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Résumé

Identification des interactions médicamenteuses délétéres et des variations génomiques
structurales entrainant des effets secondaires chez I'homme a 1'aide d'outils
d'apprentissage automatique

Le développement d’un médicament est un processus long et couteux pouvant durer plus de 10
ans et ayant un cout dépassant le milliard d’euros. Si les cibles thérapeutiques (cibles protéiques
primaires) que doivent cibler ce médicament sont généralement connues, il a été établi qu'un
médicament toucherait de nombreuses protéines supplémentaires (cibles protéiques
secondaires) responsables d’effets secondaires. Cet effet peut &tre bénéfique (repurposing) ou
délétere (effet indésirable). Ces cibles secondaires sont aujourd’hui mal ou non identifiées et
seraient responsables d’environ 200 000 morts par an, engendrant un cott dépassant le milliard
d’euros en Europe et aux Etats-Unis. De plus, il a ét¢ démontré que les variations génétiques
d’un individu seraient susceptibles d’impacter 1’efficacité d’un médicament et contribueraient
a ’apparition d’effets indésirables associés a un médicament.

Dans ces conditions, I’objectif de ce travail de thése a été de développer des méthodes
computationnelles permettant 1) d’intégrer un ensemble de données pharmacologiques
provenant de différentes sources dans une seule base de données et de sélectionner 5100
composés avec leur activité biologique sur I’ensemble du protéome humain et des informations
provenant de criblage phénotypique. Les informations composés-cibles seront ensuite reliées,
si possible, a des informations provenant de criblages phénotypiques, pour effectuer des calculs
d’enrichissement sur le role des protéines dans diverses fonctions biologiques et maladies.
Ensuite de 2) déterminer les protéines fréquemment associées a un effet indésirable en se basant
sur les interactions connues médicament-effet indésirable et médicament-protéine. A ’aide de
I’implémentation d’une fonction de score, la contribution d’une protéine dans 1’apparition d’un
effet indésirable a été caractérisée et quantifiée. L’impact des mutations de type Copy Number
Variations (CNV) sur I’apparition de tels effets a aussi ét¢ étudié. Enfin de 3) développer des
modeles prédictifs permettant d’anticiper les effets indésirables d’un médicament
potentiellement dus a des variations génétiques. En nous référant a la nomenclature SOC
(System Organ Class) et aux variations génétiques de type Single Nucleotide Polymorphisms
(SNPs) nous pourrons ensuite analyser les cibles thérapeutiques qui seraient les plus a méme
d’étre la cause de ces effets.

Mots-clés : Effets indésirables ; Médicaments ; Science des réseaux ; Bases de données ;
Réseaux de neurones profonds ; Mutations ; Phénotypes ; Intégration de données



Abstract

Identification of drug-target interactions and genetic variations leading to adverse drug
reactions by using computational approaches.

The development of a drug is an expensive and time-consuming process that could take more
than 10 years and cost around a billion euros. Although the drug’s target is usually known
(primary target), it is also established that a drug interacts with multiple additional proteins
(secondary targets) that can be responsible for side effects. These effects can be beneficial
(repurposing) or noxious (adverse drug reaction). These secondary targets are not always
identified and would cause 200 000 deaths/year, leading to a cost reaching a billion euros in
Europe and USA. Moreover, it has been shown that genetic variations might also impact the
efficacy of a drug and could contribute to adverse drug reactions.

In these circumstances, the objective of the thesis was to develop computational methods
allowing us to 1) integrate pharmacology data from multiple sources into one database and then
select 5100 compounds with their biological activity on all of the human proteome with
information from phenotypic screening. Compound-Target information was then linked to
phenotypic screening information, and enrichment calculations were performed to assess the
role of proteins on biological functions and diseases. Then 2) proteins frequently associated
with adverse drug reactions have been determined based on known drug-target and adverse
drug reaction information. By implementing a scoring function, the possible contribution of a
protein in the apparition of adverse drug reactions has been assessed. In addition, the impact of
Copy Number Variations (CNVs) on the apparition of such reactions has been analyzed. Finally
in 3), predictive models have been developed allowing us to suggest if a drug would induce
adverse drug reactions, based on the SOC nomenclature (System Organ Class) and Single
Nucleotide Polymorphisms (SNPs), to overall analyze adverse drug reactions due to genetic
variations on these drug targets.

Keywords: Adverse drug reactions ; Drugs ; Network sciences ; Databases creation ; Deep
neural networks ; Mutations ; Phenotypes ; Data integration
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Introduction

Les effets secondaires sont apparus en méme temps que les premiers médicaments et s’ils sont
aujourd’hui considérés lors des essais cliniques, leur présence reste inévitable.

Lors du processus de développement, les cibles thérapeutiques sont identifiées et les molécules
sont synthétisées dans le but de maximiser les interactions avec la protéine cible (cible
primaire). Cependant, un médicament est rarement actif sur une seule protéine. En effet il a été
montré qu’un médicament interagit avec de multiples protéines supplémentaires [ Garcia-Serna
R. et al. 2010]. Ils peuvent donc impacter la fonction des protéines de facon non intentionnelle
(cibles secondaires). De maniére générale, ces problémes sont a I’origine du développement de
la polypharmacologie : I’étude de la capacité d’un médicament a affecter plus d’une protéine
[Proschak E. ef al 2018].

Lorsqu’un médicament agit sur plusieurs protéines, deux effets peuvent alors se produire. Pour
le premier I’effet secondaire est bénéfique et ’on peut réutiliser cette molécule dans le
traitement d’autres pathologies, elle est « réaffectée » (repurposing). Pour le second I’effet sera
dit « indésirable » (ADR). Il sera dé¢létére et sa gravité entrainera ou non 1’arrét de son
développement. Certaines protéines a éviter sont connues et testées e.g. le canal hERG au
niveau du cceur pouvant entrainer des effets indésirables importants comme I’arrét cardiaque
ou des torsades de pointe si un médicament 1’inhibe [Hancox J.C. et al 2008]. Les effets
indésirables seraient la cause d’environ 200 000 morts/an et auraient un colt dépassant le
milliard d’euros en Europe et aux Etats-Unis [Bouvy J.C et al. 2015 ; Giardina C. 2018].

Un autre point pouvant aggraver ou étre la cause d’un effet indésirable concerne la variabilité
génétique humaine. La mutation d’un seul nucléotide (single nucleotide polymorphism ou SNP)
peut affecter 1’affinité de liaison d’un médicament pour sa cible, pouvant le rendre inefficace
ou entrainer de graves effets indésirables. C’est également le cas pour des mutations entrainant
des variations dans le nombre de copies d’un géne (Copy number variation ou CNV) entrainant
des effets directs sur les dosages d’un médicament. Par exemple, le cytochrome CYP2D6 (une
enzyme du métabolisme) posséde de nombreuses mutations de type CNV, créant des
duplications ou délétions du geéne codant la protéine. Cela entraine un surdosage de certains
médicaments dont de nombreux antidépresseurs qui ont besoin de cette enzyme pour étre
métabolisés et devenir actifs chez certains patients [Jarvis J.P. ef al. 2019].

La problématique est multiple. Si des études ciblées mettant en évidence certaines protéines
spécifiques ou mutations, responsables d’effets indésirables existent, des études générales sur
des méthodes de prédiction d’effets indésirables utilisant des approches statistiques sont plus
rares. Des bases de données regroupant des effets indésirables pour des molécules
thérapeutiques existent, de méme que des liaisons médicament-cible, mais le recoupement de
ces informations n’est pas systématique.

Ce manuscrit regroupera les différentes publications effectuées lors de ma thése pour répondre
a cette problématique et se découpera en quatre chapitres.
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Le premier chapitre sera consacré a I’état de I’art, de la conception d’un médicament a la
recherche d’effets indésirables utilisant des approches in silico et les données existantes pouvant
étre utilisées dans ce but.

Le deuxieme chapitre sera consacré a la création d’une base de données intégrant des données
composés-protéines-maladies. Cet outil permet d’étudier la polypharmacologie d’un composé
chimique de fagon rapide, interactive, d’en suggérer autant les effets thérapeutiques potentiels
que les risques d’effets indésirables. De plus, a partir de cette base de données, nous avons
développé une bibliotheque de 5100 composés chimiques en prenant en compte les scaffolds,
permettant de représenter I’ensemble du génome « druggable » lors de campagne de criblage
phénotypique.

Le troisieme chapitre présentera une méthode d’identification et de prédiction de protéines
causant des effets indésirables en se basant uniquement sur les interactions médicament-cible
et médicament-effet indésirable connues. Le rassemblement des données disponibles et leur
analyse vont permettre d’étudier la répartition des effets indésirables parmi les cibles et grace
au développement d’une fonction de score de prioriser les cibles les plus 8 méme de causer ces
effets. De plus une ouverture sur I’analyse de mutations de type CNVs et leur implication sur
certains effets secondaires sera également présentée.

Le dernier chapitre sera concentré uniquement a la mise en place de méthodes de prédiction
d’un effet indésirable en se basant sur la présence de mutations de type SNPs grace a des
modeles d’apprentissage profond, ou deep learning. ldentifier les mutations pouvant étre
responsables d’effets indésirables lors de la prise d’un médicament conclura donc cette these.
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Chapitre 1 : Etat de ’art

1.1  La conception d’un médicament

La conception d’un médicament est un processus extrémement long et couteux pour une
entreprise pharmaceutique. Passant par de nombreuses phases et s’étalant sur 12 ans en
moyenne, ce processus posséde un colt dépassant le milliard d’euros (figure 1) [Di Masi J.A.,
et al 2016]. Elle se caractérise par 4 axes : 1) La recherche et découverte, 2) Le développement
non clinique, 3) Le développement clinique, 4) La pharmacovigilance.

Contenu retiré pour des raisons de droits d’auteurs

1.1.1 Recherche et découverte

Cette toute premicre phase de développement est la pour répondre a un besoin, une nouvelle
pathologie émergente ou une maladie dont les traitements existants ne sont pas assez efficaces.
Il convient donc d’identifier les cibles protéiques associées a une pathologie, les caractéristiques
de ces dernieres et ses mécanismes d’action [Sinha S., ef al. 2018]. Cette étape va paver la voie
du développement d’un médicament et orienter les recherches. On peut notamment penser a
I’identification de la protéine Spike permettant au SARS-CoV-2 de pénétrer nos cellules
devenant la cible prioritaire lors du développement de vaccins [Tortorici M. A et al. 2019]. C’est
¢galement lors de cette étape que les traitements existants et les composés disponibles sont
étudiés. Plusieurs types de composés peuvent étre utilisés, chacun apportant ses avantages et
inconvénients. L’origine d’un composé peut étre naturelle, ce qui a donné de bons résultats pour
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les anti-cancéreux ou les maladies infectieuses. Ce sont des composés qui couvrent un espace
chimique plus large que les traditionnelles librairies de petites molécules synthétiques.
Néanmoins, trouver un composé d’intérét peut s’avérer compliqué et des précautions doivent
étre prises lors de la génération de composés analogues pour ne pas redécouvrir des composés
déja utilisés [Atanasov A.G., et al. 2021]. Un autre moyen favoris¢ par les industries
pharmaceutiques se trouve dans la réutilisation de médicaments déja commercialisés.
L’avantage provient de la connaissance déja acquise pour ce composé, notamment sur sa
toxicité, les doses et effets indésirables, et sa disponibilit¢é immédiate. En revanche, il est
impossible d’optimiser le composé sans devoir repasser les étapes de développement, ce qui
limite la facilité d’utilisation de ces composés [Gil C. et al. 2021].

1.1.2  Développement non clinique

Cette étape intervient avant la mise en place de tests sur les humains. Elle est constituée de tests
in silico, in vitro et in vivo permettant de sélectionner des candidats médicaments prometteurs.
En général des méthodes de criblages virtuelles (in silico) vont étre utilisées dans un premier
temps permettant a partir de bases de données de millions de composés de tester une dizaine de
milliers, voire des centaines de milliers de composés (avec le criblage a haut débit (High-
Throughput Screening en anglais, HTS) [Aldewachi H., et al. 2021]) qui peuvent étre testés in
vitro pour au final n’en garder que quelques-uns. Ils vont étre ensuite optimisés pour leur donner
différentes propriétés supplémentaires (passage de la barriere intestinale, barriere hémato-
encéphalique...) nécessaires a leur efficacité [Subbaiah M.A.M., et al. 2021]. Enfin des tests
sur animaux peuvent étre mis en place pour vérifier sur un organisme complet, idéalement le
plus proche possible de I’homme, sa toxicité¢ et ses propriétés d’absorption, distribution,
métabolisme et excrétion (ADME) [Honek J. 2017].

1.1.3 Développement clinique

Cette partie de développement clinique va introduire cette fois-ci des patients sur lesquels la ou
les molécules médicamenteuses vont étre testées. Cette partie est divisée en plusieurs phases :

- Phase I: 20 a 100 volontaires, en général en bonne santé, sont sélectionnés. Il peut
arriver que ces volontaires soient déja atteints de la pathologie lorsque 1’on sait que
le traitement rend malade des individus en bonne santé (traitements contre le cancer,
VIH...). Cette étape a pour but premier de tester la toxicité et la dose maximale
tolérée. Un gradient de concentration de dose est donc administré aux participants.
C’est également ici que les interactions nourriture-médicament sont étudiées [Fisher
J.A. 2014].

- Phase II : Lors de cette phase un panel plus important de 50 a 300 personnes atteints
de la pathologie est étudié. Cette phase a deux objectifs. Le premier est de démontrer
I’efficacité clinique et 1’activité biologique. Le deuxiéme est la dose a laquelle le
médicament a une activité biologique avec le moins d’effets indésirables. Si cette
phase peut se dérouler en double aveugle ce n’est pas systématiquement le cas, et
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seulement entre 18 et 30% des candidats médicaments passent cette phase [Simon
R., et al. 1985].

- Phase III : Cette phase est la plus large puisqu’elle peut inclure jusqu’a plusieurs
milliers de patients e.g. 43 548 personnes pour le vaccin Pfizer contre le SARS-Cov-
2 [Polak F.P., et al. 2020]. Elle a pour objectif de valider sur un niveau représentatif
de la population I’efficacité du traitement ainsi que sa performance comparée aux
traitements déja existant. Elle sert également a révéler les effets indésirables les plus
rares notamment a cause de composantes génétiques.

1.1.4 Autorisation de mise sur le marché (AMM)

En Europe plusieurs procédures sont possibles pour obtenir une AMM. Toutes ces procédures
commencent par I’envoi d’un dossier contenant toutes les informations disponibles sur le
nouveau médicament ; de la composition chimique et sa fabrication a sa posologie et sa notice,
en passant par toutes les méthodes et résultats des différentes phases. Par exemple, une
procédure est dite « centralisée » lorsque le dossier est envoy¢ a la commission européenne et
accepté apreés consultation de I’Agence Européenne du médicament (EMA) rendant le
traitement disponible pour tous les états membres. Une procédure « nationale » est possible
lorsque le dossier est envoyé a 1’autorité compétente du pays pour validation; comme 1’ Agence
nationale de sécurité du médicament et des produits de santé (ANSM) pour la France [ Guerriaud
M. 2016].

Plusieurs dérogations existent pour ces procédures dans le cas ou une mise sur le marché
accélérée est nécessaire pour des raisons de santé publique. On peut notamment citer une mise
sur le marché « conditionnelle » d’un an au lieu de cing, ou « accélérée » avec une procédure
d’évaluation plus courte. Lors de la mise sur le marché d’un médicament un ensemble de contre-
indications et d’effets indésirables observés durant les essais cliniques sont aussi indiqués.

1.1.5 Gestion post-AMM et pharmacovigilance

Cette phase regroupe la surveillance du traitement sur le long terme pour la découverte
d’éventuels effets indésirables apparaissant apres la mise sur le marché. De nouvelles études
peuvent avoir lieu également pour toucher un public différent exclu initialement des phases
cliniques (femmes enceintes, enfants...) ou pour étudier les interactions avec d’autres
médicaments en cas de prises conjointes [Suvarna V. 2010].
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1.2 Les effets indésirables et polypharmacologie

Un effet indésirable est défini comme tel : « réaction nocive et non voulue a un médicament, se
produisant aux posologies normalement utilisées chez [’homme pour la prophylaxie, le
diagnostic ou le traitement d’une maladie ou pour la restauration, la correction ou la
modification d 'une fonction physiologique » [World Health organization technical report series
No. 498 ; Roulet L., et al. 2015].

Il n’est donc pas a confondre avec un effet secondaire qui encadre en plus les effets bénéfiques
pouvant survenir a la suite de la prise du médicament. On peut citer le sildénafil, commercialisé
sous le nom Viagra, qui était initialement en développement pour traiter des douleurs cardiaques
qui a fini par étre commercialisé pour traiter les problémes d’érection [Papapetropoulos A., et
al 2018].

1.2.1 Quelques classifications d’effets indésirables

Plusieurs méthodes de classifications existent, chacune intégrant un but différent. On peut ainsi
retenir les classifications ci-apres.

1.2.1.1 La classification selon Kaufman G

On peut citer la classification en différent types allant de A & E proposé par Kaufman
G. [Kaufman G. 2016] :

- Type A : Un effet indésirable de type A est en général lié a la dose et peut inclure
des exagérations de son effet prévu (un saignement excessif pour un anticoagulant)
ou des effets en dehors du cadre prévu mais référencés dans les effets indésirables
connus. Ils sont la plupart du temps atténués et facile a détecter mais peuvent étre
problématiques lorsque la marge entre effet thérapeutique et effet toxique est faible.

- Type B : Cela correspond cette fois ci a des effets non référencés sortant du cadre
d’action du médicament. Par exemple un choc anaphylactique due a la pénicilline,
dépendant d’un facteur génétique. Ces effets sont moins courants mais plus
dangereux que les types A.

- Type C: Ce sont des réactions qui persistent dans le temps.

- Type D : Ces réactions sont retardées apres la prise du traitement. Elles apparaissent
plusieurs jours ou semaines aprés la premiére prise et peuvent étre relativement
difficiles a détecter.

- Type E : Ce sont des effets apparaissant apres la prise du traitement directement liés
a son arrét.

Ce classement prend en compte le type d’effet en se basant sur la prise du traitement et la
temporalité des effets observés.
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1.2.1.2 La classification selon le Dictionnaire medDRA

Un autre type de classement qui sera utilisé dans nos études par la suite vient du Dictionnaire
Médical pour les Activités Réglementées (medDRA) et classe cette fois-ci les effets indésirables
en fonction du type d’effet qu’il induit [https ://www.meddra.org/]. C’est le classement en
system organ class (ou SOC). C’est un classement en 27 groupes basé sur 1’étiologie ou le lieu
d’apparition de I’effet (tableau 1). Par exemple I’effet indésirable « arrét cardiaque » se situera
dans le SOC « Cardiac disorders » alors que « douleur vésicale » sera dans « Renal and urinary
disorders ».

SOC SOC _abbrev.
Blood and lymphatic system disorders Blood
Cardiac disorders Card
Congenital, familial and genetic disorders Cong
Ear and labyrinth disorders Ear
Endocrine disorders Endo
Eye disorders Eye
Gastrointestinal disorders Gastr
General disorders and administration site conditions Genrl
Hepatobiliary disorders Hepat
Immune system disorders Immun
Infections and infestations Infec
Injury, poisoning and procedural complications Inj&P
Investigations Inv
Metabolism and nutrition disorders Metab
Musculoskeletal and connective tissue disorders Musc
Neoplasms benign, malignant and unspecified (incl cysts and polyps) Neopl
Nervous system disorders Nerv
Pregnancy, puerperium and perinatal conditions Preg
Psychiatric disorders Psych
Renal and urinary disorders Renal
Reproductive system and breast disorders Repro
Respiratory, thoracic and mediastinal disorders Resp
Skin and subcutaneous tissue disorders Skin
Social circumstances SocCi
Surgical and medical procedures Surg
Vascular disorders Vasc
Product issues Prod

Tableau 1 : Liste des SOCs et des abréviations associées.
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1.2.1.3 La classification selon leur gravité et leur fréquence

Enfin les effets indésirables peuvent étre classés par leur gravité en se basant sur une version
modifiée de I’é¢tude de Hartwig Siegel [Hartwig SC., et al. 1992 ; Geer M.1., et al. 2016] ou leur
fréquence (tableau 2) [CIOMS 1999].

Sévérité Effets Fréquence Probabilité

Réactions mineures, pas de traitement
Bénin | supplémentaire ou d’hospitalisation
prolongée.

Trés fréquent | > 10%

Modification du traitement nécessaire, peut Fréquent | Entre 1 et 10%

Modéré | prolonger I’hospitalisation et nécessiter un

traitement spécifique. Peu commun | Entre 0,1 et 1%
Potentiellement mortel. Nécessite 1’arrét du

Sévere | traitement et la prise en charge de I’effet Rare Entre 0,01 et 0,1%
indésirable.

Mortel Effet indésirable lié directement ou Trés rare <0,01%

indirectement a la mort d’un patient.

Tableau 2: Tableau des différentes sévérités d'effets indésirables et de leurs conséquences (a gauche) et du classement des
fréquences d'effets indésirables en fonction de leur probabilité d’apparition (a droite).

Les effets indésirables dus aux médicaments sont donc définis et classifiés, mais les
mécanismes entrainant leurs apparitions sont trés peu connus. Si la cible principale d’un
médicament est connue, on sait qu’'un médicament toucherait en moyenne 5 a 7 cibles
supplémentaires en moyenne qui seraient mal ou non identifiées causant la majorité des effets
indésirables [Vogt 1., ef al. 2010]. De nombreuses approches in silico ont donc été développées
pour traiter ce probléme que ce soit par une identification de cibles, de ligands ou de prédictions
d’apparition d’effets indésirables directement.

