate members of the Jun (c-Jun,
JunB and JunD) and Fos (c-Fos, FosB, Fra-1/Fosl1 and Fra-2/Fosl2) families. In contrast to
the Jun family members, which can homodimerize, the Fos family members must heterodimerize
with one of the Jun proteins to bind DNA. Importantly, Fos:Jun heterodimers have a stronger
affinity for DNA than the Jun:Jun homodimers [7]. According to various expression data listed
in the EBI Expression Atlas (https://www.ebi.ac.uk/gxa/home), Fos TFs are less expressed in
liver than in lung. Thus, JunD binding preferences observed in liver vs. lung might merely be
explained by the expression of Fos TFs: because the probability to form Fos:Jun heterodimers
is greater in lung than in liver, JunD will bind DNA with a higher affinity in lung than in liver.
For comparison, the discriminative motif and the radar plot of the CTCF experiment between
CD20 and RH4 are on Figure 5D-E. Here, the most discriminative information seems to be the
nucleotidic environment. The location plot provides additional information (Figure 5F). We can
see that CD20 favors A/T rich environment in the vicinity of the binding motif (∼ +/ − 100bp
around the motif), and C/G nucleotides in the larger surrounding region (+/ − 500bp). On the
contrary, RH4 prefers a nucleotide environment rich in TG and CA dinucleotides. All results
obtained on the 272 experiments are available on https://gite.lirmm.fr/rromero/tfscope/-/

tree/main/results.

Finally, in an attempt to provide a broad picture of the genomic strategies involved in the
control of binding differences between cell types, we ran a K-means clustering on the importance
profiles inferred by TFscope. More precisely, all 272 experiments were described by a vector of
length 3 obtained by subtracting the AUROC of TFscope w/o DM, TFscope w/o NE and TFscope
w/o CF from that of the full TFscope model. Each experiment is then represented by three values
representing the three AUROC losses associated with the three kinds of information. We reasoned
that a maximum of 7 broad classes can be expected from these data: three classes with a single
information clearly higher than the two others, three classes with two more-important information,
and one class with approximately equal importance of the three information. However, by visually
inspecting the results of several K-means clustering, we end up with a total of only 4 classes: the
three-information class, and the DM+NE and DM+CF classes seem absent from the 272 models.
Figure 4C reports the distribution of the 272 models in these 4 classes, highlighting the fact that
the co-factors are by far the most common mechanism involved in the binding differences between
cell types. The target motif itself appears to be the more discriminative feature in 10.6% of the
272 experiments, and the nucleotidic environment around the binding site in 14% cases.

Analysis of the binding differences induced by a specific treatment

We next sought to use TFscope to analyze the binding differences observed between two ChIP-seq
experiments targeting the same cell type but with two different treatments. 79 ChIP-seq pairs
were selected (see Material & Methods) and analyzed. As for the cell type comparisons, all results
obtained on the 79 experiments are available on https://gite.lirmm.fr/rromero/tfscope/-/

tree/main/results. We got globally similar results than for the cell type experiments (see the
plot of accuracy in Supp. Fig.3A), although the Jaccard distance between treatments is often
smaller than between cell types (Supp. Fig.3B), i.e. two treatments often show more similar
binding sites than two cell types. However, for several experiments there is a clear difference in
the binding sites and TFscope indentifies interesting features.

10

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 22, 2022. ; https://doi.org/10.1101/2022.08.16.504098doi: bioRxiv preprint 



For instance, TFscope confirms the cross-talk between GR signaling and NF-κB reported in [23]
and proposes additional features. Specifically, analyzing NR3C1 ChIP-seq upon Dexamethasone
(Dex) and Dex+TNF treatments with TFscope reveals that the main features distinguishing the
binding sites in these two conditions are cooperating TFs (Figure 6A). While motifs of NFI-
related TFs are enriched in NR3C1 peaks upon Dex treatment alone, as observed in [23], motifs
of NF-κB-related TFs are enriched in NR3C1 peaks upon Dex+TNF (Figure 6B).

Similarly, cooperating TFs appear as the main features distinguishing RELA ChIP-seq peaks
upon TNF and Dex+TNF treatments (Figure 6C). TFscope confirms that, in the presence of
Dex, RELA peaks are associated with steroid receptor TFs (NR3C1, NR3C2 and AR) but it also
suggests that GR signaling abolishes cooperation with AP-1 related TFs observed preferentially
in RELA peaks in pro-inflammatory conditions (TNF alone) (Figure 6D).

Analysis of the binding differences of paralogous TFs

We showed in a previous work [8] that the binding of two paralogous TFs, namely FOSL1 and
FOSL2 (also called as FRA1 and FRA2), can be distinguished primarily by the scores of their
motif: FOSL2 preferentially binds sequences harboring high scores for the canonical AP-1 motif,
while FOSL1 binds sequences with some degenerate positions (lower scores). We then thought
to use TFscope to distinguish FOSL1 from FOSL2 binding on the same dataset. TFscope-DM
is indeed sufficient to classify the two peak classes (Figure 7A) and the typical AP-1 motif is
more frequently found in FOSL2 peaks (Figure 7B), confirming our previous results obtained
with another approach [47]. Moreover, the discriminative motif also brings new information. For
example, FOSL1 favors nucleotides that are inverse from those of the canonical motif in positions
2 and 10.

To confirm the applicability of TFscope in this sort of classification task, we considered another
pair of paralogous TFs, NR3C1 and AR, and ChIP-seq data collected in MCF-7 cells [41]. As
shown in Figure 7C, TFscope is able to accurately distinguish NR3C1 from AR ChIP peaks,
and TFscope-DM shows that the main differences lie in the core motif itself. The output of
TFscope-DM reveals that dinucleotides AC at position 4 and GT at position 11 in the canonical
NR3C1/AR motif are more frequent for NR3C1 than for AR (Figure 7D). Moreover, AR ChIP-seq
peaks appear more GC-rich than NR3C1 peaks (Figure 7E). These results are in full agreement
with that obtained by Kulik et al., who compared AR and GR binding preferences in U2OS cells
[29]. Together these results illustrate the possibility to use TFscope to distinguish the binding of
paralogous TFs.

Discussion

We proposed here a new machine learning approach to identify the DNA features that can explain
the binding preferences of a TF in two settings: two cell types, two conditions, or two paralogous
TFs. Our approach uses three modules that identify three kinds of DNA features related to TF
binding. The first one is a new method to learn a discriminative PWM. Among the numerous
approaches already proposed to learn a PWM, it is important to note that most of them actually
learn a PPM which is then converted into a PWM with a simple log ratio formula (see for example
reference [49]). The problem with this procedure is that it potentially impedes the accuracy of the
PWM. Indeed, PPMs being probabilistic models, they are subject to strong constraints (notably,
the sum of a PPM column must be equal to one) which inevitably also constrains the weights
of the PWM. For example, the log-ratio operation cannot produce a PWM in which one of the
columns has all but one weight equal to zero (the log ratio gives zero when the probability of
the nucleotide at this position equals the probability of the nucleotide in the background; but if
it is the case for 3 nucleotides it is also necessarily the case for the 4th nucleotide). Interested
readers can refer to the work of Ruan and Stormo [38] for more arguments about the limits of
PPMs for PWM learning. Our approach based on logistic regression avoids this problem and
has moreover the advantage of allowing us to include a LASSO penalty to get simpler and more

11

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 22, 2022. ; https://doi.org/10.1101/2022.08.16.504098doi: bioRxiv preprint 



readable PWMs. Another important difference with previous approaches is that in TFscope the
discriminative PWM is only used to discriminate the two classes, but not to scan the sequences.
Hence TFscope needs two PWMs: the JASPAR PWM is used to scan the sequences and identify
the binding sites in both classes, and the discriminative PWM is used to score the binding sites
and differentiate the two classes.

In addition to the specificity of the core motif that is captured by our discriminative PWM, the
two other modules extract DNA features related to the nucleotidic environment around the TFBS,
and the presence and position of every potential co-factor. Then, a learning algorithm is run to
both train a model and select the most discriminative features at the same time. Hence, contrary
to the CNNs based methods that have been recently proposed, our approach completely controls
the predictive features used by the model. This allows us to easily assess the global importance
of each feature, by measuring the loss of accuracy induced by its withdrawal, something very
challenging to do with CNN approaches.

Our results on different TFs and different cell types show that co-factors are often the most im-
portant determinant associated with the cell-specific binding sites, and that their position relative
to the TFBS considered is key. However, for several experiments such as CTCF in CD20 vs. RH4
the large nucleotidic environment around the binding sites also explains a part of the observed
differences. For some other experiments such as JUND in lung vs. liver the main differences lie
directly in specific nucleotides of the binding site. When comparing two treatments the picture
is globally the same, while for paralogous TFs the main differences are associated with the core
motifs themselves in our experiments. In this latter case, although the binding motifs globally
show very similar PWMs for both TFs, subtle differences at specific positions actually explain
most of the binding differences.

Our approach could be improved in different ways. Notably, one drawback that can sometimes
hamper a straight interpretation of the TFscope results is the correlation between predictive
variables. Scores of TF motifs especially may be highly correlated, as several TFs often share
very similar motifs. Hence, although the PWM highlighted by TFscope is the one that shows
the highest link with the predicted signal, other PWMs could also have a high correlation, and
thus other TFs are potential co-factors. We therefore encourage users to refer to PWM clusters as
defined for example in the RSAT-matrix clustering [10]. Similarly, there are sometimes correlations
between the nucleotidic composition captured by the TFscope-NE module and the co-factor motifs
identified by TFscope-CF. Here again, the linear model and the LASSO penalty ensure that
the variables selected by TFscope are those with the strongest link with the predicted signal.
Nevertheless, it is important to keep in mind that other variables may actually be involved in the
studied process. We are thus working on a way to identify and present all alternative variables
in a friendly interface. Another improvement would be to integrate additional DNA features into
our model. Specifically, the number of repeats of a given PWM could be an interesting variable
for discriminating two ChIP-seq experiments. Such information is not directly accounted for in
the current model but could potentially explain binding differences in some experiments.

Material and Methods

Sequence extraction and alignment

TFscope takes in input two sets of ChIP-seq peaks provided as BED files. First, all peaks common
to the two files are removed. This is done with the BED tools using

bedtools window -v -w 500 -a class0.bed -b class1.bed > class0_no_overlap.bed

bedtools window -v -w 500 -a class1.bed -b class0.bed > class1_no_overlap.bed

Then the sequences corresponding to each peak are extracted and aligned on the most likely
occurrence of the TFBS. We use for this the PWM associated with the target TF in JASPAR
2020 [15]. FIMO is used to parse the sequences with the command
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fimo --thresh 0.001 --max-strand --text --bfile background_fimo.txt

PPM_jaspar2020.meme fasta.fa > occurrences.dat

The best occurrence of the motif around the ChIP-seq peak (in a limit of 500kb) is identified and
used as an anchor point around which the 1Kb sequences are centered (see Figure 1). Sequences
for which no occurrence of the motif is found around the peak summit are discarded. Finally, the
number of sequences of the two classes are rebalanced, i.e. some sequences of the larger class are
randomly selected and removed, in order to get two classes with an equal number of sequences.

If several versions of the PWM are available in JASPAR, we used the PWM that is the most
discriminative for the problem at hand. Namely, for each PWM, the best occurrence of the motif
is identified on each sequence, and these scores are used to discriminate the two classes (this
corresponds to the AUROC of the original PWM in the radar plots). The PWM version with the
highest AUROC is used for the rest of the analysis.

The formatted data used in the experiments are available in the dedicated gite repository:
https://gite.lirmm.fr/rromero/tfscope.

TFscope-DM

This module takes as input the K-length sub-sequence corresponding to the most likely occurrence
of the motif in each sequence (K being the size of the PWM). Each sub-sequence s is one-hot
encoded in a K × 4 matrix s. Then, a logistic model with K × 4 parameters (see Expression 2)
is learned to discriminate the two classes of sub-sequences. The parameters of the model are
estimated by maximum likelihood, with a LASSO penalization [46] to favor simple and easy-to-
interpret models. This is done with library glmnet on python 3.

TFscope-NE

This module takes in input the 1Kb sequences centered on the most likely TFBS (cf. Sequence
extraction and alignment). The K-length sub-sequence corresponding to the TFBS is masked
(replaced by K N nucleotides) to avoid capturing information related to the core-motif. Then
the TFscope-NE module constructs new variables defined by a pair (kmer,region) such that the
frequency of the identified k-mer in the associated region is, on average, different between the two
classes. We used for this a slight modification of the DExTER method [32]: rather than searching
for variables that are correlated with an expression signal, TFscope-NE extracts variables that
can discriminate the two classes, as measured by the AUROC. The rest of the procedure is exactly
the same as that used in DExTER (see ref. [32] for details). Sequences are first segmented into
different bins. We used 7 bins in the experiments. TFscope-NE starts with 2-mer (dinucleotides)
and, for each 2-mer, identifies the region of consecutive bins for which the 2-mer frequency in the
region is the most discriminant. Once the best region has been identified for a 2-mer, TFscope-NE
attempts to iteratively extend this 2-mer for identifying longer k-mers (up to 4-mers). At the end
of the process, a set of variables corresponding to the frequency of the identified k-mers in the
identified regions is returned for each sequence.

TFscope-CF

As TFscope-NE, this module takes in input the 1Kb sequences centered on the most likely TFBS
(this TFBS is also masked to avoid capturing information related to the core-motif). This module
constructs variables defined by a pair (PWM,region) such that the score of the PWM in the
identified region is, on average, different between the two classes. For this, sequences are first
segmented in bins of the same size. We used 13 bins in the experiments. The number of bins
impacts the precision of the approach but also the computing time of the analysis. For each
PWM, TFscope scans all sequences with FIMO, and the best score achieved in each bin of each
sequence is stored. Then, TFscope uses a lattice structure (see Figure 1) to compute the best
score achieved in any region made up of consecutive bins. Each node of the lattice is associated
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with a specific region: the top of the lattice represents the whole sequence, while the lowest nodes
represent the different bins. Once the best score achieved in every bin has been computed, the
best score achieved in any node of the lattice can be easily deduced with a max() operation on
its two children nodes. For example, the lattice of Figure 1 corresponds to a sequence for which
the best score is obtained in the first bin ([-500;-300]). For each PWM, a lattice like this one is
computed for every sequence. Then, TFscope identifies the node (region) such that the scores
associated with this node in the different lattices provide the highest AUROC for discriminating
the two classes.

Selection of 272 ChIP-seq pairs targeting the same TF in two different
cell types

272 pairs of experiments targeting a common TF, with the same treatment, in two different cell-
types were selected from the GTRD and UniBind databases. ChIP-seq data were downloaded from
GTRD http://gtrd20-06.biouml.org/downloads/20.06/bigBeds/hg38/ChIP-seq/Clusters_

by_TF_and_Peakcaller/MACS2/. Only experiments associated with a UniBind p-value below 1%
were considered, which represents a total of 2815 ChIP-seq data. This data can be arranged in a
total of 6553 pairs targeting a common TF, with the same treatment, in two different cell-types.
We chose to select only the pairs that show highly different peaks for the analyses. This was
measured with the Jaccard’s distance. Let A and B be two sets of ChIP-seq peaks on the genome,
the Jaccard’s distance DJ is defined from the Jaccard index by:

Dj = 1− |A ∩B||A ∪B| . (3)

Peak intersections and unions were computed with Bedtools window and merge, respectively:

bedtools window -w 500 -a class0.bed -b class1.bed > intersection.bed

bedtools merge -d 500 -i intersection.bed

For a given TF and treatment, several pairs with different cell-types are often possible. In order
to select only a subset of these pairs, we ran a hierarchical clustering of all the data targeting
the same TF with the same treatment. The clustering was done using the Jaccard’s distance and
the complete-linkage agglomeration strategy. We then selected one pair of experiments for each
internal node of the tree (the two experiments with the highest number of peaks were selected).
Hence, if the tree has N leaves (corresponding to the N ChIP-seq experiments targeting the same
TF and treatment) the number of pairs is exactly N . In this way, we end up with a total of 425
ChIP-seq pairs, which were reduced to 368 pairs by selecting only pairs with at least 1000 specific
peaks in each cell-type. Among these pairs, more than 100 actually involved CTCF. We chose to
keep only 7 CTCF pairs (which were chosen as the pairs with the largest Jaccard distance), and
we end up with a final set of 272 pairs of experiments.

Measure of PWM simplicity

Information content derived from information theory is often used to measure the conservation of
specific nucleotides at specific positions of a motif. This measure is however based on probability
distribution and is thus restricted to PPMs: it does not extend to the PWM general case. Hence,
we propose to use the Gini coefficient to measure PWM simplicity.

The Lorenz curve is a graphical representation of the income distribution between individuals
in econometrics. It is obtained by ordering the individuals in the order of their income, and by
calculating the cumulative part of income in function of the cumulative part of individuals (see
Supp. Figure 4). In the case of an equal distribution between all the individuals, the curve follows
the line y = x. Otherwise, it is found under this line. The surface A is the area between the
Lorenz curve and the line of perfect equality of distribution. The surface B is the area between
the Lorenz curve and the perfect inequality curve (all the income belongs to a single individual).
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The Gini coefficient is defined by A/(A+B). It is equal to 1 if all the incomes belong to a single
individual and equal to 0 if the incomes are equally distributed.

For PWMs, we compute the Gini coefficient on the set of PWM weights. More precisely, we
gather the 4×K weights of the PWM (all positions combined), order them in ascending order of
their absolute value, and compute the Lorenz curve and the Gini coefficient associated with this
set of weights. A small Gini coefficient implies an equal distribution of the PWM weights: the
information is dispersed on many elements of the PWM. On the contrary, a large Gini coefficient
(close to 1) indicates that some weights of the PWM gather all the information and that many
weights are equal or close to 0. So we can see it as a measure of the interpretability of the models,
where a model with a large Gini coefficient will be simpler than a model with a Gini coefficient
close to 0. Importantly, the Gini coefficient does not depend on the scale of the PWM weights
but only on their relative importance. Hence, it can be used to compare PWMs obtained from
different methods.

Measure of variable importance

We devised an ad hoc procedure based on LASSO penalty and model error for measuring the
individual importance of the different variables of a model. Given a penalization constraint λ, the
LASSO procedure searches the model parameters that minimize the prediction error subject to
the constraint. In practice, a grid of constraints of decreasing values is initialized, and a model is
learned for each value. The result is a series of models with an increasing number of parameters.
To identify the most important variables of a model in a given condition, we took the model with
10 parameters and estimated the importance of each of the 10 variables in the following way.
Given a variable X, its importance was estimated by the AUROC difference between the complete
model and the model obtained by setting βX to 0.

Selection of 79 ChIP-seq pairs targeting the same TF with two different
treatments

To compare binding preferences upon different treatments, we removed experiments associated
with the ’no-condition’ term in our GTRD/UniBind joint list. We sorted the remaining 1, 354
experiments according to their GTRD IDs in order to consider experiments from the same pub-
lication/study. We further removed time-course experiments and selected 100 pairs of possible
comparisons. Then, the same procedure as the one used for the selection of the 272 ChIP-seq
pairs was applied. This gives a total of 79 pairs of ChIP-seq experiments.
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Walter Santana-Garcia, Ge Tan, Jeanne Chèneby, Benoit Ballester, François Parcy, Albin
Sandelin, Boris Lenhard, Wyeth W. Wasserman, and Anthony Mathelier. JASPAR 2020:
update of the open-access database of transcription factor binding profiles. Nucleic Acids
Research, 48(D1):D87–D92, January 2020.

[16] Marius Gheorghe, Geir Kjetil Sandve, Aziz Khan, Jeanne Chèneby, Benoit Ballester, and
Anthony Mathelier. A map of direct TF-DNA interactions in the human genome. Nucleic
Acids Research, 47(4):e21, February 2019.

16

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 22, 2022. ; https://doi.org/10.1101/2022.08.16.504098doi: bioRxiv preprint 



[17] Amirata Ghorbani, Abubakar Abid, and James Zou. Interpretation of Neural Networks Is
Fragile. Proceedings of the AAAI Conference on Artificial Intelligence, 33(01):3681–3688,
July 2019. Number: 01.

[18] Charles E. Grant, Timothy L. Bailey, and William Stafford Noble. FIMO: scanning for
occurrences of a given motif. Bioinformatics, 27(7):1017–1018, April 2011.

[19] Sven Heinz, Christopher Benner, Nathanael Spann, Eric Bertolino, Yin C. Lin, Peter Laslo,
Jason X. Cheng, Cornelis Murre, Harinder Singh, and Christopher K. Glass. Simple com-
binations of lineage-determining transcription factors prime cis-regulatory elements required
for macrophage and B cell identities. Molecular Cell, 38(4):576–589, May 2010.
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Figure 4 — Accuracy achieved by TFscope for discriminating binding sites of different cell
types. A Distribution of AUROCs achieved by TFscope and several alternative models for discrimi-
nating binding sites of one TF in two different cell types. B Link between TFscope accuracy and the
similarity of ChIP-seq peaks in the two cell types. ChIP-seq experiments that have a high proportion
of peaks in common have low Jaccard distance (Jaccard distance = 1 - Jaccard index). C Distribution
of TFscope models according to what are the most discriminative features: the discriminative motif
(DM), the nucleotidic environment, the co-factors, or the nucleotidic environment + co-factors.
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Figure 5 — Core motif, nucleotidic environment and co-factors together determine cell speci-
ficity. A-B-C Discriminative PWM, radar plot and location of the most important variables in the
JUND comparison between liver and lung carcinoma. D-E-F Discriminative PWM, radar plot and
location of the most important variables in the CTCF comparison between B lymphocite and rhab-
domyosarcoma. Radar plots (B & E) summarize the AUROC achieved by TFscope and several alterna-
tive models. Location plots (C & F) provide the identity and location of the most important variables
(black: DM; green: co-factors; brown: nucleotidic environment). The numbers on the right hand
indicate the ranking of the variables, from the most important (rank 1) to the least important. The
color of segments indicates the cell-type associated with each variable.
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Figure 7 — Analysis of the binding differences of paralogous TFs A Radar plot of the most
important variables discriminating FOSL1 and FOLS2 binding sites. B JASPAR FOSL1 motif (up)
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most important variables discriminating AR and GR binding sites. D JASPAR AR motif (up) and
TFscope-DM motif discriminating AR and GR (NR3C1) binding sites (down). E Location plot of
variables discriminating AR and GR binding sites.
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networks frommulti-factorial expression
data: a complete and interactive suite
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Abstract

Background: High-throughput transcriptomic datasets are often examined to discover new actors and regulators of
a biological response. To this end, graphical interfaces have been developed and allow a broad range of users to
conduct standard analyses from RNA-seq data, even with little programming experience. Although existing solutions
usually provide adequate procedures for normalization, exploration or differential expression, more advanced
features, such as gene clustering or regulatory network inference, often miss or do not reflect current state of the art
methodologies.

Results: We developed here a user interface called DIANE (Dashboard for the Inference and Analysis of Networks
from Expression data) designed to harness the potential of multi-factorial expression datasets from any organisms
through a precise set of methods. DIANE interactive workflow provides normalization, dimensionality reduction,
differential expression and ontology enrichment. Gene clustering can be performed and explored via configurable
Mixture Models, and Random Forests are used to infer gene regulatory networks. DIANE also includes a novel
procedure to assess the statistical significance of regulator-target influence measures based on permutations for
Random Forest importance metrics. All along the pipeline, session reports and results can be downloaded to ensure
clear and reproducible analyses.

Conclusions: We demonstrate the value and the benefits of DIANE using a recently published data set describing
the transcriptional response of Arabidopsis thaliana under the combination of temperature, drought and salinity
perturbations. We show that DIANE can intuitively carry out informative exploration and statistical procedures with
RNA-Seq data, perform model based gene expression profiles clustering and go further into gene network
reconstruction, providing relevant candidate genes or signalling pathways to explore. DIANE is available as a web
service (https://diane.bpmp.inrae.fr), or can be installed and locally launched as a complete R package.

Keywords: Gene regulatory network inference, Graphical user interface, Multifactorial transcriptomic analysis,
Model-based clustering, Analysis workflow
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Background
Analyzing gene expression to uncover regulatory
mechanisms
A multitude of regulatory pathways have evolved in liv-
ing organisms in order to properly orchestrate develop-
ment, or to adapt to environmental constraints. Much
of these regulatory pathways involve a reprogramming
of genome expression, which is essential to acquire a
cell identity corresponding to given internal and external
environments. To characterize these regulatory pathways,
and translate these changes in gene expression at the
genome-wide level, global transcriptome study under var-
ious species, tissues, cells and biological conditions has
become a fundamental and routinely performed experi-
ment for biologists. To do so, sequencing of RNA (RNA-
Seq) is now the most popular and exploited technique in
next-generation sequencing (NGS) methods, and under-
went a great expansion in the field functional genomics.
RNA-seq will generate fragments, or short reads, that
match to genes and quantitatively translate their level
of expression. Standard analysis pipelines and consen-
sus methodological frameworks have been established for
RNA-Seq. Following quality control of data, reads map-
ping to a reference genome, and quantification on fea-
tures of interest are performed, several major steps are
commonly found in RNA-Seq data analysis. They usually
consist in proper sample-wise normalization, identifica-
tion of differential gene expression, ontology enrichment
among sets of genes, clustering, co-expression studies or
regulatory pathways reconstruction.
However, these analysis procedures often require

important prior knowledge and skills in statistics and
computer programming. In addition, tools dedicated to
analysis, exploration, visualization and valorization of
RNA-Seq data are very often dispersed. Most of RNA-
Seq data are therefore not properly analyzed and exploited
at their highest potential, due to this lack of dedi-
cated tools that could be handled and used by (almost)
anyone.

Current tools for facilitating the exploitation of RNA-seq
data
Over the last few years, several tools have emerged to
ease the processing of RNA-Seq data analysis, by bring-
ing graphical interfaces to users with little programming
experience. Among those tools are DEBrowser [1], DEApp
[2], iGEAk [3], DEIVA [4], Shiny-Seq [5], IRIS-DEA [6],
iDEP [7], or TCC-GUI [8]. All of them propose normaliza-
tion and low count genes removal, exploratory transcrip-
tome visualizations such as Principal Component Analysis
(PCA), and per-sample count distributions plots. They
also provide functions for interactive Differential Expres-
sion Analysis (DEA) and corresponding visualizations
such as the MA-plot. Gene Ontology (GO) enrichment

analysis can be performed in those applications, apart
from IRIS-DEA, DEApp, and TCC-GUI.
However, when it comes to further advanced analy-

ses such as gene expression profiles clustering or net-
work reconstruction, solutions in those tools are either
absent, or sub-optimal in terms of statistical framework or
adequacy with certain biological questions. For instance,
most of those applications perform clustering using sim-
ilarity based methods such as k-means and hierarchical
clustering, requiring both the choice of metric and crite-
rion to be user-optimized, as well as the selection of the
number of clusters. Probabilistic models such as Mixture
Models are a great alternative [9–11], especially thanks
to their rigorous framework to determine the number of
clusters, but they are not represented in currently avail-
able tools.
Regarding Gene Regulatory Networks (GRN) inference,

only three of the applications cited above propose a solu-
tion. Two of them, iDEP and Shiny-Seq rely on the popu-
lar WGCNA framework (WeiGhted Correlation Network
Analysis) [12], which falls into the category of correlation
networks. This inference method have the disadvantage
of being very vulnerable to false positives as it easily cap-
tures indirect or spurious interactions. When the number
of samples in the experiment is low or moderate, high
correlations are often accidentally found [13]. Besides,
linear correlations like Pearson coefficient can miss com-
plex non-linear effects. Lastly, WGCNA addresses the
question of co-expression networks, more than GRN.
To infer GRN, which should link Transcription Factors
(TF) to target genes, iGEAK retrieves information from
external interaction databases and binding motives. This
allows to exploit valuable information, but makes this
step extremely dependent on already publicly available
datasets. An exhaustive comparison with respect to the
features and methods handled by the described interfaces
for RNA-Seq analysis is given in Fig. 1.
Other frameworks focus on gene network reconstruc-

tion and visualization only. For instance, the web server
GeNeCK [14] makes the combination of several proba-
bilistic inference strategies easily available, but there is no
possibility to select a subset of genes to be considered
as regulators during inference. The online tool ShinyBN
[15] performs Bayesian network inference and visualiza-
tion. This Bayesian approach is however prohibitive when
large scale datasets are involved. Lastly, neither ShinyBN
nor GeNecK allow for upstream analyses and exploration
of RNA-Seq expression data.
Consequently, efficient statistical and machine learning

approaches for GRN inference (like for instance GENIE3
[16], TIGRESS [17], or PLNModels [18], see [19] for a
review) are not available, to our knowledge, as a graphical
user interfaces allowing necessary upstrem operations like
normalization or DEA.



Cassan et al. BMC Genomics          (2021) 22:387 Page 3 of 15

DEBrowser iDEP Genavi iGEAK TCC-GUI ShinySeq IRIS-EDA DEApp DIANE
Normalisation-filtering

PCA-MDS

Distributions plot

Differential expression analysis

MA-volcano plots

GO enrichment analysis

Expression based gene clustering

Clusters advanced exploration

Network inference WGCNA binding databases WGCNA + binding

Network analysis and statistics

Module detection and analysis

Reports generation

WEB Deployment

Local use Not free

Sample homogeneity and exploration
Comparing transcriptomes Feature implemented

Clustering genes Feature implemented but room for improvment (insufficient tuning possibilities, sub-obtimal methodology)

Pathways reconstruction Feature is absent

Ease of use / reproducibility

Non parametric approaches: k-means, hierarchcal clustering on heatmaps. None or limited parametrization for models/number of clusters.

Fig. 1 Comparison of tools for facilitating the valorization of expression datasets. Eight interactive tools for analysis of count data from RNA-Seq are
presented here and compared in terms of features and methodological choices. The features included are the ones we believe are the expectation
from most users willing to exploit RNA-Seq experiments and understand regulatory mechanisms, and that we included to DIANE. Although not
reported here for clarity reasons, many compared tools had their own features and specificities of interest. For instance, IRIS-DEA handles single cell
RNA-Seq and facilitates GEO submission of the data, iDEP enables to build protein-protein interaction network and has an impressive organisms
database, while Shiny-Seq can summarise results directly into power point presentations

Besides, all of the cited applications are available as
online tools or as local packages with source code,
although the useful possibility to provide both solutions
simultaneously, in order to satisfy advanced users as much
as occasional ones, is not always available. It is also worth
noting that availability of organisms in current services
varies a lot. Some of them like iGEAK are restricted to
human or mouse only.

Proposed approach
In this article, we propose a new R-Shiny tool called
DIANE (Dashboard for the Inference and Analysis of
Networks from Expression data), both as an online appli-
cation and as a fully encoded R package. DIANE per-
forms gold-standard interactive operations on RNA-Seq
datasets, possibly multi-factorial, for any organism (nor-
malization, DEA, visualization, GO enrichment, data
exploration, etc.), while pushing further the clustering and
network inference possibilities for the community. Clus-
tering exploits Mixture Models including RNA-seq data
prior transformations [11] and GRN inference uses Ran-
dom Forests [16, 20], a non-parametric machine learning
method based on a collection of regression trees. In addi-
tion, a dedicated statistical approach, based on both the
biological networks sparsity and the estimation of empir-
ical p-values, is proposed for the selection of the edges.
Step-by-step reporting is included all along the analyses,
allowing reproducible and traceable experiments.
In order to illustrate the different features of DIANE, we

have used a recently published RNA-seq data set, describ-
ing the combinatorial effects of salt (S), osmotic (M), and

heat (H) stresses in the model plant Arabidopsis thaliana
[21]. RNA-seq were performed under single (H, S, M),
double (SM, SH, MH), and triple (SMH) combinations
of salt, osmotic, and heat stresses. In the course of our
paper, we will demonstrate that DIANE can be a simple
and straightforward tool to override common tools for
transcriptome analyses, and can easily and robustly lead
to GRN inference and to the identification of candidate
genes.

