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Résumeé de theése

Les récepteurs ionotropiques de type NMDA, constituent une famille de neurotransmetteurs
excitateurs majeurs dans le cerveau humain, en raison de leur implication significative dans la
transmission synaptique et la plasticité neuronale au sein du systeme nerveux central (SNC),
comme dans le processus d'excitotoxicité responsable de la physiopathologie de diverses
maladies telles que la schizophrénie, I’épilepsie, la maladie d’Alzheimer, la douleur
neuropathique, les accidents vasculaires cérébraux (AVC), et les perturbations de la mémoire.

La glycine et le glutamate plasmatique agissent en tant qu'agonistes clés, qui se fixent
spontanément a différents sites de liaison, pour contrdler 'activité biologique des récepteurs
NMDA dans les érythrocytes humains responsables de la survie de la cellule. Cependant, de
nombreuses perturbations neurodégénératives se produisent a la suite de leur activation
incontrolée, qui affecte davantage les cellules dgées que les jeunes. Par conséquent, les
chimistes et les biologistes travaillent continument a la conception et a I'évaluation de centaines
d’inhibiteurs compétitifs et non compétitifs qui affectent tous les récepteurs NMDA
disponibles, et d'autres qui agissent de maniére sélective et spécifique sur les transporteurs de
glycine de type I (GlyT1), grace aux tests expérimentaux In-vivo et/ou In-vitro, sur lesquels on
s’est basé pour réaliser des évaluations In-silico, en exploitant les techniques de modélisation
moléculaire dans le but de proposer des modeles 2D et 3D. Ainsi, pour atteindre cet objectif,
un certain nombre de descripteurs moléculaires physico-chimiques, topologiques et
¢électroniques ont été déterminés avec les méthodes MM2 et DFT, ainsi que les champs
d'interaction moléculaire, afin d’explorer les relations quantitatives potentielles entre la
structure moléculaire d’inhibiteurs étudiés et leurs activités biologiques envers des récepteurs
NMDA. Ensuite, on a examiné les propriétés physicochimiques et pharmacocinétiques en vue
de découvrir des molécules bioactives prédites avec des profils ADMET normalisées a des
médicaments-candidats. Le mécanisme d’inhibition des molécules candidates vis-a-vis la cible
protéique a été étudié en détectant les types d’interactions intermoléculaires résultant des
complexes (ligands-protéine) au moyen de la technique du Docking moléculaire. Enfin, la
stabilit¢ des complexes produits au cours du temps de simulation moléculaire estimé en
nanosecondes, a été examinée et analysée en utilisant la technique de la dynamique moléculaire

couplée aux calculs MM-GBSA.

Mots clés : NMDA ; GlyT1 ; Modélisation moléculaire ; ADMET ; Docking moléculaire ;

Dynamique moléculaire.
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Thesis summary

Ionotropic receptors of the N-Methyl-D-Aspartate type, represent a family of major excitatory
neurotransmitters in the human brain, due to their significant involvement in synaptic
transmission and neuronal plasticity within the central nervous system, as well as in the process
of excitotoxicity responsible for the pathophysiology of various diseases such as Schizophrenia,
Epilepsy, Alzheimer, Neuropathic pain, Strokes, and Memory disorders.

Glycine and plasmatic glutamate act as key agonists, spontaneously fixing to different binding
sites, to control the biological activity of NMDA receptors in human erythrocytes responsible
for cell survival. However, many neurodegenerative disorders occur as a result of their
uncontrolled activation, which affects older cells more than younger ones. Consequently,
chemists and biologists are continuously working on the design and evaluation of hundreds of
competitive and non-competitive inhibitors that act universally on all NMDA receptors and
selectively on the glycine type 1 transporters (GlyT1), through experimental In-vivo and/or In-
vitro tests, on which we based to carry out In-silico evaluations, exploiting molecular modeling
techniques to propose 2D and 3D models. To achieve this objective, several physicochemical,
topological, and electronic molecular descriptors were calculated using MM2 and DFT
methods, as well as molecular interaction fields, to explore the potential quantitative
relationships between the molecular structure of the studied inhibitors and their biological
activities towards NMDA receptors. Next, physicochemical and pharmacokinetic properties
were examined to discover predicted bioactive molecules with ADMET profiles normalized to
drug candidates. The mechanism of inhibition of the candidate molecules towards the protein
target was studied by detecting the types of intermolecular interactions resulting in complexes
(ligands-protein) using the molecular docking technique. Finally, the stability of the complexes
produced over the molecular simulation time, estimated in nanoseconds, was examined and

analyzed using the molecular dynamics technique combined with MM-GBSA calculations.

Keywords: NMDA receptors; GlyT1; Molecular modeling; ADMET; Molecular docking;

Molecular dynamics.
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Introduction générale

Le secteur pharmaceutique s'est considérablement développé au cours des derniéres
décennies grace a I'évolution remarquable et transitoire des dispositifs expérimentaux vers des
outils computationnels destinés a la conception de nouveaux médicaments. Méme si
I'expérience est forte et solide en termes de résultats scientifiques obtenus, énormément de
temps et d'argent ont été perdus sans atteindre les objectifs souhaités, par ce que les tests
expérimentaux constituent une arme a double tranchant, puisqu'elles peuvent étre couronnées
de succes a un moment donné, et vouées a I’échec a un autre. Cependant, 1’expérience ne peut
jamais €tre remplacée, car les technologies basées sur I’ordinateur ne font que des prédictions
concernant la découverte des médicaments efficaces, plus actives, et non toxiques, sur la base
des molécules précédemment synthétisées, plutdét que de tester au hasard des centaines de
molécules, de sorte & minimiser au maximum possible le temps perdu au niveau de laboratoires
pour synthétiser ou examiner une molécule donnée, en plus pour économiser les colits massifs
gaspillés a I’échelle industriel lors de la production. Par conséquent, 1’expérience est le premier
et le dernier examen des candidats-médicaments, puisque les molécules recommandées par des
prédictions In-silico, et validées par I’ordinateur, doivent étre évaluée au stade final par les tests
expérimentaux In-vivo et/ou In-vitro, avant de procéder a la production et ensuite a la
distribution des médicaments aux étres humains et/ou animaux.