1.2.2 La polypharmacologie

Cette idée qu’un médicament touche plus de cibles que la cible principale a conditionné la
recherche de nouveaux médicaments (drug discovery en anglais) qui ne s’oriente plus sur un
médicament/une cible mais sur un médicament/plusieurs cibles. Cette idée s’appuie sur la
découverte des cibles secondaires pouvant mener au développement de médicaments agissant
sur de multiples symptomes. L’aspirine est un bon exemple de médicament a effets multiples
ayant notamment une activité antipyrétique et analgésique [Reddy A., er al. 2013].
L’identification des cibles peut donc amener a une meilleure compréhension des effets
indésirables et de la toxicité des composés, permettant ainsi de développer des options de
repositionnement (repurposing) de médicaments existants. De plus, une telle approche est
essentielle dans le traitement de maladies multifactorielles comme les cancers, les maladies du
métabolisme ou les maladies mentales. Pour preuve, aucun antipsychotique spécifique a une
cible n’a atteint le marché en 60 ans [Peters, J.U. 2013]. Plus récemment la combinaison de
plusieurs médicaments (remdesevir, omipalisib et tipifarnib) a des fins de repurposing a montré
des effets synergétiques anti-SARS-Cov-2, permettant une prise simultanée a des dosages plus
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faibles diminuant ainsi les risques de toxicité et I’apparition d’effets indésirables [Jang W.D.,
et al. 2021]. Plusieurs méthodes sont utilisées pour découvrir ces nouvelles cibles ou permettre
la synthése de nouveaux ligands comme la science des réseaux, ou des méthodes de docking
qui sont des domaines développés par la suite. La polypharmacologie est une approche qui
comporte également des risques lorsque les cibles secondaires sont mal identifiées et peut
mener au retrait de médicament a posteriori étant donné 1’augmentation des risques pour la
santé, e.g. le retrait par Merck du rofecoxib car il entrainait une augmentation des risques d’arrét
cardiaque et d'accident vasculaire cérébrale [Dieppe P.A., et al. 2004]. L’identification des
protéines secondaires non souhaitées est donc primordiale au développement de médicaments
s’inscrivant dans une optique polypharmacologique.

1.3 La place des approches in silico

1.3.1 Les approches basées sur la structure

Ces approches (structure-based en anglais) se fondent sur 1’étude des protéines a partir de leur
reconstitution en 3D. Une base de données nommée Protein Data Bank (PDB) sert de plate-
forme principale pour étudier ces structures protéiques puisqu’elle recense en 2022 presque 200
000 d’entre elles. Ces structures sont obtenues expérimentalement via trois méthodes
principales [Zardecki C., et al. 2022] : la cristallographie au rayons X (i), la spectroscopie RMN
(i1) et la cryo microscopie électronique (iii).

(1) La cristallographie au rayonx X est la plus utilisée et consiste a étudier le
résultat de la diffraction d’un laser sur une protéine purifiée et cristallisée.
Le résultat obtenu est ensuite traité pour former une carte de densité
d’¢lectron permettant de déduire les coordonnées de chaque atome. Cette
méthode est plutdt pensée pour des protéines rigides, ou peu flexibles
[Maveyraud L., ef al. 2020].

(i1) Pour la spectroscopie RMN, la protéine purifiée est placée dans un champ
magnétique et les noyaux atomiques sont déterminés a partir des
résonnances obtenues en confrontant la protéine a des ondes radios. Cette
méthode est limitée a des protéines de petite taille et est davantage congue
pour des protéines flexibles. De plus au lieu d’un cristal la protéine peut
étre étudiée en solution [Alderson T.R., ef al. 2020].

(i)  La cryo microscopie ¢électronique s’affranchie du besoin de cristalliser la
protéine et est combinée avec une cryogénisation rapide de la protéine ou
de la structure sous différents angles. Les électrons vont ainsi « scanner »
ces échantillons et, grice a la construction d’une carte de densité
¢lectronique, reconstruire la protéine en 3D) [Garcia-Nafria J., et al.
2020].
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Une fois ces structures obtenues, de nombreuses approches de modélisation moléculaire et de
bioinformatique structurale sont utilisées. L’intérét de la modélisation moléculaire est
I’identification des sites de liaison des composés actifs, de pouvoir caractériser les propriétés
de ces poches, les résidus d’importance et la conformation en 3D de ces parameétres. Deux types
d’approches sont couramment utilisées, souvent en combinaison : la dynamique et I’amarrage
moléculaire (respectivement molecular dynamics ou MD, et docking en anglais).

1.3.1.1 La dynamique moléculaire

Une fois la structure de la protéine d’intérét obtenue en 3D, les simulations de MD vont pouvoir
simuler le comportement de cette protéine en fonction d’un temps donné, allant de la
nanoseconde a la microseconde, dans un environnement reproduisant celui de la cellule dans
laquelle elle se trouve. Pour ce faire, le mod¢le va étre soumis a un champ de force permettant
a chaque atome d’interagir avec son environnement [Hollington S.A., et al. 2018]. Ces
simulations vont mener a plusieurs options principales permettant un gain d’informations
différent. Deux de ces options les plus couramment utilisées sont les simulations d’une protéine
sous forme apo (sans ligand), ou /olo (avec ligand) (figure 2).

Figure 2 : Exemple de structure de la cyclophiline A A) sous forme apo, B) & C) Sous forme holo avec un ligand, montrant le
changement de conformation de la protéine. [Rodriguez-Bussey 1.G., et al. 2015]

Les simulations apo vont explorer les différentes conformations que peuvent prendre une
protéine au cours du temps dans un environnement donné (souvent aqueux et/ou en présence
de lipides). Cela va permettre I’identification de poches permettant les interactions avec des
médicaments qui n’apparaissent pas lors de I’étude d’une structure statique. [Brown S.P., et al.
2006].

Les simulations /&olo vont permettre de caractériser les propriétés du site de liaison et le
comportement de la protéine lors de sa liaison au ligand. En effet, certaines protéines lors de
leur liaison vont changer de conformation permettant des interactions supplémentaires avec
d’autre cofacteurs. Enfin certains sites de liaisons sont profondément enfouis a I’intérieur de la
protéine. Pour y accéder le ligand doit traverser un « canal » dont la présence et les interactions
permettant 1’entrée et la sortie du ligand sont difficilement discernables sur une structure
statique [Motta S., et al. 2018].
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1.3.1.2 Le docking

Le docking est une méthode permettant de prédire les interactions entre une protéine et un jeu
de ligands en calculant leur force d’interaction grace a une fonction de score. Contrairement
aux approches de DM, le docking est effectué le plus souvent sur des protéines statiques, la
flexibilité étant gardée pour les ligands seulement. La notion de temps est également retirée. Le
principe sera donc de trouver la meilleure « pose » possible d’interaction entre un ligand et sa
protéine. Si le site de liaison est bien défini cette recherche peut se faire de maniere localisée
au niveau de la poche, dans le cas contraire un docking sur I’ensemble de la protéine est
possible ; on parle alors de docking en aveugle. Deux composants principaux vont différencier
les différents logiciels de docking : ’algorithme d’échantillonnage ou de recherche et la
fonction de score [Marjana N., et al. 2016].

L’algorithme d’échantillonnage va s’occuper de déterminer les interactions a favoriser et la
flexibilité. Certains algorithmes peuvent considérer le ligand comme rigide (parfois la protéine
est également flexible). L algorithme de recherche va s’occuper de lier le ligand a la protéine a
des endroits favorisés par les calculs d’interactions inhérents a I’algorithme. L’espace sera
ensuite échantillonné, en effectuant des micro rotations ou translations de certaines parties du
ligand, afin de générer un nombre de poses permettant une exploration la plus exhaustive
possible. Une fois ces poses générées, la fonction de score va permettre d’évaluer les différentes
conformations et orientations obtenues (figure 3). L’intérét de cette fonction est double : elle
va classer les poses obtenues pour un ligand et classer les ligands eux-mémes en fonction de
leur score. Ce score peut étre énergétique ou non mais va évaluer la viabilité des poses et
interactions obtenues par 1’algorithme de recherche.

Figure 3: Illustration du positionnement et génération de poses d'un ligand (a gauche) etrla meilleure pose déterminée par

la fonction de score (a droite). Logiciel SEED. Image modifiée et tirée de Sledz P. et al. 2017
Le principal avantage du docking comparé a la MD est sa rapidité. Des milliers de composés
peuvent €tre analysés en quelques minutes contre plusieurs heures voire plusieurs jours selon
la complexité d’une MD. Les méthodes de docking et de MD sont souvent utilisées ensemble.
La premiére pour filtrer le jeu de données pour ne conserver qu’un groupe de ligands actifs ou
juste le plus actif qui sera ensuite analysé par la seconde lors de simulations. Cela permettra de
confirmer leur affinité avec la protéine grace a des analyses énergétiques et de liaisons plus
poussées et stabiliser le complexe protéine-ligand formé.
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Ces approches de docking et de MD ne vont pas permettre la découverte ou la prédiction
d’effets indésirables directement. Néanmoins leur role dans la compréhension des mécanismes
d’interaction permet le développement de composés spécifiques réduisant en théorie
I’apparition d’effets indésirables rendant le développement d’un médicament plus efficace, de
maniere plus rapide, et moins cotiteuse. Ce sont donc des méthodes fondamentales dans les
processus de drug discovery aujourd’hui.

1.3.2 Les approches basées sur le ligand

Ces approches (/igand-based en anglais) sont principalement utilisées lors des phases de
développement non cliniques. Elles peuvent étre associées avec des approches structurales mais
cela n’est pas systématique car ces méthodes peuvent par elles-mémes chercher a prédire (des
activités, de la toxicité, des effets indésirables...) en utilisant différentes informations associées
a une petite molécule (données chemo-génomiques, physico-chimiques, structurales...). Des
bases de données ont été développées répertoriant certaines de ces informations, notamment la
chEMBL [Gaulton A., et al. 2017] et PubChem [Kim S., et al. 2021].

La ChEMBL est une base de données européenne contenant 2.2 millions de molécules
bioactives (figure 4) avec des propriétés médicamenteuses. Les données sont manuellement
ajoutées et de nombreuses informations sont présentes notamment sur les différents assays
effectués, les cibles identifiées, ou encore les types cellulaires et les composés testés étant actifs
sur celles-ci.

Contenu retiré pour des raisons de droits d’auteurs

En plus des propriétés obtenues expérimentalement, les outils in silico sont également utilisés
pour effectuer des prédictions d’interactions pour ces composés avec certaines cibles, ou pour
calculer certaines propriétés physico-chimiques importantes dans le développement d’un
médicament ; comme les régles de Lipinski ou de Veber [C.A. Lipinski, et al. 1997 ; Veber
D.F., et al. 2002].
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PubChem est une base de données américaine regroupant les informations de 869 sources (en
constante augmentation) accumulant plus de 111 000 000 de composés (tableau 3).

Data
Li Descrivti
Collection ive Count escription
Unique chemical structures extracted from contributed
C ds | 111,507,152
OMpOoUnas Y PubChem Substance records
7 ; ; - ; P
Substances | 281.974.768 nfor@atlon about chemical entities provided by PubChem
contributors
BioAssays 1,466,011 | Biological experiments provided by PubChem contributors
Bioactivities | 295,079.255 Bz‘ologzcal activity data points reported in PubChem
BioAssays
Genes 103,622 Genes tested in PubChen'a BlO'ASSCZ'yS and those involved in
PubChem Pathways and identified in PubChem Patents
) Proteins tested in PubChem BioAssays and those involved in
Proteins 185,291 ] ) )
PubChem Pathways and identified in PubChem Patents
Organisms of proteins/genes tested in PubChem BioAssays
Taxonomy 112,547 and those involved in PubChem Pathways and identified in
PubChem Patents
Pathways 238,908 | Interactions between chemicals, genes, and proteins
Cell Lines 1,964 Cell Lines tested in PubChem BioAssays
Literature 34,357,919 | Scientific publications with links in PubChem
Patents 42,395,312 | Patents with links in PubChem
Data Sources 869 Organizations contributing data to PubChem

Tableau 3: Résumé des données présentes dans la base de données PubChem
(source : https://pubchemdocs.ncbi.nlm.nih.gov/statistics).

Si les données ne sont pas ajoutées manuellement comme pour la chEMBL, son répertoire de
composes est beaucoup plus large ; il y ajoute également des informations in silico comme les
différentes structures en 3D résolues avec ce composé grace a I’intégration de la PDB ou la
structure du composé lui-méme.

1.3.2.1 Les modeles Quantitative Structure-Activity Relationship (OSAR)

Les modeles QSAR ne sont pas limitées aux approches ligand-based. En effet des modéles
basés sur la structure des protéines ou des donnée expérimentales peuvent étre également
développés. En revanche, la majorité des approches QSAR sont implémentées pour du ligand-
based (prédiction de toxicité, propriétés ADME, activité biologique...), d’ou le développement
de ces méthodes sur ce chapitre. Elles vont se baser sur les propriétés structurales physico-
chimiques des composés, leur empreinte moléculaire (fingerprint ou FP en anglais) [Muratov
E.N., et al. 2020]. Les FPs peuvent aller d’une a trois dimensions allant du nombre d’atomes
de carbone aux coordonnées/distances entre deux pharmacophores (figure 5).
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Figure 5 : Transcription de propriétés chimiques en FPs, matrice de 0 et 1, image provenant de la présentation de Gregory
Landrum, “fingerprints in the RDKit” RDKit UGM 2012, London (2012).

Cela va permettre de créer des tableaux, reprenant toutes ces propriétés pour chaque composé
chimique, pouvant ainsi é&tre analysés. Ces analyses peuvent permettre la prédiction
d’interactions protéine-ligand, ou la prédiction d’effets indésirables en se basant sur la similarité
de certains composés entre eux grace a des approches d’apprentissage automatique ou de
réseaux de neurones [Dey S., ef al. 2018]. En plus des FPs d’autres données peuvent étre
collectées comme les concentrations d’activité, les type d’expériences (assays en anglais)
effectuées pouvant ajouter des informations utiles pour les analyses.

1.3.2.2 Les pharmacophores

Connaitre la structure 2D et 3D de ligands peut conduire a la mise en place de modéles basés
sur des pharmacophores (figure 6). Ces modeles s’appuient sur des propriétés moléculaires
indiquant les types de groupement et les distances nécessaires entre eux pour qu’un ligand
puisse interagir avec une protéine.
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Figure 6: Représentation d'un modele de pharmacophore en 3D et son application sur deux molécules. En orange les cycles
aromatiques, les atomes donneurs d'hydrogene en violet et accepteurs en vert. Image modifiée et tirée de la publication
Ahmad K. et al. 2019
Ces informations peuvent étre ajoutées dans des modeles QSAR mais I’approche est également
intéressante pour constituer un jeu de données structurellement diversifiées ayant les mémes

propriétés clés que le ligand actif de référence.
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Les approches basées sur la structure de la protéine et le ligand sont souvent combinées dans
des perspectives de découvertes de nouveaux candidats médicaments. Dans 1’étude menée par
Kumar S. (Kumar S., ef al. 2020) la combinaison d’approches de docking et de MD a permis
de mettre en évidence de potentiels candidats médicaments agissant sur la protéase principale
du SARS-CoV-2 appelée 3CLP™. Cette protéine essentielle a la réplication des virus de type
coronavirus dans les cellules est une cible thérapeutique intéressante a étudier. Dans un premier
temps le docking de 13 antiviraux approuvés et agissant sur la protéine pour d’autres
coronavirus a ét¢ effectué¢ afin de trouver le médicament interagissant le mieux avec celle du
SARS-CoV-2. Ensuite les composés analogues a I’indinavir, antiviral ayant obtenu le meilleur
score de docking sur la 3CLP™ du SARS-CoV-2, a permis de mettre en évidence 25 composés
ayant une meilleure affinité avec la protéine que 1’antiviral. Ces composés ont été générés en
conservant un pharmacophore considéré important, 1’hydroxyethylamine. Un composé
respectant les régles de Lipinski a été sélectionné et les MDs ont montré des interactions stables
dans la durée avec la 3CLP™ et similaires a 1’indinavir. Un potentiel candidat médicament
spécifique a une protéine est donc ainsi mis en évidence pour des études approfondies in vitro
et in vivo par la combinaison d’approches in silico et ce a peine trois mois apres le début de la
mise en place de I’'urgence sanitaire en France.

1.3.3 Les approches basées sur la connaissance

Les approches dites knowledge-based (KB) en anglais sont des méthodes s’appuyant sur la
récupération et I’analyse de données regroupées dans des bases de données. Contrairement aux
approches ligand-based qui utilisent les propriétés physico-chimiques, les KB se basent sur les
interactions connues entre les différents groupes a analyser. De la méme maniere que les
QSARs, des modeles prédictifs peuvent étre développés sur ces interactions. De nombreuses
bases de données se sont développées regroupant notamment les interactions médicament-cible,
médicament-effet indésirable [Mohamed S.K., ef al 2020 ; Ye Q., et al. 2021]. On peut par
exemple citer la drugbank [Wishart D.S., et al. 2018] qui est une base de données regroupant
toutes les informations sur les médicaments mis sur le marché, retirés ou en développement,
représentant 14 665 composés (version 5.1.9 de la Drugbank). Les données provenant de la
littérature sont manuellement ajoutées et vérifiées, certaines propriétés physico-chimiques,
surtout celles permettant de valider ou non les différentes régles définissant la viabilité d’un
candidat-médicament (Lipinski, Veber...), sont prédites. C’est également le cas pour les
propriétés ADMET (passage de la membrane hématoencéphalique, I’absorption intestinale...).
Cette base de données donne également acces aux interactions médicament-cible (19 198), et
aux effets indésirables dus aux médicaments. Drugcentral [Ursu O., et al. 2017] est une autre
base de données qui se concentre principalement sur les médicaments approuvés par la Food
and drug administration (FDA). Les données recueillies proviennent de la littérature ou d’autres
bases de données comme la chEMBL. Cette base de données possede (sur la version du 12
Novembre 2021) des informations sur 4 714 composés actifs, et une liste d’effets indésirables
conséquente pour chacun de ces composés.
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Les sources permettant de collecter ces interactions étant souvent hétérogeénes dans leur
construction, les informations recueillies peuvent étre formatées et intégrées dans une base de
données sous forme de réseaux (figure 7) permettant d’interpréter les différents liens formés ;
c’est la science des réseaux.
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Figure 7: Exemple d'architecture de base de données graphique, les nceuds sont les différentes catégories représentées par
des cercles, les relations qui caractérisent ces nceuds sont représentées par des liens, ici orientés.

La science des réseaux est un outil de plus en plus utilisé qui a I’avantage de pouvoir visualiser
différentes sources d’information et leur connections sur un seul graphe. Il est basé¢ sur la théorie
des graphes et a été remis au gott du jour par Barabasi qui exploite ce type d’approche dans de
nombreuses études pharmacologiques (notamment le Covid-19) [Barabasi A.L., et al., 2010 ;
Gysi D.M, et al. 2021].

Plusieurs outils ont été développés comme Cytoscape [Shannon P, et al. 2003] qui est un
logiciel permettant de représenter graphiquement et d’analyser par des approches de graphes
les données implémentées. Cytoscape a été développé dans 1’idée d’étre utilisé en recherche et
possede de nombreux plugins permettant d’intégrer des données de différentes sources
directement via le logiciel et de les traiter comme par exemple stringApp pour la base de
données STRING [Doncheva N.T., et al, 2019]. On peut également citer le logiciel Neo4J qui
est un outil NoSQL (pour not only SOL) de haute performance grace a son systéme de requéte
basé sur le langage Cypher. Ce logiciel, utilisé principalement par de grandes entreprises
comme la NASA, Allianz ou encore eBay, commence a étre utilis€é par des groupes
pharmaceutiques comme Novartis ou Servier [https://neo4j.com/case-studies/novartis/] dans
une optique KB pour associer des données dans une relation composés-genes-maladies.

Cette science combinant la création de « méta-bases » de données aux approches statistiques
telles que I’apprentissage automatique ou les réseaux de neurones permet la création de
protocoles de prédictions de maladies ou d’effets indésirables. Dans I’étude menée par Zitnik
M., et al. (2018) les effets de la polypharmacie sont étudiés pour déterminer les paires de
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médicaments liés a la présence d’effets indésirables. En regroupant plusieurs bases de données
dont STITCH et SIDER [Szklarczyk D., et al. 2015 ; Khun M., et al. 2016] avec I’intégration
de réseaux développés par d’autres équipes, une méta-base de données de plusieurs millions
d’interactions a été générée. Enfin un réseau de neurones apprenant sur les différents liens et
neeuds de ce graphique pour prédire ’apparition d’effets indésirables en cas de prise de deux
médicaments conjointement a été mis en place.

1.3.4 Les approches phénotypiques

Les approches phénotypiques ont été étudiées des le début des années 1990 mais furent écartées
pour des approches basées sur 1’identification des cibles protéiques, plus rapide et moins
couteuses [Haasen D., et al. 2017]. Néanmoins avec le développement des outils informatiques
les approches phénotypiques redeviennent pertinentes car elles ne nécessitent pas de
connaissances a priori de la maladie ou des cibles interagissant avec elles. Elles se basent sur
des lectures de I’effet d’un composé a un niveau cellulaire, voire au niveau d’un organisme
entier, en utilisant des techniques d’imageries [Haasen D., et al. 2017]. En combinant ces
approches, notamment 1’imagerie cellulaire, avec des méthodes d’apprentissage automatique
ou d’apprentissage profond (deep learning en anglais), ces sorties peuvent étre analysées et la
perturbation d’un composé a différents niveaux d’un compartiment d’une cellule peut étre
¢tudiée et associée a un phénotype (notamment la toxicité d’un composé) [Aulner N., et al.
2019]. Une de ces techniques tirant partie de cette combinaison se nomme le Cell Painting
[Bray M.A., et al. 2016]. Cette derniere va relever les caractéristiques morphologiques des
cellules a partir d’images et transcrire celles-ci en données quantitatives. Grace a cela, de
nombreuses informations peuvent étre tirées des perturbations cellulaires par un composé
donné.