Implementation and results
DIANE is an R Shiny [22, 23] application available as an
online web service, as well as a package for local use. To
perform relevant bioinformatic and bio-statistical work,
different existing CRAN and Bioconductor packages as
well as novel functions are brought together. Its devel-
opment was carried out via the golem [24] framework,
allowing a modular and robust package-driven design for
complex production-grade Shiny applications. Each main
feature or analysis step is programmed as a shiny mod-
ule, making use of the appropriate server-side functions.
In the case of local use, those functions are exported by
the package so they can be called from any R script to be
part of an automated pipeline or more user-specific anal-
yses. We also provide a Dockerfile [25] and instructions
so that interested users can deploy DIANE to their own
team servers. Figure 2 presents the application work-
flow and main possibilities. The analysis steps in DIANE
are shown in a sequential order, from data import, pre-
preprocessing and exploration, to more advanced studies
such as co-expression or GRN inference.
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Fig. 2 DIANE’s workflow. The main steps of the pipeline available in the application -data import, normalization, exploration, differential expression
analyses, clustering, network inference- alongside with some chosen visual outputs

Data upload
Expression file and design
To benefit from the vast majority of DIANE’s features,
the only required input is an expression matrix, giving
the raw expression levels of genes for each biological
replicate across experimental samples. It is assumed that
this expression matrix file originates from a standard
bioinformatics pipeline applied to the raw RNA-Seq fastq
files. This typically consists in quality control followed by
reads mapping to the reference genome, and quantifica-
tion of the aligned reads on loci of interest.

Organism and gene annotation
Several model organisms are included in DIANE to allow
for a fast and effortless annotation and pathway analy-
sis. For now, automatically recognized model organisms
are Arabidopsis thaliana, Homo sapiens, Mus muscu-
lus, Drosophilia melanogaster, Ceanorhabditis elegans,

and Escherichia coli. DIANE takes advantage of the uni-
fied annotation data for those organisms offered by the
corresponding Bioconductor organisms database pack-
ages [26–31]. Other plant species are annotated such
as white lupin, and users can easily upload their cus-
tom files to describe any other organism whenever it is
needed or possible along the pipeline. Organism specific
information needed can be common gene names and
descriptions, gene - GO terms associations, or known
transcriptional regulators.

Normalization and low count genes removal
DIANE proposes several strategies of normalization to
account for uneven sequencing depth between samples.
One step normalization can be performed using either
the Trimmed Mean of M values method (TMM) [32] or
the median of ratios strategy from DESeq2 [33]. The TCC
package [34] also allows to perform a prior DEA to remove
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potential differentially expressed genes (DEG), and then
compute less biased normalization factors using one of the
previous methods. DIANE also includes a user-defined
threshold for low-abundance genes, which may reduce
the sensitivity of DEG detection in subsequent analyses
[35]. The effect of normalization and filtering threshold on
the count distributions can be interactively observed and
adjusted.

Exploratory analysis of RNA-seq data
PCA -MDS
Dimensionality reduction techniques are frequently
employed on normalized expression data to explore
how experimental factors drive gene expression, and to
estimate replicate homogeneity. In particular, the Multi-
Dimensional Scaling (MDS) plot takes samples in a high

dimensional space, and represents them as close in a two-
dimensional projection plane [36] depending on their
similarity. Principal Component Analysis (PCA) is also a
powerful examination of expression data. Through linear
algebra, new variables are built as a linear combination
of the initial samples, that condense and summarize gene
expression variation. By studying the contribution of the
samples to each of these new variables, the experimenter
can assess the impact of the experimental conditions on
gene expression. DIANE offers those two features on
expression data, where each gene is divided by its mean
expression to remove the bias of baseline expression
intensity.
As presented in Fig. 3a, we applied PCA to the nor-

malized transcriptomes after low gene counts removal.
No normalization was applied in DIANE as raw data
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Fig. 3 Normalization and exploration of RNA-seq dataset with DIANE. a PCA analysis for the normalized expression table. The experimental
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was presented as Tags Per Millions. We found consis-
tent conclusions regarding how heat, salinity and osmotic
stresses affect gene expression. The first principal com-
ponent, clearly linked to high temperature, discriminates
the experimental conditions based on heat stress while
explaining 57% of the total gene expression variability.
The second principal component, to which mannitol-
perturbed conditions strongly contributes, accounts for
12% of gene expression variability. The effect of salinity is
more subtle and can be discerned in the third principal
component.

Normalized gene expression profiles
The "expression levels" tab of the application is a simple
exploratory visualization, that allows the user to observe
the normalized expression levels of a several genes of
interest, among the experimental conditions of its choice.
Each replicate is marked as different shapes. Besides
rapidly showing the behavior a desired gene, it can provide
valuable insights about a replicate being notably different
from the others.
Using this feature of DIANE, we represented in Fig. 3b

four genes showing different behaviors in response to the
combination of stresses, and illustrating the variation that
can be found among biological replicates.

Differential expression analysis
DEA in DIANE is carried out through the EdgeR frame-
work [37], which relies on Negative Binomial Modelling.
After gene dispersions are estimated, Generalized Linear
Models are fitted to explain the log average gene expres-
sions as a linear combination of experimental conditions.
The user can then set the desired contrasts to perform
statistical tests comparing experimental conditions. The
adjusted p-value (FDR) threshold and the minimal abso-
lute Log Fold Change (LFC) can both be adjusted on the
fly. A data table of DEG and their description is generated,
along with descriptive graphics such as MA-plot, volcano
plot, and interactive heat-map. The result DEG are stored
to be used as input genes for downstream studies, such as
GO enrichment analysis, clustering or GRN inference.
Figure 3c and d represent DEG under heat perturba-

tion. Selection criteria were adjusted p-values greater than
0.05, and an absolute log-fold-change over 2. The 561
up-regulated genes and 175 down-regulated genes are
indicated in green in the MA-plot, and correspond to the
rows of the heatmap. The high values of LFC for those
genes, along with their expression pattern in the heatmap
across all conditions confirm the strong impact of heat
stress on the plants transcriptome.
In the case where several DEA were performed, it might

be useful to compare the resulting lists of DEG. DIANE
can perform gene lists intersection, and provide visualiza-
tions through Venn diagrams, as well as the possibility to

download the list of the intersection. This feature is avail-
able for all genes, or specifically for up or down regulated
genes.

GO enrichment analysis
Among a list of DEG, it is of great interest to look
for enriched biological processes, molecular functions,
of cellular components. This functionality is brought
to DIANE by the clusterProfiler R package [38], that
employs Fischer-exact tests on hypergeometric distribu-
tion to determine which GO terms are significantly more
represented. Results can be obtained as a downloadable
data table, a dotplot of enriched GO terms with associ-
ated gene counts and p-values, or as en enrichment map
linking co-occurring GO terms.

Gene clustering
Method
In order to identify co-expressed genes among a list of
DEGs, DIANE enables gene expression profiles clustering
using the statistical framework for inferring mixture mod-
els through an Expectation-Maximisation (EM) algorithm
introduced by [9, 10].We chose to use the approach imple-
mented in the Bioconductor Coseq package [11]. Coseq
makes it possible to apply transformation to expression
values prior to fitting either Gaussian or Poisson multi-
variate distributions to gene clusters. A penalized model
selection criterion is then used to determine the best num-
ber of clusters in the data. With DIANE, users simply have
to select which DEG should be clustered among previ-
ously realized DEA, the experimental conditions to use for
clustering, as well as the range of number of clusters to
test.

Exploring the clusters
Once clustering was performed, a new tab enables a
detailed exploration of the created clusters. It includes
interactive profiles visualization, downloadable gene data
table, GO enrichment analysis. In addition, if the exper-
imental design file was uploaded, Poisson generalized
linear models are fitted to the chosen cluster in order to
characterize the effect of each factor on gene expression.
To validate and extend the work done around our

demonstration dataset, we performed clustering analy-
sis similarly to what was done in the original paper [21].
We considered all genes from the seven DEA computed
between control and perturbation treatments, with a 0.05
FDR threshold and an absolute LFC above 2.
Figure 4 presents the clusters of interest as given by the

Poisson Mixtures estimation. They provide a gene parti-
tioning representative of all behaviors in the dataset. In
particular, we found that the 3 biggest clusters (2, 3, 6)
were composed of heat responsive genes. Among those
clusters, statistically enriched GO terms are in majority
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Fig. 4 Clustering of combinatorial RNA-seq data with DIANE. Clusters of interest generated by Coseq in DIANE. Gene expression profiles are defined
as the normalized expression divided by the mean normalized expression across all conditions. Graphical results of ontology enrichment analysis
are presented for clusters 3 and 5. Highlighted ontologies are relevant categories in line with previously published findings [21]. Ontology
enrichment plots show detected GO terms (under 0.05 in Fischer’s exact tests), color-coded by their adjusted p-value, and shifted in the x-axis
depending on the number of genes matching this ontology

linked to heat and protein conformation. Indeed, proteins
misfolding and degradation are direct consequences of
high temperatures, thus requiring rapid expression repro-
gramming to ensure viable protein folding in topology
control [39]. Two enriched ontologies involved in rhyth-
mic and circadian processes also support evidence for
disrupted biological clock. Second, the cluster 5 brings
together genes up-regulated in all stress treatments, with
the highest induction being observed in the combination
of the three perturbations. Those genes, also noted in [21]
to exhibit a synergistic response to mannitol and salt, con-
tain three ontologies related to osmotic stress and water
deprivation. Lastly, cluster 4 corroborates the existence
of genes characterized by opposite reactions to osmotic

stress and heat. They are specifically induced in all manni-
tol perturbations, except under high temperature, where
they are strongly repressed.

Gene regulatory network inference
GRN inference is a major contribution of DIANE com-
pared to similar existing applications, the latter offering
either no possibility for such task, or either limited ones,
as described in the “Background” section.

Estimating regulatory weights
GRN inference aims to abstract transcriptional depen-
dencies between genes based on the observation of their
resulting expression patterns. Each gene is represented by
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a node in the network. The aim is to recover a weight
associated with each edge (i.e. pair of nodes). This is
a complex retro-engineering process, challenged by the
Curse of dimensionality. Many methods are available,
and can be divided into two main categories : statistical
and data-driven approaches [13]. Statistical strategies rely
on assumptions regarding the data distribution, whose
parameters are estimated by maximum-likelihood tech-
niques, often in the case of Bayesian [40] or Lasso infer-
ence [17, 41]. However, the underlying modelling assump-
tions may be inaccurate or difficult to verify in practice.
In the second category, the objective is to quantify inter-
action strengths between pairs of nodes directly from the
data. This is typically achieved by using similarity mea-
sures such as correlation [12], information theory metrics
[42, 43], or feature importances extracted from regres-
sion contexts [16]. This second category is less restrictive
in terms of hypothesis. However, once the inference is
performed, the problem of defining a threshold above
which an interaction will be part of the network is far
from easy.
There is a large variety of tools available for the task of

network inference. Many of them have been benchmarked
against one another at the occasion of the DREAM chal-
lenges [44, 45]. Those challenges aim at comparing state
of the art network inference methods on both simu-
lated and validated biological data. They provide per-
formance metrics for 27 methods based on regression
techniques, mutual information metrics, correlation or
Bayesian framework among other methods. The per-
formance metrics gathered by DREAM5 [45] (i.e Area
Under Precision and Recall curves or overall scores), as
well as more recent efforts to compare new methods on
those gold standards (i.e F-meausres, ROC curves) are
useful resources to help making a choice. For example,
existing methods to learn GRN structures are WGCNA
[12], ARACNE, CLR, TIGRESS, GENIE3 (see [45] for
an exhaustive and referenced list of methods), or also
SORDER [46] or CMI2NI [47].
In DIANE, the package chosen for GRN reconstruction

is GENIE3 [16], a machine learning procedure that was
among the best performers of the DREAM challenges.
GENIE3 uses Random Forests [20] which is a machine
learning method based on the inference of a collection
of regression trees. It has the advantage of being a non-
parametric procedure, requiring very few modelling or
biological priors, while being able to capture interactions
and high order combinatorics between regulators. After
having defined a set of regulators among the genes under
study, the regression framework allows to infer oriented
edges from regulators to targets. With GENIE3, for each
target gene, a Random Forest determines the predictive
power of each regulator on the target gene expression. The
regulatory interactions can then be thresholded accord-

ing to their importance, so that the strongest links are
kept to build a sparse final network. However, choosing
such a threshold is not trivial, left as an open question by
GENIE3’s authors and ever since.

Selectingmeaningful regulatory weights
Proposed approach To avoid the unsatisfying hard-
thresholding solution, some researchers make use of TF
binding experiments, TF-perturbation assays, or literature
data to select a threshold influence measure maximiz-
ing prediction precision [48–50]. Network backboning
[51, 52] and BRANE Cut [53] are mathematical frame-
works that try to extract an informative structure from
weighted fully connected networks, but they rely onmath-
ematical modelling and assumptions that we suppose
might be too strong or not valid in the precise case of gene
regulatory network topology. Feeling the lack of an appro-
priate model-agnostic strategy with no need for external
data, we conceived a method that provides a statistical
testing framework for weighted regulator-gene pairs. The
main steps of the method, as schematized in Fig. 5, are:
Inference of the importance values for all regulator-

target gene pairs using Random Forests according to
GENIE3’s strategy [16] on a chosen list of DEG as input.
Transcriptional regulators with a very high value of non
linear correlation (typically 0.9 or 0.95) can lead to spu-
rious or missed connections in the final network, and
cause robustness issues during the regression procedure.
DIANE allows to group them together and to consider
them as unique genes.
Selection of the strongest inferred regulatory influ-

ences. As biological networks are known for their pro-
nounced sparsity [54–56], testing all possible regulator-
target pairs would be of very little interest, as well as a
waste of computation time. We therefore create a first
graph, topologically consistent with biological network
density standards, which will be further refined by statis-
tical tests.
Empirical p-values are computed for the selected

regulatory weights. To assess weather the importance
value of a pair is significant or not, the rfPermute package
[57] fits Random Forests and repeatedly shuffles the target
gene expression profile so that the null distribution of each
regulator influence is estimated. Hence, the empirical
p-value of a regulator-gene pair is given by the extreme-
ness of its importance as compared to the estimated null
distribution. For a faster and more exploratory-oriented
network inference, it is possible to skip edges testing (this
step and the following).
FDR correction for multiple testing [58] is applied to

the p-values, and only the edges above an FDR threshold
are kept to form the final network. After edges statistical
testing, graphics that show the p-values distribution and
the final number of edges depending on the FDR choice
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Fig. 5 Statistical testing procedure for edges selection among weighted regulatory links. A first network is built from the influence measures
resulting from network inference, by choosing an appropriate network connectivity density. The statistical significance of all its edges is then
assessed by empirical tests based on permutation for Random Forest importance metrics

are displayed, providing the user with additional decision
guidance.
See Additional file 1 for more details on the statistical

procedure and implementation. Thanks to this procedure,
the main user-defined parameters are the network den-
sity prior to statistical tests, and the FDR cut-off. Together,
they bring much more biological meaning and decision
help than an arbitrary importance threshold.

Benchmark of the proposed approach We benchmark
this novel procedure designed to keep the most signif-
icant interactions from a complete GRN. As GENIE3’s
performance was already assessed in several comparative
studies, we focus here only on the edges testing strategy,
that we compare to a more naive approach, hard thresh-
olding. To do so, we applied our edges selection strat-
egy to GENIE3 edges ranking on two different datasets,
for which robust regulator-gene validation information is
available.
The first expression dataset is the RNA-Seq experiment

on Arabidopsis thaliana we present in this article. We
inferred a GRN of heat responsive genes in all experimen-
tal conditions (1497 genes from C versus H DEA, LFC
≥ 1.5, FDR ≤ 0.05, containing 118 regulators). To vali-
date the inferred connections, we made use of connecTF
[59], a recent database containing regulatory interactions
in Arabidopsis thaliana obtained from in vitro and in vivo
binding experiments, as well as in planta regulation exper-
iments. We specifically chose to use the interactions in

connecTF obtained from CHIP-Seq and TARGET exper-
iments that represent the most robust data in order to
validate connections.
The second dataset is an experiment on Escherichia

coli, generated by the authors of the "Large-Scale Map-
ping and Validation of Escherichia coli Transcriptional
Regulation from a Compendium of Expression Profiles"
[60]. We restricted ourselves to a subset of this com-
pendium of experimental conditions corresponding to a
single combinatorial experiment. In the latter, bacteria
were exposed to a control treatment or to norfloaxacin
for different amounts of time, for a total of 24 experimen-
tal conditions. The 4345 genes of the organism provided
in the dataset, containing 154 transcription factors, are
used for GRN inference followed by edges testing. In order
to validate the connections of the networks generated in
DIANE, we used RegulonDB [61], a database of regu-
latory interactions built from classic molecular biology
experiments andmore recently high throughput genomics
such as CHIP-Seq and gSELEX.
For each organism, we compared the validity of network

predictions between two strategies. The first one corre-
sponds to a network obtained by applying a hard threshold
to GENIE3’s weighted regulatory associations, to achieve a
desired network connectivity density. The second strategy
corresponds to that same network, but after removing the
edges deemed spurious by our empirical testing procedure
for edges selection. By doing so, we aim at determining
weather refining edges with our testing procedure leads to
networks of higher quality.
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The performance metric we chose to assess our
method’s performance is the precision. It is computed as
the fraction of edges in the final network that are present
in the set of validated interactions, among those for which
the regulator possesses validation information in the gold
standard (for example, not all regulators were studied in
CHIP-Seq nor TARGET experiments, thus are not present
in the validated pairs from connecTF).
To provide some parameter exploration, we compare

the two strategies for two different initial connectivity
densities, and three FDR thresholds to remove spuri-
ous interactions. For all the following benchmarks, we
used Random Forests made of 1000 trees, and grouped
regulators correlated over 90%, as discussed in the previ-
ous paragraph "Proposed approach". In order to evaluate
robustness while giving an overview of the variability
inherent to RandomForest inference and statistical testing
by permutations, we launched the two strategies 20 times

for each set of parameters and performed non parametric
tests for group mean comparisons.
The results are gathered in Fig. 6a and b. They

demonstrate that a significant increase of precision can
be achieved on both datasets when choosing stringent
adjusted p-values for edges removal, independently of
prior density. This finding supports that p-values obtained
from permutations on Random Forest importancemetrics
can allowmore confidence in the inferred edges than hard
thresholding GENIE3’s fully connected network. Figure 6a
and b also illustrate the order of magnitude of the number
of connections removed by the testing strategy.
After using our empirical testing procedure for edges

removal, we stored the number of remaining edges. We
then applied hard-thresholding to GENIE3’s ranking in
order to create networks containing those same num-
ber edges. We observed that the precision of such net-
works was not as high as with our empirical testing

A B

Fig. 6 Benchmark of the proposed testing method on the E. coli and A. thaliana datasets. Boxplots compare the distributions of precision between
hard-thresholding (green) and hard-thresholding followed by the removal of non significant edges as predicted by the testing procedure (purple).
The 20 replicates for each configuration provide an estimation of the precision dispersion caused by randomness in GENIE3 and testing by
permutations. For each organism, we investigate two appropriate connectivity densities, and three adjusted p-value thresholds (FDR). On the right
of the boxplots, the number of edges kept in the final network are displayed. P-values significance of non parametric mean comparisons between
the strategies are encoded as follows : 0 ≤***< 0.001 ≤**< 0.01 ≤*< 0.05 ≤ . < 0.1. The results demonstrate that the proposed testing strategy
offers a robust gain in precision when using a stringent adjusted p-value threshold for edges removal. a Results for the GRN inferred on E. coli genes,
validated on the regulonDB database. b Results for the GRN inferred on A. thaliana heat-responsive genes, validated on the connecTF database.
Additional metrics about the number of genes, interactions to test, and computation time on DIANE’s interface are shown
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procedure. This reveals that our adjusted p-values bring
more information than GENIE3’s ranking only, even with
a hard-thresholding resulting in the same number of final
interactions.
Figure 6b shows computation times required to perform

statistical testing on A. thaliana dataset, as permitted
by DIANE’s online interface. DIANE’s online version is
hosted on a Debian 9.13 server with a 256Go RAM, and
2 Intel(R) Xeon(R) Gold 6130 2.10GHz CPUs. The paral-
lel computing for online use allows up to 16 CPU cores
(computation time reported in Fig. 6b uses 16 cores).
Altogether, this benchmarking analysis demonstrates an

added-value in terms of network precision when edges
selection is performed on the basis of p-values rather than
by hard thresholding, for a limited time of computation.

Interactive network analysis and community discovery
The last tab of the application is dedicated to network
manipulation and exploration. An interactive view of the
network is proposed, showing connections between regu-
latory genes and their predicted targets. By clicking one of
the genes, its inward and outward interactions are shown,
as well as its annotation and expression profile across
samples.
Network-related statistics are automatically generated,

delivering topological insights on genes behaviors and
network structure. For instance, in and out degree distri-
bution are displayed, and genes can be ranked based on
their number of connections. This ranking might then be
used for further identification of hub genes and candi-
date key regulators in the response of interest. In addition,
DIANE extracts gene modules, making use of the Louvain
algorithm [62]. The experimenter is then free to visualize
the results in the network as color-coded communities,
while exploring module-specific expression profiles and
GO enrichment analyses. At last, it is possible to down-
load edges and node information as csv dataframes, to
be further investigated or opened in popular network
visualization tools such as Cytoscape.
We used the GRN features of DIANE in order to infer a

GRN of the response to heat under osmotic stress, envi-
ronmental conditions that plants are supposed to face
more frequently under climate change circumstances. The
input list of genes is obtained in DIANE, by calculating
DEG between simple osmotic stress and the double heat-
osmotic perturbation (M versus HM, FDR < 0.01, LFC
> 2). 640 DEG are detected, among which 363 are up-
regulated, 277 are down-regulated, and 45 are transcrip-
tional regulators. Regulators with Spearman correlations
over 90% in all available experimental conditions were
grouped before network inference, so that a total of 27 reg-
ulators are used as predictive variables during inference.
For GRN reconstruction, we used Random Forests com-
posed of 4000 trees. A prior network density of 0.03 was

defined to select the strongest edges for permutation test-
ing, and edges under a 0.01 FDR were kept in the final
network. This network, presented in Fig. 7a, is composed
of 289 nodes and 438 edges.
The M versus MH GRN provided by DIANE revealed

two interesting groups of regulators, acting as central
nodes in their topological modules, and being connected
to a large number of target genes.
The most connected regulator of the network is com-

posed by the WRKY47-WRKY8 grouping. Along with
other top-ranked WRKY transcription factors (WRKY30,
WRKY6, WRKY55), they belong to the topological
community of genes that exhibit antagonistic behavior
between heat and osmotic stress. The expression values
of WRKY8 and WRKY47 in the experiment are pre-
sented in Fig. 7b. As already pointed out by our clus-
tering analysis in Fig. 4, those genes undergo a strong
induction after mannitol treatment while being repressed
by all high temperature conditions. This behavior can
also be observed in the intra-module expression pro-
files in Fig. 7c. Such a module is of high biological
interest, as these opposite interactions between drought
and high temperature might explain the increased dam-
ages observed in the combination of those perturbations
[21], and help to understand how heat can suppress the
adaptive response of plants to water deficit. Given that
WRKY47 and WRKY8 act as a hub in the inferred net-
work, they would be a relevant choice of candidates for
experimental pathway validation. Interestingly, WRKY47
has already been identified in rice as a positive regula-
tor of the response to drought [63], strongly reinforcing
the validity of the candidate genes from GRN inference in
DIANE.
The second most connected node is formed by the

regulators TRFL3-AT5G57150-PRR3-BBX8-PIL2-BT1-
DREB2B-FRG5-ASY1-ARR15. Those genes, sharing
highly correlated profiles across the 24 experimental
samples, respond to heat in a clear manner, as well as the
other genes inside their community as shown in Fig. 7c. It
is worthy to note that PIL2 is a member of a transcription
factor family known to be involved in the response to
temperature [64] and that DREB2B is a regulator already
characterized to act at the interaction between drought
and heat stress [65]. The other mentioned regulators
offer thus promising leads to be further explored. Three
members of the Heat Stress Transcription Factor family
(HSFA2 grouped with HSFB2B, and HSFA3) are also
found within the genes of the module.
Inside each module, both correlated and anti-correlated

expression patterns coexist, which can indicate negative
regulation between their gene members. Such opposite
variations are captured by the Random Forest algorithm,
and allow to go beyond co-expression analysis provided by
a clustering approach alone.
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Fig. 7 Network inference and exploration with DIANE. a GRN on M versus MH DEG using DIANE’s method for GNR inference, and the corresponding
degree-based ranking of the nodes. The 11 most connected nodes are presented by order of importance. The regulators mentioned in the network
analysis are pointed out by an arrow, the color of the arrow depending on the topological cluster. b Expression profiles for WRKY47 and WRKY8,
representing the most connected node of the network. c Topological modules containing the two most connected groups of regulators are
highlighted, juxtaposed to their genes expression profiles

Research reproducibility
For each step of the pipeline, automatically generated
reports can be downloaded, rendered on the fly in RMark-
down. They store the users settings, chosen strategies,
and display previews of the results. In that way, analy-
sis can be re-run, shared across users, and their settings
can be backed-up. The chosen format for those reports
is HTML, as it keeps a possibility to interact with data
tables, or even manipulate network objects outside of the
application. Additional file 2 is an example of report as
generated for the network inference described in previous
section. Besides, a seed can be set as a global setting of the
application, to ensure reproducible runs of the pipeline
steps making use of randomness.
Accessibility
DIANE is a tool designed to be as accessible as possi-

ble. However, it can be challenging for users with little
programming and command line experience to process
raw RNA-Seq data into the expression matrix needed in
DIANE. Services such as quality control, read mapping
and quantification require to handle large files transfers
and intensive computations, which are much less easily
set up on online applications. However, local programs
such as the Tuxedo suite [66], RMTA [67] or GenePattern
[68] represent well documented and adequate solutions to
most users in order to produce the expression matrices
required in DIANE.

Conclusions
To summarise this work, we presented an online graphi-
cal user interface to easily conduct in-depth analyses on
gene expression data from multi-factorial experiments,



Cassan et al. BMC Genomics          (2021) 22:387 Page 13 of 15

including gene expression profile clustering and GRN
inference. It can be downloaded and installed seamlessly
as any R package to run the pipeline locally or from
R scripts. Given that all other graphical interface tools
found in the literature are (i) more oriented toward co-
expression rather than regulation and (ii) do not provide
recent advanced methodological frameworks for pathway
reconstruction, our application positions itself as a tool of
first choice to explore regulatory mechanisms.
The demonstration of DIANE on its companion dataset

allowed to better understand the effect of combined
heat, osmotic and salinity perturbations on Arabidopsis
thaliana, consistently with the original analysis [21]. Sim-
ilar patterns in gene behaviors were highlighted, such as
the predominant influence of heat, and its aggravating
effect when combined to dehydration. Moreover, DIANE
provided new leads through its network inference features
: key genes involved in the response to high temperature
under drought were pointed out to be promising can-
didate regulators for improving crops resistance to arid
conditions and climate change.
In terms of computational cost, the final step of DIANE’s

pipeline, i.e. the statistical testing of TF-target edges,
could be improved. The R implementations of Random
forests and permutations in rfPermute are currently being
used, but a C++ version could be envisioned to shorten the
method’s execution time. Besides, the inference method
itself could be subject to improvement in the future.
First, combining the results of several inference methods
has proven to be as a robust and powerful approach on
validated datasets [45, 52]. Second, our strategy is par-
ticularly well-suited for multi-factorial and perturbation
designs, but is not optimal for time series RNA-Seq. Other
inference methods specific to time series RNA-Seq data
[69] could be available in DIANE, to bring closer to causal-
ity in the inferred transcriptionnal interactions. Lastly,
it would be valuable to add further functional features
in DIANE, notably in order to integrate external infor-
mation, such as interaction databases, or data from TF
binding or chromatin accessibility experiments.

Availability and requirements
Project name: DIANE
Project home pages: https://oceanecsn.github.io/DIANE
https://github.com/OceaneCsn/DIANE
Operating system(s): Platform independent
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License: GNU GPL
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Résumé : La prédiction du taux de clics (CTR) est l’un des défis majeurs de la publicité en ligne
au cours de ces dernières années. L’objectif de notre travail est de répondre à un encart publici-
taire disponible via un système d’enchère en proposant la publicité la plus pertinente possible. En
d’autres termes : il s’agit d’être en mesure de proposer la bonne publicité à la bonne personne au
bon moment. Cet objectif prend en considération deux enjeux principaux. Le premier concerne la
caractérisation des données à disposition qui sont de natures volumineuses, hétérogènes et clair-
semées. Le second objectif concerne la mise en production du modèle : le modèle doit pouvoir
être utilisé en temps réel et son déploiement doit être simple à mettre en œuvre. Nous intro-
duisons ici une nouvelle méthode de prédiction du CTR qui repose sur un mélange de modèles
linéaires généralisés (GLM). Nous développons tout d’abord une méthode de clustering basée sur
un modèle prenant en considération l’aspect longitudinal (afin d’exploiter l’historique de chaque
campagne) et non gaussien (la métrique d’intérêt est un taux) des observations du CTR dans
les campagnes publicitaires. Cette étape préliminaire permet de grouper les campagnes ayant des
profils similaires et offre ainsi une meilleure description des données. Le package R binomialMix
implémente cette approche pour le mélange de données binomiales et longitudinales. Par la suite,
en s’appuyant directement sur les clusters inférés, nous proposons un modèle prédictif qui permet
de répondre au sujet central de notre problématique métier : estimer une probabilité de clic pour
toute campagne en temps réel. Plusieurs modèles sont mis en compétition : des modèles naïfs et
un modèle simple de GLM sont ainsi comparés à plusieurs modèles qui se basent sur les résultats
du clustering. Deux modèles (parmi ceux qui utilisent les résultats du modèle de mélange) se dis-
tinguent par leurs performances prédictives. Des expérimentations menées sur données simulées
et réelles ont montré l’importance de l’étape préliminaire de classification non supervisée sur la
qualité de la prédiction. L’ensemble de ces étapes a ainsi pu être industrialisé et intégré dans le
processus d’enchère déjà existant. Cette intégration est la succession d’un ensemble d’étapes : la
récupération des données, leur prétraitement, l’estimation des paramètres du mélange à partir de
variables explicatives soigneusement choisies et enfin, la mise en place du modèle prédictif. Un
dernier travail a permis l’exploitation des prédictions à partir des probabilités de clic obtenues en
sortie des modèles prédictifs. Ainsi, nous avons pu prédire le CTR en temps réel sur la plateforme
d’enchère et pour chaque espace publicitaire disponible qui y transite. L’analyse des premiers résul-
tats en production montre que, pour certains contextes d’enchère, l’utilisation du modèle prédictif,
couplé à l’étape de clustering au préalable, a permis une amélioration significative du taux de clics.

Cette thèse a fait l’objet d’un article publié dans les actes de la conférence interna-
tionale ECAI 2020 (Bousquet (2020), disponible en Annexe C), d’une communication
orale (JdS 2019), d’un poster (ECML 2018) et d’un package R (BinomialMix).
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From Mixture of Longitudinal and Non-Gaussian

Faustine Bousquet 1,2 and Sophie Lebre 3,1and Christian Lavergne 3,1

Abstract. Click-Through-Rate (CTR) prediction is one of the most
important challenges in the advertisement field. Nevertheless, it is es-
sential to understand beforehand the voluminous and heterogeneous
data structure. Here we introduce a novel CTR prediction method
using a mixture of generalized linear models (GLMs). First, we de-
velop a model-based clustering method dedicated to publicity cam-
paign time-series, i.e. non-Gaussian longitudinal data. Secondely, we
consider two CTR predictive models derived from the inferred clus-
tering. The clustering step improves the CTR prediction performance
both on simulated and real data. An R package binomialMix for mix-
ture of binomial and longitudinal data is available on CRAN.