En effet, la chimie computationnelle revét une énorme importance dans la conception de
médicaments assistée par ordinateur, grace au développement continu de nouvelles
technologies par des ingénieurs, chimistes, et programmeurs a 1’échelle national et
international, ce qui nous a fourni un terrain fertile pour la mise en ceuvre de la présente these,
tout en appliquant des techniques scientifiques informatisées innovantes et récentes en termes
de la modélisation moléculaire, a savoir les études bidimensionnels et tridimensionnels des
relations quantitatives probables entre la structure chimique d’inhibiteurs étudiés et leur activité
biologique (2D/3D-QSAR), a travers lesquelles nous avons appliqué des méthodes purement
statistiques sur une base de données expérimentales, comme 1’analyse en composantes
principales (ACP), la régression linéaire multiple (MLR), la régression non linéaire multiple
(MNLR), la régression aux moindres carrés partiels (PLSR), ce qui nous a permis par la suite
de générer des modeles mathématiques validés, robustes, fiables, et applicables sur nouvelles
molécules, ayant le potentiel de prédire des activités biologiques des composés chimiques
synthétisés ou non encore synthétisés sur la base des descripteurs moléculaires
unidimensionnels (1D), bidimensionnels (2D), tridimensionnels (3D), et quadridimensionnels
(4D), qui ont été calculés pour justifier une activité biologique donnée (analgésique,

antidiabétique, antifongique, anticancéreuse, antibactérienne ...).
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Ensuite, vient en deuxiéme intention 1'étude prédictive des propriétés physico-chimiques et
pharmacocinétiques sur la base des cinq régles de Lipinski, et nombres de violations désirées,
assumées par Veber, Egan, Muegge, et Ghose, qui se combinent pour prédire de trés bons profils
ADME-Tox adaptés a un nombre précis d'inhibiteurs, afin de garantir leur aptitude a traverser
la barriere hémato-encéphalique, sans engendrer d'effets secondaires indésirables tels que la
toxicité hépatique, 1'allergie cutanée et la toxicité de ' AMES, ce qui en fait des agents puissants
du systeme nerveux central (SNC), et donc des cibles thérapeutiques pour une classe de troubles
neurologiques associés au systéme nerveux central.

A la phase suivante, viennent les simulations du Docking moléculaire, pour découvrir le
mécanisme d’inhibition des molécules prédites au préalable par un bon profil ADME-Tox, tout
en indiquant la nature des interactions intermoléculaires produites entre les ligands actifs
(petites molécules) vis-a-vis les cibles protéiques (macromolécules). Par le biais de
visualisations bidimensionnelles (2D) et tridimensionnelles (3D), on entend vérifier que les
molécules candidates sont dockées dans les sites actifs de la protéine, avec un minimum
d'énergie de liaison en Kcal/mol, afin d'assurer la stabilité moléculaire d’inhibiteurs examinés.

En derniére phase, la technique de la dynamique moléculaire a été appliquée avec une
résolution temporelle extrémement détaillée, et une échelle atomique minutieuse, afin d’évaluer
la stabilit¢ du complexe résultant (ligand-protéine), tout au long du temps de simulation
moléculaire, estimé en nanosecondes. Par ailleurs, les changements conformationnels en
déviation et fluctuation du complexe, ainsi que les propriétés du ligand actif lors de sa réaction
avec la cible protéique ont été bien analysés, et finalement les énergies de liaison du complexe
résultant ont €té calculées pendant le temps de simulation de la dynamique moléculaire, grace
aux approches MM-GBSA.

Les travaux de recherche présentés dans cette thése sont structurés en sept chapitres :
¢ Le premier chapitre est consacré spécifiquement a une recherche bibliographique portant
sur le récepteur NMDA, en commengant par sa nature chimique et biologique, passant par son
mécanisme d'activation grace aux deux agonistes principaux ; la glycine et le glutamate, ainsi
que les probleémes résultant de cette activation, révélant la nécessité absolue du développement
de nouveaux inhibiteurs compétitives ou non compétitifs, ayant le potentiel d’améliorer le
fonctionnement des récepteurs NMDA, en produisant des effets thérapeutiques contre les
maladies neurodégénératives liées au systeme nerveux central, en particulier la schizophrénie,

les accidents vasculaires cérébraux (AVC), et les perturbations de la mémoire.
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% Le deuxieme chapitre présente une recherche bibliographique sur les techniques In-silico
appliquées sur la base de la modélisation moléculaire, entre autres 2D/3D-QSAR, puis les
prédictions des propriétés physico-chimiques et pharmacocinétiques ADME-Toxicité, et
finalement les simulations du Docking moléculaire, et celles de la dynamique moléculaire.

% Le troisiéme chapitre est dédié a 1I’é¢tude de nouveaux antagonistes sélectifs du récepteur
NMDA, étudiés pour leurs activités analgésiques contre la douleur neuropathique.

% Le quatriéme chapitre porte sur 1'étude in-silico de nouveaux antagonistes potentiels du

récepteur NMDA pénétrant dans le cerveau en tant qu'agents thérapeutiques contre les accidents

vasculaires cérébraux.

< En ce qui concerne le cinquiéme chapitre, il est consacré tout particulierement a 1’étude de
nouveaux bicyclo (aryl methyl) benzamides en tant qu'inhibiteurs puissants de GlyT1destinés
au traitement de la schizophrénie en assurant la régulation de la fonction des récepteurs NMDA.
+ Le sixiéme chapitre porte sur 1’é¢tude d’inhibiteurs compétitifs du transporteur de glycine
type 1, destinés au traitement des perturbations de la mémoire générées par
I’hypofonctionnement des récepteurs NMDA.

< Dans le dernier chapitre, on a mené une étude In-silico sur une famille de trente dérivés de
pyrrolidine sulfonamides 3,4-disubstitués afin d'identifier un médicament candidat pour traiter
la schizophrénie et les déficiences associées a 1'hypofonctionnement des récepteurs NMDA,

grace a l'inhibition sélective et compétitive du transporteur de glycine type 1.
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1. Introduction

De nombreux troubles neurodégénératifs et cognitifs résultent d’un déficit structurel et
fonctionnel des récepteurs NMDA au niveau des synapses excitatrices centrales. Cet
hypofonctionnement est essentiellement dii a une réduction des sites de liaison au ligand des
récepteurs NMDA, qui peut entrainer par la suite une diminution de leurs performances avec
l'age. C'est pourquoi des récentes €tudes se sont orientées vers le développement d'inhibiteurs
puissants pour le traitement des déficiences issues d'une activation incontrolée des récepteurs
NMDA.

2. Notion de NMDA

N-M¢éthyl-D-Aspartate (NMDA) est un récepteur de 1’acide glutamique dont la formule
brute est CsHoNO4. Il est connu par I’acide (2R)-2-(méthyl amino)butane dioique selon 1'union

international de chimie pure et appliquée (UICPA), comme il est structuré dans la Figure 1.
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Figure 1. Structure de I’acide (2R)-2-(méthyl amino) butane dioique (NMDA)

Les récepteurs glutamatergiques de type N-méthyl-D-aspartate (NMDA) sont des canaux
ioniques qui jouent un réle crucial dans le systeme nerveux central (SNC) des vertébres [1], car
ils sont impliqués dans la transmission synaptique et la plasticit¢ neuronale dans tout le SNC,
et ils contribuent également a I'activité épileptiforme et a la mort des cellules neuronales dans
un certain nombre de conditions pathologiques [2]. Pour cela, Ils sont considérés comme des
cibles thérapeutiques de haut niveau dans le traitement de la douleur et des maladies
neurodégénératives telles que la maladie d'Alzheimer, Huntington, Parkinson, Epilepsie,
Ischémie cérébrale et de Schizophrénie [3]. Ce type des récepteurs se compose de deux familles
principales de sous-unités; les sous-unités NR1 liées a la glycine (NR1a-h) [4], et les sous-
unités NR2 attachées au glutamate (NR2A-D) [5-8], avec quatre sites de liaison bien
identifiées, un site central pour les anesthésiques dissociatifs, dont la Kétamine et le MK-801

qui réalise un blocage de longue durée, deux sites pour 1’acide Glutamique, et un site sur la sous
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unité NR2B sur lequel se fixe des ligands endogénes comme les polyamines [9]. Les récepteurs
NMDA contenant GluN2B sont fortement impliqués dans des maladies neurodégénératives
comme 1’épilepsie, I’ischémie cérébrale et la schizophrénie [10].