Dans le cadre de mes travaux de thése, j’ai exploité une partie de ces données et outils liés aux
sciences des réseaux afin d’explorer et de combiner des approches graphiques et statistiques
pour tenter de prédire les effets indésirables causés par les médicaments, leurs possibles
origines, tout en prenant en compte la variabilité¢ génétique des individus.
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Chapitre 2 : Intégration de données pharmacologiques

Cette partie sera consacrée a I’intégration de données d’interaction protéine-composé provenant
de la ChEMBL pour ensuite y associer les données phénotypiques provenant de la Broad
Bioimage Benchmark Collection (BBBC) [Ljosa V., et al. 2012]. Enfin des informations sur les
voies de signalisation, ou sur les maladies associées aux protéines provenant de Gene Ontology
[Mi H., et al. 2019], Disease Ontology [Schriml L.M, et al. 2018] et KEGG pathway [Kanehisa
M., et al. 2000] vont venir compléter cette base de données. Avec la création d’une
chimiothéque a partir de ces données, cela permettra un criblage phénotypique plus efficient et
d’assister dans les approches basées sur les cibles. L’intérét sera de déterminer un nombre de
composés (5100) touchant le plus grand nombre de cibles thérapeutiques existantes. Si le
criblage phénotypique ne se base pas sur la connaissance de cibles particulieres, 1’utilisation
d’une telle librairie peut permettre d’explorer les perturbations cellulaires. La finalité sera de
possiblement les lier a une famille, une protéine spécifique, une maladie, nous donnant plus
d’information sur les mécanismes d’action des maladies, de la protéine aux -effets
phénotypiques.

2.1 Les scaffolds

Il est estimé a 10?2 to 100 le nombre de molécules thérapeutiques potentielles, et a 108 le
nombre de composés ayant €té synthétisés [Lim J., et al. 2020]. Des stratégies doivent étre
utilisées pour explorer I’espace chimique de manicre efficace. Pour ce faire un protocole de
sélection va étre mis en place et reposera sur le découpage de molécules en scaffolds. Les
scaffolds représentent les parties principales des molécules, leur « squelette » (figure 8).
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Figure 8: Exemple d'un scaffold (dipeptide cyclique) et de différentes molécules thérapeutiques le possédant [ Balachandra
C,etal 2021].
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Ce découpage permet de garder la structure d’une molécule connue comme étant active sur une
cible, pour en garder les caractéristiques principales et d’explorer ou de synthétiser les parties
spécifiques a associer a une protéine, par exemple de la méme famille que la protéine initiale
sur laquelle interagit le composé ayant servi a extraire le scaffold [Card G.L., et al. 2005]

2.2 L’utilisation d’enrichissement

En utilisant les données de Cell Painting obtenues grace a I’utilisation de 1a BBBC, les données
morphologiques de composés en commun entre la BBBC et la chEMBL peuvent étre
fusionnées. Pour avoir I’information la plus compléte possible sur 1’effet de ces composés et
connaitre 1’importance d’une protéine avec laquelle ils interagissent dans un mécanisme
biologique ou une maladie, un enrichissement peut €tre effectué. Des packages existent comme
cluster profiler [Wu T., et al. 2021] permettant grace a la liste de génes interagissant avec un
compos¢ de calculer leur implication dans les processus biologiques, a partir de bases de
données spécifiques, regroupant les voies de signalisation (KEGG pathway), les maladies
(Disease ontology) ou les fonctions biologiques ou moléculaires (Gene ontology). Chaque géne
ou groupe de génes agissant sur un méme processus va €tre analysé par rapport au nombre total
de genes sur ce processus afin de déterminer I’importance de ce gene, et par extension de ce
composé, sur cette voie biologique en se basant sur une distribution hypergéométrique.
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Abstract

With the development of advanced technologies in cell-based phenotypic screening, phenotypic drug discovery
(PDD) strategies have re-emerged as promising approaches in the identification and development of novel and

safe drugs. However, phenotypic screening does not rely on knowledge of specific drug targets and needs to be
combined with chemical biology approaches to identify therapeutic targets and mechanisms of actions induced by
drugs and associated with an observable phenotype. In this study, we developed a system pharmacology network
integrating drug-target-pathway-disease relationships as well as morphological profile from an existing high content
imaging-based high-throughput phenotypic profiling assay known as “Cell Painting”. Furthermore, from this network,
a chemogenomic library of 5000 small molecules that represent a large and diverse panel of drug targets involved in
diverse biological effects and diseases has been developed. Such a platform and a chemogenomic library could assist
in the target identification and mechanism deconvolution of some phenotypic assays. The usefulness of the platform

is illustrated through examples.

Network pharmacology, Chemogenomics

Keywords: Phenotypic screening, Phenotypic drug discovery, Chemical biology, System pharmacology network,

Introduction

In the past 2 decades, the drug discovery paradigm has
shifted from a reductionist vision (one target—one drug)
to a more complex systems pharmacology perspective
(one drug—several targets) [1]. The reasons are related,
notably, to the number of failures of drug candidates
in advanced stages of clinical trials due to a lack of effi-
cacy and clinical safety [2]. Furthermore, the traditional
expectations that selective ligands act on a single target
are now challenged with new drug discovery processes,
especially for complex diseases like cancers, neurological
disorders and diabetes as they are often caused by multi-
ple molecular abnormalities rather than being the result
of a single defect [3-5].
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To accelerate drug discovery research in chemog-
enomic, systematic screening programmes of targeted
chemical libraries against a set of protein families have
emerged. For example, to discover new drugs to treat
cancer, a library consisting of known kinase inhibitors
may be screened to identify hit compounds and then
start a medicinal chemistry programme. Similar exercises
have been performed with GPCR-focused libraries [6]
and protein—protein interaction inhibitors [7].

More general chemical libraries were also built up rep-
resenting collections of selective small pharmacological
molecules that can modulate protein’s targets across the
human proteome and be involved in a phenotype per-
turbation. With the increased facility for academics to
get access to large chemical libraries, chemogenomic,
proteochemometric or polypharmacology approaches
have started to be developed allowing to mine this vast
amount of protein-ligand interactions and to predict
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a single ligand against a set of heterogeneous targets
[8-10]. Associations between drug-target and gene-
disease started to be investigated through druggable
genome studies [11-13]. Collection and processing of a
wide array of genomic, proteomic, chemical and disease-
related resource data were also explored using network
pharmacology approaches [14, 15]. Network pharmacol-
ogy combines network sciences and chemical biology
allowing the integration of heterogeneous sources of data
and the possibility to look over the action of a drug on
several protein targets and their related biological regu-
latory processes in system biology [16]. Multiple studies
have reported new insights in drug target clinical out-
comes based on the combination of chemogenomics,
network analysis and diseases [17-19].

Among chemical libraries considered in chemog-
enomic studies, many of them have been built by indus-
trial companies like the Pfizer chemogenomic library, the
GlaxoSmithKline (GSK) Biologically Diverse Compound
Set (BDCS), Prestwick Chemical Library and the Sigma-
Aldrich Library of Pharmacologically Active Com-
pounds, but some of them are also available for public
screening programmes like the Mechanism Interrogation
PlatE (MIPE) library that was developed by the National
Center for Advancing Translational Sciences (NCATS).
More details about these chemogenomics libraries can be
found here [20].

For a few years, there has been a revival of phenotypic
screening in drug discovery. However, the chemical
libraries discussed previously are not always optimised
for such studies. In fact, with the advances in various
technologies for cell-based phenotypic screening, includ-
ing the development of induced pluripotent stem (iPS)
cell technologies, gene-editing tools such as CRISPR-Cas
and imaging assays technologies, new phenotypic drug
discovery studies are reported in the literature [21-25].
Image-based high-content screening (HCS) on 30,000
small molecules has been for example used with a gen-
erative adversarial network to propose new small mol-
ecule structures that share similar morphological profile
[25]. Therefore, as phenotypic drug discovery studies do
not rely on knowledge of the molecular target perturbed
by a specific drug, the translation of the molecular mech-
anism of action in the context of a disease-relevant cell
system i.e., molecular phenotyping is the next challenge.

In this context, we decided to develop a pharmacol-
ogy network for phenotypic screening, integrating the
ChEMBL database [26], pathways, diseases and a high-
content image-based assay for morphological profil-
ing, Cell Painting [27], in a high-performance NoSQL
graphics database (Neo4j®). The aim is to identify pro-
teins modulated by chemicals that could be related to
some morphological perturbations at the cell level and
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lead to some phenotypes, diseases and/or adverse out-
comes. Furthermore, a chemogenomic library of 5000
small molecules that represents a large panel of drug
targets involved in diverse biological effects and diseases
was built. Using filtering based on scaffolds, this library
encompasses the druggable genome represented within
our network pharmacology and that can be of interest
for phenotypic screening. The protocol considered in the
development of the network pharmacology is discussed
further through examples in the next sections.

Materials and methods

Database

ChEMBL

The ChEMBL database (version 22) [28] was used for this
analysis. ChEMBL accumulates standardised bioactivity,
molecule, target and drug data extracted from multiple
sources (including literature). It contained 1,678,393 mol-
ecules with bioactivities defined as Ki, IC50, EC50 among
others, and 11,224 unique targets for different species.

Kyoto Encyclopedia of Genes and Genomes (KEGG)

The KEGG pathway database (Release 94.1, May 1,
2020, https://www.kegg.jp) is a collection of manually
drawn pathway maps representing the known molecu-
lar interactions, reactions and relations networks for
several pathway categories such as the metabolism, cel-
lular processes, genetic information processes, human
diseases, or drug development [29]. The KEGG pathway
was integrated into the drug-target library collected from
ChEMBL.

Gene ontology (GO)

The Gene ontology (GO) resource (release 2020-05,
http://geneontology.org) provides computational mod-
els of biological systems from many different organisms,
from humans to bacteria, at the molecular level to path-
ways level. It can provide an annotation to the biological
function and process of a protein. It contained more than
44,500 GO terms, 29,211 biological process terms, 11,113
molecular function terms and 4184 cellular component
terms for ~1.4 M of annotated gene products and 4593
Annotated species [30].

Human disease ontology (DO)

The DO resource (release 45, v2018-09-10, http://www.
disease-ontology.org) provides a human-readable and
machine-interpretable classification of biomedical data
that are associated with human disease [30]. The DO
resource includes 9069 DO identifiers (DOID) disease
terms.
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Morphological profiling

Morphological profiling data from 20,000 compounds
were gathered from the Broad Bioimage Benchmark
Collection (BBBC) using the BBBC022 dataset called
“Human U20S cells—compound-profiling Cell Painting
experiment” [32] (information: https://data.broadinsti
tute.org/bbbc/BBBC022/). Basically, U20S osteosarcoma
cells were plated in multiwell plates, perturbed with the
treatments to be tested, stained, fixed, and imaged on a
high-throughput microscope. Then, an automated image
analysis using CellProfiler (http://cellprofiler.org/) identi-
fied individual cells and measured morphological features
on each of them in the aim to produce a cell profile [33].
In the end, the comparison of the cell profiles treated
with different molecules (or experimental perturbations)
allowed to suit different objectives such as identifying the
phenotypic impact of chemical or genetic perturbations,
grouping compounds and/or genes into functional path-
ways, and identifying signatures of disease [34]. In the
BBBCO022 dataset, there are 1779 morphological features
measuring intensity, size, area shape, texture, entropy,
correlation, granularity, angle between neighbours, etc.
These parameters concern three “cell objects™ the cell,
the cytoplasm and the nucleus. For our study, only the
relevant information was kept. As each compound has
been tested between 1 and 8 times, the average value of
each feature for each compound was used. Features with
a non-zero standard deviation and not correlated with
each other (less than 95%) were kept in each of the three
classes. Finally, we have extracted the data matching the
compounds extracted from the ChEMBL database.

Methods
Scaffold hunter
We used a software called ScaffoldHunter [35] to cut
each molecule into different representative scaffolds and
fragments as follow:

(i) Removing all terminal side chains preserving double
bonds directly attached to a ring.
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(ii) Removing one ring at a time using a set of deter-
ministic rules in a stepwise fashion to keep the most
characteristic “core structure” until only one ring is left.

Scaffolds are distributed in different levels based on
their relationship distance from the molecule node

(Fig. 1).

Neo4J®

The main tool used to create the graph database is
Neo4j® (https://neodj.com/). It allows the integration of
large scales of data from numerous sources. Its architec-
ture is composed of nodes that represent a specific object
(e.g., molecules, scaffolds, proteins, pathways, diseases...)
linked by edges representing a relationship between two
nodes (e.g., a scaffold being part of a molecule, a mole-
cule targeting a protein, a target that acts in a pathway,
etc.).

R package (cluster profiler, ggplot...)

R package cluster profiler (version 3.14.3) was used to
calculate the GO enrichment and KEGG enrichment
[36]. The R package DOSE (version 3.12.0) was used to
perform the DO enrichment [37]. All the enrichment
functions were used with the adjustment method “Bon-
ferroni” and the p-value cutoff set at 0.1.

The R package org.Hs.eg.db [38] (version 3.10.0) was
used to translate “EntrezID” [unique gene ID from the
Entrez Gene database at the National Center for Bio-
technology Information, (http://www.ncbi.nlm.nih.gov/
gene)] to SYMBOL (Gene Name) and GO term.

Network pharmacology building

The heterogeneous sources of data were integrated
into a network pharmacology database. First, we only
selected compounds that have at least information on
one bioassay (5,03,000 molecules) and integrated them
in two main nodes of our network: “Molecule’, contain-
ing InchiKey and SMILES information and “Compound-
Name’; containing the chemical name and the database

Fig. 1 lllustration of the cutting process of Scaffold Hunter, from the whole molecule to one ring
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from which that name was extracted. We added 3 types
of nodes related to assays: “Result” which mainly con-
tains the value of the assay (from IC50, Ki...), linked to
an “AssayParameter” providing the type of assay (IC50,
Ki...) and unit of the value. The type of assay between A
(ADME), B (Binding), F (Functional), U (Unassigned) and
the confidence score defined by ChEMBL with a scale
between 0: uncurated data and 9: direct target assigned
were included. We integrated the “Target” node corre-
sponding to protein targeted by the assays and only con-
sidered three species: human, rat and mouse. Then, we
created a node “Uniprotinter” (UI) which contains the
generic ChREMBL name without species information and
the added UniProt [39] (corresponding to the “Entry_
name” in Uniprot).

The “Uniprotinter” nodes were linked to a “Protein-
Class” node extracted from the ChEMBL and contain-
ing information on the protein class to which a protein
belongs. This classification schema has several levels
(from 1 to 7) and goes from a specific classification (i.e.,
Metallo Protease M10A subfamily) to a general one (i.e.,
Enzyme). An example of this classification schema is
illustrated in Additional file (Additional file 1: Figure S1).

For compounds present in the network and for which
morphological profile is known, 3 nodes (“CellDesc’,
“NuclDesc” and “CytoDesc”) including major features on
these respective compartments (cell, nucleus and cyto-
plasm) were linked to the compound (CompoundName
node).

The KEGG, DO and GO nodes are linked to the targets
that are involved in the pathways and diseases respec-
tively. As one target may act in several pathways or dis-
eases, a single pathway and disease node can be linked to
several targets.

Compound’s selection

For the compounds’ selection, only bioactive molecules
with level 2 scaffolds and first-level protein classes were
considered. It allows removing large series of molecules
having too many analogues that can be kept with level 1
scaffolds and limit the association of a large set of mol-
ecules to general scaffolds such as benzene. Also, to limit
promiscuous compounds, all scaffolds that were linked to
more than 6 targets were removed.

As the “Target” information is regrouping 3 species,
one target may be represented multiple times with only
the species varying (e.g., SHT1A_HUMAN and 5HT1A_
RAT). To remedy this issue, we use the “UniprotInter”
(UI) node that does not take species into account, so the
information is not redundant.

Then, a binary matrix that annotated the bioactivity
profile for each scaffold (in rows) with all the targets (in
columns) was created. Scaffolds belonging to an active

Page 4 of 12

compound with a bioactivity for a target was noted as 1,
0 otherwise. Based on this matrix, hierarchical clustering
was performed to separate the scaffolds into clusters.

We decided to select one scaffold per cluster using the
following principle:

— The scaffold with the lowest distance, based on a
distance matrix using the dist function in R with the
binary method, equivalent to Jaccard/Tanimoto indi-
ces.

— If there were scaffolds with the same distance, we
selected them based on the number of targets they
hit, the highest being prioritised.

— Finally, we chose the scaffold that is linked to the
highest number of molecules.

If all of these criteria were not able to filter one scaf-
fold by cluster, we considered the scaffolds to be sim-
ilar and took one among the ones remaining.

Once all the scaffolds were selected, we extracted
all active molecules linked to them and performed a
multiobjective Pareto optimisation [40] using Pipe-
line Pilot to select 5000 molecules that will represent
the chemogenomic space present in CREMBL.
Similarly, to the scaffold selection, the compound
selection by Pareto was based on 3 criteria:

— Prioritise molecules with the most targets to maxim-
ise the different biological profiles.

— Prioritise molecules to maximise the number of scaf-
folds selected.

— Prioritise molecules to maximise the average number
of times a target is hit.

The Pareto method uses a genetic algorithm to gener-
ate the best subsets possible. The considered parameters
were several subsets created up to 1000, a subset size of
5000 compounds and 600 iterations. The mutation rate
parameter was unchanged.

Results
Network pharmacology development
A representation of the final graph database developed
with Neo4] is shown in Fig. 2. Globally, 1,61,468 mole-
cules that have a Ki/IC50 activity below 1 uM, a confi-
dence score of 9 among bioassays of type B and bioactive
in mouse, rat and human were integrated into the net-
work. This ensemble of compounds modulates 1975 tar-
gets which will be considered for further filtering steps.
A direct link between the node “Molecule” and “Target”
called actifConf9 was created to facilitate the database
manipulation.

From this set of bioactive compounds, 1,13,853 dis-
tinct scaffolds were generated and integrated into the
network. For the protein classes, ChEMBL has defined
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Fig. 2 Overview of the database, coloured by the type of node, the arrows corresponding to the type of relationship between the nodes. The
CellDesc, the NuclDesc and the CytoDesc represent features related to the compartment Nucleus, Cytoplasm and Cell observed on the U20S cell

1073 distinct classes distributed in 7 main protein fami-
lies. They represent the main area of drug discovery
investigation, notably the membrane receptor [with the
G protein-coupled receptors (GPCR)] and the enzyme.
Only the protein classes at level 1 protein classes directly
connected to a UniprotInter node were considered in this
study ending up with 363 protein classes. The distribu-
tion of molecules and scaffolds into the 7 families are
depicted in Fig. 3. Number of molecules (and scaffolds)
that have been reported active on several protein families
are also depicted in chord diagrams (Fig. 3). We noticed
that among the molecules active on Transporter, many
of them (1380 molecules) are also active on membrane
receptors. In opposite only few molecules active on Aux-
iliary Transport Protein have been reported to be active
on another protein family.

From the pharmacology network, several information
can be obtained such as multiple targets profile associ-
ated with a compound and its scaffold. For example, cri-
zotinib, an inhibitor of tyrosine kinase receptors used for
the treatment of non-small lung cancer targeted several
proteins that belong to different protein classes but all
membered of one main protein family, kinase (Addi-
tional file 1: Figure S2). Interestingly, looking through
the network, the number of molecules sharing the same
scaffolds with crizotinib can be collected. This set of
molecules could be suggested to have activities on these
tyrosine kinase receptors. Similarly, potential new bio-
activities not observed in previous studies could be

proposed to crizotinib based on scaffold similarity with
bioactive molecules.

Furthermore, based on the drug-targets network, it was
possible to include pathways and diseases information
allowing us to highlight known links between chemicals,
proteins, pathways and diseases. In this network, we were
able to add 766 GO terms, 301 KEGG pathway terms and
562 diseases ontology terms (DO) and performed enrich-
ment analyses. For each compound linked to at least two
proteins that are involved in the same pathway, a p value
(adjusted according to the number of genes involved)
was computed. It allowed to directly link compounds to
pathways and to determine pathways that are statisti-
cally enriched in a protein’s list. For example, the toza-
sertib molecule (pan-Aurora kinase inhibitor, anticancer
treatment) is linked to 4 proteins: FLT3 (Fms-like tyros-
ine kinase 3), DDR2 (Discoidin domain receptor tyros-
ine kinase 2), AURKB (Aurora kinase B) and AURKA
(Aurora kinase A) (Fig. 4A) in our network. Two of these
targets (FLT3 and DDR2) are involved in the same gene
ontology (GO) term “transmembrane receptor protein
tyrosine kinase” (GO:0004714). The enrichment for this
GO term showed a calculated p value of 2.54e-24, mean-
ing that the tozasertib has a significant influence on the
transmembrane receptor protein tyrosine kinase activ-
ity. Interestingly, the AURKA and AURKB genes are also
involved in kinase activities (histone kinase activity and
protein S/T/Ykinase activity) whose activations are nec-
essary for cell division processes in the regulation and
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control of mitosis. All of these proteins play an important
role in a wide range of cancers and it explains the inter-
est of tozasertib as an anticancer treatment. As a second
example, the molecule Chembl372020 [(S)-7-Dipro-
pylamino-5,6,7,8-tetrahydro-indolizine-3-carbonitrile] is
linked to two targets/genes, DRD3 (dopamine receptor
D3) and DRD2 (Dopamine receptor D2), both involved
in dystonia. The calculated p value enrichment for the
DO term (represented in Fig. 4B by the relation arrows
“actIn”) is 8.42e-05. It means that the molecule is sig-
nificantly involved in dystonia through DRD3 and DRD2
genes.

Morphological profile integration

Finally, we integrated the morphological profiles for
compounds in common between the ChEMBL and the
BBBC dataset. We found 2473 compounds common to
both datasets. It means that for this set of compounds,
proteins are annotated and can be suggested to the mor-
phological perturbations observed in the U20S cell line.
Morphological features are included in the network
according to the 3 cellular components described in Cell
Painting: the nucleus, the cytoplasm and the whole cell

itself (respectively named “nucl’; “cyto” and “cell”). This
phenotypic information could highlight links between
the target compartment and the phenotypic variations
associated with the molecule. Among others, features
may be a measure of the mean radius of the cytoplasm
area shape (“Cytoplasm_AreaShape_MeanRadius”), the
location of the centre of the cell according to the X-axis
(“Cells_Location_Center_X") or the entropy in the
nucleus of the cell (“Nuclei_Texture_Entropy”).