1 Introduction

1.1 Context

The field of advertising, and more particularly online advertising, has
been disrupted by the development and success of Real-Time Bid-
ding (RTB) [20, 21]. This process connects advertisers and publish-
ers in real time and gives them the advantage of personalization via
an auction system: the publisher provides a set of information about
the ad slot context and the advertiser can decide whether he is inter-
ested in the auction or not. This system reduces ineffective targeting.
We call ”impression” the advert’s display on the end user’s device.
The Click-Through Rate (CTR) is the most common way to estimate
the efficiency of an advertising campaign. It measures the ratio of the
number of times the user has clicked the ad and the number of times
the ad has been displayed. Many statistical challenges emerged from
online advertising including CTR prediction [2, 3, 9, 19].
In this paper, we address a real-world online issue from TabMo2 ad-
vertising platform. TabMo is an adtech company managing the cam-
paigns for the advertisers. Its business objective is to provide the best
ad slot context for every campaign and increase Key Point of In-
terest as CTR for advertisers. Constraints coming from production
context make the issue interesting in many ways. The data volume is
huge. Every second the predictive model has to answer around 1 mil-
lion auctions with the most adequate advertising campaign among
all available. Also, we are in case of rare events: number of click
is very low compared to the number of impressions (around 1 click
every 1000 impressions). The very imbalanced data makes predic-
tions difficult. Despite all the studies (see Section 1.2) conducted on
the prediction of user response in an online advertising context, the
prediction of CTR remains an open and still relevant issue.

1 IMAG Institut Montpellierain Alexander Grothendieck, Univ. Montpellier,
CNRS, France

2 TabMo Labs, Montpellier, France - https://hawk.tabmo.io/
3 Universit Paul Valry Montpellier 3, France

1.2 Related work

The last three years, Neural Network emerged in the online advertis-
ing state-of-art for CTR prediction. At the same time, the dimension
of features and the data volume has increase. That is one of the
reasons why a lot of research and continuous improvements have
been done in model structure Neural Network. [3] developed an
hybrid predictive model using both the advantages of linear model
and deep network architecture. Predictions from both component
are combined to produce a final prediction. In [19], the proposed
architecture of the DNN focuses on taking into account interactions
between variables beyond order 2. Without the need of a manualy
preprocessing data and with a quite simple implementation for this
kind of modeling, authors assume that there is a significant decrease
of the logloss value compared to a classical DNN architecture.
Neural networks take advantage of their multi-layered architecture
and achieve good predictive results. However, their complexity
makes it difficult to understand the model.
Factorization Machines (FM) [16] models second order polynomial
with a latent vector for each feature. The interaction between two
features is calculated by the inner product of the latent vector from
those variables. The advantage of this method is that it reduces the
complexity of the model when interactions are taken into account.
A lot of extensions emerged from FM [6, 8] in the context of CTR
prediction where capturing the information of feature conjunctions
can be relevant. [8] proposed a modeling based on levels features
interactions while [6] combined the pertinence of Neural Network
with FM in the same architecture. However, until now, the Factor-
ization Machines are mostly used for recommender systems.
Predicting CTR using logistic regression is also one of the most
studied models in the literature [2, 9]. Logistic regression models
present the advantage of an easy implementation for real-world
predictive problem. However, to model more complex and hetero-
geneous data structures from real case studies, the use of logistic
regression may be limited. The use of mixture models allows for
better consideration of heterogeneity and data specificity.

Mixture model of Generalized Linear Model (GLM) is a well-
studied statistical problem in the literature; [12] gives a complete
overview of different existing methodologies for model-based clus-
tering. The number of R packages have grown significantly in vari-
ous domains of application (such as biology, physics, economics...)
to model data with a finite number of subpopulations. Mixmod [18] is
a popular tool for partitioning observations into groups. The package
allows to fit Gaussian mixture models with different volume, shape
and orientation of the clusters. It can also model mixtures of multi-
nomial distribution. The mclust [5] package is another tool for finite
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normal mixture modeling. In the case of longitudinal data, the pack-
age flexmix [10] provides a mixture modeling when there are M in-
dividuals with respectively nM observations. But to the best of our
knowledge, the existing packages cannot model longitudinal data in
a binomial context

1.3 Contribution
This paper addresses a real-world online advertising issue. Using the
traffic log of a set of campaigns, we build an efficient method that
predicts a context specific click probability for each campaign. Our
main contributions are the following:

• We describe a GLM-based clustering approach for longitudinal
data in a binomial context. Campaigns are clustered according to
their CTR depending on the advertising context described by con-
tinuous and categorical variables. The longitudinal data is defined
as repeated observations for each campaign with a specific length.
The temporal periodicity is captured via 2 categorical variables:
day and time slot. Time slot separation was established with do-
main experts. This model-based clustering allows us to group ad-
vertising campaigns with similar profiles.

• We predict context specific CTR for each campaign using this
model-based clustering as a preliminary step. Various clustered-
based prediction schemes are considered.

• Using GLM mixture for CTR prediction leads to good perfor-
mance while preserving a simple model architecture and a rapid
deployment process. Experiments are performed on data extracted
from a real-world online advertising context.

• We developed an R package: binomialMix (available on CRAN)
implementing a GLM-based clustering approach for longitudinal
data in a binomial context.

1.4 Outline
Section 2 presents the two-step statistical modeling and the resulting
implementation. The first step describes the mixture of binomial for
longitudinal data estimated with an Expectation-Maximization (EM)
algorithm. The second step builds a predictive model to provide a
probability of click using the clustering step. In Section 3, we (i)
present the dataset, the evaluation metrics, the results on simulated
data and (ii) challenge five predictive models on real data. Three are
considered as baseline. The two others use mixture model estima-
tions to predict a probability of click in a given context. We evaluate
the relevance of clustering and the performance of the predictions.

2 Proposed Approach
2.1 A binomial model for the CTR
The proposed approach to address the problem of CTR prediction is
described in two steps. First, as the observed metric is the click ratio
(CTR), we propose a mixture model of Generalized Linear Model
(GLM) to model longitudinal data. Then, taking into account the re-
sulting ad campaigns clusters, we develop a methodology to predict a
probability of click. The proposed model describes each advertising
campaign c as longitudinal data. The CTR is the target variable.

Each day is divided into H time slots. Each campaign c is
observed Jc days and some slots could be missing. Let us consider
Ycjh the number of clicks for each campaign c at a specific time
slot (j, h), for j = 1, . . . , Jc and h = 1, . . . , H . We assume that
each variable Ycjh follows a distribution of the exponential family

as introduced by [11], defined in Equation (1).

∀c = 1, . . . , C, ∀j = 1, . . . , Jc, ∀h = 1, . . . , H

fYcjh(ycjh, θcjh, ψ) = exp

(
ycjhθcjh − b(θcjh)

acjh(ψ)
+ d(ycjh, ψ)

)

(1)
where θcjh is the canonical parameter, ψ the dispersion parameter. b
and d are specific functions depending on the exponential distribution
chosen. We can define acjh as acjh(ψ) =

ψ
ωcjh

with ωcjh a weighted
parameter for each observation.
Let us consider a binomial distribution for Ycjh with paramaters ncjh

and phs(c,j):
Ycjh ∼ B(ncjh, phs(c,j)) (2)

where ncjh is the number of observed impressions, phs(c,j) the click
probability of campaign c at time slot h and day of week s(c, j), with
s(c, j) = 1, ..., S. We have a focus on the ratio Ycjh

ncjh
for the follow-

ing.

In the case of the binomial, θcjh = log
(

phs(c,j)

1−phs(c,j)

)
. We can de-

fine a, b and d functions as follows: acjh(ψ) = 1
ncjh

, b(θcjh) =

log (1 + exp θcjh) and d(ycjh, ψcjh) = log
(
ncjh
ycjh

)
.

We define the logit function η = g(μ) = log μ
1−μ

where μ is the
expectation of ratio Y/n. Then, the function links the linear combi-
nation of the β parameters with the expectation E(

Ycjh

ncjh
):

log

(
E(Ycjh/ncjh)

1 − E(Ycjh/ncjh)

)
= β0 + βH

h + βS
s(c,j) (3)

In Equation (3), βH
h and βS

s(c,j) coefficients are associated to the 2
categorical variables: time slot and day of the week. In the following,
the model will be extended by other advertising context variables (see
Section 3.4).

2.2 Mixture of binomial for ads clustering
The objective of our approach is to obtain a mixture model of bi-
nomial distributions. Considering that C campaigns come from K
subpopulations, the mixture allows to model the heterogeneity of
an overall population. We denote for each campaign c the den-
sity function fk(yc;φk), k = 1, ...,K with the model parameters
(φ1, ..., φK). Campaign density function can also be written as fol-
lowing: f(yc) =

∏fc
j=dc

∏H

h=1
f(ycjh), for all k = 1, . . . ,K

where dc and fc respectively are the first and last day of diffusion
observed for the campaign c. We assume that a campaign belongs to
the same subpopulation throughout the time.
The considered mixture model is:

f(yc;φ, λ) =

K∑

k=1

λkfk(yc;φk) (4)

where (λ1, ..., λK) are the mixing proportion with λk ∈ (0, 1) for
all k and

∑K

k=1
λk = 1. The log-likelihood logL is written:

logLn(Y ;φ, λ) =

C∑

c=1

log

{
K∑

k=1

λkfk(yc;φk)

}
(5)

For parameter estimation, the mixture model defined in Equation (5)
can be considered as an incomplete data structure model. We intro-
duce the hidden variable Zkc where Zkc = 1 when campaign c be-
longs to cluster k and 0 otherwise. Using the hidden variables, the
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log-likelihood for complete data is easier to manipulate for estima-
tion:

logLn(Y, Z;φ, λ) =

C∑

c=1

{
K∑

k=1

Zkc log (λkf(yc;φk))

}
(6)

The most popular way to estimate model parameters is to solve iter-
atively likelihood equations in order to obtain maximum likelihood
estimation for each parameter. When we do not have the analytic ex-
pression of the log likelihood, the most efficient algorithms to obtain
parameters estimation are the Expectation-Maximization (EM) type
algorithms introduced by [4].

E-Step For each iteration, the E-Step calculates the ex-
pectation of complete-data likelihood conditionally to observed
data y and current parameters {λk, φk}k=1,...,K . We consider
Q(φ|φ(m)) = E(logLn(Y, Z;φ, λ)|Y = y, φ(m)) at iteration m.
As E(Zkc|Yc, φ

(m)) = P (Zkc = 1|Yc, φ
(m)
k ), thanks to Bayes for-

mula, we calculate :

πkc = P (Zkc = 1|Yc, φ
(m)
k ) (7)

=
P (Yc|Zkc = 1, φ(m))P (Zkc = 1)∑K

l=1
P (Yc|Zlc = 1, φ(m))P (Zlc = 1)

(8)

=
f
φ
(m)

k

(yc)λk

∑K

l=1
f
φ
(m)

l

(yc)λl

(9)

The probability πkc represents the probability that the campaign c
belongs to the cluster k at iteration m. π ∈ Mk×n is a matrix of
probabilities where the sum of each column is equal to one.

M-Step The M Step consists in maximizing Q(φ|φ(m)) in order
to update the model parameters. As we model a mixture of binomial,
there is no explicit solution for the βk parameters. We use the itera-
tive Fisher algorithm [14] to estimate βk at each M Step :

β
(m+1)
k = β

(m)
k −

(
E

[
∂2Q(φ|φ(m))

∂βk∂βk′

])−1
∂Q(φ|φ(m))

∂βk
(10)

This algorithm is based on Newton-Raphson algorithm, in which the

search direction of the new value
(
− ∂2Q(φ|φ(m))

∂βk∂βk′

)
is replaced by its

expectation. We recognize the Fisher Information expression.
Using the mixture model of binomial defined in Equation (1) and (3),
a Fisher algorithm iteration from Equation (10) leads to the following
estimation of parameters β(m+1)

k :

β
(m+1)
k =

(∑C

c=1
πkcM

t
cW

−1

cβ
(m)

k

Mc

)−1

×
∑C

c=1
πkcM

t
cW

−1

cβ
(m)

k

[
Mcβ

(m)
k + ∂ηkc

∂μk

(
Yc
nc

− μk

)] (11)

with Mc the design matrix of the campaign c, μk the ratio of click
(CTR) expectation in cluster k. The diagonal matrices are defined :

W
cβ
(m)

k

= diag

(
1

ncjh

(1+expMcjhβ
(m)

k
)2

expMcjhβ
(m)

k

)

cjh

and

∂ηk
∂μk

= diag

(
(1+expMcjhβ

(m)

k
)2

expMcjhβ
(m)

k

)

cjh

For each step M, we repeat a few iterations of the Fisher scoring al-
gorithm.

This GLM model-based clustering is implemented in the R package
binomialMix (available on CRAN2). Note that the number of obser-
vations nc for each campaign c do not need to be equal.

2.3 Predict CTR from clustering results
According to the problem statement described in the Section 1, the
final goal is to predict the probability of click for each campaign c.
The predictions are made in order to choose one campaign c as soon
as there is an advertising position available. We consider five predic-
tive approaches. Three are considered as baseline: two naive baseline
predictions and a standard GLM (without mixture). The other two
predictive models are based on GLM mixture estimations.

A) A vector of zeros Data is very imbalanced: 71% of the CTR
value equals zero. The most naive baseline is to consider a CTR pre-
diction always equal to 0 no matter what the context is.

B) Yesterday’s CTR This second approach is an other naive way
to model the prediction. We consider that for each observation Ycjh,
the observed CTR at exactly the same time slot but one day before is
the predicted CTR for the current moment. We make the hypothesis
that from one day to another, CTR values remain stable in a similar
context.

C) Binomial predictive model We consider a classical Gener-
alized Linear Model with a binomial distribution as described in
equations (2) and (3). With this simple modeling, we analyze if there
is a relevant linear combination of features able to predict a click
probability for any given context for all the campaigns.

We consider these three models A), B) and C) as baselines.

D) Mixture of binomial The most intuitive methodology to im-
plement from clustering results is to use the estimated βk from each
cluster. With these estimations, we can naturally obtain prediction for
each cluster of campaigns.

E) Mixture of binomial + individual random effect for each clus-
ter We now assume that the nc observations (n =

∑C

c=1
nc) from

one campaign c are no longer independent. For each target CTR value
y, we define a random effect ξc to model dependence of observations
from a same campaign c. Lets consider η the logit function defined
for Equation (3). The Generalized Linear Mixed Model (GLMM) for
the C campaigns can be written

ηξ = Mβ + Uξ (12)

where ηξ is defined from linked function g : ηξ = g(μξ) with
μξ = E(Y |ξ). β ∈ RB is the vector of the B fixed effects. M
is the design matrix associated. We denote ξ ∈ RC the random ef-
fect vector of size C and U the design matrix. We suppose that ξc
follows a Gaussian distribution N (0, σ2Ic). Conditionally to ξ, the
model has the same properties as the GLM from Equation (2), (3).
In this approach, we run the GLMM model (see Equation (12)) for
each cluster using the R package lme4. The model estimates fixed
effects β as well as the random effect ξ, i.e. specific coefficients for
each campaign present in the cluster in question. Once all the param-
eters are estimated, we can calculate predictions for each campaign
and for each cluster.
2 https://cran.r-project.org/web/packages/binomialMix/index.html
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3 Experiments
3.1 Dataset
We consider a dataset from TabMo’s3 real traffic. The platform pro-
vides us with a very large volume of data as the incoming traffic hits a
million bid requests per second. The data has first been preprocessed
in order to obtain the expected format. We aggregate by campaign,
time slot, day of week and ad slot features the observed number of
clicks and impressions (number of times a given advertising is seen).
Some campaigns last few days and others are displayed for months.
The whole dataset contains 70123 rows and 12 columns. An extract
of 4 rows randomly chosen is available in Table 1. We differentiate 2
types of variables:

1. The response variable CTR (in bold) is calculated as the ratio
of the number of clicks (Ycjh) and the number of impressions
(ncjh). The data is very imbalanced with around one click for
1000 impressions.

2. The other variables are the explainable features used for the
modeling. Most of them are categorical as described in Ta-
ble 2. Time slot contains 6 different labels (00h-7h,7h-12h,12h-
14h,14h-18h,18h-00h) defined by domain experts and extracted
from timestamp variable. The ID column is a distinct of all the
373 observed campaigns for the dataset that we want first to clas-
sify and then predict CTR.

Table 1. Extracted rows from Dataset which is composed of 70123 rows,
12 columns and 373 advertising campaign

ID Timestamp DayWeek TimeSlot OS Support

622 2018-11-20 3 3 Android Site
622 2018-11-20 3 4 Android Site
377 2019-01-26 7 2 Android App
101 2018-12-02 1 4 iOS App

Ad Type Ad Length Ad Height Impressions Clicks CTR

banner 320 480 31 0 0
banner 320 480 57 1 0.017
custom 320 480 180 2 0.011
banner 300 250 64 0 0

Table 2. Description of explainable features used for the model-based
clustering

Type #Label Description

1-Day of Week Categorical 7 Monday to Sunday
2-Time Slot Categorical 6 Slots of few hours
3-OS Type Categorical 3 iOS, Android, Other
4-Support Type Categorical 2 Application, Site
5-Advertising Type Categorical 3 Example : Type 1
6-Advertising Length Numerical Pixels dimension
7-Advertising Height Numerical Pixels dimension

3.2 Evaluation metrics
Model choice metrics To select the right number of clusters in the
mixture model, we use the BIC criterion [17]. The selected model is

3 https://hawk.tabmo.io/

the one that minimizes its value. BIC is defined:

BIC = −2 × (log L̂) +m × log (n) (13)

where (log L̂) is the maximized value of the incomplete log-
likelihood defined in Equation (5). m is the global number of pa-
rameters for the model and n the total number of observations in the
dataset.
We can also use the Integrated Complete Likelihood (ICL) criterion
[1] which is an adaptation of the BIC dedicated to clustering.

Clustering robustness metrics In order to compare clustering re-
sults, we use Adjusted Rand Index (ARI) introduced by [7]. It is
based on Rand Index (RI) [15] which is a measure of similarity be-
tween two partitions and calculates the percentage of pairs in agree-
ment. The RI and ARI values are between 0 and 1. A Rand Index (or
Adjusted Rand Index) equal to 1 corresponds to two identical clus-
tering partition. The Adjusted Rand Index is a corrected version of
the Rand Index. The calculation of this index is presented in Equa-
tion (14) with notation from the contingency table described in Table
3. In this table, we consider two partitions P and Q with respectively
k and j clusters.

ARI =

∑
l,k

(
njk
2

)
−

[∑
l

(
nl.
2

)∑
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(
n.k
2

)]
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)
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(
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)
+
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/
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)
(14)

Table 3. Contingency table for two clustering partitions P and Q

Partition 1
Partition 2 p1 p2 . . . pk Sums

q1 n11 n12 . . . n1k n1.

q2 n21 n22 . . . n2k n2.

. . . . . . . . .
. . . . . .

...
ql nl1 nl2 . . . nlk nl.

Sums n.1 n.2 . . . n.k n = n..

Predictive accuracy metric In order to evaluate the predictive ac-
curacy, we consider the logloss [13]. The logloss is used to calculate
the difference between a prediction and its associated target variable
(which is between 0 and 1). For example, if a model predicts a prob-
ability p̂ = 0.004 and that true observation is 1, the logloss will
be very bad. Logloss increases as the predicted probability diverges
from the actual label. In our case, each observation is an aggrega-
tion. We study the number of times an ad is clicked (ycjh) among
the number of times the ad is displayed (ncjh) for each campaign c
at a specific time j, h (see Equation (2)). We define the number of
”no click” : ncjh −ycjh. The logloss (LogLosscjh) is calculated for
each observation of the dataset (Equation (15)).

LogLosscjh = −(ycjh log p̂+ (ncjh − ycjh) log (1 − p̂)) (15)

The resulting value that we want to analyze is the mean logloss :

LogLoss =

∑
c

∑
j

∑
h
LogLosscjh∑

c

∑
j

∑
h
ncjh

(16)

where the numerator is the sum of logloss for each aggregated obser-
vations and the denominator is the total number of impressions.
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3.3 A short simulation study

Before evaluation on real data with significant size, we carry out a
two-step simulation study: in the first step, we try to find the right
partition when we know the model. In the second step, the objective
is to find both the right model and the right partition.

We first assess the ability of our approach to find the right parti-
tion when the Generalized Linear Model is known. We simulate ratio
of clicks for C (here, C = 373) advertising campaigns, uniformly
distributed in K = 2 to 5 clusters. For each cluster, the CTR is sim-
ulated according to a binomial distribution with only 2 explanatory
variables: day and time slot. Expectation of the rate of clicks is se-
lected in 3 different intervals ([0.2, 0.5], [0.1, 0.2], and [0.01, 0.1])
so that we can estimate the impact of a low CTR in the modeling. 10
simulations were carried out in each situation. The results are pre-
sented in Figure 1. The number of clusters is correctly estimated for
2 and 3 simulated clusters, regardless of the click rate expectation.
From 4 simulated clusters, the number of clusters is not always cor-
rectly estimated, especially since the expectation of the CTR is low.
This is an expected behavior of the model since there are fewer cam-
paigns involved in parameter estimation in each class. Looking at the

0.2<Proba<0.5 0.1<Proba<0.2 0.01<Proba<0.1

2 3 4 5 2 3 4 5 2 3 4 5

0.0

2.5

5.0
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10.0

K simulé

K estimé (BIC)
2
3

4
5

Figure 1. Comparison of the number of clusters simulated and estimated
by BIC when the model is known

Adjusted Rand Index in Figure 2, conclusions are mostly identical.
Indeed, up to 4 simulated clusters, for a click rate expectation greater
than 0.1, the estimated partitions are very close to the simulated par-
titions. The partition estimation quality deteriorates for a click rate
expectation of less than 0.1, even for a small number of clusters.
According to these first simulations, a data set of 373 campaigns al-
lows to correctly identify up to 3 to 4 clusters, for a CTR expectation
higher than 0.1 in the case of a binomial model defined by 11 free
parameters.
We are now evaluating the ability of our approach to find the right
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Figure 2. Adjusted Rand Index boxplot when the model is known

partition and model simultaneously. We simulated CTR for 400 ad-
vertising campaigns, uniformly distributed in K=2 to 5 clusters. The
click rate is simulated according to a binomial distribution with dif-
ferent parameters: 2 explanatory variables (day and time slot), a sin-
gle day feature, a single time slot feature, the intercept only. The
expectation of the click rate is set in the interval [0.2, 0.5]. For each
of the 8 simulations performed in each case, the model and partition
chosen are the ones minimizing the BIC criterion. The results for the
case K=4 and 2 explanatory variables model are presented in Table
4. The correct partition and model are found in 7 out of 8 cases, with
just an error on the partition for the last case. The results leads us to
the same conclusion in the other cases.

Table 4. Example of simulation where the number of clusters is equal to 4
and features used are day of week and time slot. The correct model and right

number of clusters is retrieved in 7 out of 8 simulations.

2 3 4 5

Day feature 0 0 0 0
Time Slot feature 0 0 0 0

Intercept only 0 0 0 0
Day feature + Time Slot feature 0 0 7 1

3.4 Results on Real Data
First results on real data concern mixture of binomial for advertising
campaigns. Based on Equation (3) and features described in Table 2,
the model (7 features, 19 free parameters) is defined in Equation (17)
with βOS

os corresponding to categorical feature OS type, βAS
as to Sup-

port Type, βAD
ad to Advertising Type (see Table 2). The advertising

size (length and width) is measured by two numerical variables xl

and xw.

log

(
E(Ycjh/ncjh)

1 − E(Ycjh/ncjh)

)
= β0 + βH

h + βS
s(c,j) + βOS

os +

βAS
as + βAD

ad + αlxl + αwxw (17)

For sake of clarity, we keep the index cjh which should be aug-
mented by os, as, ad.

Optimal number of clusters The number of clusters varies from
K = 2 to K = 6. We evaluate the number of clusters with the BIC
criterion (Equation 13). Based on Figure 3, the optimal number of
clusters is K = 5. Same evaluation is done with ICL and gives the
same results with a minimum value for K = 5.

3e+05

4e+05

5e+05

6e+05

2 3 4 5 6
Number of cluster

BI
C

Figure 3. Evaluation of BIC for K = 2 to K = 6
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Inferred profiles The resulting mixture model is composed of 5
groups divided as following: clusters 1, 2, 3, 4 and 5 contain respec-
tively 39, 217, 29, 37 and 73 campaigns.
We analyze the inferred profiles for each cluster in Figure 4. As there
are 7 day of week levels and 6 time slot levels, the x-axis represents
the 42 combinations from those temporal features. The scale of the
y-axis is the mean CTR estimated (in percentage).
Each figure corresponds to a cluster. From left to right on the top
line, cluster 1, cluster 2 and cluster 3 are respectively displayed. On
the bottom line, still from left to right, are displayed cluster 4 and
cluster 5.
Figure 4 displays the mean estimated profiles for the 18 possible
combinations of features levels, for banner width set to 320 and ban-
ner length to 480. The highlighted profile for cluster corresponds to
the combination: Android, Application and Advertising Type 3. This
is the configuration we want to compare. The scale of the y-axis is

Figure 4. Estimation of inferred profiles for each cluster when Type of OS
is Android, Type of support is Application, Ad Type is of Type 3 and Ad size

is 320x480

different from one cluster to another. For cluster 1, the average CTR
is around 0.2 while for the other clusters, the average CTR is well
below 0.1. For any given combined levels, the inferred profiles are
very different. We conclude that the clustering model groups adver-
tising campaign with similar profiles and distinguishes specific types
of campaigns from one group to another one. We analyze more in de-
tails two clusters. In Figure 5, eight different profiles are displayed.
Dash line represents profiles when Support Type level feature is Ap-
plication. Solid line is used for Site level. Red shaded lines corre-
spond to Android profiles and blue ones to iOS.

• Cluster 1 groups campaigns with high CTR, especially for Site
support and advertising of Type 3.

• Cluster 5 is composed of campaigns mainly affected by the App
or Site feature, regardless of the type of advertising and the type
of OS.

Prediction accuracy We evaluate the predictive performance of
the models described in Section 2. Models (A) and (B) are naive
modeling whose learning is respectively done from a vector of zeros
or from information of the previous day. Model (C) is a generalized
linear model with a logit link function with the features described
in Table 2. Models (D) and (E) result from the mixture model: in
model (D), we calculate the predictions based on the estimated β
coefficients for each cluster. For model (E), for each cluster, we run
a GLMM with a random ”campaign” effect. To compare accuracy
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Figure 5. Inferred profiles for clusters 1 and 5. Cluster 1 groups campaign
with high CTR, especially for Site support and advertising of Type 3. Cluster

5 is composed of campaigns mainly affected by the App or Site feature,
regardless of the type of advertising and the type of OS.

of the models, we calculate the mean logloss (Equation 16) in two
different cases:

1. Test 1: the dataset is extracted from one day randomly chosen
(15-04-19). For models A and B, there is no learning set since
we either use a vector of zeros or the vector of CTR observed
the day before. For the three other models, the learning dataset is
extracted from March 14th to April 14th, 2019.

Mean Logloss for baseline Models (A) and (B) are 0.52 and 0.11.
The binomial model (C) gives a mean logloss of 0.10. Models
(D) and (E) resulting from the clustering step have a mean logloss
respectively equal to 0.0812 and 0.0799. The addition of a random
effect for each campaign ID seems to be relevant since the model
(E) mean logloss outperforms other modeling.

2. Test 2: As the first test on one randomly chosen day provides good
results, we repeat the same test procedure as before but on more
days. We make the test and learning timestamp window evolve
by shifting them from one day to the next one. For each new
test/learning set, we run the test procedure. It allows to obtain a
more global mean logloss since we learn and test on more distinct
datasets. For this experiment, two periods of the year are stud-
ied: November/December and March/April. These two moments
of year are very different. In November and December, activity on
the bidding platform is very dense due to the end-of-year holidays,
which generate a lot of advertising to display. March and April pe-
riod is much calmer in terms of traffic observed on the platform.
First, we shift from the first learning (01/11 - 30/11) and test set
(01/12) to the last learning (30/11 - 30/12) and test set (31/12).
Second, we do the learning on March/April. We shift from the
first learning (01/03 - 31/03) and test set (01/04) to the last learn-
ing (30/03 - 29/04) and test set (30/04). The predictive procedure
is done 30 times for both period. We analyze the resulting predic-
tions.

For both periods, Model (A) is widely outperformed by the 4 others.
The GLM mixtures outperforms the others: the mean logloss is the
lowest with models (D) and (E). The clustering step with the mixture
model seems to be relevant for the predicting step. Adding a random
effect for each campaign in Model (E) provides a better logloss com-
pared to the prediction with model-based clustering only. Even if it
seems to be a small improvement in terms of logloss evaluation, it
can lead to a significant increase for the company. In Figure 6 , we
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Table 5. Mean logloss value for five models described in Section 2.3. In
the first column, we calculate the mean Logloss for 30 days in December

2018. In the last column, the mean logloss is calculated for 30 days in April
2019

Mean Logloss (December) Mean Logloss (April)

Model (A) 0.2041 0.3468
Model (B) 0.0572 0.0948
Model (C) 0.0465 0.0711
Model (D) 0.0413 0.0598
Model (E) 0.0405 0.0592

Model (A) Model (B) Model (C) Model (D) Model (E)

0 10 20 0 10 20 0 10 20 0 10 20 0 10 20

Rank 5

Rank 4

Rank 3

Rank 2

Rank 1

Number of test

Figure 6. Ranking of the five models (see Section 2.3) obtained for each of
the 30 tests performed in December 2018. Rank 1 corresponds to a model

whose logloss is minimized compared to other models. Rank 5 corresponds
to a model that has the worst logloss for a given test.

analyze more in details the mean logloss obtained for each models
and each test day of December 2019. Rank 1 corresponds to a model
whose logloss is minimized compared to other models. Rank 5 cor-
responds to a model that has the worst logloss for a given test. Model
(A) always provides the worst mean logloss. Model (D) and (E) re-
sulting from the clustering step almost always outperform the three
other models. We obtain the same conclusions as before for Table
5: a preliminary model-based clustering step improves the prediction
accuracy according to the mean logloss.

4 Conclusion and Perspectives

In this paper, we proposed a two-step methodology for the prediction
of CTR in an industrial context.
First objective was to obtain a mixture model for binomial and lon-
gitudinal data. In the second step, several predictive models were in
competition. Three were considered as baselines and the two others
used estimated coefficients from each cluster to predict a probabil-
ity of click. Using a preliminary clustering step before prediction
improved the performance of prediction with a relevant logloss de-
crease. For future work, we want to study the optimal history window
necessary for the learning step. We also want to expand the model by
adding new contextual features such as the IAB category4 for each
application/site. It could be useful for the predictive task to consider
second order interactions between features.
For further experiments, the model will be implemented in the large
scale auction system. The objective is to evaluate its performance by
A/B testing feedback in production.