3. Mécanisme d’activation

Les récepteurs NMDA, comme d’autres familles des récepteurs ionotropiques (AMPA, et
Kainate) sont responsables de la transmission synaptique excitatrice rapide, agissant a 1’échelle
de la milliseconde au niveau des synapses du SNC, comme il est montré dans la Figure 2. Leur
activation nécessite la liaison de deux agonistes différentes, le glutamate et la glycine (ou D-
sérine), ce qui confére une perméabilité importante aux cations divalents de calcium (Ca®") et
ceux monovalents de sodium et de potassium (Na" et K*) [11]. Cette activation génére une pré-
dépolarisation de la membrane cellulaire qui est nécessaire a 1’ouverture du canal ionique, ce
qui contrdle le flux des ions de calcium, de sodium et de potassium sur la membrane des cellules
nerveuses [3]. Ces ions libérés sont a la base des phénomenes de plasticité synaptique les plus
répandus, dont la potentialisation a long terme (PLT) et la dépression a long terme (DLT), qui
représentent les mécanismes cellulaires responsables de mémoire et d’apprentissage [1,12].
Toute modification de 'activité de ce récepteur par un agoniste ou un antagoniste provoque une
altération du flux ionique a travers le canal. Par conséquent, I'activation incontrolée du récepteur
entraine une accumulation transitoire de Ca" intracellulaire induisant une contraction cellulaire

et une modification du potentiel d’Hydrogene (pH) intracellulaire [13].
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Figure 2. Représentation schématique d’une synapse glutamatergique
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4. Inhibiteurs des récepteurs NMDA

Les antagonistes du récepteur N-méthyl-D-aspartique (anti-NMDA) constituent une classe
de médicaments qui sert a antagoniser ou inhiber I'action du récepteur N-méthyl-D-aspartique
(R-NMDA). Ils sont couramment utilisés comme anesthésiques pour les animaux et les humains
[10]. Les dernieres ¢tudes démontrent que les antagonistes du récepteur NMDA peuvent
améliorer les symptomes de 1’anhédonie, de I’anxiété et des déficits cognitifs dans un modele
de dépression chez les rats [ 14]. Deux familles d'inhibiteurs des récepteurs NMDA peuvent agir
de maniere compétitive ou non compétitive sur les sites de liaison du glutamate et celui de
glycine, comme des agonistes principaux du canal ionique.

4.1. Inhibiteurs compétitifs

Les inhibiteurs compétitifs du récepteur NMDA sont fréquemment utilisés comme
antagonistes généraux et non sélectifs, car ils agissent sur tous les récepteurs NMDA
disponibles [2,15]. Les premiéres ¢tudes expérimentales ont montré que la plupart des
antagonistes compétitifs des récepteurs NMDA, produisent au mieux une faible excitation
comportementale lorsqu'ils sont administrés par voie systémique, cependant ils indiquent
cliniquement un risque minimal d'effets secondaires psychologiques par rapport les
antagonistes non compétitifs [16]. Nous citons a titre d'exemple 1’acide (2R)-2-amino-5-
phosphonopentanoique (APV), I’acide (+)-cis-4-phosphonométhyl-2-pipéridine carboxylique
(CGS 19755), l’acide 2-amino-3-(2-(2 phosphonoéthyl)cyclohexyl)propanoique (SDZ 215-
439), et ’acide 6-(phosphonométhyl)décahydroisoquinoline-3-carboxylique (LY 2746 14) [17],

comme schématisés respectivement dans la Figure 3.
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Figure 3. Antagonistes compétitifs du récepteur NMDA
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4.2.  Inhibiteurs non compétitifs

Les antagonistes non compétitifs des récepteurs NMDA sont des bloqueurs de canaux
ouverts. Par conséquent, ces antagonistes bloquent les récepteurs NMDA actifs [15]. Le blocage
du canal NMDA par des antagonistes non compétitifs permet d’inhiber ou bien de retarder
l'influx postsynaptique des cations Ca®’, qui pourrait a son tour de retarder et inhiber la
dépolarisation neuronale de longue durée [18]. Les antagonistes non compétitifs du récepteur
N-méthyl-D-aspartate (R-NMDA) imitent les symptdmes de la schizophrénie et produisent des
effets antidépresseurs persistants [19]. Certains de ces antagonistes, tels que la dizocilpine (MK-
801), la mémantine, la kétamine, et la phencyclidine (PCP), sont des drogues récréatives
utilisées pour leurs propriétés dissociatives, hallucinogénes et euphorisantes [20], comme

schématisés dans la Figure 4.

*55
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\ “\ | | < >
Kétamine

Figure 4. Antagonistes non compétitifs du récepteur NMDA
5. Activités biologiques étudiées
La présente étude vise a examiner une variété de classes structurelles d’inhibiteurs du
récepteur NMDA, qui ont été synthétisées avec deux activités biologiques différentes. Une
classe structurelle d’inhibiteurs sélectifs présentant des activités analgésiques contre la douleur
neuropathique [21]. La deuxieéme constitue une famille d’inhibiteurs compétitifs présentant des
activités inhibitrices contre le transporteur de glycine de type 1 (TGly-1) [22,23], et la derniére

constitue une famille d’inhibiteurs sélectifs et compétitifs de TGly-1 [24].
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5.1.  Activité analgésique contre la douleur neuropathique

Une classe structurelle d’inhibiteurs sélectifs du R-NMDA de sous-unit¢é NR2B, ont été
synthétisés chimiquement et évalués biologiquement en utilisant les tests expérimentaux In-
vivo et In-vitro [21], en présentant des activités analgésiques contre la douleur neuropathique
exprimées en concentrations inhibitrices a cinquante pourcent (ICso), dans lequel nous avons
réalisé nos études in-silico basées sur la modélisation moléculaire afin de découvrir les
meilleurs inhibiteurs qui peuvent agir en toute sécurité sur les cytochromes de I’organisme
humain, en produisant des interactions intermoléculaires assez stables en ordre énergétique vis-
a-vis les sites actifs de la cible protéique encodée par 3QEL.pdb [25], qui a été extraite de la
banque de données des protéines en se basant sur la technique de la diffraction des rayons X,

avec une résolution de 2.60 A. (https://www.rcsb.org/structure/3QEL).