A features selection was applied for features concerning
the same cellular component. Among the 1779 features,
only 767 were kept: 250 for cell, 261 for cyto and 256 for
nucl respectively. Overall, a relation between a bioac-
tive molecule on specific proteins and morphological
perturbation can be suggested. For example, ciglitazone,
a thiazolidonedione with potential interest in ovarian
hyperstimulation syndrome or as an anti-hyperglycemic
agent is a selective agonist to the nuclear receptor PPARy
(Peroxisome proliferator-activated receptor gamma) and
shows morphological perturbations for different features
i.e., “Cytoplasm_Correlation_Manders_DNA_ER’, “Cyto-
plasm_Correlation_Manders_RNA_ER” or “Cells_Corre-
lation_Manders_Mito_ER”. So, this analysis could suggest
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a relation between the activation of PPARy and the mor-
phological disturbance of some compartments in cells.

Chemogenomics library development

Based on our graph database, we decided to develop a
chemogenomic library of 5000 molecules that would
cover the chemogenomic space and could be used for
phenotypic screening. A workflow of the protocol is
shown in Fig. 5.

In the first step, from the set of bioactive molecules, we
selected sub-scaffolds at level 2. Such selection allowed to
remove too specific scaffolds of a molecule observed at
level 1, but still capturing selectivity of molecules associ-
ated with some proteins. The main objective is to avoid a
general scaffold (i.e., only a ring) that would not be spe-
cific enough to discriminate between molecules when
trying to select active ones for a target. Then, to limit
promiscuity, all scaffolds that were linked to more than 6
targets were removed, (being the beginning of the curves’
elbow in Additional file 1: Figure S3), retaining 32,038
scaffolds.

In a second step, we focused on the protein’s space.
From the 7 main protein’s classes defined in ChEMBL,
only the first level protein classes were selected and
connected to 1221 protein’s targets resulting in 363
protein classes. This left us with 32,038 scaffolds linked
to 1221 targets belonging to 363 Protein Classes. On
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average, there were 3.4 molecules/scaffold and 1.5
targets/scaffold.

In our network pharmacology, the 1221 targets cor-
respond to 850 UniprotInter nodes (UI) i.e., proteins
having a unique function, independently of the species.
From there, the third step consisted of establishing a set
of 5000 molecules that cover as much as possible the
850 UI. We decided to select 5000 scaffolds, to have a
high diversity of molecules covering the protein’s space.
To do that we developed a hierarchical clustering that
allowed us to select 5000 scaffolds linked to 41,620
molecules and hitting 850 UI. Then, we performed a
Pareto multiobjective optimisation which selected the
best subsets of 5000 molecules satisfying the criteria
defined in the method section.

The Pareto optimisation created multiple “fronts”
which correspond to a dataset containing multiple
subsets of 5000 molecules. They had the same range of
results concerning the criteria and we decided to select
the one maximising both the biological profile and the
number of scaffolds. As such the 43rd out of 170 sub-
sets from the 1st front matched those criteria and was
chosen to represent the 5000 compounds (Additional
file 1: Figure S4).

We figured out that by selecting protein classes at
level one, some proteins (94 proteins) were not targeted
by one of the 5000 compounds or their scaffolds. This is
due to the ChEMBL proteins classification schema for

e | evel 2 scaffolds selected

* No scaffold with more than 6 targets
* 32038 scaffolds remaining

¢ Only dasses linked to the 7 families
¢ Considering the ones directly linked (level 1) to a Uniprotinter node
* 361 protein dasses remaining

e Syitch from 1221 targets to 850 Uniprotinter nodes

* Selection of 5000 scaffolds to try and consider the largest chemical
diversity possible with an ideal goal of 1mol/scaffold

Pareto
multiobjective

optimization

5000 scaffolds linked to 41620 molecules
» Slection of the best pareto front 43rd subset of 5000 molecules

Fig. 5 Workflow of the 5000 molecules selection
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which some proteins were not associated with one of the
7 main families. Therefore, in a final step, to cover the
maximum of the chemogenomic space, bioactive com-
pounds to missing proteins and capturing most of the
molecules through their scaffold were included in the
prior set of molecules. Overall, we obtained a library of
5100 molecules with a high diversity of scaffold target-
ing all bioactive proteins in ChEMBL and that could be
used for phenotypic screening. We can observe in this
library that on average, there are a little more than two
active compounds per protein i.e., with a Ki or ICy, lower
than 1 pM. Many compounds are active on several pro-
teins (see Additional file 1: Figure S5) which allow asso-
ciating several scaffolds to a specific protein but also to
determine the promiscuity of proteins with scaffolds that
could be of interest in the design of drugs acting on mul-
tiple targets or disease pathways i.e., polypharmacology.

Interestingly, only a few chemicals from this library also
had information on the Cell painting data and around
10% of the compounds in the phenotypic data is also pre-
sent in ChEMBL. In addition, many of these compounds
did not pass the confidence score (score of 9) applied in
ChEMBL and a bioactivity threshold (<1 pM) that allow
selecting highly active compounds. It means that only a
few chemicals are shared between the two databases.
Nevertheless, for these chemicals a relation between
their morphological profiles and molecular mechanisms
could be proposed.

Discussion

With the aim to relate the modulation of the protein’s
function by chemicals to some phenotype variations,
we created a system pharmacology network, integrat-
ing chemical-protein-pathways and phenotypic screen-
ing from two different sources, disease ontology and
morphological features of cells. The representation of
the molecules into scaffold facilitates the recognition of
chemotypes i.e., chemical patterns (opioid, benzodiaz-
epine...) associated with specific proteins, the diversity
of scaffolds linked to a protein and the diversity of pro-
teins targeted by a series of molecules with a unique
scaffold. The incorporation of phenotypic data allows us
to go one step further and to assist in the target decon-
volution of phenotypic assays. Although high content
imaging analysis allow to observe and to measure the
morphological disturbance of a cell by a chemical, such
technology do not give information about the molecu-
lar mechanism that underlies the cell perturbation. The
integration of chemical-protein activity from ChEMBL
with chemical-morphological profile from Cell Paint-
ing, can help to identify proteins that could explain the
morphological change of a cell by a chemical and so
the potential phenotypic and/or disease impact. The
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drug-targets-pathways-diseases relationships might help
in the investigation of repurposing drugs or a combina-
tion of bioactive drugs on two complementary proteins
involved in the same pathway. The system pharma-
cology network is not fully accomplished and pheno-
typic outcomes could be caused by some targets not
yet determined for a compound. Other databases could
be integrated. Among them, PubChem [41], ChemProt,
DrugCentral [42] databases would be useful to enrich
drug-target interactions. Furthermore, with microar-
ray and next-generation sequencing technology, deregu-
lation of genes and pathways caused by a compound in
specific conditions (dose, time, cell type, organ, species)
like for example in LINCS [43] would be beneficial for
obtaining a more comprehensive chemogenomic net-
work. Several initiatives have been developed to identify
modes of action of bioactive compounds based on tran-
scriptomics data to suggest new therapeutic indications
for a variety of diseases [44, 45]. For example, Iskar et al.
combined drug-target information and gene expression
profiles after drug treatment to identify the deregulation
of new drug-target interactions that could explain the
repurposing of drugs or potential side effects associated
with them [46]. It is important to notice that the scaffold
composition is highly dependent on screening libraries
considered and methods used to generate scaffolds [47,
48]. Recently, the implementation of scaffold network
has been introduced as a powerful method to navigate
and to analyze large screening data sets and could be an
alternative to the scaffold selection used in our study [49,
50]. Also, in addition to scaffolds that can help to recog-
nize certain chemotypes, other methods based on activ-
ity cliffs could be interesting to integrate as it consists of
interpreting a set of structurally similar compounds with
a large difference in potency against their target [51].

Overall, our systems pharmacology network captures a
large ensemble of drug-target interactions with high con-
fidence and based on a state-of-the-art NOSQL graphics
database (Neo4]) facilitating the manipulation of large
sets of data in a fast and efficient manner. The integration
of biological data such as pathways, diseases and pheno-
typic screening allows to study the effect of a molecule
not only at the molecular level but also in more complex
layers of a systems biology and can reveal novel repur-
posing and synergistic therapeutic opportunities or drug
safety issues.

Once the systems pharmacology network was devel-
oped, we decided to develop a chemical library limited
to 5000 molecules that could be of interest in phenotypic
drug discovery campaigns. Several aspects have been
considered in the development of the library such as (i)
accuracy about drug’s bioactivity (ii) diversity of molec-
ular scaffolds (iii) diversity of targets and target family
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across the human proteome (iv) diversity of pathways
perturbations and diseases associated with chemicals.

Eventually, we obtained a library of 5100 compounds
targeting a large ensemble of the proteome i.e. 1234 pro-
teins corresponding to 944 UI (Additional file 2). Com-
pared to GSK and Pfizer libraries which are dominated
by kinase, GPCR (Pfizer also includes ion channels), our
chemical library is more diverse as it contains transcrip-
tion factor, enzyme and epigenetic receptors among
others. The number of 5000 compounds was chosen
based on the fact that it converges to the size of librar-
ies reported by pharmaceutical compagnies (~3000 for
Pfizer and ~ 6000 for GSK libraries respectively)[52]. Our
library certainly not covers the complete chemogenomic
space but it is more affordable compared to a full HTS,
still encompassing a large set of chemical-protein inter-
actions represented in ChEMBL, that is suitable for a hit
identification study in early drug discovery program.

The diversity of scaffolds and biological profiles
obtained through the Pareto selection give also a much
more comprehensive representation of the proteome.
Further selections of compounds impacting the genome,
and thus other targets, could be performed using other
technologies from genomic screening (si/shRNA,
CRISPR-Cas9, RNAj, transcriptomics).

Based on this study, we identified 2473 chemical-target
interactions from ChEMBL with morphological profiles
from Cell Painting. At the scaffold level, common chem-
otype associating scaffold-proteins and morphological
profiling can be suggested. The fact that our chemical
library is essentially based on compounds with phar-
macological interest will probably have a better merit
in deciphering pharmacological mechanisms with dis-
ease phenotypic screening. Including some compounds
known to generate a broad range of toxic mechanisms
would be necessary to predict cellular phenotypic profiles
with molecular perturbations.

Conclusion

The developed systems pharmacology network is an inter-
esting tool that can be used in drug recommendation and
repurposing. The integration of pathways and pheno-
typic data allows linking molecular mechanisms to dis-
ease pharmacological compounds. Additional data such
as high-throughput transcriptomic would be interesting
to incorporate in such a network to get insights into the
genome-scale perturbation of a compound. Expanding on
our previous efforts with a combination of proteome and
transcriptome modulations by compounds and linking
these data with phenotypic screening would pave the way
in phenotypic drug discovery. Furthermore, optimization
of a chemical library that would encompass the informa-
tion coming from these new chemical biology technologies
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would facilitate the identification of molecular mechanisms
to phenotype and the discovery of novel pharmacological
entities.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513321-021-00569-1.

Additional file 1: Figure S1. The “proteinClass” node (in yellow) Serine
protease is a level 1 protein class, and the node Protease is a level 2
protein class for the “Uniprotinter” node Serine protease hepsin (colored
in blue). They are linked by a relationship member of which indicates their
belonging to a specific family. Figure $2. Example of network representa-
tion with crizotinib. 1 molecule, multiple targets hit in multiple protein
classes in one main family. Figure S3. Repartition of the number of targets
for each scaffold, with the repartition curve in red. Figure S4. Overview of
the 43th pareto front selection between the maximization of the different
biological profiles (x axis) and the average number of times a Ul is hit (y
axis). Each iteration is of a different colour, each point equal 1 out of the
5000 molecules. Figure S5. Bar chart of the number of Ul targeted by the
final selection of molecules.

Additional file 2: Table S1. List of 5100 compounds bioactives on
proteins. The compounds are encoded with a ChEMBLID, InChiKey and
SMILES code.
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SUPPLEMENTARY DATA

Serine

protease Serine
hepsin protease

memberOf Protease

Figure S1: The "proteinClass" node (in yellow) Serine protease is a level 1 protein class, and the node Protease is a
level 2 protein class for the "UniprotInter" node Serine protease hepsin (colored in blue). They are linked by a
relationship memberOf which indicates their belonging to a specific family.

Figure S2: Example of network representation with crizotinib. 1 molecule, multiple targets hit in multiple protein
classes in one main family.
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Distribution of the ber of molecules per Ivi2 scaffold with density curve
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Figure S3: Repartition of the number of targets for each scaffold, with the repartition curve in red.

Pareto Front Progress for Simple Subset Optimization

1.750

1.700

Figure S4: Overview of the 43th pareto front selection between the maximization of the different biological profiles (x
axis) and the average number of times a Ul is hit (y axis). Each iteration is of a different colour, each point equal 1 out
of the 5000 molecules.
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Figure S5: Bar chart of the number of UI targeted by the final selection of molecules
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CHEMBL419934 | M-XEYOUOGVSA- ggfgﬁ12CCC3C(CC’C“CC(O)CC[C@@]“C)CICCCZCI’ CP17A_HUMAN
N
CHEMBL78003 | YIWNIULQOQYDH | C[C@]12CCC3C(CCCA-CC(-0)CCIC@@43C)CICC-CaN | CPITA_HUMAN:CPITA
I-CEINIXRPSA-N | IC=CN=NI RAT
CHEMBLS75448 k%véﬁgﬁﬁﬁgfsi CIC@@]1(C(0)=NC2=CC=C(F)N=C2)CCCNICI=NC(=NC2 |IGFIR MOUSE;AKTI
3 —NNC(C3CC3)=C2)C2=CC=CN2N1 MOUSE
QASDPHCNHAXD o [JAK2_HUMANITYK2_
CHEMBL3352892 | KX- CIC@@IN(CGN)CCCIC@HNINCI=CCENO)CNN2C=CC | AN JAK T HUMA

DOMZBBRYSA-N

=Cl12

N;JAK3 HUMAN
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CI[C@@]1(CO)CCC[C@H]INC1=C(C(=N)O)C=NN2C=CC=

JAK2 HUMAN;TYK2

N

Cl2

CHEMBL3359925 | NV- o HUMAN.JAKI_HUMA
DOMZBBRYSA-N N,JAK3 HUMAN
UPBRYBJZTWHUQ o [JAK2 HUMAN;TYKZ_

CHEMBL3359928 | K-SMDDNHRTSA- | SIC@@IE)CCCIC@@HJINCI=CCEN)O)CENN2C=CE= |y ian:jAK T HUMA

N;JAK3 HUMAN

CHEMBL3415630

JMBODOHYRWZQ
EW-GOSISDBHSA-
N

C[C@@]1 (NC2=CC=C(C(=0)NO)C=C2)CCN(C2=CC=C(Cl)
C=C2)C1=0

HDAC6_HUMAN;HDA
C8 HUMAN

JAK2 HUMAN;TYK2

N

C/CCS)0C(=0)[C@H](CC1=CC=C(0)C=C1)N=C20

CHEMBL3359923 gg( P&lg{ljjﬁ/l{-}l))éXLﬁI- (IZZ[C@@]1(O)CCC[C@H]1NC1:C(C(:N)O)C:NN2C:CC:C HUMAN:JAK1 HUMA
] N;JAK3 HUMAN
MYZPAEFNFJXMA _ _ _ _ _ | HDAC1_HUMAN;HDA
CHEMBL3317811 | N-VCQYNLKMSA- ClC@@]12CSCENT)CI=CSCENCN=CO)CIC@@H]('C C3_HUMAN;HDAC2_H

UMAN

HDAC1_HUMAN;HDA

Y-ZDUSSCGKSA-N

3=CC=C(F)C(F)=C3)=NN21

BTCGBXANODIFO | C[C@@]12CSC(=N1)C1=CSC(=N1)CN=C(0)C[C@@H](/C= \
CHEMBL3317812 | 5 InTVBPUSA-N | C/CCS)OC(=0)[C@H](CCI=CN=CN1)N=C20 SiigMAN’HDACZ—H
CHEMBLI683452 | TXDHUDOTRSA. | CIC@@HICIC@@ICNCS(-0)=0NIcCeccca-cam)= | Y N MMpS 11U
X CC=C2C1)CCTN(0)C=0)C1=NC=C(F)C=N1 e MMP2_
CHEMBL 1683440 | KFGINQLPIZMSFB | C[C@@H](C[C@@)(C)(CS(-0)(=0)N1CCC(CCC2-CO~C( Tﬁ&hﬁ%ﬁ?ﬁﬁ
“XDHUDOTRSA-N | C(F)(F)F)C=C2CI)CC1)N(0)C=0)C1=NC=C(F)C=N1 e MMP2_
CHEMBL206501 ﬁggfﬁg;gﬁgf_ C[C@@H](C1=CC=C(C2=CN(C)C(=0)C=C2)C=C1)[C@H]( | DPP4 HUMAN:DPP2_ H
N N)C(=O)NI1CCC(F)(F)CI UMAN
PDE3B_HUMAN;PDE1
CHEMBL2431822 | SQYNPZYBHGTSO | C[C@@H](C1=CC=C2N=CC=CC2=C1)CI=NN=C2C=CC(C | C_HUMAN;PDEIA_HU

MAN;PDE10_HUMAN;
MET HUMAN

CHEMBL2431826

QRWHTFXNHZLJA
L-HNNXBMFYSA-
N

C[C@@H](C1=CC=C2N=CC=CC2=C1)C1=NN=C2C=CC(C
3=CC=CC(CHN)=C3)=NN21

PDE3B_HUMAN:;PDE1

A_HUMAN;PDE11_HU

MAN;PDE10_HUMAN;
MET_HUMAN

Table S1: 50 first lines of the supplementary table titled “List of 5100 compounds bioactives on proteins. The compounds are
encoded with a ChREMBLID, InChiKey and SMILES code.”. The entire file is available at
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8611952/
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2.3  Conclusion

Dans cet article, nous avons reli¢ différentes sources d’information biologique permettant une
caractérisation des perturbations majeures d’un ensemble de composés chimique au niveau
moléculaires et cellulaires et de leur possible implication dans le développement d’un ou
plusieurs phénotypes. De plus la création d’une librairie de 5100 composés permet de couvrir
un espace chemo-génomique important permettant de définir un grand nombre d’interactions
composé-protéine rapidement analysable. Enfin, ce travail fournit une base pour des approches
d’identification de potentiels candidats médicaments et de leurs effets tant phénotypiques qu’au
niveau des voies de signalisation.

Lors de I’application de 1’optimisation pareto les profils biologiques ont pu tre optimisés afin
d’apporter un maximum d’information structurale sur les interactions composé-protéine.
Néanmoins malgré ce paramétre le plus gros obstacle reste le nombre moyen de protéines
interagissant avec un composé qui reste dépendant des assays et est relativement faible.
L’intégration de nouvelles bases de données comme PubChem qui contient, entre autres, des
données de criblage a haut débit peut étre inclus pour apporter plus d’information. Des données
transcriptomiques peuvent également étre utilisées afin d’analyser des dérégulations de génes
causés par un composé. Enfin, concernant la similarité structurale des composés chimiques,
nous nous sommes focalisés sur les ‘charpentes’ (scaffolds) des molécules. D’autres paramétres
pourraient étre pris en compte comme les propriétés physicochimiques ou les pharmacophores
d’une molécule chimique comme proposé dans 1’article de Métivier J.P., et al. 2020.

Concernant I’aspect technique de I’analyse, le code et les fichiers ont ét¢ déposés sur GitHub.
Cette démarche s’inscrit dans les principes FAIR (Facile a trouver, Accessible, Interopérable,
Réutilisable) proposé par I’Europe et qui donne acces a toutes les informations permettant de
reproduire, modifier et/ou optimiser les résultats que nous avons obtenus. La seule composante
aléatoire dans la création de notre librairie est le pareto qui utilise une composante d’algorithme
génétique. Néanmoins cette composante a été « seedée » rendant les résultats reproductibles.
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Chapitre 3 : Analyse des effets indésirables et prédiction des
protéines responsables

Apres avoir exploré 1’effet de composés au niveau protéomique, phénotypique et leurs possibles
implications sur les processus biologiques ou les maladies, 1’étape suivante est de relier les
protéines a des effets indésirables. Pour cela une deuxiéme base de données va étre créée a
partir de la drugbank et de drugcentral. L.’ intérét de cette derniere va €tre I’inclusion de données
provenant de la Food and Drug Administration (FDA) Adverse Event Reporting System
(FAERS) qui encode 8501 effets indésirables reportés pour les médicaments avec leur
identifiant drugbank, rendant possible le lien entre ces bases de données.

3.1  Analyses de graphe

Une fois le réseau construit la premiere approche a été¢ d’analyser le graphe en utilisant des
approches classiques comme la centralité¢, mesure permettant de déterminer a quel point un
nceud est connecté dans le réseau, et la betweenness permettant d’analyser I’importance d’un
nceud de par le nombre de chemins les plus courts passant par celui-ci [Boezio B., et al. 2017]
Cette derni¢re mesure est intéressante et peut servir par exemple a déterminer les protéines les
plus influentes menant a un effet indésirable spécifique, par exemple la nausée, de par le nombre
de composés ayant un nombre de liens minimums pour atteindre cet effet passant par une méme
protéine. Ces analyses vont permettre un premier niveau de lecture du graphe et d’en extraire
les premicres informations.