4 https://www.iab.com/wp-content/uploads/2016/03/OpenRTB-API-
Specification-Version-2-5-FINAL.pdf
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Abstract

Gene expression is orchestrated by distinct regulatory regions to ensure a wide variety of

cell types and functions. A challenge is to identify which regulatory regions are active, what

are their associated features and how they work together in each cell type. Several

approaches have tackled this problem by modeling gene expression based on epigenetic

marks, with the ultimate goal of identifying driving regions and associated genomic varia-

tions that are clinically relevant in particular in precision medicine. However, these models

rely on experimental data, which are limited to specific samples (even often to cell lines) and

cannot be generated for all regulators and all patients. In addition, we show here that,

although these approaches are accurate in predicting gene expression, inference of TF

combinations from this type of models is not straightforward. Furthermore these methods

are not designed to capture regulation instructions present at the sequence level, before the

binding of regulators or the opening of the chromatin. Here, we probe sequence-level

instructions for gene expression and develop a method to explain mRNA levels based solely

on nucleotide features. Our method positions nucleotide composition as a critical compo-

nent of gene expression. Moreover, our approach, able to rank regulatory regions according

to their contribution, unveils a strong influence of the gene body sequence, in particular

introns. We further provide evidence that the contribution of nucleotide content can be linked

to co-regulations associated with genome 3D architecture and to associations of genes

within topologically associated domains.

Author summary

Identifying a maximum of DNA determinants implicated in gene regulation will acceler-

ate genetic analyses and precision medicine approaches by identifying key gene features.

In that context decoding the sequence-level instructions for gene regulation is of prime

importance. Among global efforts to achieve this objective, we propose a novel approach
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able to explain gene expression in each patient sample using only DNA features. Our

approach, which is as accurate as methods based on epigenetics data, reveals a strong

influence of the nucleotide content of gene body sequences, in particular introns. In con-

trast to canonical regulations mediated by specific DNA motifs, our model unveils a con-

tribution of global nucleotide content notably in co-regulations associated with genome

3D architecture and to associations of genes within topologically associated domains.

Overall our study confirms and takes advantage of the existence of sequence-level instruc-

tions for gene expression, which lie in genomic regions largely underestimated in regula-

tory genomics but which appear to be linked to chromatin architecture.

Introduction

The diversity of cell types and cellular functions is defined by specific patterns of gene expres-

sion. The regulation of gene expression involves a plethora of DNA/RNA-binding proteins

that bind specific motifs present in various DNA/RNA regulatory regions. At the DNA level,

transcription factors (TFs) typically bind 6-8bp-long motifs present in promoter regions,

which are close to transcription start site (TSS). TFs can also bind enhancer regions, which are

distal to TSSs and often interspersed along considerable physical distance through the genome

[1]. The current view is that DNA looping mediated by specific proteins and RNAs places

enhancers in close proximity with target gene promoters (for review [2–5]). High-resolution

chromatin conformation capture (Hi-C) technology identified contiguous genomic regions

with high contact frequencies, referred to as topologically associated domains (TADs) [6].

Within a TAD, enhancers can work with many promoters and, on the other hand, promoters

can contact more than one enhancer [5, 7]. Several large-scale data derived from high-

throughput experiments (such as ChIP-seq [8], SELEX-seq [9], RNAcompete [10]) can be

used to highlight TF/RBP binding preferences and build Position Weight Matrixes (PWMs)

[11]. The human genome is thought to encode *2,000 TFs [12] and>1,500 RBPs [13]. It

follows that gene regulation is achieved primarily by allowing the proper combination to

occur i.e. enabling cell- and/or function-specific regulators (TFs or RBPs) to bind the proper

sequences in the appropriate regulatory regions. In that context, epigenetics clearly plays a

central role as it influences the binding of the regulators and ultimately gene expression [14].

Provided the variety of regulatory mechanisms, deciphering their combination requires math-

ematical/computational methods able to consider all possible combinations [15]. Several

methods have recently been proposed to tackle this problem [16–19]. Although these models

appear very efficient in predicting gene expression and identifying key regulators, they mostly

rely on experimental data (ChIP-seq, methylation, DNase hypersensitivity), which are limited

to specific samples (often to cell lines) and which cannot be generated for all TFs/RBPs and all

cell types. These technological features impede from using this type of approaches in a clinical

context in particular in precision medicine. In addition, we show here that, although these

approaches are accurate, their biological interpretation can be misleading. Finally these meth-

ods are not designed to capture regulation instructions that may lie at the sequence-level

before the binding of regulators or the opening of the chromatin. There is indeed a growing

body of evidence suggesting that the DNA sequence per se contains information able to shape

the epigenome and explain gene expression [20–25]. Several studies have shown that sequence

variations affect histone modifications [21–23]. Specific DNA motifs can be associated with

specific epigenetic marks and the presence of these motifs can predict the epigenome in a

given cell type [24]. Quante and Bird proposed that proteins able to “read” domains of
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relatively uniform DNA base composition may modulate the epigenome and ultimately gene

expression [20]. In that view, modeling gene expression using only DNA sequences and a set

of predefined DNA/RNA features (without considering experimental data others than expres-

sion data) would be feasible. In line with this proposal, Raghava and Han developed a Support

Vector Machine (SVM)-based method to predict gene expression from amino acid and dipep-

tide composition in Saccharomyces cerevisiae [26].

Here, we built a global regression model per sample to explain the expression of the differ-

ent genes using their nucleotide compositions as predictive variables. The idea beyond our

approach is that the selected variables (defining the model) are specific to each sample. Hence

the expression of a given gene may be predicted by different variables in different samples.

This approach was tested on several independent datasets: 2,053 samples from The Cancer

Genome Atlas (1,512 RNA-sequencing data and 582 microarrays) and 3 ENCODE cell lines

(RNA sequencing). When restricted to DNA features of promoter regions our model showed

accuracy similar to that of two independent methods based on experimental data [17, 19]. We

confirmed the importance of nucleotide composition in predicting gene expression. Moreover

the performance of our approach increases by combining the contribution of different types

of regulatory regions. We thus showed that the gene body (introns, CDS and UTRs), as

opposed to sequences located upstream (promoter) or downstream, had the most significant

contribution in our model. We further provided evidence that the contribution of nucleotide

composition in predicting gene expression is linked to co-regulations associated with genome

architecture and TADs.

Materials and methods

Datasets, sequences and online resources

RNA-seq V2 level 3 processed data were downloaded from the TCGA Data Portal. Our train-

ing data set contained 241 samples randomly chosen from 12 different cancers (20 cancerous

samples for each cancer except 21 for LAML). Our model was further evaluated on an addi-

tional set of 1,270 tumors from 14 cancer types. We also tested our model on 582 TCGA

microarray data. The TCGA barcodes of the samples used in our study have been made avail-

able at http://www.univ-montp3.fr/miap/~lebre/IBCRegulatoryGenomics.

Isoform expression data (.rsem.isoforms.normalized_results files) were downloaded from

the Broad TCGA GDAC (http://gdac.broadinstitute.org) using firehose_get. We collected data

for 73599 isoforms in 225 samples of the 241 initially considered. All the genes and isoforms

not detected (no read) in any of the considered samples were removed from the analyses.

Expression data were log transformed.

All sequences were mapped to the hg38 human genome and the UCSC liftover tool was

used when necessary. Gene TSS positions were extracted from GENCODEv24. UTR and CDS

coordinates were extracted from ENSEMBL Biomart. To assign only one 5UTR sequence to

one gene, we merged all annotated 5UTRs associated with the gene of interest using Bedtools

merge [27] and further concatenated all sequences. The same procedure was used for 3UTRs

and CDSs. Intron sequences are GENCODEv24 genes to which 5UTR, 3UTR and CDS

sequences described above were substracted using Bedtools substract [27]. These sequences

therefore corresponded to constitutive introns. The intron sequences were concatenated per

gene. The downstream flanking region (DFR) was defined as the region spanning 1kb after

GENCODE v24 gene end. Fasta files were generated using UCSC Table Browser or Bedtools

getfasta [27].

TCGA isoform TSSs were retrieved from https://webshare.bioinf.unc.edu/public/

mRNAseq_TCGA/unc_hg19.bed and converted into hg38 coordinates with UCSC liftover.

Probing sequence-level instructions for gene expression
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For other regulatory regions associated to transcript isoforms (UTRs, CDS, introns and DFR),

we used GENCODE v24 annotations.

Nucleotide composition

The nucleotide (n = 4) and dinucleotide (n = 16) percentages were computed from the differ-

ent regulatory sequences where:

percentageðN; sÞ ¼
]N
l

is the percentage of nucleotide N in the regulatory sequence s, with N in {A, C, G, T} and l the

length of sequence s, and

percentageðNpM; sÞ ¼
]NpM
l � 1

is the NpM dinucleotide percentage in the regulatory sequence s, with N and M in {A, C, G, T}

and l the length of sequence s.

Motif scores

Motif scores in core promoters were computed using the method explained in [11] and Posi-

tion Weight Matrix (PWM) available in JASPAR CORE 2016 database [28]. Let w be a motif

and s a nucleic acid sequence. For all nucleotide N in {A, C, G, T}, we denoted by P(N|wj) the

probability of nucleotide N in position j of motif w obtained from the PWM, and by P(N) the

prior probability of nucleotide N in all sequences.

The score of motif w at position i of sequence s is computed as follows:

scoreðw; s; iÞ ¼
Xjwj� 1

j¼0

log
PðsiþjjwjÞ

PðsiþjÞ

with |w| the length of motif w, si+j the nucleotide at position i + j in sequence s, The score of

motif w for sequence s is computed as the maximal score that can be achieved at any position

of s, i.e.:

scoreðw; sÞ ¼ max
l� jwj

i¼0
scoreðw; s; iÞ;

with l the length of sequence s.
Models were also built on sum scores as:

scoreSumðw; sÞ ¼
Xl� jwj

i¼0

scoreðw; s; iÞ;

and further compared to models built on mean scores (S1 Fig). Taking mean or sum scores

per region yielded similar results (Wilcoxon test p-value = 0.68).

DNAshape scores

DNA shape scores were computed using DNAshapeR [29]. Briefly, provided nucleotide

sequences, DNAshapeR uses a sliding pentamer window to derive the structural features corre-

sponding to minor groove width (MGW), helix twist (HelT), propeller twist (ProT) and Roll

from all-atom Monte Carlo simulations [29]. Thus, for each DNA shape, a score is given to
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each base of each sequence considered (DU, CORE and DD—see Fig 1). We then computed

the mean of these scores for each sequence providing 12 additional variables per gene.

Enhancers

The coordinates of the enhancers mapped by FANTOM on the hg19 assembly [7] were con-

verted into hg38 using UCSC liftover and further intersected with the different regulatory

regions. We computed the density of enhancers per regulatory region (R) by dividing the sum,

for all genes, of the intersection length of enhancers with gene iðLenhi
Þ by the sum of the lengths

of this regulatory region for all genes:

enhDensityðRÞ ¼
P

i ðLenhi
in RiÞ

P
i lengthðRiÞ

Copy Number Variation (CNV)

Processed data were downloaded from the firehose Broad GDAC (https://gdac.broadinstitute.

org/). We used the genome-wide SNP array data and the segment mean scores. In order to

assign a CNV score to each gene, the coordinates (hg19) of the probes were intersected with

that of GENCODE v19 genes using Bedtools intersect [27] and an overlap of 85% of the gene

total length. The corresponding segment mean value was then assigned to the intersecting

genes. In case no intersection was detected, the gene was assigned a score of 0. We next com-

puted Spearman correlations between genes absolute error (lasso model) and genes absolute

segment mean score for each of the 241 samples of the training set.

Fig 1. Genomic regions considered for gene expression prediction. An illustrative transcript is shown as example.

https://doi.org/10.1371/journal.pcbi.1005921.g001
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Expression quantitative trait loci and single nucleotide polymorphisms

The v6p GTex cis-eQTLs were downloaded from the GTex Portal (http://www.gtexportal.org/

home/). The hg19 cis-eQTL coordinates were converted into hg38 using UCSC liftover and

further intersected with the different regulatory regions. We restricted our analyses to cis-
eQTLs impacting their own host gene. We computed the density of cis-eQTL per regulatory

region (R) by dividing the sum, for all genes, of the number of cis-eQTLs of gene i (eQTLsi)
located in the considered region for gene i (Ri) by the sum of the lengths of this regulatory

region for all genes:

eQTLdensityðRÞ ¼
P

i #ðeQTLsi in RiÞP
i lengthðRiÞ

Likewise we computed the density of SNPs in core promoters and introns by intersecting coor-

dinates of these two regions (liftovered to hg19) with that of SNPs detected on chromosomes

1, 2 and 19 (ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b150_GRCh37p13/BED/):

SNPdensityðRÞ ¼
P

i #ðSNPi in RiÞP
i lengthðRiÞ

Methylation

Illumina Infinium Human DNA Methylation 450 level 3 data were downloaded from the

Broad TCGA GDAC (http://gdac.broadinstitute.org) using firehose_get. The coordinates of

the methylation sites (hg18) were converted into hg38 using the UCSC liftover and further

intersected with that of the core promoters (hg38). For each gene, we computed the median of

the beta values of the methylation sites present in the core promoter and further calculated the

median of these values in 21 LAML and 17 READ samples with both RNA-seq and methyla-

tion data. We compared the overall methylation status of the core promoters in LAML and

READ using a wilcoxon test.

Gini coefficient

We used 8,556 GTEx RNA-seq libraries (https://www.gtexportal.org/home/datasets) to com-

pute the Gini coefficient for 16,134 genes on the 16,294 considered in our model. Gini coeffi-

cient measures statistical dispersion and can be used to measure gene ubiquity: value 0

represents genes expressed in all sam- ples while value 1 represents genes expressed in only

one sample. To compute Gini coefficient we used R package ineq. We then computed, for

the 241 samples, Spearman correlation between Gini coefficients and model gene absolute

errors. Similar analyses were performed with 1,897 FANTOM 5 CAGE libraries to compute

the Gini coefficients for 15,904 genes.

Functional enrichment

Gene functional enrichments were computed using the database for annotation, visualization

and integrated discovery (DAVID) [30].

Linear regression with ℓ1-norm penalty (Lasso)

We performed estimation of the linear regression model (1) via the lasso [31]. Given a linear

regression with standardized predictors and centered response values, the lasso solves the

Probing sequence-level instructions for gene expression
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ℓ1-penalized regression problem of finding the vector coefficient β = {βi} in order to minimize

Min jjycðgÞ �
X

i

bix
s
i;gjj

2
þ l

X

i

jbij

 !

;

where yc(g) is the centered gene expression for all gene g, xsi;g is the standardized DNA feature i
for gene g and ∑i |βi| is the ℓ1-norm of the vector coefficient β. Parameter λ is the tuning param-

eter chosen by 10 fold cross validation. The higher the value of λ, the fewer the variables. This

is equivalent to minimizing the sum of squares with a constraint of the form ∑i |βi|� s. Gene

expression predictions are computed using coefficient β estimated with the value of λ that min-

imizes the mean square error. Lasso inference was performed using the function cv.glmnet
from the R package glmnet [32]. The LASSO model was compared to two non parametric

approaches: Regression trees (CART) [33] and Random forest [34]. S1 Table summarizes accu-

racy and computing time of each approach. Regression trees achieved significantly lower accu-

racy than the two other approaches (Wilcox test p-values < 2e−16), while linear model and

random forest yielded similar results (p-value 0.18). Moreover, computing time for linear

model was much lower than that of random forest. These results emphasize the merits of linear

model such as LASSO in their interpretability and efficiency.

Variable stability selection

We used the stability selection method developed by Meinshausen et al. [35], which is a classi-

cal selection method combined with lasso penalization. Consistently selected variables were

identified as follows for each sample. First, the lasso inference is repeated 500 times where, for

each iteration, (i) only 50% of the genes is used (uniformly sampled) and (ii) a random weight

(uniformly sampled in [0.5;1]) is attributed to each predictive variable. Second, a variable is

considered as stable if selected in more than 70% of the iterations, using the method proposed

in [36] to set the value of lasso penalty λ. One of the advantage of this method is that the vari-

able selection frequency is computed globally for all the variables by attributing a random

weight to each variable at each iteration, thus taking into account the dependencies between

the variables. This variable stability selection procedure was implemented using functions

stabpath and stabsel from the R package C060 for glmnetmodels [36].

Regression trees

Regression trees were implemented with the rpart package in R [32]. In order to avoid over-

fitting, trees were pruned based on a criterion chosen by cross validation to minimize mean

square error. The minimum number of genes was set to 100 genes per leaf.

TAD enrichment

We considered TADs mapped in IMR90 cells [6] containing more than 10 genes (373 out of

2243 TADs with average number of genes = 14). The largest TAD had 76 associated genes.

First, for each TAD and for each region considered, the percentage of each nucleotide and

dinucleotide associated to the embedded genes were compared to that of all other genes using

a Kolmogorov-Smirnov (KS) test. For a given dinucleotide (for example CpG), we applied KS

tests to assess whether the CpG frequency distribution in genes in one specific TAD differs

from the distribution in genes in other TADs. Correction for multiple tests was applied using

the False Discovery Rate (FDR) < 0.05 [37] and the R function p.adjust [32]. Second, for

each of the 967 groups of genes (identified by the regression trees, with mean error< mean

error of the 1st quartile), the over-representation of each TAD within each group was tested
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using the R hypergeometric test function phyper [32]. Correction for multiple tests was

applied using FDR< 0.05 [37].

Availability of data and materials

The matrices of predicted variables (log transformed RNA seq data) and predictive variables

(nucleotide and dinucleotide percentages, motifs and DNA shape scores computed for all genes

as described above) as well as the TCGA barcodes of the 241 samples used in our study have

been made available at http://www.univ-montp3.fr/miap/~lebre/IBCRegulatoryGenomics.

Results

Mathematical approach to model gene expression

We built a global linear regression model to explain the expression of genes using DNA/RNA

features associated with their regulatory regions (e.g. nucleotide composition, TF motifs, DNA

shapes):

yðgÞ ¼ aþ
X

i

bixi;g þ eðgÞ ð1Þ

where y(g) is the expression of gene g, xi,g is feature i for gene g, e(g) is the residual error associ-

ated with gene g, a is the intercept and bi is the regression coefficient associated with feature i.
The advantage of this approach is that it allows to unveil, into a single model, the most

important regulatory features responsible for the observed gene expression. The relative con-

tribution of each feature can thus be easily assessed. It is important to note that the model is

specific to each sample. Hence the expression of a given gene may be predicted by different

variables depending on the sample. Our computational approach was based on two steps.

First, a linear regression model (1) was trained with a lasso penalty [31] to select sequence fea-

tures relevant for predicting gene expression. Second, the performances of our model was eval-

uated by computing the mean square of the residual errors, and the correlation between the

predicted and the observed expression for all genes. This was done in a 10 fold cross-validation

procedure. Namely, in all experiments hereafter, the set of genes was randomly split in ten

parts. Each part was alternatively used for the test (i.e. for comparing observed and predicted

values) while the remaining genes were used to train the model. This ensures that the model

used to predict the expression of a gene has not been trained with any information relative to

this gene. Our approach was applied to a set of RNA sequencing data from TCGA. We ran-

domly selected 241 gene expression data from 12 cancer types (see http://www.univ-montp3.

fr/miap/~lebre/IBCRegulatoryGenomics for the barcode list). For each dataset (i.e sample),

a regression model was learned and evaluated. See Materials and methods for a complete

description of the data, the construction of the predictor variables and the inference procedure.

We further evaluated our model on 3 independent ENCODE RNA-seq, 1,270 TCGA RNA-seq

and 582 microarrays datasets (see below).

Contribution of the promoter nucleotide composition

We first evaluated the contribution of promoters, which are one of the most important regula-

tory sequences implicated in gene regulation [38]. We extracted DNA sequences encompass-

ing ±2000 bases around all GENCODE v24 TSSs and looked at the percentage of dinucleotides

along the sequences (S2 Fig). Based on these distributions, we segmented the promoter into

three distinct regions: -2000/-500 (referred here to as distal upstream promoter, DU),

-500/+500 (thereafter called core promoter though longer than the core promoter traditionally
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considered) and +500/+2000 (distal downstream promoter, DD)(Fig 1). We computed the

nucleotide (n = 4) and dinucleotide (n = 16) relative frequencies in the three distinct regions of

each gene. For each sample, we trained one model using the 20 nucleotide/dinucleotide rela-

tive frequencies from each promoter segment separately, and from each combination of

promoter segments. We observed that the core promoter had the strongest contribution com-

pared to DU and DD (Fig 2A). Considering promoter as one unique sequence spanning

-2000/+2000 around TSS achieved lower model accuracy than combining different promoter

segments (Fig 2A). The highest accuracy was obtained combining all three promoter segments

(Fig 2A).

Promoters are often centered around the 5’ most upstream TSS (i.e. gene start). However

genes can have multiple transcriptional start sites. The median number of alternative TSSs for

the 19,393 genes listed in the TCGA RNA-seq V2 data is 5 and only 2,753 genes harbor a single

TSS (S3 Fig). We therefore evaluated the performance of our model comparing different pro-

moters centered around the first, second, third and last TSS (Fig 2B). In the absence of second

TSS, we used the first TSS and likewise the second TSS in the absence of a third TSS. The last

TSS represents the most downstream TSS in all cases. We found that our model achieved

higher predictive accuracy with the promoters centered around the second TSS (Fig 2B), in

agreement with [16]. As postulated by Cheng et al. [16] in the case of TFs, the nucleotide com-

position around the first TSS may be linked to the recruitment of chromatin remodelers and

thereby prime the second TSS for gene expression. Dedicated experiments would be required

to assess this point.

We noticed that incorporating the number of TSSs associated with each gene drastically

increased the performance of our model (S4 Fig). Multiplying TSSs may represent a genuine

mechanism to control gene expression level. On the other hand this effect may merely be due

to the fact that the more a gene is expressed, the more its different isoforms will be detected

(and hence more TSSs will be annotated). Because the number of known TSSs results from

annotations deduced from experiments, we decided not to include this variable into our final

model.

Contribution of specific features associated with promoters

Provided the importance of CpGs in promoter activity [38], we first compared our model with

a model built only on promoter CpG content. We confirmed that CpG content had an impor-

tant contribution in predicting gene expression (median R = 0.417, Fig 2C). However consid-

ering other dinucleotides achieved better model performances, indicating that dinucleotides

other than CpG contribute to gene regulation. This is in agreement with results obtained by

Nguyen et al., who showed that CpG content is insufficient to encode promoter activity and

that other features might be involved [39].

We integrated TF motifs considering Position Weight Matrix scores computed in the core

promoter and observed a slight but significant increase of the regression performance (median

r = 0.543 with motif scores vs. r = 0.502 without motif scores, Fig 2D). As DNA sequence is

intrinsically linked to three-dimensional local structure of the DNA (DNA shape), we also

computed, for each promoter segment (DU, CORE and DD), the mean scores of the four

DNA shape features provided by DNAshapeR [29] (helix twist, minor groove width, propeller

twist, and Roll), adding 12 variables to the model. Although the difference between models

with and without DNA shapes is also significant, the increase in performance is more modest

than when including TF motif scores (Fig 2D).

Our model suggested that nucleotide composition had a greater contribution in predicting

gene expression compared to TF motifs and DNA shapes. This is in agreement with the
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Fig 2. A: Contribution of the promoter segments. The model was built using 20 variables corresponding to the

nucleotide (4) and dinucleotide (16) percentages computed in the CORE promoter (red), DU (green) or DD (yellow).

These variables were then added in different combinations: CORE+DU (pink, 40 variables); CORE+DD (orange, 40

variables); CORE+DU+DD (light blue, 60 variables). Promoter segments were centered around the first most

upstream TSS. For sake of comparison, the model was also built on 20 variables corresponding to the nucleotide and
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findings revealing the influence of the nucleotide environment in TFBS recognition [40]. Note

however that nucleotide composition, TF motifs and DNA shapes may be redundant variables.

Besides, a linear model may not be optimal to efficiently capture the contributions of TF motifs

and/or DNA shapes. The highest performance was achieved by combining nucleotide compo-

sition with TF motifs (Fig 2D). In the following analyses, the model was built on both dinucle-

otide composition and core promoter TF motifs.

Comparison with models based on experimental data

The wealth of TF ChIP-seq, epigenetic and expression data has allowed the development of

methods aimed at predicting gene expression based on differential binding of TFs and epige-

netic marks [16–19]. We sought to compare our approach, which does not necessitate such

cell-specific experimental data, to these methods. We first compared our results to that of Li

et al. who used a regression approach called RACER to predict gene expression on the basis of

experimental data, in particular TF ChIP-seq data and DNA methylation [17]. Note that, with

this model, the contribution of TF regulation in predicting gene expression is higher than that

of DNA methylation [17].

We computed the Spearman correlations between expressions observed in the subsets of

LAMLs studied in [17] and expressions predicted by our model or by RACER (Fig 3A). For

the sake of comparison, we used the RACER model built solely on ChIP-seq data, hereafter

referred to as “ChIP-based model”. RACER performance was assessed using the same cross-

validation procedure we used for our method. Overall our model was as accurate as ChIP-

based model (median correlation r = 0.529 with our model vs. median r = 0.527 with ChIP-

based model (Fig 3A)). We then controlled the biological information retrieved by the two

approaches by randomly permuting, for each gene, the values of the predictive variables (dinu-

cleotide counts/motif scores in our model and ChIP-seq signals in the ChIP-based model).

This creates a situation where the links between the combination of predictive variables and

expression is broken, while preserving the score distribution of the variables associated with

each gene. For example, genes associated with numerous ChIP-seq peaks will also have numer-

ous ChIP-seq peaks in random data. In such situation, a regression model is expected to poorly

perform. Surprisingly, the accuracy of ChIP-based model was not affected by the randomiza-

tion process (median r = 0.517, Fig 3A) while that of our model was severely impaired (median

r = 0.076, Fig 3A). We built another control model using a single predictive variable per gene

corresponding to the maximum value of all predictive variables initially considered. Here

again the ChIP-based model was not affected by this process (median r = 0.520, Fig 3A) while

our model failed to accurately predict gene expression with this type of control variable

(median r = -0.016, Fig 3A).

dinucleotide compositions of the non segmented promoters (-2000/+2000 around the first most upstream TSS)(light

blue). All different models were fitted on 19,393 genes for each of the 241 samples considered. The prediction accuracy

was evaluated in each sample by evaluating the Spearman correlation coefficients between observed and predicted gene

expressions in a cross-validation procedure. The correlations obtained in all samples are shown as violin plots. B:

Prediction accuracy comparing alternative TSSs. The model was built using the 60 nucleotide/dinucleotide

percentages computed in the 3 promoter segments (CORE+DU+DD) centered around 1st, 2nd, 3rd and last TSSs

(from left to right). C: Contribution of CpG. The model was built using the 60 nucleotide/dinucleotide or only the 3

CpG percentages computed in the 3 promoter segments (CORE+DU+DD) centered around the 2nd TSS. D:

Contribution of motifs and local DNA shapes. The model was built using (i) 60 nucleotide/dinucleotide percentages

computed in the 3 promoter segments (CORE+DU+DD) (“dint”, pink),(ii) 471 JASPAR2016 PWM scores computed

in the CORE segment (“motifs”, light blue) and (iii) the 12 DNA shapes corresponding to the 4 known DNAshapes

computed in CORE, DU and DD (“DNAshape”, green). All sequences were centered around the 2nd TSS. These

variables were further added in different combinations to build the models indicated: dint+motifs (531 variables,

green), dint+DNAshapes (32 variables, dark blue), motifs+DNAshapes (483 variables, light green).

https://doi.org/10.1371/journal.pcbi.1005921.g002
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Fig 3. A: Comparison with model integrating TF-binding signals. The model was built using 531 variables

corresponding to the 60 nucleotide/dinucleotide percentages and the 471 motif scores computed in the 3 promoter

segments (CORE, DU, DD) centered around the 2nd TSS (pink). A model built on ChIP-seq data [17] was used for

comparison (green). Both models were fitted on the same gene set (n = 16,298) for 21 LAML samples and assessed by

cross-validation. The correlations obtained with ChIP-based RACER and our model were compared using Wilcoxon

test but no significant difference was observed (p-value = 0.425). The two models were also built on randomized values

of predictive variables (rand) and on the maximum value of all predictive variables (max). B: Comparison with model

integrating open-chromatin signals. The linear model was built using the 531 variables (nucleotide/dinucleotide

percentages and motif scores in CORE, DU and DD) and the expression data obtained in K562, hESC and GM12878

[19]. TEPIC was built as described in [19], within a 3 kb or a 50 kb window around TSSs. The scaled version of TEPIC
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ChIP-seq data are probably the best way to measure the activity of a TF because binding of

DNA reflects the output of RNA/protein expression as well as any appropriate post-transla-

tional modifications and subcellular localizations. However this type of data also reflects chro-

matin accessibility (i.e. most TFs bind accessible genomic regions) and TFs tend to form

clusters on regulatory regions [41]. The binding of one TF in the promoter region is therefore

likely accompanied by the binding of others. Hence, rather than inferring the TF combination

responsible for gene expression, linear models based of ChIP-seq data predominantly captures

the quantity of TFs (i.e. the opening of the chromatin) in the promoter region of each gene,

which explains their good accuracy on randomized or maximized variables.

We indeed observed a similar bias in the results obtained by TEPIC [19], a regression

method that predicts gene expression from PWM scores and open-chromatin data. Specifi-

cally, TEPIC computes a TF-affinity score for each gene and each PWM by summing up the

TF affinities in all open-chromatin peaks (DNaseI-seq) within a close (3,000 bp) or large

(50,000 bp) window around TSSs. This scoring takes into account the scores of PWMs in the

open-chromatin peaks but is also influenced by the number of open-chromatin peaks in the

analyzed sequences and the abundance of open-chromatin peaks (“scaled” version). As a

result, genes with many open-chromatin peaks tend to get higher TF-affinity scores than genes

with low number of open-chromatin peaks. We trained linear models on three cell-lines using

either the four TEPIC affinity-scores or our variables and compared the results (Fig 3B). As for

the ChIP-based models, we observed that our model was approximately as accurate as TEPIC

score model, validating our approach with an independent dataset. Applying the random per-

mutations on the TEPIC scores did not significantly impact the accuracy of the approach in

most cases, especially for the scaled versions (Fig 3B). Hence, as for the ChIP-based model, the

TEPIC score model seems to mainly capture the level of chromatin opening rather than the TF

combinations responsible for gene expression. Conversely, our model solely built on DNA

sequence features is not influenced by the chromatin accessibility and thus can yield relevant

combinations of explanatory features (see the randomized control in Fig 3A and 3B). Note

that the non-scaled version of TEPIC did show a loss of accuracy for cell-line H1-hESC (as

well as a moderate loss for K562, but none for GM12878) when randomizing or maximizing

the variables (Fig 3B). This result indicates that, although taking the abundance of open-chro-

matin peaks in the analyzed sequences does increase expression prediction accuracy, it might

generate more irrelevant combinations of explanatory features than non-scaled versions.

Contribution of additional genomic regions

Additional genomic regions were integrated into our model. We first thought to consider

enhancer sequences implicated in transcriptional regulation. We used the enhancer mapping

made by the FANTOM5 project, which identified 38,554 human enhancers across 808 samples

[7]. This mapping uses the CAGE technology, which captures the level of activity for both pro-

moters and enhancers in the same samples. It is then possible to predict the potential target

genes of the enhancers by correlating the activity levels of these regulatory regions over

incorporates the abundance of open-chromatin peaks in the analyzed sequences. All types of TEPIC models were tested

(3kb, 3kb-scaled, 50kb and 50kb-scaled) by cross-validation. In each case, our model was built on the set of genes

considered by TEPIC. TEPIC uses 12 conditions making hard to compute Wilcoxon tests. A direct comparison showed

that, in “normal” conditions (first column of each panel), our model and TEPIC give overall very similar results (our

model being as accurate as TEPIC in 2 conditions and slightly better in 5 out of the 10 remaining conditions). Models

were further built on randomized values of predictive variables (rand) and on the maximum value of all predictive

variables (max). Overall, absence of effect of the randomization procedure suggests that RACER and TEPIC mainly

capture the level of chromatin opening rather than the TF combinations responsible for gene expression.

https://doi.org/10.1371/journal.pcbi.1005921.g003
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hundreds of human samples [7]. However FANTOM5 enhancers are only assigned to 11,359

genes from the TCGA data, which correspond to the most expressed genes across different

cancers (S5 Fig). Provided that the detection of enhancers relies on their activity, it is expected

that enhancers are better characterized for the most frequently expressed genes. Because con-

sidering only the genes with annotated enhancers would considerably reduce the number of

genes and including enhancers features only when available would introduce a strong bias in

the performance of our model, we decided not to include these regulatory regions.