5.2.  Activité inhibitrice du transporteur de glycine de type 1

Une seconde classe d’inhibiteurs ont été synthétisés et évalués par des tests In-vivo et In-
vitro par leurs activités inhibitrices sur le transporteur de glycine de type 1 (TGly-1), tout en
améliorant les propriétés de la mémoire chez 'homme par 1’activation de la fonction des
récepteurs NMDA bloqués [22,23]. La méme activité biologique a été également examinée pour
des familles de benzamides et celles de sulfonamides, en agissant comme des inhibiteurs
sélectifs et compétitifs puissants de TGly-1, connus par leur potentiel de traiter les cas de la
schizophrénie et des déficiences associ¢es a un dysfonctionnement des récepteurs NMDA [24].
A travers ces travaux expérimentaux nous avons appliqué nos investigations computationnelles
basées sur les simulations moléculaires pour identifier les inhibiteurs efficaces prédites par leur
sécurité, leur similitude aux médicaments, et leur stabilité moléculaire vis-a-vis les sites actifs
de la protéine visée codée par 4M48.pdb [26,27], extraite avec une résolution de 2.96 A.
(https://www.rcsb.org/structure/4M48).
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1. Introduction

Au cours des deux derniéres décennies, la modélisation moléculaire a suscité une évolution
prodigieuse en divers domaines d’application, comme la chimie computationnelle, la biologie
structurale, et 1’industrie pharmaceutique. Grace aux techniques in-silico basées sur la
modélisation moléculaire, il est désormais envisageable de modéliser les relations quantitatives
prédites en deux et trois dimensions entre la structure moléculaire des composés chimiques et
leur activité biologique examinée, ainsi que les prédictions in-silico des propriétés physico-
chimiques et pharmacocinétiques ADME-Toxicité d’inhibiteurs examinés, en étudiant par la
suite leur mécanisme d’inhibition vis-a-vis la cible protéique, comme on peut simuler le
comportement dynamique des molécules bioactives et leur mouvement interne vis-a-vis la

protéine responsable le long du temps de simulation moléculaire estimé en nanosecondes.

2. Relations quantitatives structure-activité

2.1. Définition

Les relations quantitatives structure-activité (QSAR) font partie des méthodes de relations
quantitatives structure-propriété (QSPR), dont la propriété étudiée est spécifiquement I’activité
biologique. Les techniques QSAR se reposent donc principalement sur I’hypothése que les
propriétés étudiées de la structure moléculaire sont fortement liées a 1’activité biologique a
travers un certain nombre des relations quantitatives expliquées par des modeles prédictifs qui
peuvent étre des équations mathématiques linéaires ou non linéaires.

2.2, Principe

La technique de modélisation moléculaire basée sur les relations quantitatives structure-
activité (QSAR), a pour principe de générer un modele mathématique applicable et validé par
des méthodes purement statistiques, afin de prédire la relation quantitative établie entre
I’activité biologique et les descripteurs structuraux d’une famille des composés chimiques
biologiquement actifs, et synthétisés dans les mémes conditions expérimentales, tout en se
basant sur 1’équation suivante :

Activité biologique = f (descripteurs moléculaires). Equation 1

2.3. Objectif

L'objectif principal de I'é¢tude des relations quantitatives structure-activité (QSAR) est la
prédiction de l'activité biologique de certaines nouvelles molécules qui n'ont pas encore été
synthétisées en raison du colt élevé et du temps perdu a synthétiser toutes les molécules
souhaitées, grace aux modeles mathématiques validés pour une base de données expérimentales

portant sur un nombre assez important de composés chimiques.
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2.4. Méthodologie suivie dans I’étude 2D/3D-QSAR

L’¢tude bidimensionnelle des relations quantitatives structure-activité (2D-QSAR),
commence par la recherche d’une série de molécules présentant des activités biologiques bien
définies, dans lesquelles nous pouvons calculer une variété de descripteurs moléculaires
(géométriques, topologiques, constitutionnels, physicochimiques, thermodynamiques, et
quantiques), pour avoir une base de données expérimentales qu’on la considére comme point
de départ de nos évaluations computationnelles basées sur la machine. Tout d’abord, on cherche
a réduire la dimension des variables calculées en se concentrant sur les descripteurs
moléculaires faiblement corrélés, tout en appliquant la technique de 1’analyse en composantes
principales (ACP). Par la suite, on cherche a développer les meilleurs modeles mathématiques
basés sur la régression linéaire multiple (RLM), ou bien sur la régression non linéaire multiple
(RNLM), ou d’autres modeles a condition qu’ils soient générés pour un ensemble
d’entrainement contenant 80% des composés chimiques et validés pour un ensemble de test
contenant 20% des molécules actives a partir des centaines de randomisations aléatoires. Les
modeles développés sont testés et évalués par un ensemble des critéres de validation, comme la
validation externe et validation interne croisée de type CVLOO, test de randomisation, tests
statistiques de Fisher et de Student, ainsi que le domaine d’applicabilité (DA).

Concernant ’étude tridimensionnelle des relations quantitatives structure-activité (3D-
QSAR), on suit presque la méme procédure sauf que pour les descripteurs moléculaires, qui se
remplacent par des descripteurs tridimensionnelles extrémement limités, comme les champs
stériques, €lectrostatiques, et hydrophobiques, dont lesquels on cherche a les corréler vis-a-vis
I’activité biologique en développant des modeles prédictifs a trois dimension (3D), récemment
connus par des modeles CoMFA et COMSIA notés en anglais par « Comparative Molecular
Field Analysis » et « Comparative Molecular Similarity Indices Analysis », respectivement. On

peut résumer cette démarche dans le Schéma 1.
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Base des données expérimentales
(Activités biologiques)

J

Relations quantitatives structure-activité

(QSAR)
Etude 2D-QSAR Etude 3D-QSAR
Descripteurs moléculaires non limités Descripteurs moléculaires limités
(Géométriques, physicochimiques, (Champs stériques, €lectrostatiques, et
topologiques, constitutionnels, hydrophobiques, donneurs et
thermodynamiques, et quantiques...) accepteurs de liaison hydrogene)

! !

Méthodes statistiques d’analyse des données

J

N |
ACP /\

JL ‘V'

Développement des modeles mathématiques QSAR
Ensemble d’entrainement de 80%

Modeles : MLR, MNLR... Modeles : CoMFA et CoMSIA

| U

Validations des modéles
Validation interne sur un ensemble d’entrainement de 80%
Validation externe sur un ensemble de test de 20%

Schéma 1. Stratégie suivie dans I’étude 2D/3D-QSAR
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2.5. Méthodes de calcul théorique

2.5.1. Théorie de la fonctionnelle de la densité

La théorie de la fonctionnelle de la densité, connue en anglais par Density Functional
Theory (DFT) est une approche purement théorique, basée sur les calculs quantiques visant a
¢tudier la structure des systémes ¢électroniques de différentes tailles, variant de quelques atomes
a des centaines d'éléments chimiques, tout en déterminant les propriétés physico-chimiques des
molécules examinées comme le moment dipolaire, 1’électronégativité, 1’électrophilicité, la
dureté, et les énergies des orbitales fronticres ; a savoir 1’énergie d’orbitale moléculaire la plus
haute occupée (HOMO), et I’énergie d’orbitale moléculaire la plus basse non occupée (LUMO).