3.2  Fonction de score

La création de cette fonction va permettre de directement lier un effet indésirable a une liste de
protéines. Lors de cette étude, des liens ont pu étre fait grace a des données expérimentales pour
les relations médicament-effets indésirables et médicament-cibles. Une hypothése a donc été
faite en considérant que si un médicament possede des effets indésirables et interagit avec une
cible, cette cible est liée a ces effets indésirables. Compte-tenu du nombre d’effets indésirables
pour chaque médicament les cibles ne sont probablement pas responsables de chacun de ces
effets. Pour analyser et préciser cette hypotheése une fonction de score a été créée. Les effets
indésirables vont étre représentés par la somme des coefficients des protéines reliées ; chaque
coefficient sera calculé comme étant la somme, pour chaque médicament interagissant avec la
protéine, de la fraction ayant pour dénominateur le nombre total de protéine interagissant avec
ce médicament. Cela permettra de mettre un poids plus important aux protéines touchées par
des médicaments qui seraient spécifiques a celles-ci, ou avec peu de cibles car ce sont elles qui
auraient le plus de chance de causer cet effet indésirable.
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3.3 Copy Number Variation

Une fois I’analyse des effets indésirables faite, le début de 1’analyse de la variabilité génétique
va conclure cet article avec 1’analyse de possibles relations entre les effets indésirables et les
CNVs. Ces mutations incluent deux types de modifications : la délétion, qui implique la
suppression de séquences répétées du génome, et la duplication qui a I’inverse augmente le
nombre de certaines répétitions de séquences génomiques [Shlien A., ef al. 2009]. Lors de la
traduction en protéine cela peut mener a une variation du nombre de protéines disponibles. Cela
peut avoir un impact sur le dosage des médicaments si la protéine traduite fait partie de la voie
de métabolisation de ceux-ci, pouvant mener a des effets indésirables car la dose prescrite ne
correspond pas a ce type de profil génétique [Hauser A.S., et al. 2017 ; Hollox E.J., et al. 2021].
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Drug-target-ADR Network and Possible Implications of
Structural Variants in Adverse Events

Bryan Dafniet,”’ Natacha Cerisier,”” Karine Audouze,™ and Olivier Taboureau*™

Abstract: Adverse drug reactions (ADRs) are of major
concern in drug safety. However, due to the biological
complexity of human systems, understanding the under-
lying mechanisms involved in development of ADRs
remains a challenging task. Here, we applied network
sciences to analyze a tripartite network between
1000 drugs, 1407 targets, and 6164 ADRs. It allowed us to
suggest drug targets susceptible to be associated to ADRs

and organs, based on the system organ class (SOC).
Furthermore, a score was developed to determine the
contribution of a set of proteins to ADRs. Finally, we
identified proteins that might increase the susceptibility of
genes to ADRs, on the basis of knowledge about genomic
structural variation in genes encoding proteins targeted by
drugs. Such analysis should pave the way to individualize
drug therapy and precision medicine.

Keywords: Network sciences - drug safety - pharmacology - adverse drug reactions - precision medicine

1 Introduction

The occurrence of adverse drug reactions (ADRs) is an
important concern for the health of patients as well as for
the healthcare sector as it costs several billion dollars every
year. ADRs account for 5% to 7% of all hospitalized
individuals and represent the fifth most common cause of
death in hospitals."® ADR is defined as a noxious and
unintended response to drug therapy at a normal dose.
Several factors, including polypharmacy, age, type of
prescribed medicines, and genomic variations, might
influence its occurrence.”! For example, drug-drug interac-
tions (DDIs) from combined medication have been reported
to account for 30% of all ADRs.” In addition, genetic factors
and structural variations may predispose a person to some
ADRs. It has been reported that pharmacogenomics
accounts for about 80% of the variability in drug efficacy
and safety.” Therefore, identifying the underlying mecha-
nisms of these ADRs is necessary to limit their severity and
mortality and to improve drug safety.

As a large number of drugs interact with more than a
single target, perturbated protein interaction network sys-
tem-wide approaches may be more suitable to capture the
effects of drugs on the human body."™® A variety of methods
linking ADRs to drug actions have been proposed. One
common approach is to correlate the chemical structure of a
drug compound with a particular set of ADRs.”'" However,
chemically unrelated structures might share ADRs, targeting
similar off-targets or pathways. To overcome this limitation,
methods based on target profiling similarity and side effect
similarity have been investigated.">™ Campillos et al."
proposed a method based on side effect similarity to
associate drug pairs with common protein targets, whereas
Fliri et al."™ adopted a systems biology approach, showing
that drugs with similar bioactivity profiles tend to cause
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similar side effects. In another study, Lounkine etal.
developed an enrichment score that associates targets with
ADRs based on the likelihood of the target-ADR pairs co-
occurring as compared to random associations."® Garcia-
Serna and Mestres'"” assigned a strength score between
drug and secondary effects (SE) depending on the reporting
frequency among the five SE sources used in their study,
where “1” denoted presence of SE in all sources, and “0.2"
denoted presence in only one source.

More recently, systems pharmacology approaches, com-
bining network sciences and chemical biology, have been
developed to predict and understand ADRs. Network sciences
allow the integration of heterogeneous data sources and the
quantification of their interactions."®' Several studies have
reported new insights on ADRs based on network representa-
tion and analysis. A bipartite graph and supervised machine
learning were developed to predict new drug-protein pairs by
combining chemical space (chemical structure similarity),
genomic space (amino acid similarity), and pharmacological
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effect™ Based on the topological properties of protein-
protein interactions, network biology methods were applied
to identify proteins involved in specific ADRs.”'? Chen et al.
performed an ADR-protein network and identified 41 network
modules related to specific ADRs.”®! Oprea etal. included
tissue information on a drug-target-SE network and reported
that a drug is more likely to cause SE in the organ/tissue
where it is more likely to accumulate.”*” Recently, a combined
deep learning and biomedical tripartite network approach to
predict drug-ADR associations was reported.””

In the present study, we developed a network biology
model that complements the ones previously mentioned to
identify and prioritize drug targets involved in specific ADRs as
well as in more general terms, based on the system organ
class (SOC) implemented in the Medical Dictionary for
Regulatory Activities (MedDRA).”® In addition, we included
genomic structural variation (SV) information in the models to
determine drug target associations contributing to the highest
ADR susceptibility in individuals.

2 Material and Methods
2.1 Data
2.1.1 DrugBank

To build the network model, we used the DrugBank database
v5.1.5%7 It is a free online database with a wide range of
information on drugs, notably drug-target relationships.
Considering all drugs, and only human proteins, we collected
11,355 small molecules targeting 3510 proteins, reaching
24,579 drug-target interactions.

2.1.2 DrugCentral

DrugCentral is a drug information resource, which includes,
among others, Food and Drug Administration (FDA) Adverse
Event Reporting System (FAERS).”® The likelihood ratio test
(LRT) for the safety signal detection method proposed by
Huang et al. was used.”® Any drug-ADR with a likelihood ratio
(Ilr) superior to the likelihood ratio threshold was conserved in
our analysis, giving us 92,794 associations with 8501 unique
ADRs. Moreover, on the basis of the Medical Dictionary for
Regulatory Activities (MedDRA), ADRs can be categorized
using the System Organ Class (SOC) classification, which is the
highest level in MedDRA hierarchy.”® Therefore, all the
compiled ADRs were categorized through the 27 SOCs,
representing them at the level of organs and body systems,
including other special categories (e.g., social factors, surgery,
poison, and injury). The SOC abbreviations are described in
Table S1 in the Supporting Information.
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2.1.3 Database of Genomic Variants

For information on the genomic structural variation observed
in the population, we used the Database of Genomic Variants
(DGV).2” DGV provides high-quality structural variations (SVs),
defined as a region of DNA elements approximately 1 kb and
larger and can include inversions and balanced translocations
or genomic imbalances (insertions and deletions), commonly
referred to as copy number variants (CNVs). The content of
DGV represents SV identified in healthy control samples from
large published cohorts and integrated by the DGV team. This
database contained 8 million entries in 2019. We worked with
the latest release available from the GRCh37(hg19) assembly
of supporting variants section (http://dgv.tcag.ca/dgv/docs/
GRCh37_hg19_supportingvariants_2020-02-25.txt). We ex-
tracted SVs with variant subtypes, including “deletion”,
“duplication”, “loss” and “gain”. SVs without frequency and
gene information were removed. This leads to 83541 SVs with
frequencies. For clarity, we combined deletion and loss under
the term “loss” and duplication and gain to the term “gain”.

2.2 Tools
2.2.1 Network Development & Representation

All compiled data are represented as a graph. A graph is a
mathematical model consisting of a set of nodes defined by
properties that are linked by relationships (edges). We used
the Neo4j tool (www.neo4j.com), which is a high-performance
NOSQL graphics database using Cypher-based query com-
mands. Data collected from the DrugBank, DrugCentral, and
DGV databases were integrated together into a network. First,
the drug-target reported in DrugBank was considered. The SV
information from the DGV was then connected to the targets,
forming a drug-target-SV network. In parallel, the drug-ADR-
SOC network was built from DrugCentral data. Finally, we
merged both networks. As we have no information about
specific target-ADRs, putative links were added to the drug-
ADR associations, based on the assumption that if a drug has
an ADR, then the protein targets may be causing it.

We deleted the nodes that either did not have any link, or
did not have a link considering all integrated collected data
(for instance, if a drug is connected to a target, but had no
ADR linked to it, we would remove this specific molecule
node). This step allowed to refine and reduce the compiled
data, and to keep only a fully linked graph (Figure 1A). An
example is also represented in Figure 1B with the drug
bivaluridin

2.2.2 Networks Analysis
Several parameters were considered to analyze the three

networks (Drug-ADR, Drug-Target and, Drug-Target-ADR).
Among them, we investigated the following:
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Figure 1. A) Overview of the integrative developed network. The nodes are represented by circles and colored according to their labels. The
numbers of nodes in the entire network are written below their labels. B) Example of a part of the network. Here, 3 nodes “SV” are
represented in dark green and named after their variant accession number, 2 nodes “Target” in beige named after their gene name, 1 node
“Molecule” in red named after the molecule name, 3 nodes “ADR” in blue named after their ADR term, and 3 nodes “SOC” in orange named
after their SOC abbreviation. The edges (in gray) show the relations between different nodes. This network was created using the Neo4j tool.
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Network density measures the fraction of edges in the
network, compared to the theoretical maximum number
of edges connecting each node.

Network centrality is a measure of how central its most
central node is in relation to all the other nodes.

The degree of a node corresponds to the number of
edges connected to a node.

Network heterogeneity measures the variance of the
connectivity distribution in a network.

Betweenness centrality is the frequency with which the
shortest paths between any pair of nodes pass through
that node. Betweenness centrality estimates the global
influence of a node in controlling the interaction
between a pair of nodes passing through this node in
the network. A node with high betweenness centrality is
usually a node concentrated in a dense subnetwork with
many connections to other nodes. Such a node has a

© 2020 The Authors. Published by Wiley-VCH GmbH

larger impact on the information flow in the global
network.?" Betweenness centrality is usually associated
with closeness centrality, measuring the importance of a
node in a subnetwork. It assumes that the closer a node
is to other nodes, the more likely it is to be included in
the shortest paths.

Radiality is a node centrality index. If the radiality is high,
it means that, with respect to its diameter, the node is
generally closer to the other nodes, whereas low radiality
means that the node is peripheral.

The topological coefficient is a relative measure of the
extent to which a node shares its neighbors with other
nodes. Nodes that have one or no neighbors are
assigned a topological coefficient of zero.

The connectivity of a node is the number of its neighbors.
The neighborhood connectivity of a node n is defined as
the average connectivity of all neighbors of n.
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For, the drug-target-ADR network, the drug-ADR linkages
were removed, to conserve only the Drug-Target-ADR-SOC
connections in the network indices calculation.

All analyses were performed using R®? and the Network
Analysis plugin from Cytoscape (v.3.6.1) (www.cytoscape.org).
Some figures required special R packages such as “circlize”®”
to produce the chord diagram, and “lattice”® and
“ggplot2”,** which produce various types of plots.

3 Results and Discussion
3.1 Drug-ADR and Drug-SOC Networks

Based on the 1000 drugs from the Drugbank, we collected
6164 ADRs from DrugCentral. To analyze the multiple ADR-
drug annotations, an undirected network-based model was
developed. Although such a large model is difficult to
visualize, network analysis allows the identification of some
interesting features and modules related to the topology of
the graphs. The obtained drug-ADR network was sparse, with
a total of 7164 nodes (drugs and ADRs combined). It has a low
network density (0.003), a network heterogeneity of 2.98
(tendency to contain hubs), an average number of 24 neigh-
bors, and a network centrality of 0.21 (close to 0 when all
nodes have the same centrality and close to 1 when one actor
has the maximal centrality). ‘Nausea’, 'Vomiting’ and ‘Drug
ineffective’ are the ADRs with the highest closeness centrality
(around 0.48), and radiality (around 0.86) i.e. they have the
highest number of drugs connected (407, 402 and 390
respectively). Methotrexate (used in acute lymphoblastic
leukemia, breast cancer, rheumatoid arthritis), alendronic acid
(indicated for the treatment of osteoporosis), and prednisone
(an anti-inflammatory or immunosuppressive drug derived
from cortisone) show the highest number of links to ADRs
(1561, 1422, and 1377, respectively). Interestingly, 155 drugs
are associated with only one ADR (293 drugs have less than
five ADRs), and 1626 ADRs are only related to one drug
(3718 ADRs are connected to less than five drugs). However, a
single ADR for a drug does not mean that this ADR appears
only for this drug. For example, prucalopride, a drug indicated
for the treatment of chronic idiopathic constipation, shows
‘Vomiting’ as unique ADR, even if 'Vomiting’ is connected to
402 drugs. Similarly,”Agoraphobia” was the only ADR seen
with the antidepressant paroxetine. However, this drug is
annotated to 449 ADRs. An interesting feature is the topo-
logical coefficient (TC), which measures how much a node
shares its neighbors with other nodes. For example, the ADR
‘Mental disability’ is indicated with two drugs and has a TC of
1, that is, the drugs aminophylline and theophylline are
annotated for the same 55 ADRs (Neighborhood Connectivity
score). Drugs sharing the same set of ADRs can be analogs —
such as droxidopa and norepinephrine for the Tracheal
atresia’ ADR, mycophenolate mofetil and mycophenolic acid
for ‘Wound infection pseudomonas’ ADR - but also structur-
ally different, although indicated for the same treatment
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(fluorouracil and capecitabine for Tumor perforation’ or
atovaquone and proguanil for ‘Plasmodium falciparum in-
fection’).

Based on the ADR-drug interaction pairs, it is possible to
create an ADR-ADR network that reaches close to 5 million
unique interactions between 6164 ADR terms. This network
allows the identification of ADRs interrelated to other ADRs by
large sets of drugs. This is the case, for example, with the
ADRs ‘Nausea’ and ‘Vomiting’ sharing 360 drugs and ‘Dizzi-
ness’ and ‘Nausea’ sharing 288 drugs. Some ADRs are also
related to common blood tests to evaluate liver problems
such as increased alanine aminotransferase and increased
aspartate aminotransferase, which share 219 drugs. Therefore,
although many drugs have common general ADRs, drugs may
also be related to specific ADRs. In the second step, each ADR
has been annotated to one of the 27 SOCs defined in MedDra.
Using this classification, we developed an SOC-SOC network
to visualize the 27 SOC interactions by drugs (Figure 2). The
larger the SOC, the more the drugs depict ADRs for this SOC.
Similarly, the larger the edge between the two SOCs, the less
the drugs have specific ADRs. We observed a fully connected
network between the 27 SOCs. Globally, the ‘General disorders
and administration site conditions’, the ‘Injury, poisoning and
procedural complications’, and the ‘Nervous System disorders’
are the most targeted SOCs by drugs with 684, 653, and
616 drugs, respectively. ‘Reproductive system and breast
disorders’, ‘Endocrine disorders’, and ‘Ear and labyrinth
disorders’ are less impacted with 144, 156 and 170 drugs,
respectively (Figure 2). The majority of the SOCs are highly
connected to the ‘General disorders and administration site
conditions’. In addition, many compounds with'Nervous
System disorders’ also present ‘Pregnancy, puerperium, and
perinatal condition’ (182 drugs). Similarly, ‘Cardiac disorders’
and ‘Vascular disorders’ (361 drugs) are linked as well as
‘Gastrointestinal disorders’ with ‘Injury, poisoning, and proce-
dural complications’ (458 drugs). We can observe that drugs
annotated to ‘Infections and infestations’ are also linked to
‘Respiratory, thoracic, and mediastinal disorders’, ‘Gastrointesti-
nal disorders’, and ‘Renal and urinary disorders’, which might
give some input about the comorbidities seen with the Covid-
19.5¢

3.2 Drug-Target-ADR and Drug-Target-SOC Networks

After analyzing both drug-ADR and drug-SOC interactions, we
included available drug target information from the DrugBank
database in the previously developed network and performed
a tripartite network analysis to assess drug targets that are
potentially associated with an ADR or an SOC. The principle is
the more drugs share common ADRs and proteins, the more
the proteins are associated to these ADRs. By integrating the
drug target information into the drug-ADR model, we built a
network of 515959 interactions between drugs, targets, ADRs,
and SOCs. The full list of the network scores obtained for each
node is available in the Supporting Information (Table S2). The
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Figure 2. A) System Organ Class (SOC) network. Each colored segment (node) corresponds to one SOC and is named according to its SOC
abbreviation name (Supporting information). The segment size depicts the number of drugs associated with their corresponding SOC. Each
edge represents a drug that causes an ADR linked to their corresponding SOCs. The chord diagram was developed using the R package
circlize. B) SOC association counting table. Each value represents the number of drugs common to both SOCs.

drug-target-ADR network is still sparse with a network density
of 0.014 between the 8571 nodes and a similar network
heterogeneity (2.43). The average number of neighbors (120)
as well as the network centrality (0.66) is higher, meaning that
some nodes (proteins) are more central than others (drugs
and ADRs). Proteins targeted by drugs are essentially
cytochromes and transporters, except for the serum albumin
protein (ALB) (Table S3 in Supporting Information). As primary
targets are drug-metabolizing enzymes (DMEs), these results
are not surprising.”’ ¥ If we remove the cytochrome enzymes,
proteins such as ALB, SLC22 A6, PTGS1, UGT2B7, UGT1 A9,
and PTGS2 are highly related to ‘Acute kidney injury’ (Fig-
ure 3). Some of these proteins have been associated with this
adverse effect in studies.**" ‘Somnolence’ is highly related to
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ADRAT1 A, but so far, no clear relationship has been reported
in the literature. Finally, Toxicity to various agents’ is highly
associated with the human H1 receptor (HRH1). Although
antihistamine drugs are associated with many ADRs, a recent
study has reported that the polymorphism of HRH1 may be
related to the severity of ADR, notably sedation.*?

In the tripartite network, 84 drugs were annotated to a
unique protein (449 drugs with less than five proteins).
Through the drug-ADR relationships, it is possible to assume
that some proteins have an impact on specific ADRs. For
example, the 4-hydroxyphenylpyruvate dioxygenase protein
(HPD) is the unique target of the drug nitisone in DrugBank
and is linked to the ADR ‘Amino acid level increased’, ‘Liver
transplant’ and ‘Hepatocellular carcinoma’. The squalene
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Figure 3. A) The 20 proteins associated with the highest number of drugs for an ADR. B) The proportion of these 20 proteins associated with

an ADR among the other proteins linked to this ADR.

monooxygenase protein (SQLE) is linked to the drug naftifine
and the ADR ‘Blister, and the Oxytocin Receptor (OXTR)
connect the drug carbetocin and the ADR ‘Acute kidney
injury’. Interestingly, 166 proteins (11% of the drug targets)
connect one drug to only one ADR. Similarly, we can estimate
whether these proteins are central in the linkage between
drugs and ADRs. For example, the protein GNRHR2 is linked to
the ADR ‘Ovarian hyperstimulation syndrome’ and the drug
nafarelin (Figure 4A). GNRHR2 has a low Neighborhood
Connectivity score (16.5), and its topological coefficient (TC) is
one of the lowest (0.51). This means that GNRHR2 is relatively
specific to this ADR and has a high possibility of being
involved with this ADR. Protein DDAH2 has the highest
Neighborhood Connectivity score (424), but a higher radiality
(0.67) and a lower TC (0.50). This is due to DDAH2 being linked
to citrulline that is annotated to 14 targets and the ADR “drug
ineffective”, which is linked to 834 proteins. This protein does
not seem to be a central partner in this ADR.

In contrast, there is a set of 23 proteins (P5CR2, P3H2,
PPIC, EPRS, P3H1, PYCR1, PPIA, PAHAT, L3HYPDH, P3H3, PPIG,
PYCR2, SLC6 A14, PYCRL, PROSC, PPIF, SLC6 A7, PPIB, P4HA?2,
PARS2, PPIH, SLC16 A10, PRODH) that are linked to the
nutraceutical Proline and the ADR ‘Fetal growth restriction’.

With a TC of 0.64, these nodes are more specific to this
ADR. The proteins with the highest connections are essentially
cytochromes and transporters. CYP3A4 has the highest close-
ness centrality (0.66) and radiality (0.91). This is the most

Wiley Online Library
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central node. However, its TC is the lowest (0.06), meaning
that there is no clear relationship between a set of drugs and
a set of ADRs with which CYP3 A is involved.

Finally, 16 ADRs are associated with only one protein. For
example, ‘Niemann-Pick disease’ is linked only with the UGCG
protein, and the drug miglustat (Figure 4B); the ADR ‘Mixed
dementia’ is linked with the cytochrome CYP1A2, and the
drug bendamustine; and the ‘Implant site rash’ is associated
to the GNRHR receptor, and the drug histrelin. However, these
proteins can be related to other ADRs, as many drugs
influence these proteins. The Neighborhood Connectivity
score can inform us if the nodes (drugs and proteins) linked to
an ADR are highly connected to other ADRs. For ‘Niemann-
Pick disease’, the UGCG protein is connected to 18 other ADRs
through the drug miglustat (see Figure 4B where only 13 of its
ADRs are shown), whereas for ‘Mixed dementia’, CYP1A2 is
linked to 3547 ADRs through 131 drugs. On average, 18.5 pro-
teins are predicted to have an effect on more than one ADR,
confirming the possible role of some proteins in many ADRs.
To estimate the contribution of each protein to an ADR, we
developed an equation (eq. 1) combining the proportion of
the proteins targeted by a drug and adding the ensemble of
proportions for all drugs involved in the same ADR.[Eq. 1]
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Figure 4. Zoomed-in parts of the network as example. “SV” nodes
are represented in dark green and named after their variant
accession number, “Target” nodes in beige named after their gene
name, “Molecule” nodes in red named after their name, “ADR”
nodes in blue named after their name, and “SOC” nodes in orange
named after their SOC abbreviation. The edges (in gray) show the
relations between different nodes. Nodes cited in the text are
framed in black and written in bold. A) Example of subnetwork
involving the target “GNRHR2” and the ADR “Ovarian hyper-
stimulation syndrome”. B) Example of subnetwork involving the
target “UGCG” and the ADR “Niemann-Pick disease”. Only 13/18
ADRs linked to the miglustat molecule are represented. C) Example
of subnetwork involving the ADR “Uterine disorder”, its 5 molecules
and 20 targets.
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Such an equation allows the assessment of the contribu-
tion of each protein to an ADR. The information is available in
the Supporting Information (Table S4).