Second we analyzed the contribution of regions defined at the RNA level, namely 5’UTR,

CDS, 3’UTR and introns, which can be responsible for post-transcriptional regulations [13, 17,

26, 42–50] (Fig 1). For all genes, we extracted all annotated 5’UTRs, 3’UTRs and CDSs, which

were further merged and concatenated to a single 5’UTR, a single CDS, and a single 3’UTR per

gene. Introns were defined as the remaining sequence (Fig 1). We also tested the potential con-

tribution of the 1kb region located downstream the gene end, called thereafter Downstream

Flanking Region (DFR, Fig 1). Our rationale was based on reports showing the presence of

transient RNA downstream of polyadenylation sites [51], the potential presence of enhancers

[7] and the existence of 5’ to 3’ gene looping [52].

We used a forward selection procedure by adding one region at a time: (i) all regions were

tested separately and the region leading to the highest Spearman correlation between observed

and predicted expression was selected as the ‘first’ seed region, (ii) each region not already in

the model was added separately and the region yielding the best correlation was selected (‘sec-

ond region’), (iii) the procedure was repeated till all regions were included in the model. The

correlations computed in a cross-validation procedure at each steps are indicated in S2 Table.

As shown in Fig 4, the nucleotide composition of intronic sequences had the strongest contri-

bution in the accuracy of our model, followed by UTRs (5’ then 3’) and CDS (Fig 4). The

Fig 4. Contribution of additional genomic regions. Genomic regions were ranked according to their contribution in predicting gene

expression. First, all regions were tested separately. Introns yielded the highest Spearman correlation between observed and predicted

expressions (in a cross-validation procedure) and was selected as the ‘first’ seed region. Second, each region not already in the model

was added separately. 5’UTR in association with introns yielded the best correlation and was therefore selected as the ‘second’ region.

Third, the procedure was repeated till all regions were included in the model. The contribution of each region is then visualized

starting from the most important (left) to the less important (right). Note that the distance between the second TSS and the first ATG

is> 2000 bp for only 189 genes implying that 5’UTR and DD regions overlap. The correlations computed at each steps are indicated in

(S2 Table). ns, non significant.

https://doi.org/10.1371/journal.pcbi.1005921.g004
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nucleotide composition of core promoter moderately increased the prediction accuracy. In

contrast the composition of regions flanking core promoter (DU and DD, Fig 1) as well as

regions located downstream the end of gene (DFR, Fig 1) did not significantly improve the

predictions of our model. Note that combining all regions improved the performance of our

model compared to promoter alone (compare Figs 2B and 4).

We compared models built on ssDNA and dsDNA, and ssDNA-based models yielded bet-

ter accuracy S6 Fig. We also compared models built on percentages of nucleotides (n = 4),

dinucleotides (n = 16) and nucleotides+dinucleotides (n = 20). As shown S7A Fig, dinucleo-

tides provided stronger prediction accuracy than nucleotides and the best accuracy was

obtained combining both nucleotides and dinucleotides. We also built a model on trinucleo-

tide percentage (n = 64) (S7A Fig). This model did yield better results than model built on

nucleotide+dinucleotide. However, the correlation increase was not as important as that

observed when adding dinucleotides to nucleotides. Besides, the model built on trinucleotides

involves more variables and is computationally demanding. We compared models built on

nucleotides+dinucleotides adding individually trinucleotide percentages of each region (i.e. 8

models built on nucleotides+dinucleotides in all regions + trinucleotides in one specific

region) (S7B Fig). This analysis revealed that the correlation increase observed when incorpo-

rating trinucleotides was mostly due to the contribution of trinucleotides computed in introns,

reinforcing our conclusions regarding the importance of sequence-level instructions located in

this region.

Because RNA-associated regions (introns, UTRs, CDSs) had greater contribution to the

prediction accuracy compared to DNA regions (promoters, DFR), we compared the accuracy

of our model in predicting gene vs. transcript expression. We retrieved the normalized results

for gene expression (RNAseqV2 rsem.genes.normalized_results) and the matched normalized

expression signal of individual isoforms (RNAseqV2 rsem.isoforms.normalized_results) for

225 TCGA samples. Accordingly, we generated a set a predictive variables specific to each iso-

form (see Material and methods). We found that models built on isoforms are less accurate

than models built on genes (median r = 0.35, S8 Fig and (S3 Table)). Focusing on the broad

nucleotide composition may not be optimal to model isoform expression and to differentiate

expression of one isoform from another. Yet another simple explanation could be that recon-

structing and quantifying full-length mRNA transcripts is a difficult task, and no satisfying

solution exists for now [53]. Consequently isoform as opposed to gene expression is more diffi-

cult to measure and thus to predict.

Additional validation of the model

In the above sections, our complete model, built on 160 variables corresponding to 4 nucleo-

tide and 16 dinucleotide rates in 8 distinct regions (Fig 1), was trained with a data set contain-

ing 241 RNA-seq samples randomly chosen from 12 different cancers, and on 3 independent

ENCODE RNA-seq datasets (see TEPIC comparison). We further evaluated our approach

using two independent additional datasets: (a) a set of 1,270 RNA-seq samples collected from

14 cancer types and (b) a set of 582 microarray data. Overall, the RNA-seq and the microarray

samples were collected from respectively 109 and 41 source sites and sequenced in 3 analysis

centers. Similar accuracy was observed in all datasets (S9 and S10 Figs). Note that the correla-

tions computed with microarray data were lower than that computed with RNA-seq data but

involved lower number of genes (9,791 genes in microarrays vs. 16,294 in RNA-seq). For sake

of comparison, we restricted RNA-seq data to the 9,791 microarray genes and we observed

similar correlation (S10 Fig). Because our model was built on human reference genome, we

also have computed the Spearman correlations between absolute values of CNV segment
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mean scores and model prediction errors calculated for each gene in 241 samples correspond-

ing to 12 cancer types. The median correlation was -0.014, arguing against the model perfor-

mance being related to CNV-density (S11 Fig).

Selecting DNA features related to gene expression

We sought the main DNA features related to gene expression. The complete model built on all

8 regions (160 variables) selected * 129 predictive variables per sample. We used the stability

selection algorithm developed by Meinshausen et al. [35] to identify the variables that are con-

sistently selected after data subsampling (see Materials and methods for a complete description

of the procedure). This procedure selected a median of * 16 variables per sample. The barplot

in Fig 5A shows, for each variable, the proportion of samples in which the variable is selected

with high consistency (> 70% of the subsets).

We next determined whether stable variables exert a positive (activating) or a negative

(inhibiting) effect on gene expression. For each sample, we fitted a linear regression model pre-

dicting gene expression using only the standardized variables that are stable for this sample.

The activating/inhibiting effect of a variable is then indicated by the sign of its regression coef-

ficient: < 0 for a negative effect and> 0 for a positive effect. The outcome of these analyses for

all variables and all samples is shown Fig 5B. With the noticeable exception of CpG in the core

promoter, all stable variables had an invariable positive (e.g. GpT in introns) or negative (e.g.

CpA in DD and in 5UTR) contribution in gene expression prediction in all samples. In con-

trast, CpG in the core promoter had an alternating effect being positive in LAML and LGG for

instance while negative in READ. It is also the only variable with a regression coefficient close

to 0 (absolute value of median = 0.1, see S12 Fig), providing a partial explanation for the

observed changes. As CpG methylation inhibits gene expression [38], we also investigated

potential differences in core promoter methylation in LAML (positive contribution of

CpG_CORE) and READ (negative contribution of CpG_CORE). We used the Illumina Infi-

nium Human DNA Methylation 450 made available by TCGA and focused on the estimated

methylation level (beta values) of the sites intersecting with the core promoter. We noticed

that core promoters in LAML were overall more methylated (median = 0.85) than in READ

(median = 0.69, wilcoxon test p-value < 2.2e-16), opposite to the sign of CpG coefficient

in LAML (positive contribution of CpG_CORE) and READ (negative contribution of

CpG_CORE). This argued against a contribution of methylation in the alternating effect of

CpG_CORE.

We observed that the accuracy of our model varied between cancer types (S9 Fig). In order

to characterize well predicted genes in each sample, we used a regression tree [54] to classify

genes according to the prediction accuracy of our model (i.e. absolute error). The nucleotide

and dinucleotide compositions of the various considered regions were used as classifiers.

This approach identified groups of genes with similar (di)nucleotide composition in the regu-

latory regions considered and for which our model showed similar accuracy (S13 Fig). Implic-

itly, it identified the variables associated with a better or a poorer prediction. We applied this

approach to the 241 linear models. The number of groups built by a regression tree differs

from one sample to another (average number = 14). The resulting 3,680 groups can be visual-

ized in the heatmap depicted in Fig 6, wherein each column represents a sample and each line

corresponds to a group of genes identified by a regression tree. This analysis showed that our

model is not equally accurate in predicting the expression of all genes but mainly fits certain

classes of genes (bottom rows of the heatmap, Fig 6) with specific genomic features (S13 Fig).

Note that the groups well predicted in all cancers presumably correspond to highly and ubiqui-

tously expressed housekeeping genes: groups with low prediction error in all samples and
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cancer types (see S13 Fig for an example group of 996 genes identified by a regression tree

learned in one PRAD sample) are functionally enriched for general and widespread biological

processes (S4 Table). In contrast, groups well predicted in only certain cancers were associated

to specific biological function. For instance, a regression tree learned on one PAAD sample

identified a group of 1,531 genes, which has low prediction error in LGG and PAAD samples

but high error in LAML, LIHC and DLBC samples (Fig 6 and S13 Fig). Functional annotation

of this group showed that, in contrast to the group described above (S13 Fig and S4 Table), this

group is also linked to specific biological processes (S5 Table).

Fig 5. A: Consistently selected variables among 12 types of cancer. For each variable, the fraction of samples in which the variable is

considered as stable (i. e. selected in more than 70% of the subsets after subsampling) is shown. Each color refers to a specific type of cancer.

Only variables consistently selected in at least one sample are shown (out of the 160 variables). See Materials and methods for stable variable

selection procedure and cancer acronyms. B: Biological effect of the stable variables. For each of the 241 samples (columns), a linear model

was fitted using the variables (rows) stable for this sample only. The sign of the contribution of each variable in each sample is represented as

follows: red for positive contribution, dark blue for negative contribution and sky blue refers to variables not selected (i.e. not stably selected

for the considered sample). Only the variables stable in at least one sample are represented. Cancers and samples from the same cancer types

are ranked by decreasing mean error of the linear model.

https://doi.org/10.1371/journal.pcbi.1005921.g005
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We further computed Gini coefficient for 16,134 genes using 8,556 GTEx libraries [55]. Gini

coefficient measures statistical dispersion which can be used to measure gene expression ubiq-

uity: value 0 represents genes expressed in all samples, while value 1 represents genes expressed

in only one sample. We observed that the correlations obtained between Gini coefficient and

model errors in each TCGA sample ranged from 0.22 to 0.36. We also compared model errors

associated to first and last quartiles of the Gini coefficient distribution using a Wilcoxon test for

each of the 241 samples. The test was invariably significant with maximum p-value = 2.881e−7.

Likewise analyses were performed with 1,897 FANTOM CAGE libraries [56] considering

15,904 genes. In that case, correlation between models errors and Gini coefficients ranged from

0.25 to 0.4. Overall these analyses suggested that our model better predicts expression of highly

and ubiquitously expressed genes. We do not exclude that, when predicting tissue-specific

genes, ChIP-seq data collected from the same tissue may add explanatory power to the

sequence model. Note, however, that the model performances vary between cancer and cell

types implying that part of cell-specific genes are also well predicted by the model (S9 Fig).

Relationships between selected nucleotide composition and genome

architecture

We probed the regulatory activities of the selected regions. We first determined whether

introns contained specific regulatory sequence code by assessing the presence of cis expression

Fig 6. Gene classification according to prediction accuracy. Columns represent the various samples gathered by cancer type. Samples

from the same cancer type are ranked by decreasing mean squared prediction error. Lines represent the 3,680 groups of gene obtained with

the regression trees (one tree for each of the 241 samples) ranked by decreasing mean squared prediction error. Groups gathering the top

25% well predicted genes (error<* 1.77) are indicated in red and light blue.

https://doi.org/10.1371/journal.pcbi.1005921.g006
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quantitative trait loci (cis-eQTLs). Zhou et al. indeed showed that the effect of eQTL SNPs can

be predicted from a regulatory sequence code learned from genomic sequences [25]. These

findings also implied that cis-eQTLs preferentially affect DNA sequences at precise locations

(e.g. TF binding sites) rather than global nucleotide composition (i.e. nucleotide/dinucleotide

percentages used as variables in our model). We used the v6p GTEx release to compute the

average frequencies of cis-eQTLs present in the considered genomic regions and directly linked

to their host genes (S6 Table). We noticed that introns contained the smallest density of cis-
eQTLs (10 times less than any other regions), while containing comparable amount of SNPs

(S7 Table). This result argued against the presence of a regulatory sequence code similar to that

observed in promoters for instance [25], despite the presence of enhancers (S8 Table. These

results rather unveiled the existence of another layer of intron-mediated regulation, which

involves global nucleotide compositions of larger DNA regions. We then asked whether the

groups of genes identified by the regression trees (Fig 6) correspond to specific TADs. Genes

within the same TAD tend to be coordinately expressed [57, 58]. TADs with similar chromatin

states tend to associate to form two genomic compartments called A and B: A contains tran-

scriptionally active regions while B corresponds to transcriptionally inactive regions [59]. The

driving forces behind this compartmentalization and the transitions between compartments

observed in different cell types are not fully understood, but chromatin composition and tran-

scription are supposed to play key roles [5]. Jabbari and Bernardi showed that nucleotide com-

position along the genome (notably isochores) can help define TADs [60]. As intronic

sequences represent * 50% of the human genome (1,512,685,844 bp out of 3,137,161,264

according to ENSEMBL merged intron coordinates), the nucleotide composition of introns

likely resemble that of neighbor genes and more globally that of the corresponding TAD. We

used the 373 TADs containing more than 10 genes mapped in IMR90 cells [6]. For each TAD

and each (di)nucleotide, we used a Kolmogorov-Smirnov test to compare the (di)nucleotide

distribution of the embedded genes with that of all other genes. We used a Benjamini-Hoch-

berg multiple testing correction to control the False Discovery Rate (FDR), which was fixed at

0.05 (see Materials and methods section). We found that 324 TADs out of 373 (*87%) are

characterized by at least one specific nucleotide signature (Fig 7A). In addition, our results

clearly showed the existence of distinct classes of TADs related to GC content (GC-rich, GC-

poor and intermediate GC content) (Fig 7A), in agreement with [60]. We next considered the

967 groups of genes defined in Fig 6 whose expression is accurately predicted by our model

(i.e. groups with mean error< mean error of the 1st quartile). We thus focused our analyses on

genes for which we did learn some regulatory features. We evaluated the enrichment for spe-

cific TADs in each group (considering only TADs containing more than 10 genes) using an

hypergeometric test (Fig 7B). We found that 60% of these groups were enriched for at least one

TAD (p-value < 0.05). Hence, several groups of genes identified by the regression trees (Fig 6)

do correspond to specific TADs (Fig 7B). We concluded that our model, primarily based on

intronic sequences, select gene nucleotide compositions that better distinguish active TADs.

Discussion

In this study, we corroborate the hypothesis that DNA sequence contains information able to

explain gene expression [20–25]. We built a global regression model to predict, in any given

sample, the expression of the different genes using only nucleotide compositions as predictive

variables. Overall our model provided a framework to study gene regulation, in particular the

influence of regulatory regions and their associated nucleotide composition.

A surprising result of our study is that sequence-level information is highly predictive of

gene expression and in some occasions comparable to reference ChIP-seq data alone [17, 19].
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Fig 7. A: Nucleotide compositions of resident genes distinguish TADs. For each TAD and for each region considered, the

percentage of each nucleotide and dinucleotide associated to the embedded genes were compared to that of all other genes

using a Kolmogorov-Smirnov test. Red indicates FDR-corrected p-value� 0.05 and yellow FDR-corrected p-value< 0.05.

TAD clustering was made using this binary information. Only TADs with at least one p-value< 0.05 are shown (i.e. 87% of

the TADs containing at least 10 genes). y-axis from top to bottom: G_INTR, GpC_INTR, CpC_INTR, CpC_3UTR,

Probing sequence-level instructions for gene expression
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The similar accuracy of models built on real and randomly permuted experimental data indi-

cated that, though the experimental data are biologically relevant, their interpretation through

a linear model, in particular inference of TF combinations, is not straightforward as randomi-

zation of experimental data did not show the expected loss of accuracy (Fig 3). An interesting

perspective would be to devise a strategy to infer TF combinations from experimental data

without being influenced by the opening of the chromatin.

The accuracy of our model confirmed that DNA sequence per se and basic information like

dinucleotide frequencies have very high predictive power. It remains to determine the exact

nature of these sequence-level instructions. Interestingly, nucleotide environment contributes

to prediction of TF binding sites and motifs bound by a TF have a unique sequence environ-

ment that resembles the motif itself [40]. Hence, the potential of the nucleotide content to pre-

dict gene expression may be related to the presence of regulatory motifs and TFBSs. However,

we showed that the gene body (introns, CDS and UTRs), as opposed to sequences located

upstream (promoter) or downstream (DFR), had the most significant contribution in our

model. Moreover, cis-eQTL frequencies argue against the presence of a regulatory sequence

code in introns similar to that observed in promoters, suggesting the existence of another layer

of regulation implicating the nucleotide composition of large DNA regions.

Gene nucleotide compositions vary across the genome and can even help define TAD

boundaries [60]. In line with [60], we showed that genes located within the same TAD share

similar nucleotide compositions, which provides a nucleotide signature for their TADs (Fig

7A). Our model aimed at predicting gene expression, and therefore intimately linked to TAD

compartmentalization, appeared to capture these signatures. Several studies have already dem-

onstrated the existence of sequence-level instructions able to determine genomic interactions.

Using an SVM-based approach, Nikumbh et al demonstrated that sequence features can deter-

mine long-range chromosomal interactions [61]. Similar results were obtained by Singh et al.
using deep learning-based models [62]. Using biophysical approaches, Kornyshev et al.
showed that sequence homology influences physical attractive forces between DNA fragments

[63]. It would be interesting to determine whether the nucleotide signatures identified by our

model are directly implicated in DNA folding and 3D genome architecture.

Finally, although sequence-level instructions are—almost—identical in all cells of an indi-

vidual, their usage must be cell-type specific to allow proper A/B compartimentalization of

TADs, gene expression and ultimately diversity of cell functions. At this stage, the mechanisms

driving this cell-type specific selection of nucleotide compositions remain to be characterized.

Supporting information

S1 Fig. Comparison of models built on maximum or sum PWM motif scores. The model

was built (i) using 60 nucleotide/dinucleotide percentages computed in the 3 promoter

GpC_3UTR, G_3UTR, GpC_CDS, CpC_CDS, G_CDS, G_DFR, CpC_DFR, GpC_DFR, CpG_INTR, CpG_3UTR, CpG_CDS,

CpG_DFR, G_DU, GpC_DD, CpG, DU, CpG_DD, GpC_DU, CpC_DU, CpC_DD, G_DD, GpC_5UTR, CpG_5UTR,

G_5UTR, GpC_CORE, CpG_CORE, CpC_CORE, G_CORE, CpC_5UTR, CpT_3UTR, CpT_CDS, CpT_INTR, ApT_INTR,

TpA_INTR, A_INTR, ApA_INTR, TpA_3UTR, ApT_3UTR, A_3UTR, ApA_3UTR, ApA_CDS, A_CDS, ApT_CDS,

TpA_CDS, A_DD, ApA_DD, ApT_DD, TpA_DD, TpA_DU, ApT_DU, ApA_DU, A_DU, TpA_DFR, ApT_DFR, A_DFR,

ApA_DFR, ApA_CORE, A_CORE, ApT_CORE, TpA_CORE, ApA_5UTR, ApT_5UTR, A_5UTR, TpA_5UTR, ApC_DFR,

ApC_DD, ApC_DU, TpC_DU, TpC_DFR, ApC_CORE, CpA_DU, CpA_DFR, CpA_CDS, ApC_CDS, ApC_3UTR,

TpC_CDS, TpC_CORE, CpT_5UTR, TpC_5UTR, CpT_CORE, TpC_DD, CpA_CORE, ApC_5UTR, CpA_5UTR,

ApC_INTR, CpA_DD, CpT_DFR, CpT_DD, CpT_DU, TpC_3UTR, TpC_INTR, CpA_INTR, CpA_3UTR. B: TAD

enrichment within groups of genes whose expression is accurately predicted by our model. The enrichment for each TAD

(containing more than 10 genes) in each gene group accurately predicted by our model (i.e. groups with mean error< mean

errors of the 1st quartile) was evaluated using an hypergeometric test. The fraction of groups with enriched TADs (p-

value< 0.05) is represented.

https://doi.org/10.1371/journal.pcbi.1005921.g007
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segments (CORE+DU+DD) and 471 JASPAR2016 PWM maximum scores computed in the

CORE segment (pink) or (ii) using 60 nucleotide/dinucleotide percentages computed in the 3

promoter segments (CORE+DU+DD) and 471 JASPAR2016 PWM sum scores computed in

the CORE segment (green). All sequences were centered around the 2nd TSS and the 2 models

were fitted on 16,294 genes for each of the 241 samples.

(PDF)

S2 Fig. Dinucleotide local distribution around GENCODEv24 TSSs. Dinucleotide percent-

ages (y-axis) along 140,604 DNA regions centered around GENCODE v24 TSSs ±2000 bp (the

distance to TSS is shown in the x-axis). Dinucleotide combinations are represented as first

nucleotide on left and second nucleotide on top. The promoter segmentation used in this

study (Fig 1) is indicated with vertical dashed lines at -500 bp and 500 bp from the TSS.

(PDF)

S3 Fig. Number of TSSs by gene. We considered 19,393 TCGA genes listed in TCGA and the

TSSs annotated by GENCODE v24.

(PDF)

S4 Fig. Contribution in the model of the TSS number. The model is built using 20 variables

corresponding to the nucleotide (4) and dinucleotide (16) percentages computed in the CORE

promoter (red), DU (green) or DD (yellow) centered around the second TSS as predictive vari-

ables (green). Linear models are also built on the number of isoforms (dark pink) and the

number of TSSs (dark blue). Finally models are built using the combinations of variables indi-

cated. All different models were fitted on 19,393 genes for each of the 241 samples considered.

The prediction accuracy was evaluated in each sample by evaluating the Spearman correlation

coefficients between observed and predicted gene expressions. The correlations obtained in all

samples are shown as violin plots. These two last plots underscored the importance of these

two variables in predicting gene expression.

(PDF)

S5 Fig. Gene expression distribution and FANTOM5 enhancer association. The 19,393

genes listed in one LAML sample (TCGA.AB.2939.03A.01T.0740.13_LAML) (pink) and a sub-

set of 11,359 genes with assigned FANTOM enhancers (green) were considered. The median

expression of genes with assigned enhancers is greater than that of all genes (wilcoxon test

p-value < 2.2e-16)

(PDF)

S6 Fig. Accuracies of models built on dsDNA or ssDNA. A: Models were built using nucleo-

tide and dinucleotide percentages computed on dsDNA (2 nucleotides + 8 dinucleotides;

green violin) or on ssDNA (4 nucleotides + 16 dinucleotides; purple violin) in all the regula-

tory regions (CORE, DU, DD, 5UTR, CDS, 3UTR, INTR, DFR). The 2 models were fitted on

16,294 genes for each of the 241 samples. The prediction accuracy was evaluated in each sam-

ple by evaluating the Spearman correlation coefficients. B: Same analyses focusing on each of

the indicated regions.

(PDF)

S7 Fig. Model accuracy with different set of nucleotide predictive variables. A: Models were

built using different set of variables including nucleotide (4 x 8 regions), dinucleotide (16 x 8

regions) and/or trinucleotide (64 x 8 regions) percentages computed in all the regulatory

regions (CORE, DU, DD, 5UTR, CDS, 3UTR, INTR, DFR). All different models were fitted on

16,280 genes for each of the 241 samples considered. The prediction accuracy was evaluated in

each sample by evaluating the Spearman correlation coefficients. B: Models were built using
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nucleotide (4 x 8 regions) and dinucleotide (16 x 8 regions) percentages computed in all the

regulatory regions and trinucleotide (64) percentages computed in each of the indicated region

separately.

(PDF)

S8 Fig. Forward selection procedure with models built on isoform expressions. The proce-

dure is identical to that described in Fig 4 but models were built on isoform-specific variables

and correlations were computed between observed and predicted isoform expression, not

gene expression.

(PDF)

S9 Fig. Model accuracy in different cancer types. The model with 160 variables (20 (di)nucle-

otide rates in 8 regions) was built on 16,294 genes in 241 samples corresponding to the initial

training set corresponding to 12 cancer types (A) and in an additional set of 1,270 samples cor-

responding to 14 different cancer types (B). The prediction accuracy was evaluated in each

sample by evaluating the Spearman correlation coefficients between observed and predicted

gene expressions. The correlations obtained in all samples of each data sets are shown as violin

plots in A (training set) and B (additional set). The color code indicates the cancer types. The

horizontal dashed lines indicates the median correlation (A, 0.582; B, 0.577).

(PDF)

S10 Fig. Comparison on models built on RNA-seq or microarray data. The model with 160

variables (20 (di)nucleotide rates in 8 regions) was built on 9,791 genes in 582 samples with

matched RNA-seq and microarray data. The prediction accuracy was evaluated in each sample

by evaluating the Spearman correlation coefficients between observed and predicted gene

expressions. The correlations obtained in all samples with RNA-seq- or microarray-built mod-

els are shown as violin plots.

(PDF)

S11 Fig. Spearman correlations between CNV segment mean score and model prediction

error. CNV absolute segment mean scores were computed for each as explained in Materials

and Methods section. Model prediction absolute error for each gene are given by our predic-

tive model using nucleotide and dinuclotide percentages computed in all the regulatory

regions. Models were fitted on 16,294 genes for each of the 234 on 241 samples having CNV

TCGA data available. The median correlation for the 234 samples is -0.014.

(PDF)

S12 Fig. Absolute values of the regression coefficients. A linear regression model was built,

for each sample, on standardized stable variables only. The boxplots show absolute values of

the corresponding coefficients in all samples for each variable considered. Color code as in Fig

5. CpG in the core promoter is highlighted in white. Purple line represents the median of

CpG_CORE coefficients.

(PDF)

S13 Fig. Example of regression trees learned on two linear models. A: Regression tree lead-

ing to a group of genes well predicted in all samples. This tree has been learned on the sam-

ple TCGA.FC.A5OB.01A.11R.A29R.07_PRAD using all nucleotide composition in all regions.

The red path defines a group of 996 genes which has low Lasso error in all samples and cancer

types. This group was used for functional annotation (S4 Table). B: Regression tree leading to

a group of genes well predicted in LGG and PPAD samples. This tree has been learned on

the sample TCGA.IB.7646.01A.11R.2156.07_PAAD using all nucleotide composition in all
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regions. The red path defines a group of 1,531 genes which has low Lasso error in LGG and

PAAD samples but high error in LAML, LIHC and DLBC samples. This group was used for

functional annotation (S5 Table).

(PDF)

S1 Table. Model comparison. Each model is fitted for each tumor, using all the variables over

all regions (160 variables among 8 regulatory regions). First and second columns are median

correlation and mean square error over all the tumors. The third column represents mean

computing time per tumor (in minutes) on a standard laptop.

(PDF)

S2 Table. Contributions of additional genomic regions. Genomic regions were ranked

according to their contribution in predicting gene expression. First, all regions were tested sep-

arately. Introns yielded the highest Spearman correlation between observed and predicted

expressions and was selected as the ‘first’ seed region. Second, each region not already in the

model was added separately. 5UTR in association with introns yielded the best correlation and

was therefore selected as the ‘second’ region. Third, the procedure was repeated till all regions

were included in the model. The contribution of each region is then visualized starting from

the most important (left) to the less important (right). The correlations computed at each steps

are indicated.

(PDF)

S3 Table. Correlations between observed and predicted isoform expression. The procedure

is identical to that described in S2 Table but models were built on isoform-specific variables

and correlations were computed between observed and predicted isoform expression, not

gene expression.

(PDF)

S4 Table. Functional enrichment of a group of genes well predicted in all samples. The

group of 996 genes is obtained by fitting a regression tree on the sample TCGA.FC.

A5OB.01A.11R.A29R.07_PRAD using all the nucleotide composition in all regions. These

genes are well predicted (mean error< 1st quartile) for all samples of different type cancers.

This group of genes was further annotated using the DAVID functional annotation tool. Only

the top 5 biological processes indicated by DAVID is shown. The GO term yielded by this

analysis corresponded to general and widespread biological processes indicating that these

genes likely corresponded to housekeeping genes.

(PDF)

S5 Table. Functional enrichment of a group of genes well predicted in LGG and PAAD.

The group of 1,531 genes is obtained by fitting a regression tree on the sample TCGA.

IB.7646.01A.11R.2156.07_PAAD using all the nucleotide composition in all regions. These

genes are well predicted (mean error< 1st quartile) for all LGG and PAAD samples but not

that of LAML, DBLC and LIHC. This group of genes was further annotated using the DAVID

functional annotation tool. Only the top 5 biological processes indicated by DAVID is shown.

The GO term “Nervous system development” indicates that these genes can be involved in spe-

cific biological processes.

(PDF)

S6 Table. Frequencies of cis-eQTLs in the genomic regions considered. We computed the

density of cis-eQTL per regulatory region by dividing the sum of cis-eQTLs intersecting with

the region considered for all genes by the sum of the lengths of the same regulatory region of
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all genes. see Material and methods for details.

(PDF)

S7 Table. Frequencies of SNPs in CORE and INTRON regions. We computed the density of

SNPs per regulatory region by dividing the sum of SNPs intersecting with the region consid-

ered for all genes by the sum of the lengths of the same regulatory region of all genes. We only

considered SNPs detected on chromosomes 1, 2 and 19. see Material and methods for details.

(PDF)

S8 Table. Intersection between enhancers and the genomic regions considered. We com-

puted the density of enhancers per regulatory region by dividing the total length of the inter-

section between the enhancers and the region considered for all genes by the sum of the

lengths of the same regulatory region of all genes. see Material and methods for details.

(PDF)
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Abstract The proper functioning of any living cell relies on complex networks of gene
regulation. These regulatory interactions are not static but respond to changes in the envi-
ronment and evolve during the life cycle of an organism. A challenging objective in com-
putational systems biology is to infer these time-varying gene regulatory networks from
typically short time series of transcriptional profiles. While homogeneous models, like con-
ventional dynamic Bayesian networks, lack the flexibility to succeed in this task, fully flexi-
ble models suffer from inflated inference uncertainty due to the limited amount of available
data. In the present paper we explore a semi-flexible model based on a piecewise homo-
geneous dynamic Bayesian network regularized by gene-specific inter-segment information
sharing. We explore different choices of prior distribution and information coupling and
evaluate their performance on synthetic data. We apply our method to gene expression time
series obtained during the life cycle of Drosophila melanogaster, and compare the predicted
segmentation with other state-of-the-art techniques. We conclude our evaluation with an ap-
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plication to synthetic biology, where the objective is to predict an in vivo regulatory network
of five genes in Saccharomyces cerevisiae subjected to a changing environment.