En principe, la DFT est fondée sur des raisonnements de Kohn et Hohenberg, qui ont énoncé
que la densité électronique d'une molécule donnée correspond a une seule fonction d'onde, et
I'état du systéme électronique peut étre completement défini par la densité électronique de 1’état
le plus stable (I'état fondamental) associé¢ & un minimum d’énergie. Ainsi, I’approche DFT est
fondée sur la céleébre équation du physicien Schrodinger Erwin, qui relie la fonctionnelle de la
densité avec I’énergie du systéme électronique étudié, comme exprimée avec la forme
indépendante du temps par : FHy=Ey, et par sa forme dépendante du temps : Hy(t)=Ew(t) ; dont
vy représente la fonction d’onde, E montre la valeur propre correspondante a 1’énergie du
systéme électronique étudié, et H est l'opérateur hamiltonien moléculaire, comportant cing
termes différents, qui sont respectivement : le terme d’énergie cinétique pour N électrons, terme
d’énergie cinétique pour A noyaux, potentiel d'interaction électron-noyau, potentiel
d'interaction électron-électron et potentiel d'interaction noyau-noyau, comme exprimé dans

I’équation suivant :

H=T,+ Ty + Dyy + Dee + Doy . Equation 2

Tel que :
. ’ ’ . 0z . c g y P n h? VZ
L’opérateur mathématique d’énergie cinétique pour N ¢électronsest : T, =  ~ Xk=1 m Vk
(S
s I4 r : sz . L4t . —_ - ZN _h2 Vz
L’opérateur mathématique d’énergie cinétique pour A noyaux est : Ty = A=1gmm VA
opé o _ yN_yN  ZaZnet
L’opérateur du potentiel d'interaction électron-noyau est : Dyy = A=14B>A e g
ez
L opérateur du potentiel d'interaction électron-électron est : Dpp =  2k=1 DIk T
p p - vee - > 4TEQY K]
2
La I4 d : 1 dv' 5 -y j— — ZN Zn ZA—e
opérateur du potentiel d'interaction noyau-noyau est : Upy = A=1 Luk=1 e

Sachant que : h et h: représentent respectivement ; la constante et la constante réduite de
Planck. me et MA : représentent respectivement ; la masse d’¢électron et celle de noyau. ZA et
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ZB: représentent respectivement ; la charge ¢électrique du noyau d’atome A et celle de B. rKA

et RAB : représentent respectivement ; distance entre le noyau A et 1’électron K, et la distance

entre les noyaux d’atomes A et B. VK est Laplacien propre d’¢électron K.
Par conséquent, la structure électronique du systéme a base de plusieurs noyaux et d'électrons
peut étre décrite, en recherchant des solutions possibles a 1'équation de Schrodinger qui sont
basées en principe sur un certain nombre des approximations comme celles de Born Max et
Oppenheimer Robert, qui ont allé plus loin pour simplifier la résolution de cette forme assez
compliquée, tout en proposant que les énergies cinétiques correspondant aux noyaux des atomes
soient négligées, en considérant que les positions des noyaux comme constantes [1].

Dans la présente thése, les systemes électroniques examinés ont été soumis a I’optimisation
par DFT, en utilisant la fonctionnelle hybride précise, largement utilisée, notée par B3LYP
(Becke 3-Parameter Lee-Yang-Parr), couplée a la base 6-31+G(d,p), en tant qu'une base

étendue aux sous-couches électroniques d et p.

2.5.2. Théorie de la mécanique moléculaire

La mécanique moléculaire (MM) est une méthode de calcul théorique, dont I’énergie du
systéme ¢€lectronique étudié se minimise en se basant sur le principe de la mécanique classique,
en considérant que la molécule examinée est composée de plusieurs atomes sur lesquels
s'exercent des champs de forces de type harmoniques et €lastiques, chacune est associée a une
fonction d’énergie potentielle qui varie en fonction de la géométrie probable du systeme
électronique tout au long du temps de simulation moléculaire. Différentes classes de champs de
forces sont adaptées aux certains nombres des systémes €lectroniques ; a savoir les champs de
force d'Allinger de type MM2, MM3, et MM4 ; bien adaptés pour des petites molécules, champs
de force de type Amber et Tripos : spécialisées aux grosses molécules, et champs de force
unifiés (united force field : UFF) : mieux adaptés aux composés organométalliques [2].

Dans la présente These, nous avons utilisé la théorie de la mécanique moléculaire avec
champ de force de type MM2 afin d’optimiser la géométrie de chaque systeme électronique,
tout en déterminant une famille des descripteurs moléculaires, notamment les descripteurs
géométriques, thermodynamiques, stériques, et physicochimiques, a travers 1’utilisation des

programmes ACD/ChemSketch, ChemBioOffice, et ChemBio3D.

2.6. Descripteurs moléculaires
2.6.1. Généralités
Le développement du modele QSAR nécessite le calcul des descripteurs moléculaires, ce

qui exige principalement l'optimisation de la géométrie de la structure moléculaire en
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recherchant le minimum d'énergie pour chaque composé chimique a I’aide de DFT, de sorte que
les géométries optimisées des molécules actives sont d'une importance critique pour le calcul
précis des différents descripteurs moléculaires [3]. En principe, les descripteurs moléculaires
sont des variables généralement quantitatives qui caractérisent la structure moléculaire d’un
compos¢é chimique. Des milliers de descripteurs moléculaires pourraient étre exploités pour
prédire un événement biologique comme I’activité biologique [4].

2.6.2. Types des descripteurs

Plus de six milles descripteurs moléculaires pourraient étre calculés afin de prédire I'activité
biologique d'un nombre donné de molécules synthétisées [5]. Cependant, les méthodes de
QSAR ont été congues a minimiser au maximum le nombre de descripteurs moléculaires, de
sorte que les modeles développés puissent étre facilement contr6lés, maitrisés et généralisés a
de nouvelles molécules. A cette fin, nos travaux publiés ont été strictement limités a un certain
nombre de descripteurs en faisant appel aux descripteurs les plus pertinents de différentes
dimensions.

2.6.2.1.Descripteurs 1D

Le calcul des descripteurs moléculaires a une dimension (1D) repose principalement sur les
formules brutes des molécules, qui révélent en général leur composition chimique, en précisant
le genre et le nombre d'atomes, ce qui permet par la suite d'obtenir un ensemble de
caractéristiques connues par les descripteurs constitutionnels telles que le poids moléculaire, la
masse molaire, et les pourcentages massiques des atomes. Cependant, les descripteurs
unidimensionnels ont 'inconvénient de poser des problémes d'interprétation des mécanismes
d'interaction, car ils ne prennent pas en considération les isomeres constitutionnels des
molécules étudiées. Il est donc crucial de faire intervenir en plus des descripteurs moléculaires
d'autres dimensions [6].

2.6.2.2.Descripteurs 2D

Les descripteurs moléculaires bidimensionnels sont issus de la structure planaire de la
molécule, et fournissent des informations au sujet de la forme globale du systeme ¢électronique
et de ses ramifications [7]. Les indices topologiques font partie des descripteurs 2D qui
caractérisent la connectivité des atomes dans une molécule donnée. On cite parmi les plus
courants, 1’indice de Balaban [8], I'indice de Wiener [9], I’indice topologique moléculaire , la
somme des degrés de valence [10], et la superficie de la surface polaire [11].

Ainsi, le calcul des descripteurs moléculaires a deux dimensions (2D) donne globalement

des valeurs quantitatives précises qui pourraient avoir un effet significatif sur les modeles
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prédictifs QSAR. Cependant, ils restent insuffisants pour prédire 1’activité biologique d’une
manicre assez satisfaisante [6].