For example, the ADR ‘Prostate cancer stage IV', which is
linked to one drug (leuprolide) that targets two proteins
(GNRHR and CYP3A4), will have a contribution of 0.5 to
GNRHR and 0.5 to CYP3A4. The ADR ‘Uterine disorder’ is linked
to five drugs that are linked to 20 proteins (Figure 4C).
Integrating proteins targeted by these drugs, the farnesyl
pyrophosphate synthase (FDPS) obtains a score of 1.7, where-
as the second one (PTGS2) obtains 0.625, and the other
proteins less than 0.23. Therefore, these two proteins could
contribute the most to this ADR. Of course, for some general
ADR like ‘Nausea’ for which 944 proteins are linked, the
contribution of each protein might be questionable, but for
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Figure 6. Chord diagram of the SOC-SOC interaction network based on the target SOC information.

many ADRs for which we have fewer proteins, this approach
can be used to prioritize proteins causing ADRs.

Finally, we developed a drug-target-SOC network. At the
SOC level, 177 proteins are linked specifically to one SOC.
Many proteins do not seem to be specific to one SOC. Many
proteins targeted by drugs are linked to ‘Metab’, ‘Infec’, ‘Gastr’,
and ‘Inv’ in majority (Figure 5 and Table S5 in Supporting
Information).

Through the SOC-SOC network, we can observe that many
proteins are involved in two SOCs. The ‘Nervous System
disorders’ share more than 1000 targets with the ‘General
disorders and administration site conditions’, the ‘Injury,
poisoning and procedural complications’, and the ‘Gastro-
intestinal system’. The ‘Respiratory system’ is also highly
connected with other systems. The ‘Reproduction systems’

Wiley Online Library
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and the ‘Social circumstances’ are SOCs that are the least
connected to other systems with 400 to 500 proteins involved
in the two SOCs (Figure 6).

3.3 Structural Variations (SVs) on Drug Targets Associated
with ADRs

Matching the 1407 proteins with the data from the Database
of Genomic Variants (DGV), we identified 1117 drug targets
having SVs; 794 SVs were defined as ‘gain’ (replication of the
protein) and 957 SVs defined as ‘loss’ (deletion of the protein)
(Table S6 in Supporting Information). Figure 7 shows the drug
targets with the highest frequency of deletion, replication, and
SV associated with the highest number of drugs.

Mol. Inf. 2020, 39, 2000116 (8 of 11) 2000116


www.molinf.com

molecular

o ]
www.molinf.com informatics
A Deletion B Replication C Gene with the highest number of targets
TSPO i @ replication CYP4F12 ¢ @ replication OPRD1 @ replication
IKBKB b= B deletion SIK1 P B deletion CHRM3 | B deletion
SLC25A12 k== CKMT1B E= CYP2B6 B
SLC2A9 k== RXRA ¢ CYP2A6 Ie——
OPRM1 k== HCAR2 P ABCC3 |
CDK15 RNGTT B SLC6A4 I
EDNRA === GLO1 P SLC6A2 |
IARS2 === PRKCA P ABCC1 b
SLC2A12 === CKMT1A B CYP1A2 &
HPD = PRKCI P CYP1A1 &
SQLE == ITPR2 B GABRGS =
PRKAA1 GRM8 F GABRAS &
ALKBHS b TMLHE P GABRB3 k=
TNFSF13B s KCNB2 P CHRM5 e
P4HAT1 |l CA10 P ABCC4 k=
GABRR1 === CYP2E1 P HTR2A |
PYCL == PDE11A P SLCO1A2 |
SLC25A18 == GRIK2 P SLCO1B1 |
MUC2 ABCC2 P= SLCO1B3 |
FARSB |l CARS2 = HTR3A |
F10 NOMO1 = DRD2 |
GCT! FLT4 P== SLC22A11 |
TERT HTR3B BE= DRD4 !
ACSL3 OGDH PFP== CYP2E1 F
PRSS? AMY2A P ABCC2 |
UGT2B17 SLC2A2 == CYP2C8
ACVR1 e CES1 == CYP2C9 |
CPB1 e CBS === CYP2C19 |
GSTT! e OPRK1 == CYP2C18 |
GSTM1 & CACNA1TH === HTR7 &
T T T T 1 I T T T 1 I T T T T 1
Qe N < © @ < N < © @ = S q aQ = 0
o <} o IS} IS IS o o IS o g g g g g g

Frequency (average)

Frequency (average)

Frequency (average)
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drugs.

One of the proteins that shows the highest frequency of
replication is opioid receptor kappa (OPRK1). The polymor-
phism of this protein has recently been reported to affect pain
relief from opioids.”® Studies on cancer and postoperative
patients show that carriers of the homozygote G allele have
higher pain scores and require higher morphine doses,
thereby indicating reduced signaling efficacy and a possibly
declined receptor expression.*” A total of 52 drugs target this
protein, and some of them show as ADR ‘Drug abuse’, ‘Drug
tolerance’, ‘Drug hypersensitivity’, ‘Drug ineffective’, ‘Drug
intolerance’, or ‘Drug withdrawal syndrome’ and so might be
related to this SV. CES1 also has a high frequency of
replication. CES1 is involved in the catalysis of the hydrolytic
biotransformation of a variety of compounds containing an
ester, amide, or carbamate function to their respective free
acids and alcohols.*! Numerous drugs, including the psychos-
timulant methylphenidate (MPH) used in the treatment of
attention-deficit hyperactivity disorder (ADHD), angiotensin-
converting enzyme inhibitors (quinapril, imidapril, temocapril,
and cilazapril), anti-cancer agents (CPT-11), and narcotics and
analgesics (cocaine and meperidine) are all hCES1 substrates,
and the ADRs associated with these drugs could involve in
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some individuals an SV of this protein.*® On the other hand,
glutathione S-transferase, GSTM1, and GSTT1 genes are more
frequently subject to deletion. Studies have reported the
susceptibility of these enzymes to clinical toxicities, notably
gastrointestinal toxicity.*” This is a typical ADR that we see, for
example, with acetaminophen (paracetamol). The opioid
receptor mu (OPRM1) is also among the most frequently
deleted genes. Therefore, opioid receptors seem to have
frequent SV (deleted or replicated) that might explain ADRs
related to drug inefficacy. In general, we retrieved drug-
metabolizing enzymes (notably cytochromes) with the most
frequent SV. As these proteins are also highly targeted by
drugs, we can assume that the susceptibility to ADRs caused
by an SV on these targets is not negligible. For example, the
antidepressant fluoxetine targets CYP2C9, CYP2C19, CYP1A2,
CYP2B6, CYP3A4, CYP3A5, ORMI1, SLC6A4, HTR2C, and
KCNH2, which have some of the highest frequencies among
SV. We could assume that patients having an SV on one of
these proteins and taking this treatment have a greater
susceptibility to one of the ADRs linked to this drug.
Interestingly, at the top of the list, we can observe the
serotonin, dopamine, and noradrenaline neurotransmitter
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transporters. As they are the primary targets of many
antidepressants, it could be one of the explanations for the
inefficacy or ADR associated with them "

4 Conclusions

The present study explored the reported ADRs of drugs and
the potential drug-target associations causing these ADRs,
using network sciences. Although it is possible to assume the
role of some proteins for some specific ADRs, many biological
targets are related to several ADRs. Grouping ADRs into SOCs
allowed the observation of organs more affected by ADRs,
and whether the drug-specific ADRs were more localized in an
SOC or spread over several organs. We have to be aware that
some terms such as ‘Drug ineffective’, ‘Device ineffective’ and
‘Therapeutic product ineffective’ are listed as ADRs in the
reporting system provided by the FDA, although these terms
mean that there is no reaction occurring by the administration
of a drug in a normal dose. This is a known situation. As
Wysowsky etal. observed, the most frequently reported
adverse event was ‘Drug ineffective’."*”

The findings of ADRs are essentially based on clinical trials
or spontaneous reports but are rarely related to genomic
variations. The inclusion of structural variations in the drug-
target data is an interesting avenue as the high polymorphism
of some genes might contribute to increase the susceptibility
to an ADR. In our study, we considered structural variations of
more than 1 kb, which cover a complete loss or a large gain
of a gene that is important for the functionality of a protein.
There are more local genetic variations such as single-
nucleotide polymorphisms (SNPs) which can also be related to
the occurrence of ADRs, but the impact of such local variations
in a protein target is more difficult to assess. Pharmacogenom-
ic studies investigating the role of genetic variations in drug
response and results for some drugs have been reported and
can be accessed."*>"

Some challenges remain in utilizing the full potential of
network sciences to decipher the mechanisms behind drug-
ADR associations and network pharmacology.®® The coverage
of the drug-target associations is not fully accomplished, and
ADRs might be caused by some targets not yet determined
for a drug. In addition, our network does not consider the
binding affinity value between a drug and a target. Besides,
drugs might directly impact the expression of genes. With the
opportunity to access omics data, notably transcriptomic data,
toxicogenomic studies would allow an analysis of the
deregulation of genes and pathways in a specific cell type,
tissue, or organ, in the presence of a drug. The integration of
such information will be beneficial for obtaining a more
comprehensive pharmacological profile of drugs.
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SUPPLEMENTARY DATA

Table S1: SOC abbreviations

SOC abbrev
Blood and lymphatic system disorders Blood
Cardiac disorders Card
Congenital, familial and genetic disorders Cong
Ear and labyrinth disorders Ear
Endocrine disorders Endo
Eye disorders Eye
Gastrointestinal disorders Gastr
General disorders and administration site conditions Genrl
Hepatobiliary disorders Hepat
Immune system disorders Immun
Infections and infestations Infec
Injury, poisoning and procedural complications Inj&P
Investigations Inv
Metabolism and nutrition disorders Metab
Musculoskeletal and connective tissue disorders Musc
Neoplasms benign, malignant and unspecified (incl cysts and polyps) Neopl
Nervous system disorders Nerv
Pregnancy, puerperium and perinatal conditions Preg
Product issues Prod
Psychiatric disorders Psych
Renal and urinary disorders Renal
Reproductive system and breast disorders Repro
Respiratory, thoracic and mediastinal disorders Resp
Skin and subcutaneous tissue disorders Skin
Social circumstances SocCi
Surgical and medical procedures Surg
Vascular disorders Vasc
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Table S2: Network analysis - Adverse Drug Event
50 first lines of the supplementary table 2. The full data is available at DOI: 10.1002/minf.202000116.

Closeness

Nome | ears | Comri | e S | | ot
"Allergic hepatitis" 1 0.259 0.0 144.0 0.523 0.0
"Allergy to chemicals" 1 0.258 0.0 127.0 0.522 0.0
"Blaifz;gzg,aﬁon 1 0.274 0.0 957.0 0.560 0.0
"Blood ketone body™" 1 0.258 0.0 130.0 0.522 0.0
"Chemical burn" 1 0.258 0.0 127.0 0.522 0.0
"Conjunctival erosion" 1 0.265 0.0 467.0 0.539 0.0
"Implant site rash" 1 0.257 0.0 110.0 0.520 0.0
"Mixed dementia" 1 0.334 0.0 3708.0 0.668 0.0
"Multiple cardiac defects" 1 0.289 0.0 1742.0 0.591 0.0
"Niemann-Pick disease" 1 0.255 0.0 19.0 0.514 0.0
"Scleral thinning" 1 0.265 0.0 467.0 0.539 0.0
"Scleromalacia" 1 0.265 0.0 467.0 0.539 0.0
"Sensitisation" 1 0.258 0.0 127.0 0.522 0.0
"Skin test negative" 1 0.40 0.0 5824.0 0.750 0.0
"Urine ketone body" 1 0.258 0.0 130.0 0.522 0.0
"Urticaria chronic" 1 0.289 0.0 1742.0 0.591 0.0
"Agraphia" 2 0.260 0.0 208.0 0.525 1.0
"Anterior chamber fibrin" 2 0.296 0.0 1350.0 0.604 0.678
‘fﬂ:;gn‘if‘:gber 2 0.296 0.0 1350.0 0.604 0.678
"Application site pustules" 2 0.258 0.0 119.0 0.520 1.0
"Atrophy of globe" 2 0.290 0.0 1183.5 0.593 0.664
"Autonomic dysreflexia" 2 0.264 0.0 305.0 0.536 0.962
"Bl""ge‘é}rl;’;isr:f,,terase 2 0.271 0.0 537.0 0.553 0.688
"Blood product transfusion |, 0.268 0.0 3615 0.545 0.574
dependent
"Cerebral cyst" 2 0.276 0.0 720.5 0.564 0.674
"Choroidal dystrophy" 2 0.290 0.0 1183.5 0.593 0.664
"Cozlfﬁgtrir‘l’;,,time 2 0.268 1.0E-8 310.0 0.546 0.580
"Congenital cyst" 2 0.276 0.0 720.5 0.564 0.674
C;’erft%izlggery 2 0.268 1.0E-8 310.0 0.546 0.580
"CSF culture positive" 2 0.264 0.0 305.0 0.536 0.962
"CSF pressure decreased" 2 0.264 0.0 305.0 0.536 0.962
"Device battery issue" 2 0.264 0.0 305.0 0.536 0.962
"Device electrical finding" 2 0.264 0.0 305.0 0.536 0.962
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"Device extrusion" 2 0.264 0.0 305.0 0.536 0.962
"Device inversion" 2 0.264 0.0 305.0 0.536 0.962
"Device kink" 2 0.264 0.0 305.0 0.536 0.962
"Device material issue" 2 0.264 0.0 305.0 0.536 0.962
"Device plilsyssli:ﬁ‘l property 2 0.264 0.0 305.0 0.536 0.962
"Device related thrombosis" 2 0.263 0.0 233.0 0.533 0.602
"Duodenal atresia" 2 0.276 0.0 720.5 0.564 0.674
"Epiphysiolysis" 2 0.401 9.2E-7 2967.0 0.751 0.508
Pxragcular puscle 2 0.290 0.0 1183.5 0.593 0.664
"Eye excision" 2 0.290 0.0 1183.5 0.593 0.664
"Eyelid rash" 2 0.290 0.0 1183.5 0.593 0.664
"F"rczgcvr::l:;?adty 2 0.334 5.0E-8 1885.5 0.668 0.508
"General symptom" 2 0.260 0.0 208.0 0.525 1.0
"Head banging" 2 0.338 1.0E-8 2130.5 0.674 0.549
"Hepatic infarction" 2 0.291 0.0 1667.0 0.595 0.941
"Hereditary angioedema" 2 0.259 1.0E-8 83.0 0.524 0.532

Table S3: The 100 proteins the most targeted by drugs.
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13 [SLC22A6| 85 33 | PTGS2 50 53 | ABCC4 38 73 | OPRM1 32 94 | HTR2B 23
SLC22A

14 | CYP2E1 82 34 |SLC22A2| 50 54 |GABRA4| 38 74 5 32 95 | MAOA 23

15 | ABCBI1 74 35 | CHRM2 49 55 |GABRAG6| 38 75 | KCNH2 31 96 | NR3Cl 22

16 |SLC22A8| 73 36 | SLC6A2 49 56 |UGT1A9 38 76 |UGT1A3 31 97 | SCNSA 22

SLC16A1

17 |ADRAIA| 72 37 | HTRI1A 48 57 |UGT2B7 38 77 | BCHE 29 98 0 22
SLCISA

18 | ORMI1 71 38 |ADRAID| 46 58 | CHRM4 37 78 2 29 99 | ABCC3 21

19 |UGT1Al 67 39 |GABRAI 46 59 | ADRBI 36 79 | HTR7 28 100 [CYP2CI18 21

20 | CYPIAL 63 40 |ADRA2B| 43 60 |GABRBI 36 80 | NRI1I2 28 100 | HTR6 20

Table S4: Proteins potentially involved in the cause of ADR
10 first lines of the table S4. The entire file is available at DOI: 10.1002/minf.202000116.

ADR

Score of proteins involved in the ADR

17 Ketosteroids urine
abnormal

0.077xABCG2 + 0.077xCYP2C18 + 0.077xCYP2C19 +
0.077xCYP2C8 + 0.077xCYP2C9 + 0.077xCYP2D6 +
0.077xCYP3A4 + 0.077xCYP3AS5 + 0.077xCYP3A7 +
0.077xOPRDI1 + 0.077xOPRK1 + 0.077xOPRL1 +
0.077xOPRM1

5-hydroxyindolacetic
acid increased

0.2xCYP3A4 + 0.2xMPO + 0.2xSSTR1 + 0.2xSSTR2 +
0.2xSSTRS

5q minus syndrome

0.346xCYP3A4 + 0.283xCYP3AS5 + 0.25xCDHS + 0.25xCRBN
+ 0.25xPTGS2 + 0.25xTNFSF11 + 0.25xCYP2B6 +
0.216xCYP2A6 + 0.216xCYP2C19 + 0.216xCYP2C8 +
0.2xDCK + 0.2xPOLA1 + 0.2xRRM1 + 0.2xSLC28A3 +
0.2xSLC29A1 + 0.178xCYP2C9 + 0.172xCYP3A7 +
0.168xABCC2 + 0.168xABCG2 + 0.168xALB + 0.15xNR112 +
0.138xABCBI11 + 0.135xSLCO1A2 + 0.129xABCC1 +
0.129xABCC10 + 0.129xABCC3 + 0.111xCYP2C18 +
0.105xCYP3A43 + 0.105xHSD11B1 + 0.105xNR3C1 +
0.1xXRALBPI + 0.1xCYP1B1 + 0.096xSLCO1B1 +
0.096xSLCO1B3 + 0.072xNOS2 + 0.068xSLC22A8 +
0.067xSLC22A3 + 0.067xTUBA4A + 0.067xTUBB +
0.067xSERPINAG6 + 0.038xANXAT1 + 0.038xCYP11B1 +
0.038xCYP17A1 + 0.038xCYP1A1 + 0.038xCYP2E1 +
0.038xCYP4A11 + 0.038xHSD11B2 + 0.038xNROBI1 +
0.033xABCB8 + 0.033xABCC6 + 0.033xAKR1AI +
0.033xAKRIC3 + 0.033xCBRI1 + 0.033xCBR3 +
0.033xCYP2D6 + 0.033xNDUFS2 + 0.033xNDUFS3 +
0.033xNDUFS7 + 0.033xNOLC1 + 0.033xNOS1 + 0.033xNOS3
1+ 0.033xNQO1 + 0.033xPOR + 0.033xSLC22A16 +
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0.033xTOP2A + 0.033xXDH + 0.029xABCCI11 + 0.029xABCC4
+ 0.029xA0X1 + 0.029xATIC + 0.029xDHFR + 0.029xFOLR1 +
0.029xFOLR2 + 0.029xFPGS + 0.029xGGH + 0.029xMTHEFR +
0.029xPGD + 0.029xSLC15A1 + 0.029xSLC16A1 +
0.029xSLC19AT1 + 0.029xSLC22A11 + 0.029xSLC22A6 +
0.029xSLC22A7 + 0.029xSLC36A1 + 0.029xSLC46A1 +
0.029xSLCO1CI + 0.029xSLCO3AT1 + 0.029xSLCO4C1 +
0.029xTYMS

Abdominal abscess

0.678xCYP3A4 + 0.604xALB + 0.449xCYP3AS5 + 0.319xNR3Cl1
+ 0.296xSLCO1A2 + 0.287xSLCOI1BI + 0.267xSERPINA6 +
0.266xABCG2 + 0.258xUGT1A1 + 0.258xUGT1A9 +
0.253xCYP3A7 + 0.222xCYP2C8 + 0.216xABCC2 +
0.195xIMPDHI1 + 0.195xIMPDH2 + 0.195xUGT1A6 +
0.195xUGT1A7 + 0.195xUGT2B7 + 0.182xCYP2B6 +
0.175xCYP1A2 + 0.169xCYP2A6 + 0.169xCYP2C9 +
0.151xABCC4 + 0.143xABCAS5 + 0.143xFKBP1A +
0.143xORM1 + 0.125xGSTA1 + 0.125xGSTA2 + 0.125xGSTM 1
+ 0.125xHPRTI1 + 0.125xRACI + 0.125xTPMT + 0.125xXDH +
0.119xCYPIBI + 0.119xCYP2C19 + 0.119xCYP3A43 +
0.119xHSD11B1 + 0.115xCES1 + 0.092xABCC1 +
0.082xSLCO1B3 + 0.079xABCC3 + 0.079xMTHEFR +
0.079xSLC22A7 + 0.079xTYMS + 0.071xCSFIR + 0.071xFLT1
+ 0.071xFLT3 + 0.071xFLT4 + 0.071xKDR + 0.071xKIT +
0.071xPDGFRA + 0.071xPDGFRB + 0.062xBCHE +
0.062xSLC22A3 + 0.062xTOP1 + 0.062xTOPIMT +
0.053xCES2 + 0.053xPTS + 0.053xUGT1A10 + 0.053xUGT1AS8
+ 0.053xAKRICI + 0.053xAKR1C2 + 0.053xAKR1C3 +
0.053xAKRI1C4 + 0.053xANXATI + 0.053xHSD11B2 +
0.05xABCCS + 0.05xDPYD + 0.05xPPAT + 0.05xSERPINA7 +
0.05xSLC29A1 + 0.05xTYMP + 0.05xUMPS + 0.05xUPP1 +
0.05xUPP2 + 0.029xABCC10 + 0.029xABCC11 + 0.029xA0X1
+ 0.029xATIC + 0.029xDHFR + 0.029xFOLRI1 + 0.029xFOLR2
+ 0.029xFPGS + 0.029xGGH + 0.029xPGD + 0.029xSLC15A1 +
0.029xSLC16AT1 + 0.029xSLC19A1 + 0.029xSLC22A11 +
0.029xSLC22A6 + 0.029xSLC22A8 + 0.029xSLC36A1 +
0.029xSLC46A1 + 0.029xSLCO1C1 + 0.029xSLCO3A1 +
0.029xSLCO4Cl1