Keywords Dynamic Bayesian networks · Hierarchical Bayesian models · Multiple
changepoint processes · Reversible jump Markov chain Monte Carlo · Gene expression
time series · Systems and synthetic biology

1 Introduction

One of the challenging problems in the field of systems biology is the inference of gene
regulatory networks from high-throughput transcriptomic profiles, as obtained e.g. with mi-
croarrays or next generation sequencing. While protein interactions can be measured directly
with various high-throughput assays (e.g. yeast-2-hybrid or phage display), gene regulatory
interactions involve several intermediate steps related to the formation, activation and com-
plex formation of transcription factors (e.g. via phosphorylation or dimerization). These
processes are not observable at the transcriptional level. For that reason the inference of
interactions has to be based on indirect noisy measurements of mRNA concentrations (a
proxy for gene activity), rendering the problem of regulatory network reconstruction more
difficult than for proteins. Various statistical techniques aim to perform network inference
on this data, and the reconstructed regulation networks can reveal how the genes and the
proteins they code for interact. However, many of the regulatory interactions in the cell vary
in time. During the development and growth of an organism, some genes and pathways are
more active during the early stages, but show practically no activity during the later stages,
or vice-versa. Drosophila melanogaster, for instance, goes through several developmental
stages, from embryo to larva to pupa to adult. Genes involved in wing muscle develop-
ment would naturally fulfill different roles during the embryonal phase, when no wings are
present, than they do in the adult fly, when the wings have fully developed. Another instance
in which the gene regulatory network varies in time is in reaction to an environmental trigger,
such as the type of growth substrate. Such a trigger can enhance or prevent the interactions
of certain genes, which in turn can have repercussions for the whole gene network.

We are therefore presented with the problem of inferring a regulatory network from a
series of discrete measurements or observations in time, where the structure of the network
is subject to potential change. Moreover, we may not always know at which stage structural
changes are likely to occur, as the underlying processes may be time-delayed or depen-
dent on unobservable external factors. To extend conventional reverse engineering methods,
which only aim to infer a single immutable regulatory network, our work builds on recent
research in combining dynamic Bayesian networks (DBNs) with multiple changepoint pro-
cesses (Robinson and Hartemink 2009, 2010; Grzegorczyk and Husmeier 2009, 2011; Lèbre
2007; Lèbre et al. 2010; Kolar et al. 2009). Below, we will briefly review the state of the art
and the shortcomings of existing methods that we aim to address.

The standard assumption underlying DBNs is that time-series have been generated from
a homogeneous Markov process. This assumption is too restrictive, as discussed above, and
can potentially lead to erroneous conclusions. While there have been various efforts to relax
the homogeneity assumption for undirected graphical models (Talih and Hengartner 2005;
Xuan and Murphy 2007), relaxing this restriction in DBNs is a more recent research topic
(Robinson and Hartemink 2009, 2010; Grzegorczyk and Husmeier 2009, 2011; Ahmed
and Xing 2009; Lèbre 2007; Lèbre et al. 2010; Kolar et al. 2009). At present, none of
the proposed methods is without its limitations, leaving room for further methodological
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innovation. The method proposed in Ahmed and Xing (2009) and Kolar et al. (2009) is
non-Bayesian. This requires certain regularization parameters to be optimized “externally”,
by applying information criteria (like AIC or BIC), cross-validation or bootstrapping. The
first approach is suboptimal, the latter approaches are computationally expensive.1 In the
present paper we therefore follow the Bayesian paradigm, as in Robinson and Hartemink
(2009, 2010), Grzegorczyk and Husmeier (2009, 2011), Lèbre (2007) and Lèbre et al.
(2010). These approaches also have their limitations. The method proposed in Grzegorczyk
and Husmeier (2009, 2011) assumes a fixed network structure and only allows the interac-
tion parameters to vary with time. This assumption is too rigid when looking at processes
where changes in the overall regulatory network structure are expected, e.g. in morpho-
genesis or embryogenesis. The method proposed in Robinson and Hartemink (2009, 2010)
requires a discretization of the data, which incurs an inevitable information loss. These lim-
itations are addressed in Lèbre (2007) and Lèbre et al. (2010), where the authors propose a
method for continuous data that allows network structures associated with different nodes to
change with time in different ways. However, this high flexibility causes potential problems
when applied to time series with a low number of measurements, as typically available from
systems biology, leading to overfitting or inflated inference uncertainty.

The objective of the present paper is to propose a novel model that addresses the method-
ological shortcomings of the three Bayesian methods mentioned above, and to demonstrate
its viability by application to gene expression time series from Drosophila melanogaster
and Saccharomyces cerevisiae. Unlike Robinson and Hartemink (2009, 2010), our model is
continuous and therefore avoids the information loss inherent in a discretization of the data.
We further improve on the model in Robinson and Hartemink (2009, 2010) by allowing for
different penalties for changing edges and non-edges in the network, and by allowing differ-
ent nodes in the networks to have different penalty terms. Unlike Grzegorczyk and Husmeier
(2009, 2011), our model allows the network structure to change among segments, leading to
greater model flexibility. As an improvement on Lèbre (2007) and Lèbre et al. (2010), our
model introduces information sharing among time series segments, which provides an essen-
tial regularization effect. We have applied the model to reconstruct two regulatory networks:
a network of genes involved in wing muscle development during the life cycle of Drosophila
melanogaster (Arbeitman et al. 2002), and an engineered network from synthetic biology,
consisting of five genes in Saccharomyces cerevisiae (Cantone et al. 2009).

The present paper follows on from two earlier conference papers of ours (Dondelinger
et al. 2010; Husmeier et al. 2010). In Dondelinger et al. (2010), we compared two different
information coupling paradigms: global information coupling and sequential information
coupling. Global information coupling is appropriate when there is no natural sequential
order of the time series segments, such as for segments derived from different experimental
conditions. Sequential information sharing, which we investigated in more detail in Hus-
meier et al. (2010) and in the present paper, is appropriate for modelling a temporal devel-
opmental process, such as those related to morphogenesis, where changes to the network
structure happen sequentially.

The present paper extends Dondelinger et al. (2010) and Husmeier et al. (2010) in sev-
eral respects. Firstly, restricted by a strict page limit, our earlier papers were rather terse.
The present paper provides a more comprehensive exposition of the methodology, which is
self-contained. Secondly, we have explored different versions of information coupling (hard
versus soft) and functional forms of the prior (exponential versus binomial). In Husmeier

1See Larget and Simon (1999) for a demonstration of the higher computational costs of bootstrapping over
Bayesian approaches based on MCMC.
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et al. (2010), not all combinations of strength versus functional form were investigated, and
we have completed these combinations in our present work. Thirdly, we have improved
the MCMC scheme. In our earlier work, a standard Metropolis-Hastings-Green (RJMCMC)
sampler was employed. In the present work we have identified several scenarios where this
sampler is bound to fail, and we propose a new type of MCMC proposal move. We show that
these new moves avoid the convergence problems encountered with the original sampler,
leading to a substantial improvement in mixing. Fourthly, the Bayesian hierarchical models
that we propose depend on various hyperparameters. As opposed to our earlier work, we
have investigated the influence of the higher level hyperparameters. To this end, we have
first carried out a set of simulation studies for the proposed model. To substantiate our find-
ings, we have then additionally carried out semi-analytical investigations for a simplified
scenario, in which the computation of the marginal likelihood is tractable (see Sect. 5.2).
Fifthly, we have rerun all our earlier simulations to understand the effect of model choice,
unconfounded by MCMC mixing problems, and we have improved the interpretation of the
results for the real-world problems.

We note that while we were extending our earlier work of Husmeier et al. (2010),
a somewhat related paper has been published: Wang et al. (2011). While methodologi-
cally similar, there is an important difference in the application and inference, though.
The objective of Wang et al. (2011) is online parameter estimation via particle filtering,
with applications e.g. in tracking. This is a different scenario from most systems biol-
ogy applications, where an interaction structure is typically learnt off-line after comple-
tion of a series of high-throughput experiments. Unlike Wang et al. (2011), our work
thus follows other applications of DBNs in systems biology (Robinson and Hartemink
2009, 2010; Grzegorczyk and Husmeier 2009, 2011; Lèbre 2007; Lèbre et al. 2010;
Kolar et al. 2009) and aims to infer the model structure by marginalizing out the param-
eters in closed form. To paraphrase this: while inference in Wang et al. (2011) is based on a
filter, inference in our work is based on a smoother.

Our paper is organized as follows. Section 2 reviews the non-homogeneous DBN on
which our work is based. Section 3 describes the methodological innovation of Bayesian reg-
ularization via information coupling. Section 4 describes the implementation of our method
and the setup of the simulation studies. Section 5 discusses results obtained on synthetic
data, with an investigation of the influence of the hyperparameters. Section 6 describes and
interprets two real-world applications, related to morphogenesis in Drosophila melanogaster
and synthetic biology in Saccharomyces cerevisiae. The paper concludes in Sect. 7 with a
general discussion and summary.

2 Background: non-homogeneous DBNs

This section summarizes the auto regressive time-varying DBN proposed in Lèbre (2007)
and Lèbre et al. (2010). A similar model was proposed in Punskaya et al. (2002). The idea
is to combine the Bayesian regression model of Andrieu and Doucet (1999) with multiple
changepoint processes and pursue Bayesian inference with reversible jump Markov chain
Monte Carlo (RJMCMC) (Green 1995). We call this method TVDBN (Time-Varying Dy-
namic Bayesian Network).

The model is based on the first-order Markov assumption. This assumption is not criti-
cal, though, and a generalization to higher orders, as pursued in Punskaya et al. (2002), is
straightforward. The value that a node in the graph takes on at time t is determined by the
values that the node’s parents (i.e. potential regulators, see below) take on at the previous
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time point, t −1. More specifically, the conditional probability of the observation associated
with a node at a given time point is a conditional Gaussian distribution, where the conditional
mean is a linear weighted sum of the parent values at the previous time point, and the inter-
action parameters and parent sets depend on the time series segment. The latter dependence
adds extra flexibility to the model and thereby relaxes the homogeneity assumption. The
interaction parameters, the variance parameters, the number of potential parents, the loca-
tion of changepoints demarcating the time series segments, and the number of changepoints
are given (conjugate) prior distributions in a hierarchical Bayesian model. For inference,
all these quantities are sampled from the posterior distribution with RJMCMC. Note that a
complete specification of all node-parent configurations determines the structure of a reg-
ulatory network: each node receives incoming directed edges from each node in its parent
set. In what follows, we will refer to nodes as genes and to the network as a gene regulatory
network. The method is not restricted to molecular systems biology, though.

2.1 Graph

Let p be the number of observed genes, and let x = (xi(t))1≤i≤p,1≤t≤N be the expression
values measured at N time points. Gh represents a directed graph, i.e. the network defined
by a set of directed edges among the p genes. Gh

i is the subnetwork associated with target
gene i, determined by the set of its parents, i.e. the nodes with a directed edge feeding into
gene i; these are the potential regulators of the target gene. The meaning of the superscript
h is explained in the next section.

2.2 Multiple changepoint process

The set of regulatory relationships among the genes, defined by Gh, may vary across time,
which we model with a multiple changepoint process. For each target gene i, an unknown
number ki of changepoints define ki +1 non-overlapping segments. Segment h = 1, .., ki +1
starts at changepoint ξh−1

i and stops before ξh
i , where ξ i = (ξ 0

i , . . . , ξh−1
i , ξ h

i , . . . , ξ
ki+1
i ) with

ξh−1
i < ξh

i . To delimit the bounds, two pseudo-changepoints are introduced: ξ 0
i = 2 and

ξ
ki+1
i = N + 1. Thus vector ξ i has length |ξ i | = ki + 2. The set of changepoints is denoted

by ξ = (ξ i )1≤i≤p . This changepoint process induces a partition of the time series, xh
i =

(xi(t))ξh−1
i

≤t<ξh
i

, with different network structures Gh
i associated with the different segments

h ∈ {1, . . . , ki + 1}. Identifiability is satisfied by ordering the changepoints based on their
position in the time series. We define Gi = {Gh

i }1≤h≤ki+1 and G = {Gi}1≤i≤p .

2.3 Regression model

For each gene i, the random variable Xi(t) refers to the expression of gene i at time t .
Within any segment h, the expression of gene i depends on the p gene expression values
measured at the previous time point through a regression model defined by (a) a set of sh

i

parents denoted by Gh
i = {j1, . . . , jsh

i
} ⊆ {1, . . . , p}, |Gh

i | = sh
i , and (b) a set of parameters

(ah
i , σ h

i ) where ah
i = (ah

ij )0≤j≤p , ah
ij ∈ R and σh

i > 0. For all j �= 0, ah
ij = 0 if j /∈ Gh

i . For

each gene i, for each time point t in segment h (ξh−1
i ≤ t < ξh

i ), the random variable Xi(t)

depends on the p variables {Xj(t − 1)}1≤j≤p according to

Xi(t) = ah
i0 +

∑
j∈Gh

i

ah
ij Xj (t − 1) + εh

i (t) (1)
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where the noise εh
i (t) is assumed to be Gaussian with mean 0 and variance (σ h

i )2, εh
i (t) ∼

N(0, (σ h
i )2) . We define ai = (ah

i )1≤h≤ki+1, a = (ai )0≤i≤p , σ 2
i = (σ h

i )2
1≤h≤ki+1 and σ 2 =

(σ 2
i )0≤i≤p .

2.4 Prior

The ki + 1 segments are delimited by ki changepoints, where ki is distributed a priori as a
truncated Poisson random variable with mean λ and maximum k = N − 2:

P (ki |λ) ∝ λki

ki ! 1{ki≤k}; P (k|λ) =
p∏

i=1

P (ki |λ) (2)

where k = (k1, . . . , kp). Conditional on ki changepoints, the changepoint position vector
ξ i = (ξ 0

i , ξ 1
i , . . . , ξ

ki+1
i ) takes non-overlapping integer values, which we take to be uniformly

distributed a priori. There are (N −2) possible positions for the ki changepoints, thus vector
ξ i has prior density:

P (ξ i |ki) = 1
/(

N − 2

ki

)
= ki !(N − 2 − ki)!

(N − 2)! (3)

For each gene i, for each segment h, the number sh
i of parents for node i follows a truncated

Poisson distribution with mean Λ and maximum s = 5:

P
(
sh
i

∣∣Λ
) ∝ Λsh

i

sh
i ! 1{sh

i
≤s} (4)

Conditional on sh
i , the prior for the parent set Gh

i is a uniform distribution over all parent
sets with cardinality sh

i ,

P
(
Gh

i

∣∣sh
i

) = 1
/(

p

sh
i

)
= sh

i !(p − sh
i )!

p! (5)

The overall prior on the network structures is given by marginalization:

P
(
Gh

i

∣∣Λ
) =

∑s

sh
i
=0

P
(
Gh

i

∣∣sh
i

)
P

(
sh
i

∣∣Λ
)

(6)

Conditional on the parent set Gh
i of size sh

i , the sh
i + 1 regression coefficients form a subset

of ah
i denoted by aGh

i
= (ah

i0, (a
h
ij )j∈Gh

i
). They are assumed zero-mean multivariate Gaussian

with covariance matrix (σ h
i )2ΣGh

i
,

P
(
ah

i

∣∣Gh
i , σ

h
i

) = ∣∣2π
(
σh

i

)2
ΣGh

i

∣∣− 1
2 exp

(
−

a†
Gh

i

Σ−1
Gh

i

aGh
i

2(σ h
i )2

)
(7)

where |.| denotes the determinant of a matrix, the symbol † denotes matrix transposition,
ΣGh

i
= δ−2D†

Gh
i

DGh
i

and DGh
i

is the (ξh
i − ξh−1

i ) × (sh
i + 1) matrix whose first column is a

vector of 1’s (for the constant in model (1)) and each (j +1)th column contains the observed
values (xj (t))ξh−1

i
−1≤t<ξh

i
−1 for each factor gene j in Gh

i . This so-called g-prior was also
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used in Andrieu and Doucet (1999) and is motivated in Zellner (1986). Finally, the conju-
gate prior for the variance (σ h

i )2 is the inverse gamma distribution, P ((σh
i )2) = IG(υ0, γ0).

Following Lèbre (2007) and Lèbre et al. (2010), we set the hyper-hyperparameters for shape,
υ0 = 0.5, and scale, γ0 = 0.05, to fixed values that give a vague distribution. The terms λ

and Λ can be interpreted as the expected number of changepoints and parents, respectively,
and δ2 is the expected signal-to-noise ratio. These hyperparameters are drawn from vague
conjugate hyperpriors, which are in the (inverse) gamma distribution family:

P (Λ) = P (λ) = Ga(0.5,1) = Λ−0.5 exp(−Λ)

Γ (0.5)
(8)

and

P
(
δ2

) = IG(2,0.2) = δ−6
0.04 exp(− 0.2

δ2 )

Γ (2)
(9)

2.5 Posterior

Equation (1) implies that

P
(
xh

i

∣∣Gh
i ,a

h
i , σ

h
i

)

= (√
2πσh

i

)−length(xh
i
)
exp

(
−

(xh
i − DGh

i
aGh

i
)†(xh

i − DGh
i
aGh

i
)

2(σ h
i )2

)
(10)

where length(xh
i ) is the length of the time series segment h. From Bayes’ theorem, the

posterior is given by the following equation, where all prior distributions have been defined
above:

P
(
k, ξ ,G,a,σ 2, λ,Λ, δ2

∣∣x
)

∝ P
(
δ2

)
P (λ)P (Λ)

p∏

i=1

P (ki |λ)P (ξ i |ki)

ki∏

h=1

P
(
Gh

i

∣∣Λ
)

× P
([

σh
i

]2)
P

(
ah

i

∣∣Gh
i ,

[
σh

i

]2
, δ2

)
P

(
xh

i

∣∣Gh
i ,a

h
i ,

[
σh

i

]2)
(11)

An attractive feature of the chosen model is that the integration over the parameters a

and σ 2 in the posterior distribution of Eq. (11) is analytically tractable:

P
(
k, ξ ,G, λ,Λ, δ2

∣∣x
)

=
∫ ∫

P
(
k, ξ ,G,a,σ 2, λ,Λ, δ2

∣∣x
)
dadσ 2

∝ P
(
δ2

)
P (λ)P (Λ)

p∏

i=1

∫ ∫
P

(
ki, ξ i ,Gi ,ai ,σ

2
i ,xi

∣∣λ,Λ, δ2
)
daidσ 2

i (12)

For each gene i, the joint distribution for ki , ξ i , Gi , ai , σ 2
i , xi conditional on hyperparam-

eters λ, Λ, δ2, is integrated over the parameters ai (normal distribution) and σ 2
i (inverse

gamma distribution). Solving this integral (for details see Lèbre et al. 2010), the following



198 Mach Learn (2013) 90:191–230

expression is obtained:

∫ ∫
P

(
ki, ξ i ,Gi ,ai ,σ

2
i ,xi

∣∣λ,Λ, δ2
)
daidσ 2

i

= Cλλ
ki

(N − 2 − ki)!
(N − 2)!

ki+1∏

h=1

{
(p − sh

i )!
p! CΛΛsh

i P
(
xh

i

∣∣Gh
i , δ

2
)}

(13)

where Cλ,CΛ are the normalization constants required by the truncation of the Poisson
distribution (2) and (4) and where

P
(
xh

i

∣∣Gh
i , δ

2
) = (

δ2 + 1
)− sh

i
+1
2

(
γ0
2 )υ0/2

Γ (
υ0
2 )

Γ

(
υ0 + length(xh

i )

2

)

×
(

γ0 + (xh
i )

†P h
i x

h
i

2

)− υ0+length(xh
i
)

2

(14)

where the matrices P h
i and Mh

i are defined as follows, with I referring to the identity matrix
of size length (xh

i ):

P h
i = I − DGh

i
Mh

i D
†
Gh

i

, (15)

Mh
i = δ2

δ2 + 1

(
D†

Gh
i

DGh
i

)−1
(16)

The number of changepoints k and their location, ξ , the network structure G and the hyper-
parameters λ, Λ and δ2 can be sampled from the posterior distribution P (k, ξ ,G, λ,Λ, δ2|x)

with a reversible jump MCMC (Green 1995) scheme detailed in the next subsection.

2.6 RJMCMC scheme

Four different update moves are proposed: birth of a new changepoint (B); death (removal)
of an existing changepoint (D); shift of a changepoint to a different time-point (S); and up-
date of the network topology within the segments (N). These moves occur with probabilities
bki

for B, dki
for D, uki

for S and vki
for N, depending only on the current number of change-

points ki and satisfying bki
+ dki

+ uki
+ vki

= 1. The changepoint birth and death moves
represent changes from, respectively, ki to ki + 1 segments and ki to ki − 1 segments. In
order to preserve the restriction on the number of changepoints, some probabilities are set
to 0: d0 = u0 = 0 and bk = 0. Otherwise, following Green (1995), these probabilities are
chosen as follows,

bki
= c min

{
1,

P (ki + 1|λ)

P (ki |λ)

}
, dki+1 = c min

{
1,

P (ki |λ)

P (ki + 1|λ)

}
(17)

where P (ki |λ) is the prior distribution for the number of changepoints defined in Eq. (2)
and the constant c is chosen to be smaller than 1/4 so that network structure updates and
changepoint position shifts are proposed more frequently than births and deaths of change-
points. This improves mixing and convergence with respect to changepoint positions and
network structures within the different segments. Shifting of a changepoint is proposed with
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probability uki
= (1 − bki

− dki+1)/3, and updating of the network structure within each
segment is proposed with probability vki

= 1 − (bki
+ dki

+ uki
).

Following Green (1995), the RJMCMC acceptance probability of a changepoint birth is
equal to min{1,R} where the acceptance ratio R reads as follows:

R = (likelihood ratio) × (prior ratio) × (proposal ratio) × (Jacobian) (18)

The product of the likelihood and the prior ratio is the posterior ratio which is derived from
Eq. (12). The computation of the proposal ratio and the Jacobian depends on the choice
for the various moves designed to sample the time-varying network distribution. We briefly
describe below the chosen moves and their associated acceptance ratio. A complete descrip-
tion of the computation of the acceptance ratio for each move can be found in Lèbre et al.
(2010).

Let ξ i be the current changepoint vector containing ki changepoints. For a changepoint
birth move, a new changepoint position ξ� is sampled uniformly from the available positions.
The new changepoint is within an existing segment h� of the target gene i, ξh�−1

i < ξ� < ξh�

i .
Let us denote by h�

L and h�
R the segments to the left and to the right of the new changepoint

respectively and by xh�

i = (x
h�
L

i ,x
h�
R

i ) the observed values for gene i in those segments. One
of h�

L and h�
R is chosen with equal probability. That segment retains the current network

topology Gh�

i of segment h�, and an entirely new topology is sampled from the prior defined
in Eq. (6) for the other segment. Let us denote by s� the number of edges of the new topology.
The Jacobian is equal to 1 and the prior ratio is computed from the probability of choosing a
new changepoint position and a new network structure for the new segment. Then the birth of
the proposed changepoint is accepted with probability A(ξ+

i |ξ i ) = min{1,R(ξ+
i |ξ i )}, with

R
(
ξ+

i

∣∣ξ i

) = 1

(δ2 + 1)(s�+1)/2

(
γ0
2 )υ0/2

Γ (
υ0
2 )

Γh�
L
Γh�

R

Γh�

(
υ0 + (xh�

i )†P h�

i xh�

i

2

) 1
2 (υ0+ξh�

i
−ξh�−1

i
)

×
(

υ0 + (x
h�
L

i )†P
h�
L

i x
h�
L

i

2

)− 1
2 (υ0+ξ

h�
L

i
−ξ

h�
L

−1
i

)

×
(

υ0 + (x
h�
R

i )†P
h�
R

i x
h�
R

i

2

)− 1
2 (υ0+ξ

h�
R

i
−ξ

h�
R

−1
i

)

(19)

For details see Lèbre et al. (2010). Here ξ+
i refers to the proposed changepoint vector after

adding the new changepoint ξ� to the current vector ξ i and for all h in {1, . . . , ki+1}, Γh =
Γ (

υ0+ξh
i
−ξh−1

i

2 ), and all other quantities are defined in Sect. 2.5.
For a changepoint death move, an existing changepoint in the current configuration is

selected uniformly at random. The two segments adjacent to this changepoint are proposed
to be merged into one segment, which will conserve the network structure of one of the two
segments (selected with equal probability). Let us denote by ξ−

i the proposed changepoint
vector after removing the selected changepoint from the current vector ξ i . The acceptance
ratio of the changepoint death move is equal to the inverse of the changepoint birth accep-
tance ratio R(ξ i |ξ−

i ) for proposing a change from ξ−
i to ξ i , given in Eq. (19). Therefore the

acceptance probability of a changepoint death move is,

A
(
ξ−

i

∣∣ξ i

) = min
{
1,

(
R

(
ξ i

∣∣ξ−
i

))−1}
(20)
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Proposed shifts in changepoint positions are accepted using a standard Metropolis-
Hastings step (Hastings 1970) where a change is accepted with probability min{1,R} where
R = (posterior ratio) × (proposal ratio). The new changepoint vector ξ̃ i is obtained by re-
placing ξh

i with ξ̃ h
i such that the absolute value |ξh

i − ξ̃ h
i | = 1. The posterior ratio is obtained

from Eq. (12). Let us denote by Q(ξ̃ i |ξ i ) the probability of shifting changepoint ξh
i to ξ̃ h

i in
the current changepoint vector ξ i (and reciprocally for Q(ξ i |ξ̃ i )), then the changepoint shift
is accepted with probability A(ξ̃ i |ξ i ) = min{1,R(ξ̃ i |ξ i )} where,

R(ξ̃ i |ξ i ) =
(

(γ0 + (x̃h
i )

†P̃
h

i x̃
h
i )

(υ0+ξ̃ h
i
−ξh−1

i
)(γ0 + (x̃h+1

i )†P̃
h+1
i x̃h+1

i )(υ0+ξh+1
i

−ξ̃ h
i
)

(γ0 + (xh
i )

†P h
i x

h
i )

(υ0+ξh
i
−ξh−1

i
)(γ0 + (xh+1

i )†P h+1
i xh+1

i )(υ0+ξh+1
i

−ξh
i
)

)1/2

× Γ (
υ0+ξ̃ h

i
−ξh−1

i

2 )Γ (
υ0+ξh+1

i
−ξ̃ h

i

2 )

Γ (
υ0+ξh

i
−ξh−1

i

2 )Γ (
υ0+ξh+1

i
−ξh

i

2 )

Q(ξ i |ξ̃ i )

Q(ξ̃ i |ξ i )
, (21)

where x̃h
i and x̃h+1

i refer to the expression levels for gene i observed in phase h and h + 1

of the new changepoint vector ξ̃ i , and P̃
h

i and P̃
h+1
i are the projection matrices built from

x̃h
i and x̃h+1

i as defined in Eq. (15), and all other quantities are as defined in Sect. 2.5. See
Lèbre et al. (2010) for the derivation of this equation.

Finally, network structure updates within segments invoke a second RJMCMC scheme,
which was adapted from the model selection approach of Andrieu and Doucet (1999). When
such a move is chosen, for each segment successively, we consider either the birth or death
of an edge. For an edge birth move, a new edge is selected uniformly at random from the
set of possible edges. For an edge death move, an edge to be removed is selected uniformly
at random from the set of existing edges. The edge birth and death moves represent changes
from sh

i to sh
i + 1 or sh

i − 1 parents in the regression model. The probabilities of choosing
these moves, bsh

i
and dsh

i
respectively, are defined as follows,

bsh
i

= Csh
i

min

{
1,

Ps(s
h
i + 1)

Ps(s
h
i )

}
and dsh

i
= Csh

i
min

{
1,

Ps(s
h
i − 1)

Ps(s
h
i )

}
(22)

where Csh
i

is a normalization constant dependent on sh
i , and set to ensure that bsh

i
+ dsh

i
= 1.

Additionally, we define b0 = 1, d0 = 0, bs = 0 and ds = 1. The acceptance ratio R(G̃
h

i |Gh
i )

for the new set of s̃h
i parents G̃

h

i (which corresponds to Gh
i with a parent added or removed)

is computed according to Eq. (18). Using Eqs. (4) and (5), the edge birth prior ratio becomes

Rprior = P (G̃
h

i |s̃h
i )

P (Gh
i |sh

i )

P (s̃h
i |Λ)

P (sh
i |Λ)

(23)

and the proposal ratio becomes

Rproposal = Q(Gh
i |G̃

h

i )

Q(G̃
h

i |Gh
i )

(24)

where Q(G̃
h

i |Gh
i ) is the proposal probability of parent set G̃

h

i given parent set Gh
i , which is

defined as follows:
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Q
(
G̃

h

i

∣∣Gh
i

) = b|Gh
i
|δ

(∣∣G̃h

i

∣∣,
∣∣Gh

i

∣∣ + 1
)
Q+(

G̃
h

i

∣∣Gh
i

)

+ d|Gh
i
|δ

(∣∣G̃h

i

∣∣,
∣∣Gh

i

∣∣ − 1
)
Q−(

G̃
h

i

∣∣Gh
i

)
(25)

with δ(x, y) being the Kronecker delta function. Q+(G̃
h

i |Gh
i ) = 1/(p−|G̃h

i |) is the proposal

probability of an edge birth move, and Q−(G̃
h

i |Gh
i ) = 1/|G̃h

i | is the proposal probability of
an edge death move. The Jacobian equals 1. Then using Eq. (14) for the likelihood ratio, the
Metropolis-Hastings acceptance ratio for an edge move becomes

R
(
G̃

h

i

∣∣Gh
i

) = Q(Gh
i |G̃

h

i )

Q(G̃
h

i |Gh
i )

P (s̃h
i |Λ)

P (sh
i |Λ)

P (G̃
h

i |s̃h
i )

P (Gh
i |sh

i )

P (xh
i |G̃

h

i , δ
2)

P (xh
i |Gh

i , δ
2)

(26)

Note that the prior ratio and the proposal ratio cancel out, and hence the edge move accep-
tance ratio is equal to the likelihood ratio, that is,

R
(
G̃

h

i

∣∣Gh
i

) = P (xh
i |G̃

h

i , δ
2)

P (xh
i |Gh

i , δ
2)

(27)

Finally, the probability of accepting an edge move is,

A
(
G̃

h

i

∣∣Gh
i

) = min
{
1,R

(
G̃

h

i

∣∣Gh
i

)}
(28)

The sampling scheme for updating the hyperparameters δ2, λ and Λ is described in Lèbre
(2007) and Lèbre et al. (2010). Together the four moves B, D, S and N allow the generation
of samples from probability distributions defined on unions of spaces of different dimensions
for both the number of changepoints ki and the number of parents sh

i within each segment h

for gene i.

3 Model improvement: information coupling between segments

Allowing the network structure to change between segments leads to a highly flexible model.
However, this approach faces a conceptual and a practical problem. The practical problem
is potential model over-flexibility. If subsequent changepoints are close together, network
structures have to be inferred from short time series segments. This will almost inevitably
lead to overfitting (in a maximum likelihood context) or inflated inference uncertainty (in
a Bayesian context). The conceptual problem is the underlying assumption that structures
associated with different segments are a priori independent. While this may be true in some
circumstances (e.g. if a drug treatment leads to a drastic, rather than gradual, change), in
most cases this assumption is not realistic. For instance, for the evolution of a gene regula-
tory network during embryogenesis, we would assume that the network evolves gradually
and that networks associated with adjacent time intervals are a priori similar.