2.6.2.3.Descripteurs 3D

Les descripteurs moléculaires a trois dimensions (3D) sont déterminés en fonction de la
position relative des especes chimiques dans un espace tridimensionnel, en décrivant des
caractéristiques assez complexes liées a la géométrie 3D. Le calcul de cette catégorie des
descripteurs coute beaucoup du temps, car nécessite 1’utilisation des méthodes de la
modélisation moléculaire de type ab-initio ou bien empiriques, dans lesquels on distingue des
descripteurs géométriques, physico-chimiques, thermodynamiques, et quantiques [1].

2.6.2.4.Descripteurs 4D

Les descripteurs moléculaires a quatre dimensions (4D) sont inclus dans [I'étude
tridimensionnelle des relations quantitatives structure-activité (3D-QSAR) en calculant les
champs d'interaction moléculaire grace a deux mode¢les prédictifs, classiquement connus en tant
qu'analyse comparative du champs moléculaire notée en anglais par « Comparative Molecular
Field Analysis : CoMFA » [12,13] et analyse comparative des indices de similarité moléculaire,
désignée par « Comparative Molecular Similarity Indices Analysis : CoMSIA » [14]. Ces
descripteurs moléculaires sont limités en cing; les champs stériques, électrostatiques,
hydrophobiques, donneurs et accepteurs de liaison Hydrogene.

2.7. Méthodes statistiques

2.7.1. Analyse en composantes principales

La base de données statistiques qui regroupe en valeurs quantitatives les activités
biologiques des molécules €tudiées et différents descripteurs moléculaires calculés, est traitée
pour la premiére fois par I’analyse en composantes principales (ACP) ; une technique largement
appliquée pour réduire la dimension des variables (descripteurs moléculaires calculés) en un
nombre limité des nouveaux variables, appelées les axes factoriels ou bien les composantes
principales en se basant sur la matrice de corrélation, dont I’un des deux descripteurs fortement
corrélés ayant le coefficient corrélation de Person supérieur a 0.9 doit étre supprimé et 1’autre
est retenue, en insistant sur les descripteurs faiblement corrélés de coefficient de corrélation qui
tend vers 0.

2.7.2. Régression linéaire multiple

La régression linéaire multiple (RLM) est une méthode purement statistique destinée a
établir une relation quantitative et linéaire, expliquée par un modéle QSAR congu pour prédire

une variable dépendante (I’activité biologique) en fonction d’un nombre réduit des descripteurs
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moléculaires non corrélées (variables indépendantes) pour un ensemble d’apprentissage

contenant trois quarts (80%) des molécules actives, comme il est traduit dans 1’équation 3.

Activité = a0+ ) (ai x Xi). Equation 3

n
i=1

2.7.3. Régression non linéaire multiple

La régression non linéaire multiple (RNLM) est une méthode non linéaire visant a
développer un mode¢le mathématique non linéaire entre 1’activité biologique et les mémes
descripteurs moléculaires précédemment sélectionnés dans la régression linéaire multiple
(RLM) pour le méme ensemble d’entrainement, grace a la fonction programmée donnée par

I’équation 4.

n
Activité = a0 + Z(ai x Xi + bi x Xi?). Equation 4
i=1
2.8. Techniques de validation
2.8.1. Test de de Fisher
Le test statistique de Fisher est utilisé dans cette thése pour vérifier I’homogénéité de
variance appliquée sur le modele mathématique développé de QSAR, en se basant sur le test
d’hypothese, tout en rejetant I’hypothese nulle (HO) et en acceptant I’hypothése inverse H1 qui
postule que les variances sont homogenes a condition que la valeur calculée de Fisher soit
suffisamment supérieure que la valeur critique pour un seuil de confiance de 95%.
% Le test d’hypothése de Fisher :
HO : F calculée <F critique (ni, n2) : Les variances ne sont pas homogenes.
(Seuil de confiance de 95%, Probabilité de 5%)
H1 : F calculée > F critique (n1, n2) : Les variances sont homogenes.
La valeur critique de I’indice de Fisher a 5% est extraite des tableaux statistiques de Student,
ou ni est le nombre des molécules composant I’ensemble d’entrainement et n représente le
nombre de descripteurs sélectionnés, tandis que la valeur calculée de I’indice de Fisher, est

exprimée dans 1’équation 5.

X, Ri-8)? m-p-1)

F calculée = X — X
caklcutee Z,: (Ai—Ai)Z D

Equation 5

Tel que : Ai et Ai représentent respectivement, les valeurs quantitatives de ’activité
biologique observé et Iactivité biologique estimée (ou prédite par le modéle QSAR) ; A est la
moyenne des activités biologiques prédites ; (n-p-1) représente le degré de liberté, dont : n est
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le nombre de molécules étudiées et p représente le nombre des descripteurs moléculaires
introduits dans le modéle QSAR [15-17].

2.8.2. Test de Student

Le test de significativit¢ des pentes établi par Student est I'un des tests statistiques
fondamentaux destinés a examiner le poids significatif de chaque descripteur sélectionné sur
l'activité biologique, tout en vérifiant que la valeur calculée de I’indice de Student est supérieure
que sa valeur critique pour chaque descripteur moléculaire, ¢a veut dire que la probabilité par
pente de chaque variable ne dépasse pas la probabilité critique de 5%, en travaillant a un niveau
de confiance de 95%.

% Le test d’hypothése de Student :

HO: Ti calculée < T critique [(1- %), (n-p-2)], Pi value > P critique de 0.05:
Le descripteur moléculaire étudié n’a pas un poids significatif sur I’activité biologique.
HI1 : Ti calculée > T critique [(1- %), (n-p-2)], Pi value < P critique de 0.05:

Le descripteur moléculaire étudié a un poids significatif sur 1’activité biologique.

La valeur critique de I’indice de Student est déterminée pour un seuil de confiance a et un
degré de liberté de (n-p-2), a savoir que n représente le nombre des échantillons (molécules
¢tudiées), et p est le nombre de variables indépendantes (descripteurs moléculaires non
corrélées).

En parall¢le, La valeur calculée de I’indice de Student pour chaque descripteur moléculaire
«1» est donnée par 1’équation 6. Tel que : Ti représente I’indice de Student calculé pour le
descripteur moléculaire « 1i» ; ai est le coefficient associ¢ a chaque descripteur moléculaire

«1» ; et S(ai) représente 1‘erreur type associ€ au descripteur « 1 » [15-17].
ai
, Z:(Ai—Ai)z '
(n—p-1)

Le modele mathématique des relations quantitatives structure-activité (QSAR) se valide

Ti calculée = Equation 6

a;
S (ap)
2.8.3. Validation interne

pour la premicre fois par une validation croisée en utilisant la procédure "Leave-one-out
(LOO)" [18]. 11 s'agit d'une technique de validation interne du mode¢le prédictif, développé sur
un ensemble d'apprentissage de 80% de la totalité des molécules étudiées, sans faire intervenir
de nouvelles molécules de 1'ensemble de test.