Abdominal adhesions

0.2xATP6V1A + 0.2xFDPS + 0.2xPTPN4 + 0.2xPTPRE +
0.2xPTPRS

Abdominal cavity
drainage

0.333xP2RY 12 + 0.333xPTGIR + 0.333xPTGIS + 0.19xABCG2
+0.19xCYP3A4 + 0.19xCYP3AS + 0.19xCYP3A7 +
0.19xSLCO1B1 + 0.19xSLCO1B3 + 0.143xCYP3A43 +
0.048xABCBI11 + 0.048xABCC10 + 0.048xABCC2 +
0.048xABCC3 + 0.048xCAMLG + 0.048xCYP2C19 +
0.048xCYP2C9 + 0.048xCYP2D6 + 0.048xPPIA + 0.048xPPIF +
0.048xPPP3R2 + 0.048xSLC10A1 + 0.048xSLC10A2 +
0.048xSLC22A6 + 0.048xSLCO1A2

Abdominal 0.2xCYP2C19 + 0.2xCYP2C9 + 0.152xCHRM2 +
compartment 0.152xCYP2D6 + 0.152xHRH1 + 0.125xPTGS1 +
syndrome 0.125xSLC22A2 + 0.125xSLC22A5 + 0.104xCYP3A4 +
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0.077xSLC22A8 + 0.077xSLCO1A2 + 0.075xCYP2A6 +
0.075xCYP2C8 + 0.048xAKR1DI + 0.048xANXAI +
0.048xCYPI11B1 + 0.048xCYP11B2 + 0.048xCYP1BI +
0.048xCYP2B6 + 0.048xCYP3AS5 + 0.048xCYP3A7 +
0.048xHSD11B1 + 0.048xHSD11B2 + 0.048xNR3C1 +
0.048xSERPINAG6 + 0.048xSHBG + 0.048xSRD5A2 +
0.029xABCC1 + 0.029xABCC10 + 0.029xABCCl11 +
0.029xABCC2 + 0.029xABCC3 + 0.029xABCC4 +
0.029xABCG2 + 0.029xALB + 0.029xA0X1 + 0.029xATIC +
0.029xDHFR + 0.029xFOLR1 + 0.029xFOLR2 + 0.029xFPGS +
0.029xGGH + 0.029xMTHFR + 0.029xPGD + 0.029xSLC15A1
+ 0.029xSLC16A1 + 0.029xSLC19A1 + 0.029xSLC22A11 +
0.029xSLC22A6 + 0.029xSLC22A7 + 0.029xSLC36A1 +
0.029xSLC46A1 + 0.029xSLCO1B1 + 0.029xSLCO1B3 +
0.029xSLCO1C1 + 0.029xSLCO3AT1 + 0.029xSLCO4C1 +
0.029xTYMS + 0.027xADRATA + 0.027xADRA1B +
0.027xADRA2A + 0.027xADRA2B + 0.027xADRA2C +
0.027xCALY + 0.027xCHRMI1 + 0.027xCHRM3 +
0.027xCHRM4 + 0.027xCHRMS + 0.027xCYP1AI +
0.027xCYP1A2 + 0.027xDRDI1 + 0.027xDRD2 + 0.027xDRD3 +
0.027xDRD4 + 0.027xFMO3 + 0.027xGSTP1 + 0.027xHRH4 +
0.027xHTR1A + 0.027xHTR1B + 0.027xHTR1D +
0.027xHTRIE + 0.027xHTR2A + 0.027xHTR2C +
0.027xHTR3A + 0.027xHTR6 + 0.027xHTR7 + 0.027xUGT1A4

Table SS: Table counting drugs and targets associated with drugs, based on the 27 System

Organ Class (SOC).
soc Number of | Number of soc Number of | Number of
drugs targets drugs targets
Blood 361 747 Musc 381 864
Card 464 914 Neopl 243 619
Cong 205 582 Nerv 616 1105
Ear 156 565 Preg 212 722
Endo 170 494 Prod 208 555
Eye 287 709 Psych 487 927
Gastr 562 1073 (|Renal 427 855
Genrl 684 1142 |Repro 144 482
Hepat 335 731 Resp 531 1009
Immun 407 882 Skin 478 891
Infec 428 865 SocCi 144 579
Inj&P 653 1197 |Surg 274 727
Inv 583 1034 ||Vasc 441 886
Metab 458 944
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Table_S6: Genes encoding for drug's targets and having an SV. The values correspond

to the frequency of the SV (deletion or replication) observed in healthy individuals.
First 50 lines of the table S6 The rest of the file is available at DOI: 10.1002/minf.202000116.

Gene deletion replication
AKRICI 4,60E-05 0,00012
AKRI1C2 0,013 0,00015
AKRIC3 0,0003 7,67E-05
AKRI1C4 0,0305 0,00012
PRKCQ 6,13E-05 NA
CACNB2 0,0562 0,006500833

MSRB2 6,90E-05 NA
THNSLI 4,60E-05 NA
GAD2 6,90E-05 NA
ALOX5 7,40E-05 4,60E-05
MAPKS 6,13E-05 6,13E-05
HK1 0,003 0,0002
RET 4,60E-05 NA
P4HAL1 0,1539 NA

ADK 0,0005 9,20E-05
KCNMAL1 0,0092 7,67E-05
MATIA 0,0002 0,0004

GRID1 0,0005 2,00E-04

HTR7 0,0008 4,60E-05

PDE6C 0,0003 NA
CYP2CI18 0,0001 9,20E-05
CYP2C19 0,0003 7,6 7E-05
CYP2C9 0,0001 7,67E-05
CYP2CS8 0,0211 6,90E-05
ALDHI18A1 | 9,25E-05 NA
GOT1 5,83E-05 4,60E-05
ABCC2 5,75E-05 0,045
CHUK 4,70E-05 NA
NOLC1 5,91E-05 NA
NT5C2 4,60E-05 4,60E-05
GSTO2 6,17E-05 NA
MGMT 0,00012 0,00023
CHRNA10 | 0,00005 0,00005

RRM1 0,00420 0,00016

HBB 0,00015 0,00005

CALY 0,00014 0,00132
CYP2EI1 0,00152 0,03786

KCNQI1 0,00941 0,00031
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CARS 0,0002 NA
ABCC8 0,0064 6,13E-05
KCNCI 4,60E-05 NA

TPHI 0,0008 4,60E-05
PTPRE 0,0176 4,60E-05
SLCI1A2 7,91E-05 0,000107667

MUC2 0,2368 4,60E-05
PDE3B 0,0003 8,05E-05
CYP2R1 4,60E-05 9,20E-05
FGFR2 6,44E-05 0,0012

ACADSB 8,13E-05 NA
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3.4  Conclusion

La création d’une fonction de score permettant de mettre un poids sur chaque protéine associé¢e
a un effet indésirable reporté dans drugcentral est une implémentation intéressante ouvrant des
pistes sur des mécanismes d’actions et des protéines plus a risque a engendrer un effet
indésirable. A ma connaissance, aucune analyse systématique de ce genre pour chaque effet
indésirable n’a été effectuée. Néanmoins, ces interactions se basant sur des essais cliniques de
nombreuses interactions ne sont pas connues, et les effets indésirables de chaque médicament
sont parfois trop nombreux pour identifier de maniére effective une protéine spécifique qui en
serait responsable (e.g : fievre, nausée...). De plus, notre hypothese initiale reliant les ADRs
aux protéines en fonction des médicaments interagissant avec elles ajoute beaucoup de bruit de
fond puisque certaines protéines sont ciblées pour leur effet thérapeutique. Les interactions
multiples (un effet indésirable causé par plusieurs interactions) n’ont également pas été étudiées
et notre analyse propose cet aspect combinatoire qui a mon sens est plus proche de la réalité.
L’utilisation de Neo4J rend 1’ajout de nouvelles données transcriptomiques ou
toxicogénomiques intéressant et rapide et pourrait apporter de I’information sur 1’effet de ces
médicaments a un niveau cellulaire ou génomique.

Enfin, I’étude des CNVs permet de mettre en lien certains effets toxiques avec une
augmentation ou délétion de certains genes limitant ou favorisant la réplication de protéines.
Associée avec des études sur le polymorphisme génétique, cela permettrait d’avoir une étude
approfondie d'effets indésirable en fonction de mutations.

La programmation nécessaire a de telles analyses est totalement reproductible en se basant sur
les mémes données car aucune composante aléatoire n’est présente.
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Chapitre 4 : Role du polymorphisme génétique dans les effets
indésirables

4.1  Le Polymorphisme génétique

Un autre parametre pouvant expliquer la présence d’effets indésirables est la variabilité
génétique de 1'étre humain. Le sujet a commencé a étre exploré dans le chapitre précédent et va
se poursuivre avec cette derniére étude sur un autre type de mutation treés fréquente chez
I’humain, les SNPs (fréquence >1%) [Schork N.J., ef al. 2000]. Comme leur nom ’indique il
s’agit de la mutation d’une seule base nucléotidique pouvant causer plusieurs types d’effets
(figure 9).

Contenu retiré pour des raisons de droits d’auteurs

Le premier est une mutation ne causant aucun changement de résidu lors de la traduction, c'est
une mutation dite "synonyme". Le code génétique étant redondant, plusieurs combinaisons de
triplets peuvent mener a un méme résidu (e.g UUA, UUG sont tous deux traduits en leucine).

Le second arrive lorsque la mutation a un effet lors de la traduction, c’est une mutation non-
synonyme. Deux résultats sont possibles : une mutation non-sens et une mutation faux-sens. La
premiere entraine I’apparition d’un codon stop prématuré, tronquant la protéine et la rendant le
plus souvent non fonctionnelle. Le deuxiéme type de mutation non synonyme se traduit par un
changement de résidu lors de la traduction, C’est sur ce type de mutation que se portera I’étude.
Les effets de ces mutations peuvent étre multiples allant d’un effet bénin voire nul, a de graves
effets indésirables [Ansari M., et al. 2007 ; Ozeki T., et al. 2010].

4.2 Réseau neuronal profond

Les réseaux de neurones sont des sous-catégories de 1’apprentissage automatique, utilisant
énormément d’approches différentes. L’une d’entre elles, les réseaux de neurones profonds, est
beaucoup utilisée en se basant sur la reconnaissance d’images pour prédire la toxicité ou les
intéractions de potentiels candidats [Ciregan D., ef al. 2012; Ibragimov B., et al. 2018]. Elle
peut également étre utilisée en combinant des approches de QSARs, de calculs de propriétés et
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de descripteurs pour prédire des interactions entre protéines [Zhang L., et al. 2019]. Les
résultats obtenus sont souvent trés bons malgré un risque de sur-apprentissage dépendant des
données, d’ou le développement de ces approches avec le développement des outils
informatiques toujours plus puissants. Le réseau de neurones profond possede une structure se
composant de trois types de couches (figure 10).

Contenu retiré pour des raisons de droits d’auteurs

Une couche d’entrée, permettant d’introduire les données, comporte une ou plusieurs couches
cachées qui vont récupérer les données avec un poids ajouté pour calculer une valeur
temporaire, soumise a une fonction d’activation. Cette fonction va s’activer, ou non, a partir
d’un certain seuil et seuls les nceuds activés vont se propager sur les couches cachées suivantes.
Enfin la couche de sortie recoit la prédiction finale et la compare avec les résultats du jeu
d’entrailnement. C'est un processus de propagation avant (forward propagation en anglais). Si
la prédiction est mauvaise le réseau va apprendre de ses erreurs et corriger ses différents poids
en fonction de la marge d’erreur qu’il avait obtenue et réapprendre le modele : c’est de la
rétropropagation (backward propagation en anglais). Ces mécanismes permettent au réseau
d’optimiser lui-méme ses parameétres en pouvant résoudre des problémes non linéaires, d’ou
son intérét et les résultats encourageants souvent obtenus. La mise en place de réseaux de
neurones similaires avec des variations sur le nombre de couches cachées va donc €tre mis en
place pour échantillonner les modéles permettant le mieux de prédire 1’effet d’un composé sur
un SOC.
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Abstract

The development of drugs is a long and costly process, often limited by the toxicity and adverse
drug reactions (ADRs) caused by drug candidates. Even on the market, some drugs can cause
strong ADRs that can vary depending on an individual polymorphism. The development of
Genome-wide association studies (GWAS) allowed the discovery of genetic variants of interest
that may cause these effects. In this study, the objective was to investigate a deep learning
approach with the aim to predict genetic variations potentially related to ADRs. We used single
nucleotide polymorphisms (SNPs) information from dbSNP to create a network based on ADR-
drug-target-mutations and extracted matrixes of interaction to build deep Neural Networks
(DNN) models. These DNNs predicted the association of a compound with a potential adverse
effect category based on the MedDRA System Organ Classes (SOCs) with an average balanced
accuracy of 0.61 having only information about mutations as variables. Including molecular
fingerprints representing structural features of the drugs didn’t improve the performance of the
models. To our knowledge, this is the first model that exploits DNN to predict ADR-drug-
target-mutations. Although some improvements are suggested, these models can be of interest
to analyze multiple compounds over all of the genes and polymorphisms information accessible
and thus pave the way in precision medicine.

71



Introduction

Adverse drug reactions (ADRs) are of major concern in drug safety as it accounts for 5% to 7%
of all hospitalized individual and represents the fifth most common cause of death in hospitals!-
3, Although several factors including age, gender, and polypharmacy contribute to the
occurrence of ADR, it has been reported that the genetic polymorphism of an individual can
affect the pharmacokinetics or pharmacodynamics of a drug and induce ADRs*
Pharmacogenomics account for =80% of drug efficacy and safety variations and about 60% of
patients are exposed to potential ADRs?.

Genome-wide association studies (GWAS) provide an approach for the discovery of possible
mechanisms and pathways underlying human characteristics, diseases, and chemical
responses®. Furthermore, it has been shown that pharmacogenomic studies can identify genetic
variants that lead to variations in chemical activity and can cause adverse drug reactions and
death by overdose. This is, for example, the case of the genetic variants in CYP2C19, which
help the choice of antiplatelet drugs and their dose” or CYP2D6 which is involved in the
metabolism of many antidepressants and the modulation of the drug efficacy®.

For two decades, pharmacogenomics analysis has been collected in the Pharmacogenomic
Knowledgebase (PharmGKB), an integrated knowledge resource that integrated
pharmacogenomics studies from scientific literature, drug labels, and clinical guidelines and
allows to understand how genetic variations contribute to the modulation in drug response’.
Globally, the database contains genetic variation annotation for 1700 genes associated with 784
drugs. However, despite the growing effort on pharmacogenomics, associations between
genetic variants and drug responses remain a huge challenge in predisposition to ADRs.
Furthermore, pharmacogenomics study is relatively expensive and the development of
computational tools that could assess the risks of ADRs caused by genetic variation would be
of interest in both clinical medicine and precision medicine. Existing tools like PolyPhen-2'°
and SIFT!! started to be developed to predict the functional effects of non-synonymous SNPs
in the human genome. Schiirfe et al. (2017)'? studied the functional genetic variability in drug-
related genes, using exomes from more than 60,000 individuals and over a thousand FDA-
approved drugs. Virtual Pharmacists connected SNP data with mined information from several
databases and showed the interaction between drugs and SNPs!?.

Here, our objective was to use deep learning approaches to predict if a compound could induce
ADR due to genetic variations. To perform such analysis, drug targets, drug-ADR, ADR-
Systems/Organs, and Single Nucleotide Variants (SNVs) on these targets were collected,
cleaned, and concatenated in a matrix. Then, deep learning models were developed to evaluate
for each system/organ, the SNVs that are more involved in ADRs and to predict for any drug
candidates the potential risk of associated ADRs due to SNVs. The results obtained from our
analysis are presented and discussed below.
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Materials & Methods

Data integration

Drug-protein-ADR

DrugCentral is a drug information resource, including the Food and Drug Administration
(FDA) and Adverse Event Reporting System (FAERS). It contains information on interactions
for 2068 molecules with bioactivities on 1910 genes and ADR information. Also, the ADRs are
classified by 27 systems organs codes based on the Systems Organs Classification (SOC). This
information will be considered in our analysis We included information from DrugBank'4
v5.1.5 which contains 11 355 molecules with bioactivities on 3510 proteins to complete our
drug-protein-ADR repository.

Overall, by merging the information from both databases, and by considering only nodes fully
linked (ADR-Drug-Target), we obtained 1090 drugs (with their chemical structure represented
in SMILES), 1999 proteins, and 6180 ADRs.

dbSNP

To collect the mutations detected on human proteins from previous human genomic studies, we
used dbSNP'? which contains more than a million references on mutations for the Homo
Sapiens. Only Single Nucleotide Polymorphism (SNP) and Single Nucleotide Variation (SNV)
with a frequency of mutation equal to or superior to 0.01 were used. We integrated all the SNV
and SNP mutations related to the 1999 drug targets concatenated previously to obtain at the end
5050 mutations susceptible to having an impact on the drug-ADR relationships.

Neo4J®

The use of Neo4J®( https://neo4j.com/), a high-performance NoSQL database, allowed us to

integrate data from numerous sources and to create our database from which we extracted the
interactions information we will use in this article. The database was already created'® and we
only added information from DrugCentral!” and dbSNP.
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Data preparation

The data frames and general handling of data were done using R v4.1.2 and Python v3.9.12.
We took mutations with a frequency higher than 0.01 and molecules only related to proteins
having a mutation, and having an inchikey for the final data leaving us with 1029 molecules (in
a matrix row) for 2893 mutations (in a matrix column) to study. Every drug is annotated with a
SOC if it is connected to an adverse drug reaction happening in its category, with the possibility
to be associated with several SOCs.

For each drug-protein, when an interaction was reported, a value of 1 was integrated into the
matrix for the drugs interacting with that protein’s mutations, otherwise, a value of 0 was put
(defined as Y variables) (table 1).

Mutations
Mut 1 Mut 2 Mut Y
Cpds 1 0 1 0
é Cpds 2 I 0 I
é- 1
8 Cpds 0 0 0
X

Tablel: Example of a matrix template integrating the presence or absence of a drug-target/mutation interaction

For the machine learning models, the dataset was split 4/5 for the training set and 1/5 for the
test set. As datasets were imbalanced, weights were dynamically added with the Sklearn’®
package for each SOC to prevent heavy bias for the model to predict a drug having no effect on
that SOC (prediction 0) and still reach a good accuracy despite not being able to predict an
effect (prediction 1).

Neural network model

Multiple sequential neural network models have been set up by using the tensorflow’® package
v2.7.0 on python to predict the possibilities of a drug being associated with adverse drug
reactions (ADRs) and organs, based on the system organ class (SOC) while taking mutations
(single nucleotide polymorphism and single nucleotide variants; SNVs & SNPs) into account.
Three different architectures have been implemented as follow. The first used the SNPs
information without chemical descriptors to see if knowledge-based only would be sufficient
to predict a SOC. The second mixed SNPs with RDKit 1D and 2D descriptors amounting to 72
new variables. The third only contained RDKit descriptors. All the neural networks were
created using a grid search on batch sizes and epochs, as well as hidden layers and dropout
combinations. Multiple architectures were tested ranging from 5 hidden layers with 256 nodes,
reducing the number of nodes by half in each following layer, to one with 16. One or two
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dropouts of 0.2 were added and always in the layers directly following the first hidden layer.
For example, if a NN started at 256 nodes and had every subsequent layer halving their number
of nodes compared to the previous layer (256, 128, 64...), and if two dropouts are added there
would be one between the 256 nodes and 128 nodes layers, and one between 128 nodes and 64
nodes layers. Following the different layout combinations, 12 NN were created covering all
combinations of layers and dropouts possible (table 2).

Hidden
Layers 16 32 64 128 256
nodes
Possible 0 0-1 0-1-2 0-1-2 0-1-2
dropouts

Table 2: Possible NN layout combinations with every number of dropouts

For every model, a grid search has been performed by varying the batch size and the number of
epochs to find the combination giving the best accuracy (table 3).

Batch_size 5 10 20 32 64
Epochs 50 100 150 200

Table 3: Grid search parameters for neural networks

The batch size here was the number of samples that were forwarded in the neural network at
once, specifically how many compounds will go at the same time for predictions. With a batch
size of 5, the model was trained 5 and adjusted 5 compounds at a time until reaching the last
one. An epoch is how many times all of the compounds will go through that process. As the
weights are set randomly initially and modified while training the higher the number of epochs
the higher the combination of weights explored, possibly leading to better predictions. The
downside is the increase in computational power and time required.

To select the best NN for further analysis we extracted balanced accuracy for each SOC’s model
to estimate if there were any significant differences between the groups.

Mutations analysis

Once the NN is selected the top mutations can be analyzed to show possible important
mutations leading a compound to cause adverse effects related to a SOC. We selected every
true positive compound for every SOC and calculated the number of occurrences a mutation
had to calculate the frequency for each of them. It gave us an idea of which mutation was
prioritized for the NN.

This step concluded the study by introducing a prediction method for the impact of a drug on a
SOC (figure 1). This method can be refined to predict one level lower, on adverse drug reactions
themselves.
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Figure 1: Summary of the protocol used in the article from data collection to mutation analysis

Results & Discussion

Three matrixes were created for the three different methods and if a molecule was binding to a
protein associated with one or more mutations it was written as 1s in the table for these
mutations, 0 otherwise (figure 2).

rs34851370 1
oo
Sorafenib Actifon MutationOf — R EXPIREIL) 1
MutationOf rs10883841 0

Figure 2: Explanation of how the matrix was built, molecules in red, target in brown, mutations in green, 1 if the mutation is
linked to a target bound by a molecule, 0 otherwise.