To address these problems, we propose four methods of information sharing among time
series segments, as illustrated in Figs. 1 and 2. The first method is based on hard informa-
tion coupling between the nodes, using the exponential distribution proposed in Werhli and
Husmeier (2008). The second scheme uses the same exponential distribution, but replaces
the hard by a soft information coupling scheme. The third and fourth scheme are also based
on hard and soft information coupling, respectively, but use a binomial distribution with a
conjugate beta prior.
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Fig. 1 Hierarchical Bayesian model for inter-segment and hard inter-node information coupling. Hard cou-
pling among nodes i is achieved by a common hyperparameter Θ regulating the strength of the coupling
between structures associated with adjacent segments, Gh

i
and Gh+1

i
. This corresponds to the models in

Sect. 3.2, with Θ = {β}, Ψ = [0,20], and no Ω , and Sect. 3.4, with Θ = {a, b}, Ψ = {α,α, γ, γ }, and
Ω = {1,2, . . . ,100}

Fig. 2 Hierarchical Bayesian model for inter-segment and soft inter-node information coupling. Soft cou-
pling among nodes i is achieved by node-specific hyperparameters Θ i regulating the strength of the coupling
between structures associated with adjacent segments, Gh

i
and Gh+1

i
, coupled via level-2 hyperparameters

Ψ . This corresponds to the model in Sect. 3.3, with Θ i = {βi }, Ψ = κ , and Ω = λκ = 10, and Sect. 3.5, with
Θ i = {ai , bi }, Ψ = {α,α, γ, γ }, and Ω = {1,2, . . . ,100}

3.1 Hard versus soft information coupling of nodes

As noted above, we propose to share information about the network structure among the
different time series segments that result from the changepoint process. The strength of these
couplings is governed by the hyperparameters associated with the information sharing prior.
We represent these hyperparameters collectively by Θ . However, another level of coupling
is possible, coupling genes (nodes in the network) rather than time series segments.

Recall from Sect. 2 that each node in the network is associated with a random variable
Xi(t) that represents the gene expression level of gene i at time t . Under the regression
model in Eq. (1), the regulators for gene i are independent of the structure of the rest of
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the network. Once we bring in information sharing, however, there is a set of hyperparame-
ters that could conceivably be shared among different nodes; namely Θ . We address this by
proposing two different ways of sharing Θ : Hard coupling, where the information sharing
prior has the same hyperparameters Θ for all nodes (with hyperprior having level-2 hyper-
parameters Ψ ); and soft coupling, where the information sharing prior has node-specific
hyperparameters Θ i , with common level-2 hyperparameters Ψ . In both cases we have a
prior on Ψ with level-3 hyperparameters Ω . See Figs. 1 and 2 for an illustration of hard
versus soft information coupling of nodes.

In the following sub-sections, we will describe the different information sharing schemes
in more detail.

3.2 Hard information coupling based on an exponential prior

Denote by Ki := ki + 1 the total number of partitions in the time series associated with
node i, and recall that each time series segment xh

i is associated with a separate subnet-
work Gh

i , 1 ≤ h ≤ Ki . We modify the prior from Eq. (6) by imposing a prior distribution
P (Gh

i |Gh−1
i , β) on the structures, and the joint probability distribution factorizes according

to a Markovian dependence:

P
(
x1

i , . . . ,x
Ki

i ,G1
i , . . . ,G

Ki

i , β
)

= P
(
x1

i

∣∣G1
i

)
P

(
G1

i

)
P (β)

Ki∏

h=2

P
(
xh

i

∣∣Gh
i

)
P

(
Gh

i

∣∣Gh−1
i , β

)
(29)

Similar to Werhli and Husmeier (2008) we define

P
(
Gh

i

∣∣Gh−1
i , β

) = exp(−β|Gh
i − Gh−1

i |)
Z(β,Gh−1

i )
(30)

for h ≥ 2, where β is a hyperparameter that defines the strength of the coupling be-
tween Gh

i and Gh−1
i , and |.| denotes the Hamming distance. For h = 1, P (Gh

i ) is given
by (6). The denominator Z(β,Gh−1

i ) in (30) is a normalizing constant, also known as

the partition function: Z(β,Gh−1
i ) = ∑

Gh
i
∈G e−β|Gh

i
−Gh−1

i
| where G is the set of all valid

subnetwork structures. If we ignore any fan-in restriction that might have been imposed
a priori (via s in Eq. (4)), then the expression for the partition function can be simpli-
fied: Z(β,Gh−1

i ) ≈ ∏p

j=1 Zj(β, eh−1
ij ) , where eh

ij is a binary variable indicating the pres-
ence or absence of a directed edge from node j to node i in time series segment h, and

Zj(β, eh−1
ij ) = ∑1

eh
ij

=0 e
−β|eh

ij
−eh−1

ij
| = 1 + e−β . Note that this expression no longer depends

on Gh−1
i , and hence

Z
(
β,Gh−1

i

) = Z(β) = (
1 + e−β

)p
(31)

Inserting this expression into (30) gives:

P
(
Gh

i

∣∣Gh−1
i , β

) = exp(−β|Gh
i − Gh−1

i |)
(1 + e−β)p

(32)

It is straightforward to integrate the proposed model into the RJMCMC scheme of Lèbre
(2007) and Lèbre et al. (2010), which we have summarized in Sect. 2.6. When proposing a
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new network structure Gh
i → G̃h

i for segment h, the prior probability ratio in Eq. (23) has to

be replaced by
P(Gh+1

i
|G̃h

i
,β)P (G̃h

i
|Gh−1

i
,β)

P (Gh+1
i

|Gh
i
,β)P (Gh

i
|Gh−1

i
,β)

, leading to the acceptance probability

A
(
G̃h

i

∣∣Gh
i

) = min

{
P (xh

i |G̃h
i )P (Gh+1

i |G̃h
i , β)P (G̃h

i |Gh−1
i , β)Q(Gh

i |G̃h
i )

P (xh
i |Gh

i )P (Gh+1
i |Gh

i , β)P (Gh
i |Gh−1

i , β)Q(G̃h
i |Gh

i )
,1

}
(33)

This equation is equivalent to Eq. (28), with the prior probabilities in Eq. (23) replaced by
those in Eq. (32). Note that P (xh

i |Gh
i ) is short for P (xh

i |Gh
i , δ

2) which is defined in Eq. (14)

and the proposal ratio
Q(Gh

i
|G̃h

i
)

Q(G̃h
i
|Gh

i
)

is defined in Eqs. (24) and (25). An additional MCMC step is

introduced for sampling the hyperparameter β from the posterior distribution. For a proposal
move β → β̃ with symmetric proposal probability Q(β̃|β) = Q(β|β̃) we get the following
acceptance probability:

A(β̃|β) = min

{
P (β̃)

P (β)

p∏

i=1

Ki∏

h=2

exp(−β̃|Gh
i − Gh−1

i |)
exp(−β|Gh

i − Gh−1
i |)

(1 + e−β)p

(1 + e−β̃ )p
,1

}
(34)

where in our study the hyperprior P (β) was chosen as the uniform distribution on the inter-
val [0,20].
3.3 Soft information coupling based on an exponential prior

We modify the model defined in (29) by making the hyperparameter β , which defines
the prior coupling strength between structures associated with adjacent segments, node-
dependent: β → βi , and

P
(
x1

i , . . . ,x
Ki

i ,G1
i , . . . ,G

K
i , βi

) = P
(
x1

i
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) Ki∏
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i

)
P
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i

∣∣Gh−1
i , βi
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P (βi)

(35)
with

P
(
Gh

i

∣∣Gh−1
i , βi

) = exp(−βi |Gh
i − Gh−1

i |)
Z(βi,G

h−1
i )

= exp(−βi |Gh
i − Gh−1

i |)
(1 + e−βi )p

(36)

where by analogy with the previous section, Z(βi,G
h−1
i ) ≈ (1 + e−βi )p . To introduce soft

information coupling between the subnetworks, we choose a hierarchical structure for the
prior distribution on the hyperparameters βi . At the first level, the hyperparameters are given
a common gamma prior:

P (βi) = P (βi |κ,ρ) = βκ−1
i

exp(−βi/ρ)

ρκΓ (κ)
(37)

with shape parameter κ > 0 and scale parameter ρ > 0. Recall that the gamma distribution
has mean μ = κρ and variance σ 2 = κρ2. We elect to set the scale parameter ρ = 0.1 fixed.
The shape parameter κ is given a vague exponential prior:

P (κ|λκ) = λκ exp(−κ/λκ) (38)

with λκ = 10 to reflect our prior ignorance. This choice of prior has the following motivation.
The coupling strength between the substructures is defined by the coefficient of variation
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σ/μ = 1/
√

κ , with smaller coefficients corresponding to stronger coupling strengths, and a
zero coefficient (κ → ∞) reducing to the hard coupling scheme discussed in the previous
section. By inferring the shape parameter κ from the data, starting from a vague yet proper
prior distribution, we determine if the coupling strength should be strong or weak.

It is straightforward to adapt the RJMCMC scheme of the previous section. When propos-

ing a new network structure Gh
i → G̃h

i for segment h, the prior probability ratio in Eq. (23)

has to be replaced by the ratio
P(Gh+1

i
|G̃h

i
,βi )P (G̃h

i
|Gh−1

i
,βi )

P (Gh+1
i

|Gh
i
,βi )P (Gh
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|Gh−1

i
,βi )

, leading to the equivalent of the

acceptance probability in Eq. (28):

A
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∣∣Gh
i

) = min
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(39)

Note that P (xh
i |Gh

i ) is short for P (xh
i |Gh

i , δ
2) which is defined in Eq. (14) and the proposal

ratio
Q(Gh

i
|G̃h

i
)

Q(G̃h
i
|Gh

i
)

defined in Eqs. (24) and (25). When proposing new hyperparameters β̃i from

a symmetric proposal distribution Q(β̃i |βi) = Q(βi |β̃i ) we get the following acceptance
probability:

A(β̃i |βi) = min

{
P (β̃i |ρ,κ)

P (βi |ρ,κ)

Ki∏

h=2

exp(−β̃i |Gh
i − Gh−1

i |)
exp(−βi |Gh

i − Gh−1
i |)

(
1 + e−βi

1 + e−β̃i

)p

,1

}
(40)

An additional sampling step is needed for the shape parameter κ of the level-2 hyperprior.
Drawing a new shape parameter κ̃ from a symmetric proposal distribution Q(κ̃|κ), the ac-
ceptance probability is given by

A(κ̃|κ) = min

{
exp(−κ̃/λκ)

exp(−κ/λκ)

p∏

i=1

P (βi |κ̃, ρ)

P (βi |κ,ρ)
,1

}
(41)

3.4 Hard information coupling based on a binomial prior

An alternative way of information sharing among segments and nodes is by using a binomial
prior:

P
(
Gh

i

∣∣Gh−1
i , a, b

) = aN1
1 [h,i](1 − a)N0

1 [h,i]bN0
0 [h,i](1 − b)N1

0 [h,i] (42)

where we have defined the following sufficient statistics: N1
1 [h, i] is the number of edges

in Gh−1
i that are matched by an edge in Gh

i , N0
1 [h, i] is the number of edges in Gh−1

i for
which there is no edge in Gh

i , N1
0 [h, i] is the number of edges in Gh

i for which there is no
edge in Gh−1

i , and N0
0 [h, i] is the number of coinciding non-edges in Gh−1

i and Gh
i . Since

the hyperparameters are shared, the joint distribution can be expressed as:

P
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Gh
i

}∣∣a, b
) =
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P
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i

) Ki∏

h=2

P
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i

∣∣Gh−1
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) = aN1
1 (1 − a)N0

1 bN0
0 (1 − b)N1

0

p∏

i=1

P
(
G1

i

)

(43)
where we have defined Nl

k = ∑p

i=1

∑Ki

h=2 Nl
k[h, i], and the right-hand side follows from

Eq. (42). The conjugate prior for the hyperparameters a, b is a beta distribution,

P (a, b|α,α, γ, γ ) ∝ a(α−1)(1 − a)(α−1)b(γ−1)(1 − b)(γ−1) (44)
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which using Bayes’ rule leads to the (beta) posterior distribution:

P
(
a, b

∣∣α,α, γ, γ ,
{
Gh

i

}) ∝ a(α+N1
1 −1)(1 − a)(α+N0

1 −1)b(γ+N0
0 −1)(1 − b)(γ+N1

0 −1) (45)

This allows the hyperparameters to be integrated out in closed form:

P
({

Gh
i

}∣∣α,α, γ, γ
)

=
∫ ∫

P
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i
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)
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Γ (α)Γ (α)

Γ (N1
1 + α)Γ (N0
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0 + γ + N1

0 + γ )
(46)

The level-2 hyperparameters α,α, γ, γ , which can be interpreted as fictitious prior obser-
vations due to the conjugacy of the prior, are given a discrete uniform hyperprior over
{1,2, . . . ,100}. The MCMC scheme of Sect. 2.6 has to be modified as follows. When

proposing a new network structure for node i and segment h, Gh
i → G̃h

i , the structures Gh
i

and G̃h
i enter the prior probability ratio in Eq. (23) via the expression P ({Gh

i }|α,α, γ, γ ).

The prior probability ratio becomes
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(47)

This equation is equivalent to Eq. (28), with the prior probabilities in Eq. (23) replaced by
those in Eq. (46). Note that P (xh

i |Gh
i ) is short for P (xh

i |Gh
i , δ

2) which is defined in Eq. (14)

and the proposal ratio
Q(Gh

i
|G̃h

i
)

Q(G̃h
i
|Gh

i
)

defined in Eqs. (24) and (25). From Fig. 1, it becomes clear

that as a consequence of integrating out the hyperparameters, all network structures become
interdependent, and information about the structures is contained in the sufficient statistics
N1

1 ,N0
1 ,N1

0 ,N0
0 . A new proposal move for the level-2 hyperparameters is added to the ex-

isting RJMCMC scheme of Sect. 2.6. New values for the level-2 hyperparameters α are
proposed from a uniform distribution over the support of P (α). For a move α → α̃, the
acceptance probability is:

A(α̃|α) = min
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}
(48)

and similarly for α, γ and γ .

3.5 Soft information coupling based on a binomial prior

We can relax the information sharing scheme from a hard to a soft coupling by introducing
node-specific hyperparameters ai, bi that are softly coupled via a common level-2 hyper-
prior, P (ai, bi |α,α, γ, γ ) ∝ a

(α−1)
i (1 − ai)

(α−1)b
(γ−1)

i (1 − bi)
(γ−1) as illustrated in Fig. 2:

P
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) = (ai)
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1 [h,i](1 − ai)
N0

1 [h,i](bi)
N0

0 [h,i](1 − bi)
N1

0 [h,i] (49)
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This leads to a straightforward modification of Eq. (43)—replacing a, b by ai, bi—from
which we get as an equivalent to (46), using the definition Nl

k[i] = ∑Ki

h=2 Nl
k[h, i]:
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(50)

As in Sect. 3.4, we extend the RJMCMC scheme from Sect. 2.6 so that when proposing

a new network structure, Gh
i → G̃h

i , the prior probability ratio in Eq. (23) has to be re-

placed by:
P(G1

i
,...,G̃h

i
,...,G

Ki
i
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,...,Gh
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,...,G

Ki
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|α,α,γ,γ )
, leading to the equivalent of the acceptance probability

in Eq. (28):
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(51)

Note that P (xh
i |Gh

i ) is short for P (xh
i |Gh

i , δ
2) which is defined in Eq. (14) and the proposal

ratio
Q(Gh

i
|G̃h

i
)

Q(G̃h
i
|Gh

i
)

defined in Eqs. (24) and (25). In addition, we have to add a new level-2

hyperparameter update move: when proposing a level-2 hyperparameter α → α̃, where the
prior and proposal probabilities are the same as in Sect. 3.4, the acceptance probability
becomes:

A(α̃|α) = min

{
p∏

i=1

P (G1
i , . . . ,G

Ki

i |α̃, α, γ, γ )

P (G1
i , . . . ,G

Ki

i |α,α, γ, γ )
,1

}
(52)

and similarly for α, γ and γ .

3.6 Improved MCMC scheme

The various information sharing priors that we have introduced in the previous Sects 3.2,
3.3, 3.4, 3.5 share the characteristic that they encourage the networks of all segments to be
similar to each other.2 When applying the MCMC scheme from Lèbre et al. (2010), sum-
marized in Sect. 2.6, adapted to our prior as discussed above, this can lead to the following
curious effect. On simulated data where the network structure is the same for all segments
we found that the network reconstruction accuracy deteriorated when we increased the cou-
pling strength between the structures. The results will be presented below, in Sect. 5 and
Fig. 4. These findings appear counter-intuitive, given that increasing the coupling strength
brings the prior more in line with the truth (the perfect prior would have infinitely strong
coupling). However, it is easily seen that increasing the coupling strength adversely affects
the mixing of the Markov chains. Consider a set of identical network structures which, at an
initial stage of the MCMC simulations, are all poor at explaining the data. We now visit a

2Note that the binomial information sharing prior (Sects. 3.4 and 3.5) can in principle encourage either simi-
larity or dissimilarity depending on the hyperparameters a and b. As discussed in Sect. 5, we had originally
envisaged setting the level-2 hyperparameters α and γ equal to 1 to enforce similarity, but Fig. 8 demonstrates
that this constraint is too restrictive.



208 Mach Learn (2013) 90:191–230

segment and propose a modification of the network structure associated with it. This mod-
ification introduces a mismatch between the structures and is, hence, discouraged by the
prior. For strong coupling this discouragement might outweigh the gain in the likelihood
that would result from a better structure. The structures thus remain identical, which in turn
will tend to increase the coupling strength. The MCMC simulation thus gets trapped in a
suboptimal state of the configuration space (local optimum).

To deal with this problem, we have implemented an alternative MCMC scheme where
changes are applied to multiple segments. The new moves will propose changes to the net-
work structure in more than one segment, and we will hence refer to them as multi-segment
moves. Note that the moves for proposing new changepoint configurations are unaffected
by these modifications. The multi-segment moves are presented as target-node specific (i.e.
they presuppose a choice of target node i). However, they can be generalized for inference
over the whole network by simply picking a target node at random. Given a node, the pro-
posal move consists of two steps: (1) Pick one of p possible parents for the target node
i. (2) For each segment h of the Ki segments, flip the edge status (changing an edge to a
non-edge or vice-versa) between the parent node and the target node with probability q . In
our simulations, we set q = 1

2 so that flipping the edge status and conserving it are equally
likely outcomes. It is straightforward to adapt this parameter during the burn-in phase. This
means that the probability of proposing a new set of structures G̃i given the set of network
structures Gi using the multi-segment move is:

Q(G̃i |Gi ) = 1

p2Ki
(53)

where Gi = {Gh
i }1≤h≤Ki

as before.
We now derive the acceptance ratio for multi-segment moves. We define Rprior (G̃i |Gi )

to be the ratio of the prior probabilities of the original set Gi and the proposed set G̃i .

Let Rlikelihood(G̃
h
i |Gh

i ) = P(xh
i
|G̃h

i ,δ2)

P (xh
i
|Gh

i
,δ2)

be the likelihood ratio of the original and proposed

network structures for segment h and target node i, where the likelihood P (xh
i |Gh

i , δ
2) is

defined in Eq. (14) of Sect. 2.6. Note that the changes introduced by multi-segment moves
are equivalent to a sequence of add and remove edge moves applied to individual segments,
so that this ratio remains unchanged. Then the acceptance ratio for multi-segment moves
can be expressed as:

R(G̃i |Gi ) = Rprior (G̃i |Gi )Rproposal(G̃i |Gi )

Ki∏

h=1

Rlikelihood

(
G̃h

i

∣∣Gh
i

)
(54)

where Rprior (G̃i |Gi ) = P(G̃i )

P (Gi )
. The form of P (Gi ) depends on our choice of prior. If seg-

ments are independent, then P (Gi ) = ∏Ki

h=1 P (Gh
i ), where P (Gh

i ) is the prior from Eq. (6),
with a Poisson distribution on the number of parents. If we want to use information shar-
ing between segments, then the prior for segment h depends on segment h − 1, so that
P (Gi ) = P (G1

i )
∏Ki

h=2 P (Gh
i |Gh−1

i ), where P (Gh
i |Gh−1

i ) could be any of the information
sharing priors introduced in Sect. 3. Finally, Rproposal(G̃i |Gi ) is the Hastings ratio:

Rproposal(G̃i |Gi ) = Q(Gi |G̃i )

Q(G̃i |Gi )
(55)
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where Q(G̃i |Gi ) is defined in Eq. (53). Since the proposal probability Q(G̃i |Gi ) is inde-
pendent of the set of network structures Gi , the multi-segment moves are symmetric, and
we obtain that Rproposal(G̃i |Gi ) = 1.

We have explored an alternative proposal scheme consisting of two moves: (1) a move
proposing network structures where an edge has been set identical in all segments, and
(2) the move described above, which corresponds to a random perturbation of an edge.
However, we found that including the first kind of proposal move adversely affected mix-
ing and convergence in simulations where the true network structure presented differences
among segments. These network structures are less likely to be proposed when both moves
are included. Details can be found in Dondelinger (2012).

4 Implementation and simulations

We have implemented our model in R, based on code from Lèbre (2007) and Lèbre et al.
(2010). The network structure, the changepoints and the hyperparameters are sampled from
the posterior distribution using RJMCMC as described in Sects. 2.6 and 3.6. We ran the
MCMC chains until we were satisfied that convergence was reached. Then we sampled 1000
network and changepoint configurations in intervals of 200 RJMCMC steps. By marginal-
ization and under the assumption of convergence, this represents a sample from the posterior
distribution in Eq. (12). By further marginalization, we get the posterior probabilities of all
gene regulatory interactions, which defines a ranking of the interactions in terms of posterior
confidence. We use the potential scale reduction factor (PSRF) (Gelman and Rubin 1992),
computed from the within-chain and between-chain variances of marginal edge posterior
probabilities, as a convergence diagnostic. The usual threshold for sufficient convergence
lies at PSRF ≤ 1.1. In our simulations, we extended the burn-in phase until a value of PSRF
≤ 1.05 was reached.

For the study on simulated data, and the synthetic biology data, the true interaction net-
work is known. Therefore, varying the threshold on this ranking allows us to construct the
Receiver Operating Characteristic (ROC) curve (plotting the sensitivity or recall3 against
the complementary specificity4) and the precision-recall (PR) curve (plotting the precision5

against the recall), and to assess the network reconstruction accuracy in terms of the areas
under these graphs (AUROC and AUPRC, respectively); see Davis and Goadrich (2006).
These two measures are widely used in the systems biology literature to quantify the overall
network reconstruction accuracy (Prill et al. 2010), with larger values indicating a better
prediction performance overall.

5 Evaluation on simulated data

5.1 Comparative evaluation of network reconstruction and hyperparameter inference

The purpose of the simulation study is two-fold. Firstly, we want to carry out a compara-
tive evaluation of the proposed Bayesian regularization schemes for a controlled scenario in

3The sensitivity or recall denotes the fraction of true interaction that have been recovered.
4The specificity denotes the fraction of spurious interactions that have been successfully avoided.
5The precision is the fraction of predicted interactions that are correct.



210 Mach Learn (2013) 90:191–230

which the true network structure is known. Secondly, we want to assess the Bayesian infer-
ence scheme and test the viability of the proposed MCMC samplers. To focus on the task of
network reconstruction, we keep the changepoints fixed at their true values. The inference
of the changepoints will be investigated later, on the real gene expression time series (see
Fig. 12).

The simulation set-up we chose was as follows. We randomly generated 10 networks
with 10 nodes each. A Poisson distribution with mean λparents = 3 was used to determine
the number of parents for each node. We simulated changes in the network structure by
producing 4 different network segments, where a Poisson distribution with mean λchanges ∈
{0.25,0.5,1} was used to determine the number of changes per node. The changes were
then applied uniformly at random to edges and non-edges in the previous segment. For each
segment h, we generated a time series of length 15 using a linear regression model:

x(t) = W hx(t − 1) + ε (56)

where x(t) is the 10×1 vector of observations at time t and W h = {wh
ij } is the 10×10 matrix

of segment-specific regression weights for each edge. We chose the regression weights such
that wh

ij = 0 if there is no edge between node i and node j in the network structure for
segment h, and wh

ij ∼ N(0,1) otherwise. We added Gaussian observation noise εi ∼ N(0,1)

independently for each observation of node i.
First, we consider the scenario of homogeneous time series in which the regulatory net-

work structure does not change (although the regression coefficients associated with each
edge may change between segments). This is the situation in which the proposed Bayesian
regularization scheme should achieve the strongest boost in the network reconstruction ac-
curacy. We indeed found this conjecture confirmed in our simulations, as demonstrated in
Fig. 3 (0 % changes). We would also assume that high values of the hyperparameter β

should lead to the best network reconstruction accuracy, as this corresponds to the tightest
tying between adjacent structures. However, repeating the MCMC simulations initially did
not confirm this conjecture; see Figs. 4(c) and 4(d). As discussed in Sect. 3.6, the observed
mismatch was a consequence of poor mixing and convergence for large hyperparameter val-
ues, which is endemic to the naive extension of the MCMC sampler from Lèbre et al. (2010).
Repeating the simulations with the novel MCMC scheme proposed in Sect. 3.6 leads to the
graphs of Figs. 4(a) and 4(b). Here, the network reconstruction accuracy no longer deterio-
rates with increasing hyperparameters, indicating that the mixing and convergence problems
have been averted.

Another question we investigated is whether the sampled values of the hyperparameters
concur with those that optimize the network reconstruction accuracy. While the hyperparam-
eter β of the exponential prior does indeed tend to higher values, the situation is different for
the hyperparameters a and b of the binomial prior. The top panels in Fig. 5 show the network
reconstruction accuracy in terms of AUROC and AUPRC scores for several fixed values of
the hyperparameters a and b. As expected, the peak performance is reached for the highest
values, as no mismatch between the structures implies that tight coupling is consistent with
the data. The centre panels of Fig. 5 show the posterior distribution of the hyperparame-
ters that was obtained with the conventional MCMC proposal scheme adapted from Lèbre
et al. (2010) and described in Sect. 2.6. There is an obvious mismatch between the high-
posterior probability region and the region of hyperparameters that optimize the network
reconstruction. This provides more evidence that the sampler adapted for segment coupling
from Lèbre et al. (2010) suffers from mixing and convergence problems. The bottom panels
of Fig. 5 show the marginal posterior distributions of the hyperparameters inferred in the
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Fig. 3 Evaluation of AUROC and AUPRC network reconstruction scores for the five methods, TVDBN-0
(white), TVDBN-Exp-hard (dark grey, left), TVDBN-Exp-soft (dark grey, right), TVDBN-Bino-hard (light
grey, left), TVDBN-Bino-soft (light grey, right). Top row: The boxplots show the distributions of the recon-
struction scores. Bottom row: The boxplots show the difference of the AUROC and AUPRC reconstruction
scores to TVDBN-0; larger differences indicate better performance with information sharing. All simulations
were repeated for 10 independent data sets with 4 network segments each. Structure changes were applied
to the segments sequentially, changing between 0–10 % of the edges with each new segment. A paired t-test
shows that for 0 % changes, the difference to TVDBN-0 was significant for all methods (p < 0.05). For
>0 % changes, the difference to TVDBN-0 was significant (p < 0.05) except for the difference in AUPRC
scores for TVDBN-Exp-hard for 5 % changes (p = 0.08) and TVDBN-Exp-hard and TVDBN-Exp-soft for
10 % changes (p = {0.07,0.18}). In all plots, the horizontal bar of the boxplot shows the median, the box
margins show the 25th and 75th percentiles, the whiskers indicate data within 2 times the interquartile range,
and circles are outliers. See Table 1 for hyperparameter settings

MCMC simulations with the novel multi-segment proposal move introduced in Sect. 3.6. It
is seen that, unlike the centre panels in Fig. 5, and as a consequence of the different proposal
scheme, the high posterior probability region now concurs with the region of maximum net-
work reconstruction accuracy. This agreement suggests that the novel MCMC sampler leads
to a significant improvement in mixing and convergence, in corroboration of our conjecture
in Sect. 3.6.
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Table 1 List of different information sharing (IS) priors for the TVDBN (Time-Varying Dynamic Bayesian
Network), the equation where they were defined, and the most common hyperparameter settings that were
used, or hyperparameter ranges if they are inferred. Only the highest level hyperparameters in the Bayesian
hierarchy are shown

Name Prior Section Equation Hyperparameters

TVDBN-0 Poisson (No IS) 2.4 4, 6 Λ = 3

TVDBN-Exp-hard Exponential Hard IS 3.2 30 β ∈ [0,20]
TVDBN-Exp-soft Exponential Soft IS 3.3 38 λκ = 10

TVDBN-Bino-hard Binomial Hard IS 3.4 45, 46 α,α, γ, γ ∈
{1,2, . . . ,100}

TVDBN-Bino-soft Binomial Soft IS 3.5 50 α,α, γ, γ ∈
{1,2, . . . ,100}

Next, we turn our attention to varying network structures. We varied the percentage of
edges that change from segment to segment between 2.5 % to 10 %.6 A significant im-
provement in the network reconstruction accuracy can be achieved over the unregularized
method, as shown in the bottom panels of Fig. 3. However, the magnitude of the improve-
ment in the scores decreases as the number of changes between adjacent segments increases.
This is plausible: as we introduce more structural changes between adjacent networks, we
would expect to gain less benefit from information sharing. We note that the degradation in
performance seems to be stronger for the exponential prior than for the binomial prior.