Cette technique fait partie des méthodes de validation croisée avec la procédure notée en

anglais par "Leave-Many-Out (LMO)" qui consiste a diviser ’ensemble d’entrainement en K
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groups, puis choisir 'un des k molécules comme ensemble de validation et les autres (k-1)
molécules comme ’ensemble d'entrainement. Ainsi, le modele QSAR sera développé K fois
d’apres I’ensemble d’entrainement, et les activités biologiques seront prédites par la suite d’une
manicre automatique de I’ensemble de validation. La procédure suivie est Iégerement différente
pour la validation croisée de type LOO, car elle est spécifiquement adaptée a I'examen d'une
molécule donnée a chaque fois, alors que le modele se générera sur N-1 molécules, et sera
validé par la suite sur la seule molécule examinée, et 1’astuce se répete donc n fois en générant
n modeles de maniere a extraire 1’activité prédite correspondante a chaque molécule testée pour
qu’en fin de compte on arrive a la valeur désirée du coefficient de corrélation de la validation
croisée exprimé dans I’équation 7, ce qui ne doit pas dépasser le seuil de 0.5, afin que le modele
original soit robuste et que son pouvoir prédictif interne soit élevé [1,6,19].

n
Z (Ai (entrainement) — Ai (entrainement)) 2
i

recv=1-— T - . Equation 7
> (Ai (entrainement) — A (entrainement)) 2

Tel que : Ai et Ai représentent respectivement, 1’activité biologique estimée et observée de
la molécule «i» de I’ensemble d’entrainement ; et A représente la moyenne des activités
biologiques des molécules de 1’ensemble d’entrainement.

2.8.4. Test de Y-randomisation

Une valeur élevée du coefficient de corrélation de la validation croisée peut étre due a une
surestimation ou encore au hasard [20]. Pour cette raison, la validation croisée est nécessaire
mais pas suffisante, ce qui nous oblige a mettre en ceuvre un test de randomisation ou
d’hasardisation, basé sur des centaines de distributions aléatoires sur 1’ensemble
d’entrainement, comme une autre technique de validation du modéele QSAR [21,22], dans
laquelle nous cherchons a vérifier ultérieurement que le modele original est le meilleur modéele
¢tabli en termes de critéres statistiques, de telle sorte que le coefficient de détermination,

coefficient de corrélation, et particulie¢rement le coefficient de corrélation de la validation

croisée soient les plus élevés par rapport a 1'ensemble des autres randomisations.

2.8.5. Validation externe

Le modéele QSAR développé et validé internement sur 1I’ensemble d’entrainement de 80%,
se valide également en externe sur un ensemble de test contenant 20% de toutes les molécules
¢tudiées, afin d’examiner le pouvoir prédictif externe du mod¢le établi [23]. Par conséquent, la

puissance prédictive externe du modele QSAR repose sur le coefficient de corrélation des
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molécules de test (r’test), exprimé dans 1’équation 8. Une valeur supérieure a 0.6 du coefficient
de corrélation, indique un pouvoir prédictif élevé du modele généré.
n
Z (Ai (test) — Ai (test)) 2
i

R’*test =1 - —5; - :
> (Ai (test) — A (entrainement)) 2

Equation 8

Tel que : Ai et Ai représentent respectivement, ’activité biologique estimée et observée de
la molécule « i » de I’ensemble de test ; et A représente la moyenne des activités biologiques
des molécules de I’ensemble d’entrainement.

2.8.6. Domaine d’applicabilité

Pour s’assurer que le modéle prédictif des relations quantitatives structure-activité (QSAR)
examiné a la fois par la validation externe et interne, est applicable sur une base largement
suffisante de données expérimentales, il est nécessaire de mettre en ceuvre le domaine
d’applicabilité en tant qu’une approche critique visant a généraliser le modele validé sur les
ensembles d’entrainement et de test, tout en identifiant la région désirée dans laquelle la totalité
des molécules étudiées peuvent étre prédites en toute confiance, conformément aux exigences
et priorités absolues de l'organisation de coopération et de développement économiques
(OCDE) [24-26].

En principe, le domaine ou la zone d'applicabilité du modéle QSAR est généralement basée
sur deux critéres statistiques ; les résidus de prédiction standardisés qui doivent étre comprises
dans I’intervalle de confiance [-3, +3], et levier de prédiction qui ne doit pas dépasser le seuil
du levier critique (h*), exprimé en équation 9. Ces deux critéres sont examinés par le diagramme
de Williams, de sorte que toute molécule située dehors de cette région est considérée comme
une observation aberrante, susceptible a étre supprimée [27-29].

h*=[3x (p+1)/n]. Equation9

Tel que: le nombre 3 indique la limite en valeur absolue de l'intervalle des résidus
standardisés ; p est le nombre des descripteurs moléculaires ; et n est le nombre des molécules
de I’ensemble d’entrainement.

2.8.7. Critéres statistiques de Golbreikh et Tropsha

L'étude statistique de "Alexander Golbreikh et Alexander Tropsha" a démontré que la
fiabilité et la qualité du modele QSAR peuvent étre testées sur la base d'un certain nombre de
criteres statistiques, présentés dans la Table 1, tout en vérifiant les seuils de tolérance standards
associés aux parametres de validation les plus pertinents [30]. Une fois que le modéle
mathématique développé satisfait aux conditions énoncées dans l'approche théorique de

Golbreikh et Tropsha, nous pouvons automatiquement conclure qu'il est fiable, robuste et offre
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un haut niveau d'exactitude pour prédire 'activité biologique de nouvelles molécules, et que les

descripteurs moléculaires sélectionnés peuvent forcément influencer l'activité biologique

¢tudiée.

Table 1. Critéres statistiques de Golbreikh et Tropsha

Noms des Parameétres statistiques Symboles  Formules mathématiques Seuils
statistiques critiques

Coefficient de corrélation du modéle R’ ? Y7 (Ai(entr) — Ai(entr)) 2 >0.6
établi sur le test d’entrainement %7 (Ai(entr) — Aentr)) 2
Coefficient de corrélation R 4just RPadj = (N—1)x R —p >0.6
d’ajustement N=-p-1
Coefficient de corrélation de la ey o1 Y7 (Ai-Ai) 2 > (0.5
validation croisée Y (Ai-A)?
Coefficient de corrélation de Rtest Rtost = 1 - Z? (Ai(test) — Ai (test)) 2 > 0.6
validation externe Y7 (Ai (test) — A (ent)) 2
Coefficient de corrélation a n R2 random Moyenne des coefficients de corrélation pour < R2
randomisations n randomisations
Coefficient de corrélation de VZCV random Moyenne des coefficients de corrélation de < I’Z cv

. . N . . validation croisée en n randomisations
validation croisée a n randomisations

Constante de randomisation a n R’D random
randomisations

2RZ_RZ >05

random

CR2p random = R %

3. Prédiction des propriétés physicochimiques et pharmacocinétiques ADME-
Toxicité

Toute évaluation clinique nécessite au préalable une estimation des propriétés
physicochimiques et pharmacocinétiques de 1'absorption, de la distribution, du métabolisme, de
I’excrétion et de la toxicité (ADMET) des candidats-médicaments dans le corps humain, sur la
base d’un ensemble des conditions principales a travers lesquelles nous souhaitons vérifier la
pharmacocinétique, la ressemblance aux médicaments et la compatibilité des petites molécules
avec la chimie médicinale.