Splitting the dataset gave us 823 compounds on the training set and 206 for the test set. Class
weight was set on “balanced” and the grid search was performed with the parameters given in
table 1 and 5-fold cross-validation.
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Neural Network

When using the matrix with only information on mutations, the average balanced accuracy (BA)
was 0.71 for the training sets and 0.61 for the test sets when averaging all NN combinations
and all the SOCs. When the descriptors were added to the mutations making a mixed model the
averages for the training and test sets were the same. When only the descriptors were taken into
account, with the same filters as previously described, the Neural Network failed to predict
most of the SOC, barely averaging at 0.55 for the training sets and 0.54 for the test sets barely
predicting better than random and in numerous NN models failing to do so. Therefore, this
network will not be considered in the next analysis.

Permutation test

Since normality and variance equality were not verified and since the sample size was small,
the t-test was not an option hence the permutation test was chosen to evaluate the robustness of
the models. Given the results for the “No descriptor” and the mixed models, we took one model
in each category having the best predicting results. For the models without descriptors, the best
model predicting the highest number of SOCs with the best results was the one starting at only
16 nodes (table 4).

SOC BA_train | Sens_train | Spe _train | BA_test | Sens_test | Spe_test
Blood 0.75 0.77 0.72 0.73 0.75 0.71
Card 0.72 0.81 0.64 0.59 0.69 0.50
Cong 0.73 0.80 0.67 0.59 0.62 0.57
Ear 0.73 0.86 0.59 0.60 0.69 0.51
Endo 0.69 0.89 0.50 0.63 0.81 0.46
Eye 0.69 0.80 0.57 0.56 0.63 0.49
Gastr 0.72 0.77 0.67 0.66 0.71 0.60
Genrl 0.74 0.74 0.73 0.62 0.59 0.64
Hepat 0.74 0.84 0.64 0.66 0.72 0.59
Immun 0.69 0.84 0.54 0.63 0.73 0.52
Infec 0.67 0.67 0.68 0.63 0.62 0.63
Inj&P 0.73 0.78 0.68 0.55 0.66 0.44
Inv 0.69 0.86 0.51 0.59 0.80 0.38
Metab 0.77 0.73 0.82 0.61 0.54 0.68
Musc 0.73 0.80 0.67 0.56 0.60 0.53
Neopl 0.75 0.86 0.63 0.74 0.82 0.66
Nerv 0.73 0.75 0.72 0.62 0.71 0.53
Preg 0.69 0.93 0.46 0.55 0.70 0.40
Prod 0.62 0.79 0.45 0.49 0.53 0.45
Psych 0.70 0.80 0.60 0.66 0.71 0.62
Renal 0.71 0.82 0.60 0.64 0.76 0.52

77



Repro 0.72 0.87 0.56 0.56 0.67 0.45
Resp 0.72 0.77 0.67 0.61 0.68 0.55
Skin 0.73 0.82 0.63 0.62 0.67 0.57
SocCi 0.72 0.92 0.53 0.57 0.66 0.48
Surg 0.73 0.84 0.62 0.57 0.64 0.51
Vasc 0.74 0.81 0.68 0.66 0.72 0.60

Table 4: Detailed results of the NN with one layer at 16 nodes and no dropout for every SOC on the training and test set.
Sensitivity and specificity are included as well.

For the mixed models, the neural network was the one without dropout and starting at 256 nodes
(Suppl. 1). It led to no significant mean differences for SOCs when we compared the NN with
mutations and the one mixed with descriptors.

Selecting one NN model is complex for results may greatly differ depending on the number of
layers, nodes and dropouts selected. Overall, the simplest one, with one layer of 16 nodes and
no dropout, has the maximum balanced accuracy in 7 SOCs and one of the highest global BA
among the NN models (Suppl. 2). Among the SOCs, the prediction accuracies vary from the
highest for “Blood” or “Neopl” at 0.73 and 0.74 respectively to the lowest “Prod” which is the
only one predicted below 0.5 BA at 0.49 (table 5).

An interesting detail to note for these predictions is that sensitivity seems to be better predicted
than specificity. One hypothesis could be that while we know if a compound binds to a target,
the Os in the matrix also come from a lack of information on drug-target interactions.
Interactions that might happen with specific targets causing adverse effects might have not been
tested, bringing here a limit, or at least an axis of development for this method.

Mutations analysis

We end up with mutation tables giving us insights on which ones are the most represented for
every SOC. For example, in the “Cardiac Disorders” SOC, 11 mutations have the same
frequency of 0.4 among the well-predicted compounds and we can mostly see mutations
affecting cytochromes of the 2C and 2D families (Suppl. 3).

To see if that happens in every SOC, we extracted every top 10 mutations and counted the
number of times they appeared in the top 10 among every SOC (table 5).

Number of top 10 in
RsID SOC groups Gene

rs1057910 27 CYP2C9
rs1799853 26 CYP2C9
rs1058172 19 CYP2D6
rs1065852 19 CYP2D6
rs1135840 16 CYP2D6

rs16947 15 CYP2D6
rs28371703 15 CYP2D6
rs28371704 15 CYP2D6
rs10509681 12 CYP2CS8
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rs1058930 12 CYP2C8
1s28371706 12 CYP2Do6
rs11572076 11 CYP2C8
rs11572080 11 CYP2C8
rs11572103 10 CYP2C8
152275622 10 CYP2C8
rs3915951 10 CYP2D6
rs17878459 8 CYP2C19
rs11045819 5 SLCOIBI
rs3758581 5 CYP2C19
152306283 3 SLCOIBI
rs2231137 2 ABCG2
1s2231142 2 ABCG2
rs10841795 1 SLCOI1A2
rs11568563 1 SLCO1A2
rs34671512 1 SLCOIBI
154149056 1 SLCOIBI

15769258 1 CYP2D6

Table 5: Number of occurrences for mutations present in the top 10 of a SOC group among the 27 existing.

Cytochromes are the main drug targets, logically, a mutation would impact drug assimilations
leading to adverse effects. We can also note the presence of SLCO and ABC superfamilies in
the top occurrences which is expected since they are transporters.

Even if analyzing the mutations for these genes as they can cause issues in drug metabolization
we tried to remove genes from the CYP, SLCO, UGT and ABCG superfamilies to prevent
metabolism and transporter enzymes that are bound to appear and explore genes specific to one
SOC. It gave us more insights when we look at specific SOCs such as “Card”, short for “Cardiac
disorders”, where mutations on the gene KCNH2 become predominant with two mutations at
15 occurrences among the well-predicted compounds. It has been shown that mutations in this
gene, including two in our list of mutations linked to well-predicted compounds: 1s36210421
and rs1805123, can be responsible for variations of QT intervals that may lead to more serious
adverse effects?-2!, Multiple drugs interacting with KCNH2, like fluoxetine which has been
well predicted in our SOC group, are linked to this adverse drug reaction when taken either
alone or in combination with other drugs??.

On another SOC “Gastr”, short for “Gastrointestinal disorders”, the gene PDE3A and its
polymorphism can cause nausea, especially one mutation we could find on our variable list:
rs12305038%. We can link this mutation to the well-predicted compounds known to cause
nausea and to interact with that target such as sildenafil and dipyridamole®*-2,

The objective of this study was to investigate the performance of Artificial Intelligence in
precision medicine. More precisely, predictive models have been developed considering SNPs'
impact on adverse drug reactions (ADR). Grouping the ADRs into SOCs, we obtained, on
average, a BA of 0.71 for the training set and 0.61 in the test set. Developing a unique deep
learning model, including each drug-SNP-SOC in one matrix was attempted with no good
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results (BA < 0.5). One reason is that many drugs are related to many ADRs that belong to
several SOCs, so the algorithm might not be able to discriminate between SNPs involved in a
SOC or not.

There are a lot of improvements that could be investigated further in the optimization of such
models. First, in this work, all the reported missense SNVs were considered. However, it is
known that many SNPs do not modify the function of the proteins and/or the drug effect or have
a small impact on the residue properties (for example Gly to Ala) which do not impact the drug
activity. So, reducing the SNP to only those that are known to contribute to individual drug
response variability could improve the model performance. Such information is available in
PharmGKB although the data is quite sparse. Some tools like SIFT or PolyPhen 2 have been
developed to predict if a mutation is damaging or not in the function of a protein. Such
information could be included in our model. Also, proteins are involved in protein-protein
interactions (PPI), so mutations in a hot spot of a PPI might influence the drug’s response.
Including SNPs from proteins that are involved in a PPI with another drug target could be
beneficial.

Finally, with the progress in structural biology and notably the development of Alphafold that
allows the generation of 3D structures of proteins?, many drug targets can be modelled. The
environment around the location of the SNP in a protein can be visualized and analyzed to
determine the impact of an SNP on the binding of a drug. For example, it has been shown that
the mutation G143E in the carboxylesterase CES1 had an impact on the efficacy of
methylphenidate, a drug used for ADHD?’. Using docking approaches, it has been observed
that this mutation led to a weaker interaction between CES1 and the drug and might be an
explanation for the weak response to methylphenidate?®,

Overall, there are many ways to optimize the prediction of the SNP's impact on the individual
drug response variability and with the boost of technologies in sequencing, we believe that our
study will pave the way to determine the risk of ADR led by genetic variations which is a key
issue in pharmacogenomics and precision medicine.

Conclusion

With advances in artificial intelligence, high-throughput SNP detection, functional annotation,
and fast and cost-effective sequencing technologies, it becomes possible to determine the
individual drug response variability and thus the efficacy and ADRs associated with a drug.
Although the high polymorphism of drug metabolism enzymes has an important contribution
to this variability, a mutation in a drug target directly involved in drug activity can also influence
drug efficacy and safety. Knowing the genome of individual computational approaches and
Deep Neural Networks can provide insight into individual responses to a drug and ADR risks.
It can be also used to predict the possible ADRs for new drugs due to genetic variations.

It could be interesting to take advantage of the available resources and techniques in structural
biology to carry out further structure-based studies on drug targets with SNP to give insight into
the molecular mechanisms perturbed by this variation. It would improve individual therapeutic
outcomes, hence providing clues to personalized drug treatments.
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Supplementary data

NN parameters

Number of max BA

NN 16 0 Dropout 7
NN 64 0 Dropout 4
NN _64 1 Dropout 4
NN 128 1 Dropout 2
NN 128 2 Dropout 2
NN 256 1 Dropout 2
NN _32 0 Dropout 2
NN 32 2 Dropout 2
NN 128 0 Dropout 1
NN 256 0 Dropout 1
NN 64 2 Dropout 1
Supplementary 1: NN parameters and the number of max predictions for each
SOC BA_train | Sens_train | Spe_train | BA_test Sens_test | Spe_test
Blood 0.76 0.75 0.77 0.70 0.67 0.74
Card 0.72 0.63 0.81 0.59 0.49 0.68
Cong 0.71 0.81 0.62 0.64 0.68 0.59
Ear 0.74 0.76 0.72 0.68 0.69 0.66
Endo 0.64 0.73 0.54 0.64 0.76 0.52
Eye 0.72 0.71 0.72 0.65 0.62 0.68
Gastr 0.73 0.84 0.61 0.66 0.80 0.51
Genrl 0.70 0.56 0.84 0.62 0.47 0.78
Hepat 0.75 0.84 0.66 0.65 0.68 0.61
Immun 0.70 0.85 0.56 0.61 0.76 0.46
Infec 0.75 0.78 0.71 0.62 0.64 0.60
Inj&P 0.70 0.47 0.93 0.58 0.33 0.82
Inv 0.73 0.67 0.78 0.69 0.65 0.73
Metab 0.72 0.60 0.84 0.61 0.45 0.77
Musc 0.68 0.82 0.54 0.60 0.72 0.48
Neopl 0.73 0.93 0.52 0.66 0.82 0.50
Nerv 0.71 0.63 0.78 0.63 0.59 0.67
Preg 0.68 0.82 0.55 0.57 0.70 0.44
Prod 0.62 1.00 0.24 0.54 0.92 0.15
Psych 0.72 0.62 0.82 0.64 0.53 0.75
Renal 0.73 0.84 0.61 0.65 0.72 0.59
Repro 0.65 0.98 0.31 0.57 0.93 0.21
Resp 0.69 0.84 0.54 0.61 0.81 0.41
Skin 0.73 0.87 0.58 0.63 0.75 0.52
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SocCi 0.75 0.80 0.69 0.63 0.56 0.70
Surg 0.61 0.95 0.27 0.53 0.88 0.18
Vasc 0.72 0.89 0.56 0.62 0.79 0.45

Supplementary 2: Detailed results of the NN with one layer at 256 nodes and no dropout for every SOC on the training and

test set. Sensitivity and specificity are included as well.

rsID Count Freq Gene

rs1057910 26 0.4 CYP2C9
rs1058172 26 0.4 CYP2D6
rs1065852 26 0.4 CYP2D6
rs1135840 26 0.4 CYP2D6

rs16947 26 0.4 CYP2D6
rs1799853 26 0.4 CYP2C9
rs28371703 26 0.4 CYP2D6
1s28371704 26 0.4 CYP2D6
1s28371706 26 0.4 CYP2D6
rs3915951 26 0.4 CYP2D6

1s769258 26 0.4 CYP2D6

Supplementary 3: Number of occurrences for a mutation based on the well-predicted compounds having an effect.

The code used for setting up the neural networks is available on github here

http://bit.ly/3hdOja7

84


http://bit.ly/3hdOja7

4.3 Conclusion

Lors de cette étude la création de réseaux de neurones profonds pour prédire la présence
d’ ADRs pour un médicament, a I’aide de leur association aux catégories SOC a été implémenté.
Une prédiction si large sur un aussi grand éventail de composés n’a, a ma connaissance, jamais
¢été réalisé. Si les résultats de BA sont en moyenne autour de 0.61, la découverte de nouvelles
interactions réduisant le biais favorisant les 0 lorsqu’il n’y a aucune interaction connue avec un
médicament devrait permettre d’améliorer ces résultats. Ce protocole mis en place est donc
extrémement intéressant pour commencer une analyse et orienter les recherches sur le type
d’effet qu’un composé pourrait avoir, et apres affinement pourrait méme prédire directement
les effets indésirables eux-mémes. Si I’introduction de données physico-chimiques et
structurales des composés chimiques n’a pas amélioré les résultats, des informations de
transcriptomique pourraient étre intéressantes pour ajouter 1’expression des génes en tant que
variable pour prédire un effet indésirable. Il est aussi important de noter que I’ensemble des
mutations récoltées proviennent de patients qui, probablement, n’ont pas été traités avec
I’ensemble des médicaments étudiés et donc des études en pharmacogénomique permettraient
d’affiner nos modeles de prédiction.

De nombreuses composantes aléatoires sont présentes sur la programmation, au niveau de la
génération des jeux de données d’apprentissage et de test, et au niveau des réseaux de neurones
avec les batch, néanmoins dans notre étude elles sont « seedées » permettant la reproductibilité
des résultats.
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Conclusion et perspectives

Le développement d’un médicament est un processus long et cofliteux entrainant
beaucoup d’échecs avant de réussir a mettre un médicament sur le marché. Des milliers de
candidats sont rejetés lors des différentes phases pour leur toxicité et les effets indésirables
qu’ils provoquent. Pouvoir caractériser les protéines et I’influence de la variabilité génétique
sur ces effets permettrait, en plus de 1’aspect financier, de proposer une médecine plus sire et
personnalisée. De nombreuses approches in silico s’attachent a identifier ces cibles par des axes
qui bien que différents, peuvent se combiner. De nombreuses études de ce type se font sur des
référentiels spécifiques, comme des familles de protéines, des maladies précises avec les
traitements existants comme base. Les approches générales uniquement basées sur les
interactions répertoriées, sorte de « méta-études », sont moins courantes et ont pour avantage
de ne pas avoir besoin de beaucoup d’informations sur les données recueillies, pas de
cristallisation de structure par exemple. Néanmoins ces travaux de thése ont pu me permettre
d’explorer plusieurs approches a chaque niveau : ligand, protéine, génomique, pour tenter
d’apporter le plus d’informations et de réponses possibles au sujet des effets indésirables et de
I’identification de cibles.

Lors de ma premicre étude une librairie de composés touchant la majorité des protéines
d’intérét recensées par la chEMBL a été¢ générée, pouvant permettre un screening plus rapide
des cibles, et la mise en place de criblage phénotypique moins contraignante pouvant pallier au
principal désavantage de cette méthode, qui est son faible débit de criblage. Avec le
développement technologique contribuant a réduire le temps mis pour générer les images
cellulaires et le nombre restreint de composés dans la librairie pour chaque cible, ce probléme
peut étre évité. De plus, un enrichissement sur les cibles impliquées dans différents processus
biologiques et maladies a été effectué, permettant de lier des informations phénotypiques et
protéiques intéressantes pour une compréhension approfondie des mécanismes d’action.

Lors de la deuxieme étude, I’intérét a été d’identifier précisément les protéines les plus
a méme de causer des effets indésirables grace a la création d’une fonction de score. Un poids
va étre mis sur chaque protéine étant liée a ces effets, basé sur le nombre total de protéines que
touchent les médicaments interagissant avec celles-ci. Cela a permis de diminuer le biais
inhérent a ’hypothése reliant une protéine aux effets secondaires des médicaments qui les
ciblent, créant des protéines liées a plusieurs dizaines d’effets indésirables. Le poids sera plus
important pour une protéine ciblée par un médicament qui est spécifique et n’interagit qu’avec
un nombre limité de protéines causant un effet indésirable. A 1’inverse une protéine touchée par
plusieurs médicaments qui eux-mémes interagissent avec de nombreuses protéines aura un
poids plus faible, rendant plus difficile ’association directe d’un effet indésirable a une protéine
spécifique. Une partie sur le role des CNVs a été étudiée pouvant donner de nouvelles pistes
intéressantes sur les dosages médicamenteux menant a des effets indésirables lorsque des
récepteurs voient leur expression modifiée par des CNVs.

Enfin la derniére partie a permis de continuer I’exploration de I’effet des mutations sur
les effets indésirables en étudiant cette fois-ci le type de mutation le plus fréquent, les SNPs.
La création d’un mode¢le permettant de prédire si un composé aura un effet sur une catégorie de
SOC uniquement, basé sur ses interactions avec des génes possédant des SNPs. a été développé.
Cela a permis par la suite ’analyse des protéines d’intérét les plus souvent liées a des effets
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indésirables ciblant des catégories spécifiques; comme le foie, le cceur, le systéme
endocrinien... Cette premicre étape peut paver la voie de la mise en place de nouveaux axes de
recherche sur les liens SNPs-effets indésirables, en prédisant par exemple chaque SOC en méme
temps, en pouvant prédire quels effets parmi les plus de 8000 présents vont avoir lieu suite a un
traitement spécifique en ayant acces au génome de la personne. Cela pourra par la suite
permettre un suivi personnalisé et des traitements aux effets indésirables minimes.

Si ces recherches sont intéressantes et apportent des informations pertinentes des limites
sont bien présentes ; des axes d’amélioration et/ou des voies d’exploration plus spécifiques
existent. Plusieurs problémes récurrents sur plusieurs études existent, notamment le manque
d’information sur les cibles de composés. Les tests d’activité sont effectués sur les cibles
d’intérét et quelques-unes connues comme causant de graves effets indésirables (comme le
canal hERG). Les informations d’interaction sont donc réduites et bien souvent un composé est
limité par les assays effectués menant a une ou deux interactions au maximum. Cette limitation
va se ressentir lors de la sélection de composés puisque les profils biologiques vont étre peu
variés et finalement, les scaffolds vont mener a la sélection de composés interagissant avec une
seule protéine la plupart du temps, limitant la diversité et le gain d’information. Enfin, sur la
derni¢re ¢tude lors de la mise en place du réseau de neurones dans la matrice les composés
interagissant avec des protéines et représentés par des « 1 » sous le SNPs correspondant a cette
protéine sont bien expérimentalement vérifiés. En revanche, les « 0 » n’indiquent pas
uniquement une non-interaction, mais €galement le manque d’information pour cette paire
médicament-cible. Cela va impacter les performances du réseau en ajoutant du bruit dans le jeu
de données pouvant empécher une prédiction plus précise.

Les approches basées sur la connaissance ne vont faire que se renforcer avec le
développement de nouveaux outils accélérant les informations obtenues et vont profiter des
études spécifique étudiant des petits jeux de données. Les mécanismes d’action ne vont pas étre
identifiés par ces approches mais les prédictions et le nombre de relations ne vont faire
qu’augmenter en qualité avec 1’ajout d’informations, augmentant la robustesse des premiers et
la puissance des approches graphiques grace au second.

Les axes de développement suite a cette theése sont nombreux de par la diversité des
méthodes employées. Rajouter les informations d’interactions protéine-protéine serait
intéressant pour rendre le graphique plus connecté et rendre les approches d’analyses de graphe
plus pertinentes notamment au niveau de la betweenness. Avec les nouvelles techniques de
transcriptomique a haut débit, permettant d’analyser la dérégulation de geénes de plusieurs
milliers de composés de manicre systématique, ces informations pourraient étre ajoutées en plus
des données protéomiques. Le modele de prédiction peut également étre perfectionné pour les
SNPs par 1’ajout de parametres permettant au modele d’apprendre de maniére plus efficiente
en incluant des systémes de récompenses pour les bonnes prédictions. Par la suite 1’ajout
d’approches de docking ou de MD pour observer I’impact des mutations sur I’interaction
médicament-protéine peut étre intéressant a explorer si la mutation intervient sur un site actif
ou a I’entrée d’une poche. Enfin, idéalement, ce mod¢le servirait de base pour le développement
du prochain permettant de prédire les effets indésirables eux-mémes.
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L’étude des effets indésirables, de leur cause et de I’identification de cibles est un axe
majeur et passionnant du processus de développement d’un médicament. Durant ces trois
années je pense avoir pu contribuer a des travaux permettant le développement de cet axe de
recherche, ou au moins d’en poser des bases, menant a une amélioration des traitements et de
leurs effets.
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