We investigated whether the inferred hyperparameters coincide with the optimal recon-
struction performance for the case where 10 % of the edges in the network change between
adjacent segments. There are two effects to be traded off. Hyperparameter values that are
too low will not bring about any improvement over the uncoupled unregularized scenario.
Hyperparameter values that are too high will not allow the network structure to change with
time. We would therefore expect to find some optimal finite range of hyperparameter values,
0 < β < ∞ and 0 < a,b < 1. This has in fact been borne out in our simulations. Figure 6
shows the network reconstruction accuracy in terms of AUROC and AUPRC scores for
different values of the hyperparameters a, b. The best network reconstruction accuracy is
obtained when b, which governs consistency among non-interactions, is high (≥0.9), while
a, which controls agreement among interactions, is reduced to a range around its uninforma-
tive setting a ≈ 0.5. The bottom panel of Fig. 6 shows that the inferred posterior distribution
is consistent with these ranges, and that the Bayesian inference scheme thus optimizes the
network reconstruction accuracy. A slightly different picture emerges for the exponential
prior, though. Figures 7(a)–7(b) show the AUROC and AUPRC scores for different values
of β , indicating a clear peak in the network reconstruction accuracy for finite 0 < β < ∞.
This peak does not coincide with the high posterior probability range of β , as shown in
Fig. 7(c). Only when increasing the data set size by a factor of 4 does the Bayesian inference
scheme succeed in optimizing the network reconstruction accuracy in the sense that the high
posterior probability region now coincides with the range of the highest AUROC/AUPRC
scores. The obvious question to ask is whether this trend is another artifact of poor MCMC
convergence/mixing. To this end we have devised a simplified model for which the posterior
distribution can be computed in closed form. Our analysis, which we present in Sect. 5.2, re-

6Because our simulation was set up so that we had on average 3 regulatory interactions per node, this corre-
sponds to a change of between 8.25 % and 33 % of the original interactions.
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Fig. 4 Results for the exponential prior with hard coupling on the simulated data without mismatch among
the structures. Panel (a) shows the AUROC scores for different values of the hyperparameter β . Panel (b)
shows a corresponding plot for the AUPRC scores. The simulations were repeated on 10 independent data
instantiations of time series length 60. The error bars show the standard error. The results were obtained with
the novel MCMC sampler, described in Sect. 3.6. Panels (c) and (d) show the results from corresponding
simulations with the old MCMC sampler adapted from Lèbre et al. (2010) and described in Sect. 2.6. The
reconstruction performance deteriorates with larger values of the hyperparameter, as a consequence of poor
MCMC mixing and convergence

produces the results from this simulation study, suggesting that the suboptimal performance
of the Bayesian inference scheme is intrinsic to the chosen form of the prior.7

Returning to the binomial prior, we finally investigated the influence of the level-2 hy-
perparameters α,α, γ , and γ . Recall that owing to the conjugacy of the prior, these values
can be interpreted as fictitious prior observation counts. Our initial idea was to keep the mis-
match hyperparameters fixed at α = γ = 1, while putting a vague uniform distribution over

7We note that the results for the exponential prior seem to be at odds with those reported in Husmeier et al.
(2010). The reason is that in Husmeier et al. (2010) we had selected, by a fluke, a more restrictive prior
on the hyperparameter: β ∈ [0,5]. As our discussion in Sect. 5.2 shows, this setting boosts the network
reconstruction performance.
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Fig. 5 Results for the binomial prior with hard coupling on the simulated data without mismatch among the
structures. Panel (a) shows the AUROC scores for different values of the hyperparameters a and b. Panel (b)
shows a corresponding plot for the AUPRC scores. Panels (c) and (d) show the marginal posterior distribution
of the hyperparameters a and b, as obtained with the MCMC sampler adapted from Lèbre et al. (2010) and
described in Sect. 2.6. Panels (e) and (f) show the marginal posterior distribution of the hyperparameters a and
b, as obtained with the new MCMC sampler proposed in Sect. 3.6. The marginal distributions of a and b are
obtained from the sampled values of the level-2 hyperparameters α, α, γ , γ and from the sampled networks
using a kernel density estimator with the beta distribution from Eq. (45). The level-2 hyperparameters were
given a uniform prior over the discrete set {1,2, . . . ,100}
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Fig. 6 Results for the binomial prior with hard coupling on the simulated data with mismatch among the
structures. Panel (a) shows the AUROC scores for different values of the hyperparameters a and b. Panel (b)
shows a corresponding plot for the AUPRC scores. Panels (c) and (d) show the marginal posterior distribution
of the hyperparameters a and b, as obtained with the novel MCMC sampler proposed in Sect. 3.6. The
marginal distributions of a and b were obtained from the sampled values of the level-2 hyperparameters α, α,
γ , γ and from the sampled networks using a kernel density estimator with the beta distribution from Eq. (45).
The level-2 hyperparameters were given a uniform prior over the discrete set {1,2, . . . ,100}

the set {1,2, . . . ,100} as a prior on the match hyperparameters α and γ . The rationale behind
this choice is that the regularization scheme is intended to encourage similarity rather than
dissimilarity between adjacent network structures. However, repeating the MCMC simula-
tions for different values of the level-2 hyperparameters revealed that the setting α = γ = 1
is too restrictive and that the network reconstruction accuracy can be improved by relaxing
this constraint (see Fig. 8).

The findings of our simulation study can be summarized as follows. A naive extension
of the MCMC sampler of Lèbre et al. (2010), as described in Sect. 3.6, leads to a poor net-
work reconstruction accuracy for high values of the hyperparameters; this problem can be
resolved with the novel proposal scheme introduced in Sect. 3.6. With this new proposal



216 Mach Learn (2013) 90:191–230

Fig. 7 Results for the exponential prior with hard coupling on the simulated data with mismatch among
the structures. Panel (a) shows the AUROC scores and their standard deviations for different values of the
hyperparameter β . Panel (b) shows a corresponding plot for the AUPRC scores. Panel (c) shows box plot
representations of the inferred posterior distribution of β , for different sample sizes, using the MCMC scheme
from Sect. 3.6. The horizontal bar shows the median, the box margins show the 25th and 75th percentiles, the
whiskers indicate data within 2 times the interquartile range, and circles are outliers. The simulations were
repeated on 10 independent data instantiations of time series length n = 60

Fig. 8 Results for the binomial prior with hard coupling on the simulated data with mismatch among the
structures: dependence of the reconstruction accuracy on the higher-level hyperparameters. Panel (a) shows
the AUROC scores for different values of the level-2 hyperparameters α and γ . Panel (b) shows a corre-
sponding plot for the AUPRC scores. The results indicate that setting α = γ = 1 is over-restrictive and that
the reconstruction accuracy improves as a consequence of employing a non-informative prior

scheme, information sharing with the binomial prior leads to a significant improvement in
the network reconstruction accuracy in all cases, while information sharing with the expo-
nential prior leads to a significant improvement when the true network structures are suf-
ficiently similar. A detailed analysis of hyperparameter inference shows that the Bayesian
inference scheme is consistent for the binomial prior in the sense that the high posterior
probability region of the hyperparameters concurs with the one that optimizes the network
reconstruction accuracy. For the exponential prior, this consistency is only given when the
data set size is sufficiently large; otherwise a more restrictive hyperprior (i.e. prior on β) is
needed. On the other hand, a restrictive setting for the level-2 hyperparameters of the bino-
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Fig. 9 Illustration of a hypothetical network scenario, where edges fall into several categories. Edges in sets
L, LB , L∗ and LB∗ are true edges, which means they are included in the network corresponding to the
current time series segment. Edges in sets L and LB are ‘true positives’ in that they contribute a score A > 1
to the likelihood. Edges in sets L∗ and LB∗ are ‘false negatives’, which contribute the neutral score of 1 to
the likelihood. The edges in sets F ∗ and B∗ are ‘false positives’, which contribute a score A∗ > A > 1 to
the likelihood. The edges in sets LB , LB∗, B∗ and B are consistent with the prior network, all those in the
complementary sets are not found in the prior network. Edges in set F are neither included in the network
associated with the current segment, nor can they be found in the prior network. They also don’t contribute
any score to the log likelihood (i.e. they contribute a neutral score of 1 to the likelihood). An overview can be
found in Table 2

mial prior is counter-productive, and better network reconstruction scores are obtained with
a non-informative hyperprior.

5.2 Closed-form inference for the exponential prior

The results in Fig. 7 indicated that for the exponential prior, the Bayesian inference scheme
might fail to find the hyperparameters that optimize the network reconstruction accuracy.
Our conjecture is that this is not a consequence of poor mixing and convergence of the
MCMC sampler, but intrinsic to the Bayesian inference scheme per se. As a demonstration,
we reproduce the observation from Fig. 7 with a simpler model for which a closed-form
expression of the posterior distribution of the hyperparameter can be derived. We consider
the scenario depicted in Fig. 9, where edges of a hypothetical network can be divided into
different categories, depending on whether or not they are true, supported by the data, or
included in the prior network. An overview of the notation is presented in Table 2. With
the simplifying assumption of posterior independence of the edges, the likelihood is given
by

P (x|G) = A(nL+nLB)A∗(nB∗ +nF∗ ) (57)

where nS counts the number of elements in set S for network G, and the symbols denot-
ing the sets have been defined in Table 2. Assuming a uniform prior on β , the posterior
distribution of the hyperparameter becomes:

P (β|x) ∝ P (x, β) =
∑

G

P (x|G)P (G|β)P (β)

∝ 1

Z(β)

∑

G

P (x|G) exp
(−β

∣∣G − G0
∣∣) (58)
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Table 2 Likelihood and prior scores for the edges contained in the sets defined in Fig. 9. The product of the
prior and the likelihood defines the rank of the edge; the truth indicator is shown in the second column

Set True
edge

Supported
by the data

Supported
by the prior

Likelihood Prior Number
of edges

L yes yes no A e−β NL

LB yes yes yes A 1 NLB

LB∗ yes no yes 1 1 NLB∗
L∗ yes no no 1 e−β NL∗
B no no yes 1 1 NB

B∗ no yes yes A∗ 1 NB∗
F ∗ no yes no A∗ e−β NF ∗
F no no no 1 e−β NF

where G0 represents our prior knowledge. Inserting (57) into (58) we get, with Eq. (31) for
Z(β) and under the assumption of a uniform prior on β:

P (β|x) ∝ 1

(1 + e−β)N

NL∑

nL=0

NLB∑

nLB=0

NB∑

nB=0

NF∑

nF =0

NL∗∑

nL∗ =0

NLB∗∑

nLB∗ =0

NB∗∑

nB∗ =0

NF∗∑

nF∗ =0

×
(

NL

nL

)(
NLB

nLB

)(
NB

nB

)(
NF

nF

)(
NL∗

nL∗

)(
NLB∗

nLB∗

)(
NB∗

nB∗

)(
NF ∗

nF ∗

)

× A(nL+nLB)A∗(nB∗ +nF∗ )

× exp
(−β[nL + nF + NLB − nLB + NB − nB

+ nL∗ + nF ∗ + NLB∗ − nLB∗ + NB∗ − nB∗ ]) (59)

A plot of (59) is shown in Fig. 10. The optimal network reconstruction in terms of AU-
ROC and AUPRC scores is achieved for a finite value of β ≈ 1. The effect of the data set
size is emulated by varying the settings of the parameters entering the likelihood. For small
values of A and A∗, corresponding to small data sets, the posterior probability increases
monotonically in β , and the Bayesian inference scheme intrinsically fails to find the range
of hyperparameters that optimizes the network reconstruction accuracy. When we increase
the data set size, this mismatch disappears, and the two regions concur. These findings are
consistent with those presented in Fig. 7 and suggest that the observed mismatch is a genuine
inference feature rather than an MCMC artifact.

To further analyse this effect, we have investigated the values of A and A∗ for which the
posterior distribution shows a peak for a finite value of β . Analytically, this corresponds to
finding values for A and A∗ such that the equation dP (β|x)

dβ
= 0 has a solution. Unfortunately,

it is non-trivial to determine the existence of a solution analytically; we have therefore re-
sorted to numerically calculating dP (β|x)

dβ
for β = 20. At β = 0, we have dP (β|x)

dβ
> 0; there-

fore, if dP (β|x)

dβ
< 0 at β = 20, this indicates that the distribution has a peak on the interval

[β,20]. On the other hand, under the assumption of unimodality, dP (β|x)

dβ
> 0 at β = 20 indi-

cates that the marginal posterior probability of β increases monotonically with β . The results
of this analysis are shown in Fig. 11, which shows a clear phase shift towards distributions
with a peak as A and A∗ increase.
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Fig. 10 Results for the simplified model with exponential prior. The leftmost column shows the marginal
posterior distribution of β , computed from Eq. (59). The middle column shows the AUROC score as
β varies. The rightmost column shows the AUPRC score as β varies. Solid line: A = 2, A∗ = 4,
dashed line: A = 12, A∗ = 14. The top and bottom rows correspond to two different settings of
the set sizes. Top row: {L : 15,LB : 0,B : 40,F : 60,L∗ : 0,LB∗ : 10,B∗ : 25,F ∗ : 0}. Bottom row:
{L : 15,LB : 20,B : 10,F : 25,L∗ : 0,LB∗ : 10,B∗ : 20,F ∗ : 0}

Fig. 11 Existence of a peak in the posterior distribution of β for the simplified model with exponen-
tial prior. The two plots show values of A and A∗ for which the marginal posterior probability of β

monotonically increases as β increases (red tiles), and those where the posterior probability decreases for
high β (white tiles), indicating the existence of a peak in the distribution. We used the same settings of
the set sizes as in Fig. 10. Left: {L : 15,LB : 0,B : 40,F : 60,L∗ : 0,LB∗ : 10,B∗ : 25,F ∗ : 0}. Right:
{L : 15,LB : 20,B : 10,F : 25,L∗ : 0,LB∗ : 10,B∗ : 20,F ∗ : 0}
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What does this analysis entail for the general applicability of the exponential prior? It is
clear that when the data set size is too small, then the marginal posterior distribution of β

will be biased towards high values. The exact definition of “too small” will crucially depend
on the nature of the dataset. Given that we have shown in Sect. 5.1 that the binomial prior
avoids this weakness and outperforms the exponential prior in terms of network reconstruc-
tion accuracy, we would recommend that this form of information sharing prior be used in
preference of the exponential prior.

6 Real-world applications

6.1 Morphogenesis in Drosophila melanogaster

During its life-cycle, Drosophila melanogaster undergoes four major stages of morphogen-
esis: embryo, larva, pupa and adult. Arbeitman et al. (2002) obtained a gene expression
time series covering all four stages. We have applied our methods to a subset of this gene
expression time series consisting of eleven genes involved in wing muscle development.
First, we investigated whether the changepoints inferred by our methods correspond to the
known transitions between stages. Figure 12(a) shows the posterior probabilities of inferred
changepoints for any gene using TVDBN-0 (unregularized by information sharing, see Ta-
ble 1), while Figs. 12(c)–12(d) show the posterior probabilities for the information shar-
ing methods. We compared this performance to the method proposed in Ahmed and Xing
(2009), using the authors’ software package TESLA (Fig. 12(b)). In addition, Robinson and
Hartemink (2009) used a discrete non-homogeneous DBN to analyse the same data set, and
a plot corresponding to Fig. 12(b) can be found in their paper.

An analysis of the results suggests that our non-homogeneous DBN methods are gener-
ally more successful than TESLA. We recover changepoints for all three transitions (embryo
→ larva, larva → pupa, and pupa → adult). As shown in Fig. 12(b), the last transition, pupa
→ adult, is less clearly detected with TESLA, and it is completely absent in Robinson and
Hartemink (2009). Furthermore, TESLA and our method both detect additional change-
points during the embryo stage, which are missing in Robinson and Hartemink (2009). It is
not implausible that additional transitions at the gene regulatory network level should occur
within one morphogenic phase. One would expect that a complex gene regulatory network
is unlikely to transition into a new phase all at once, and some pathways might have to un-
dergo activational changes earlier in preparation for the morphogenic transition. However,
a failure to detect a known transition represents a shortcoming of a method, and so we can
say that in this aspect, our model appears to outperform the two alternative approaches.

In addition to the changepoints, we have inferred network structures for the morphogenic
stages of embryo, larva, pupa and adult (see Fig. 13). An objective assessment of the recon-
struction accuracy is not feasible due to the limited existing biological knowledge and the
absence of a gold standard. However, our reconstructed networks show many similarities
with the networks discovered by Robinson and Hartemink (2009), Guo et al. (2007) and
Zhao et al. (2006). For instance, we recover the interaction between two genes, eve and twi.
This interaction is also reported in Guo et al. (2007) and Zhao et al. (2006), while Robin-
son and Hartemink (2009) seem to have missed it. We also recover a cluster of interactions
among the genes myo61f, msp300, mhc, prm, mlc1 and up during all morphogenic phases.
This result is not implausible, as all genes (except up) belong to the myosin family. However,
unlike Robinson and Hartemink (2009), we find that actn also participates as a regulator in
this cluster. There is some indication of this in Zhao et al. (2006), where actn is found to reg-
ulate prm. We have further validated our reconstructed networks using genetic and protein
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Fig. 12 Changepoints inferred from gene expression time series related to morphogenesis in Drosophila
melanogaster, and synthetic biology in Saccharomyces cerevisiae (yeast). (a): TVDBN-0 changepoints for
Drosophila (no information sharing). (b): TESLA, L1-norm of the difference of the regression parameter
vectors associated with two adjacent time points plotted against time. (c) and (d): TVDBN changepoints for
Drosophila with information sharing; the method is indicated by the legend. (e) and (f): TVDBN changepoints
for the synthetic gene regulatory network in yeast. All figures using TVDBN plot the posterior probability of
a changepoint occurring for any node at a given time (ordinate) against time (abscissa). In (a)–(d), the vertical
dotted lines indicate the three morphogenic transitions, while in (e) and (f) the line indicates the boundary
between the “switch on” (galactose) and “switch off” (glucose) phases

interactions recorded in the FLIGHT database (Sims et al. 2006). We found that a number of
the inferred interactions over all segments correspond to interactions that have been reported
in the literature. Some of these result from indirect interactions, where the intermediate gene
is missing in the data. Table 3 gives an overview of the identified interactions with references
to the biological literature.
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Fig. 13 Gene regulatory networks inferred from gene expression time series related to morphogenesis in
Drosophila melanogaster, using TVDBN-Bino-hard. The networks were obtained by applying a threshold
of 0.25 to the marginal posterior probabilities of the gene interactions. We have reconstructed a network for
each morphological phase; interactions that were consistent across all four phases are marked in bold

6.2 Synthetic biology in Saccharomyces cerevisiae

Synthetic biology is a rapidly developing and highly topical discipline that aims to com-
bine the biological sciences and engineering (Andrianantoandro et al. 2006). One of its aims
is to design new gene regulatory networks in living cells. We make use of these endeav-
ours by using gene expression time series obtained in vivo from cells with a known gene
regulatory network structure to objectively assess the network reconstruction accuracy. Our
work is based on Cantone et al. (2009), where the authors constructed a synthetic regula-
tory network with 5 genes in Saccharomyces cerevisiae (yeast). Then they measured gene
expression time series with RT-PCR for 16 and 21 time points under two experimental con-
ditions, related to the carbon source: galactose (“switch on”), and glucose (“switch off”).
The authors applied two established state-of-the-art methods from computational systems
biology to reconstruct the known underlying network from these time series. One is based
on ODEs: ordinary differential equations (TSNI), the other is based on conventional DBNs
(Banjo); see Cantone et al. (2009) for details. Both methods are optimization-based and only
output a single network. By comparison with the known network, the authors calculated the
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Table 3 Reconstructed interactions in the Drosophila melanogaster wing muscle development network that
have been validated using the FLIGHT database (Sims et al. 2006)

Interaction References Interaction Notes

actn ↔ mhc Homyk and Emerson (1988);
Nongthomba et al. (2003),;
Montana and Littleton (2004)

Protein Via missing gene wupA

actn → up Homyk and Emerson (1988);
Nongthomba et al. (2003)

Protein Via missing gene wupA

eve → twi Parkhurst and Ish-Horowicz
(1991)

Protein Via missing gene RpIIl40

up ↔ mhc Homyk and Emerson (1988);
Nongthomba et al. (2003);
Montana and Littleton (2004)

Protein Direct interaction

actn → msp300 Formstecher et al. (2005) Gene Via missing gene TSG101
or missing gene Hrs

actn → sls Sanchez et al. (1999) Gene Direct Interaction

actn → prm Formstecher et al. (2005) Gene Via missing gene exo70

prm ↔ sls Sanchez et al. (1999);
Formstecher et al. (2005)

Gene Via missing gene exo70
and present gene actn

sls → up Sanchez et al. (1999);
Formstecher et al. (2005)

Protein and
Gene

Via missing gene Act88F

precision (proportion of predicted regulatory interactions in the network that are correct) and
recall (proportion of predicted true interactions) scores. Figure 14 shows the true networks,
the reconstructed networks for TSNI and Banjo, as well as the reconstructed networks using
TVDBN-Bino-hard, where we have applied a threshold of 0.75 to the inferred marginal pos-
terior probabilities of the gene interactions to obtain absence/presence values for the edges.8

In our study, we merged the time series from the two experimental conditions under ex-
clusion of the boundary point,9 and applied the non-homogeneous DBNs from Table 1. Fig-
ures 12(e) and 12(f) show the inferred marginal posterior probabilities of potential change-
points. The salient changepoint is at the boundary between the “switch on” (galactose) and
“switch off” (glucose) phases, confirming that the true changepoint is consistently iden-
tified. However, in the absence of information sharing, we observe additional spurious
changepoints. These changepoints are successfully suppressed with the proposed Bayesian
information-coupling schemes, with the binomial prior having a slightly stronger regulariz-
ing effect than the exponential one.

As described in Sect. 4, the Bayesian inference scheme provides a ranking of the po-
tential gene interactions in terms of their marginal posterior probabilities. From this rank-
ing we computed the precision-recall curves (Davis and Goadrich 2006) shown in Fig. 15.
By using information sharing, our non-homogeneous DBN outperforms Banjo and TSNI
both in the “switch on” and the “switch off” phase. The information sharing methods
also perform better than TVDBN-0 on the “switch off” data, but are slightly worse on

8Note that while our TVDBN methods are in principle capable of inferring the type of interaction (activation
or inhibition) by sampling regression weights, we have not investigated this for the purpose of this paper.
Therefore in Fig. 14, the arrows in the networks reconstructed using TVDBN-Bino-hard only record the
presence or absence of an interaction, and not its type.
9When merging two time series (x1, . . . , xm) and (y1, . . . , yn), only the pairs xi → xj and yi → yj are
presented to the DBN, while the pair xm → y1 is excluded due to the obvious discontinuity.



224 Mach Learn (2013) 90:191–230

Fig. 14 True and reconstructed networks for a synthetic biology gene regulatory network in Saccharomyces
cerevisiae (yeast). Top row: True network as described in Cantone et al. (2009). 2nd row: Networks recon-
structed using TSNI, a method based on ordinary differential equations (ODEs). 3rd row: Networks recon-
structed using Banjo, a conventional DBN. Bottom row: Networks reconstructed using TVDBN-Bino-hard,
applying a threshold of 0.75 on the marginal posterior probabilities of gene interactions to obtain an ab-
sence/presence value for each edge. All reconstructed networks were reconstructed from two gene expres-
sion time series obtained with RT-PCR in two experimental conditions, reflecting the switch in the carbon
source from galactose (“switch on”) to glucose (“switch off”). The dashed lines in the true network indi-
cate protein-protein regulation. The dotted lines in the reconstructed networks indicate false positive gene
interactions. The networks found by Banjo and TSNI are reproduced from Cantone et al. (2009)
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Fig. 15 Reconstruction of a gene regulatory network designed with synthetic biology in Saccharomyces
cerevisiae. The network was reconstructed from two gene expression time series obtained with RT-PCR
in two experimental conditions, reflecting the switch in the carbon source from galactose (“switch on”) to
glucose (“switch off”). The reconstruction accuracy of the methods proposed in Sect. 3 and Table 1, where
the legend is explained, is shown in terms of precision (vertical axis)–recall (horizontal axis) curves. Results
were averaged over 10 independent MCMC simulations. For comparison, fixed precision/recall scores are
shown for two state-of-the-art methods, as reported in Cantone et al. (2009): Banjo, a conventional DBN, and
TSNI, a method based on ordinary differential equations (ODEs)

the “switch on” data. Cantone et al. (2009) showed that in general, the reconstruction ac-
curacy on the “switch off” data is poorer than on the “switch on” data. This lends cre-
dence to our results, suggesting that the proposed Bayesian regularization and informa-
tion sharing schemes substantially improve the gene network reconstruction accuracy on
the poorer time series segment, at the cost of a slightly degraded performance on the
stronger one. Overall, the effect of information sharing is a performance improvement,
as shown by the average areas under the PR curves, averaged over both phases (“switch
on and off”): TVDBN-0 = 0.68, TVDBN-Exp-hard = 0.74, TVDBN-Exp-soft = 0.74,
TVDBN-Bino-hard = 0.76, TVDBN-Bino-soft = 0.75.

We complete our investigation of the yeast network by providing an analysis of the net-
work reconstruction performance (in terms of average area under the PR curve) as the hyper-
parameters vary. This is analogous to the evaluation we performed in Sect. 5.1 on simulated
data. The results are shown in Fig. 16. As expected, higher values of the hyperparameter
β , which correspond to stronger coupling, result in a better performance (Fig. 16(a)). Fig-
ure 16(b) shows the effect of different values for κ in Eq. (37). There is no discernible
trend, which suggests that the strength of the coupling scheme does not matter much for this
application, and that when moving closer to the hard coupling scheme (higher κ while keep-
ing the mean μ of the gamma distribution fixed), the network reconstruction performance
does not change significantly. The results obtained with the binomial prior demonstrate that,
for this application, encouraging agreement related to the presence of interactions is more
important than agreement related to the absence of interactions (Fig. 16(c)). Figure 16(d)
confirms that our sampled hyperparameters a and b are in the correct range for optimal
network reconstruction.

7 Discussion

In the present paper we have addressed some of the challenges encountered in sys-
tems biology when attempting to reconstruct gene regulatory networks from gene expres-
sion time series. We have looked at the case where the network structure may change
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Fig. 16 Effect of the hyperparameters on the reconstruction of a known gene regulatory network from syn-
thetic biology in yeast. The reconstruction accuracy is measured in terms of the average area under the preci-
sion–recall curve (AUPRC). Results were averaged over 10 independent MCMC simulations. (a): Variation
of the hyperparameter β for the exponential information sharing prior with hard coupling. (b): Variation of
the level-2 hyperparameter κ for the exponential prior with soft coupling, where the mean of the gamma dis-
tribution is kept fixed at μ = 5. (c): Variation of hyperparameters a and b for the binomial prior. (d): Sampled
distributions of hyperparameters a and b for the binomial prior with hard coupling. These distributions were
obtained from the sampled values of the level-2 hyperparameters α, α, γ , γ using a kernel density estimator
with the beta distribution from Eq. (45)

over time due to developmental or environmental causes. To deal with this situation,
we have developed a non-homogeneous DBN, which has various advantages over ex-
isting schemes: it does not require the data to be discretized (as opposed to Robinson
and Hartemink 2009, 2010); it allows the network structure to change with time (as op-
posed to Grzegorczyk and Husmeier 2009, 2011); it includes four different regulariza-
tion schemes based on inter-time segment information sharing (as opposed to Lèbre 2007;
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Lèbre et al. 2010); and it allows all hyperparameters to be inferred from the data via a con-
sistent Bayesian inference scheme (as opposed to Ahmed and Xing 2009).

We note that the model of Robinson and Hartemink (2009, 2010) is conceptually similar
to our exponential information sharing prior with hard coupling described in Sect. 3.2. By
including three alternative information sharing schemes, we have extended the model of
Robinson and Hartemink (2009, 2010) in two further respects:

(1) We allow for different penalties between edges and non-edges. The method in Robin-
son and Hartemink (2009, 2010) simply penalizes the number of different edges, i.e. the
Hamming distance, between two adjacent structures. This corresponds to the approach
taken for the exponential prior in Sects. 3.2 and 3.3. The inclusion of an extra edge
leads to the same penalty as the deletion of an existing edge. This might not always
be appropriate. Removing a rate-limiting reaction step of a critical signalling pathway
is a more substantial change than including some redundant bypass pathway. Our two
models based on the binomial prior (Sects. 3.4 and 3.5) allow for that by introducing
different prior penalties for the deviation between edges and for the deviation between
non-edges. In Sect. 5.1 we have experimentally shown that an information sharing ap-
proach based on different penalties for edges and non-edges can outperform the simpler
approach when the number of changes among segments is small, but non-zero.

(2) We allow for different nodes of the network to have different penalty terms. The model
in Robinson and Hartemink (2009, 2010) has a single hyperparameter for penalizing dif-
ferences between structures: λs . This might not be appropriate if different subnetworks
are conserved to a different degree. For instance, we would assume that molecular net-
work substructures related to generic functionality, e.g. to maintain an essential base-
line metabolism, are conserved to a greater extent than more peripheral pathways. By
introducing node-dependent hyperparameters, the priors described in Sects. 3.3 and 3.5
generalize the approach in Robinson and Hartemink (2009, 2010) by allowing different
parts of the network to be conserved during the temporal process to a different extent.

A further difference to Robinson and Hartemink (2009, 2010) merits some additional
discussion. In our model, the changepoints are node-dependent. This gives us extra model
flexibility, which is biologically motivated: on infection of an organism by a pathogen, genes
involved in defence pathways are likely to be up-regulated, while others are not. Hence, it
is plausible that different genes respond to changes in the environment differently, and this
is directly incorporated in our model. In Robinson and Hartemink (2010), node-specific
changepoints can be obtained indirectly: the calculation of the sufficient statistics for com-
puting the marginal likelihood depends on the intervals during which each parent set is
active. The marginal likelihood is recomputed for epochs, where an epoch is the union of
consecutive time intervals during which a node-dependent substructure does not change.
Since these unions of sets can be different for different nodes, the model does allow differ-
ent changepoint sets to be associated with different nodes. However, there is a considerable
price to pay for that: a changepoint in Robinson and Hartemink (2010) is intrinsically asso-
ciated with a structure change, whereas in our model, a changepoint can be related to either
a structure or a parameter change, or both. This gives us extra model flexibility, which is
important for systems biology: when adapting to environmental change, several molecular
interactions in signalling pathways may be up- or down-regulated, rather than switched on
or off altogether.

An evaluation on simulated data has demonstrated that the proposed Bayesian regulariza-
tion and information sharing schemes lead to an improved performance over Lèbre (2007)
and Lèbre et al. (2010). We have carried out a comparative evaluation of four different in-
formation coupling schemes: a binomial versus an exponential prior, and hard versus soft
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information coupling. This comparison has revealed that the binomial prior allows for more
consistent inference of the right level of information sharing, while the exponential prior
tends to enforce overly-strong information sharing. The difference between hard and soft
information coupling seems negligible in the scenarios we investigated. A detailed investi-
gation of the hyperparameter inference has allowed us to improve the MCMC sampler for
better convergence, and to explore the limitations of the exponential information sharing
prior.

The application of our method to gene expression time series taken during the life cycle
of Drosophila melanogaster has revealed better agreement with known morphogenic tran-
sitions than the methods of Robinson and Hartemink (2009, 2010) and Ahmed and Xing
(2009), and we have been able to identify several gene and protein interactions that are
known from the literature. In an application to data from a topical study in synthetic biology
(Cantone et al. 2009), our methods have outperformed two established network reconstruc-
tion methods from computational systems biology, and information sharing has allowed us
to reconstruct the true underlying gene network with higher overall precision and recall than
would have been possible without it.

We have investigated the performance of our methods on datasets which arise from gene
regulatory networks with temporal changes in the structure of the network. There are several
special cases of this situation which merit further discussion. The simplest case occurs when
the changes of the underlying process are limited to parameter changes, and the true struc-
ture of the network remains constant. We have shown in Sect. 5.1 that our methods can deal
with this situation effectively thanks to information sharing among segments. A more com-
plicated case could involve a reoccurring event that causes certain gene interactions to switch
on or off, leading to repeated network structures. For example, in a circadian clock system
such as Locke et al. (2006), Pokhilko et al. (2010), the absence of sunlight might deactivate
the interaction between two genes in the network, causing its structure to change from A
to B.10 If gene expression levels are measured both during the day and at night for three
days, then we will observe a sequence like ABABAB. While our methods can in principle
represent repeated segments, the multiple changepoint process was not designed with this
in mind. A better model for repeated segments might be a Hidden Markov Model (HMM),
where each hidden state corresponds to a network structure, and transitions between states
correspond to changes in the structure, in the same vein as applied to changing tree struc-
tures in phylogeny (Husmeier and McGuire 2003). The disadvantage of using HMMs is
that they impose a geometric distribution on the segment lengths, and in that respect our
changepoint process is more flexible. To have the same flexibility with HMMs, model ex-
tensions along the lines of hierarchical HMMs or HMMs with weighting times could be
pursued, as known from speech processing, but this would come at significantly increased
computational costs. Hence, this approach only appears to make sense if there is strong prior
indication that repetitions occur.

An interesting topic for future work is to investigate other functional forms of the infor-
mation sharing mechanism. In our work, we have investigated four different models, based
on an exponential versus binomial distribution, with or without gene-specific hyperparam-
eters. It has recently come to our attention that Wang et al. (2011) have experimented with
a different approach, which effectively combines our exponential prior with an additional
factor that encourages network sparsity. Sparsity in our model is encouraged by the trun-
cated Poisson prior of Eq. (4), as explained in the paragraph under Eq. (30). It would be

10Note that our definition of a deactivated gene interaction includes interactions that no longer occur because
one of the interacting genes is no longer expressed.
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interesting to explore the effect of the additional factor used in Eq. (7) of Wang et al. (2011)
in the context of gene network reconstruction.

Reconstructing gene regulatory networks from transcriptional profiles remains a chal-
lenging problem, which a flurry of ongoing methodological developments in the computa-
tional systems biology community are trying to address. We believe that our paper adds a
valuable contribution to this field, by presenting a consistent and flexible Bayesian model
for the case where the network structures change over time.
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