Tout d’abord, on cherche a vérifier que les cinq regles de Lipinski sont satisfaites pour les
composés chimiques étudiés, dont le poids moléculaire est inférieur ou égale a 500 g/mol,
I’indice de la réfractivit¢é molaire (RM) est compris dans I’intervalle fermée [40, 130],
coefficient de partage en solvant octanol/eau (Log P) inférieur a 5, pas plus de dix accepteurs
de liaisons hydrogenes, et pas plus de cinq donneurs de liaisons hydrogenes [31-33]. On vérifie
¢galement que les nombres de violations de Veber [34], Egan [35,36], Muegge [37], et Ghose
[38] sont respectés. Par la suite, on se base sur le modele prédictif d'ceuf a la coque d’Egan,

comme un modele précis largement appliqué dans la découverte des médicaments, en se basant
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sur la prédiction d’inhibiteurs puissants du systéme nerveux central (SNC) [39], de sorte que
toute molécule située dans la partie jaune d’ceuf d’Egan devrait traverser passivement la barriere
hémato-encéphalique (noté en anglais par (Blood-Brain Barrier "BBB"). Cependant, les
molécules qui font partie de la zone blanche d’ceuf d’Egan sont prédites d'étre absorbés
passivement par le tractus gastro-intestinal. En prenant en considération que les observations
colorées en points bleus sont prédites comme des agents libérés du systéme nerveux central par
la P-glycoprotéine (P-GP), et celles colorées en rouge sont prédites de ne pas étre efflués du
SNC par P-GP.

En derniére phase, on fait des prédictions in-silico des propriétés pharmacocinétiques
ADMET d’inhibiteurs étudiés, de sorte que I’absorption des molécules dans I’organisme
humain contrdlée par 1’absorption intestinale humaine (AIH) soit importante, une distribution
en corps humain et en particulier dans la circulation sanguine et les tissus, soit définie par des
criteres acceptables de perméabilités au systéme nerveux central (SNC) et au barriere hémato-
encéphalique (BBB), un métabolisme significatif par les protéines et définitivement les
cytochromes suivants : CYP1A2, CYP2C19, CYP2C9, CYP2D6, et CYP3A4, puis une
¢limination ou bien un excrétion par les urines, et enfin une intensité nulle de toxicité, tout en
contrdlant les effets indésirables d’hépatotoxicité et d’allergie cutanée, ainsi que le potentiel
d’un xénobiotique a engendrer la mutation des geénes (test biologique de AMES) [40]. Par
conséquent, les propriétés physicochimiques et pharmacocinétiques jouent un role déterminant
dans le succes des phases cliniques lors de la conception de nouveaux médicaments [41].

4. Docking moléculaire

4.1. Généralités

Le Docking moléculaire a progressivement évolué, passant d'un nouvel outil de
visualisation pour les cristallographes de protéines et les modélisateurs moléculaires, a un
véritable ¢lément de la découverte de médicaments [42]. 11 est destiné pour prédire la position
relative de la petite molécule appelée ligand, dans une macromolécule qui est le récepteur
protéique tout en déterminant I’énergie de liaison (AG riaison) en Kcal/mol du complexe
moléculaire produit, qui fait intervenir la contribution en termes énergétiques des différentes
types des interactions intermoléculaires comme présentés dans 1’équation 10 [43].

AG liaison = AG (interaction) + AG (soivent) + AG (conformation) + AG (mouvement). Equation 10

Tel que : AG (interaction) représente 1’énergie correspondante aux interactions spécifiques
entre le ligand et la protéine ; AG (soment) est I’énergie d’interaction du ligand et protéine vis-a-

vis le solvant ; AG (conformation) représente le terme énergétique associée aux changements
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conformationnels du ligand et du récepteur ; et AG (mouvemenr) c’est 1’énergie liée aux
mouvements de la protéine et du ligand pendant la formation du complexe.

4.2. Principe

En chimie computationnelle, le Docking moléculaire repose sur la détection des interactions
intermoléculaires typiques produites entre les ligands actifs et les cibles protéiques responsables
d’une activité biologique donnée, en se basant sur des complexes les plus stables en ordre
énergétique (énergies de liaison AG riaison plus basses). Par conséquent, Le complexe stable
choisi parmi les dizaines de conformations possibles, fera 1’objet d’une discussion approfondie
portant sur les mécanismes réactionnels qui pourraient justifier 1’activité biologique inhibitrice
des candidats-médicaments.

4.3. Protocole de validation

La performance de la simulation du Docking moléculaire est dite validée, lorsque deux
facteurs du protocole de validation du Docking moléculaire (ou Re-Docking) sont vérifiés ; le
premier implique que le ligand examiné a été effectivement docké dans les sites actifs de la
cible protéique, qui se déterminent expérimentalement vis-a-vis le ligand co-cristallisé 1i¢ a la
cible protéique a 1’aide de la méthode de diffraction des rayons X. Le second facteur tend a
vérifier que 1’écart quadratique moyen (noté en anglais par Root Mean Square Deviation :
RMSD) de la position de superposition de ligand natif (ou co-cristallis€) et ligand docké, ne
dépasse pas le seuil critique déterminé en 2 A [44-46].

4.4. Objectif

A la lumiére de ce qu’on a présenté, on comprend que ’approche du Docking moléculaire
a été congue spécifiquement pour découvrir un candidat médicament a condition qu’il présente
une activité biologique importante, et pouvant réagir particulierement dans les sites actifs d’une
cible protéique avec un minimum d’énergie de liaison pour que le complexe produit soit le plus
stable parmi les autres complexes possibles, en faisant intervenir des interactions
intermoléculaires comme des liaisons hydrogénes connues par leur pouvoir stabilisant des
complexes moléculaires.

4.5. Cibles protéiques

Les simulations du Docking moléculaire, réalisées dans nos travaux scientifiques publiés,
ont été¢ concentrées sur deux récepteurs protéiques ; la premiere est responsable de I’activité
analgésique contre la douleur neuropathique, et la deuxieme est responsable de ’activité
inhibitrice du transporteur de glycine de type 1. Toutes les deux macromolécules ont été
extraites de la banque des données de protéines (notée en anglais par Protein Data Bank : PDB)

par codes 3QEL.pdb et 4M48.pdb, respectivement.
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Avant qu’elles soient dockées vis-a-vis les ligands candidats, elles ont été préparées
soigneusement sur une chaine précise dans laquelle se cristallise le ligand natif (ligand co-
cristallis¢). La procédure de préparation de la cible protéique se fait tout d’abord par sa
désolvatation en supprimant toutes les molécules d’eau (H20) liées a la protéine. Ensuite, on
supprime toutes autres especes chimiques en suspension (molécules ou ions). Puis, on ajoute
les charges de Gasteiger, ainsi que les atomes d’Hydrogeéne polaires pour que les liaisons
hydrogeénes soient détectables dans le complexe (protéine-ligand).

Les sites actifs de chaque protéine sont préalablement déterminés vis-a-vis les ligands co-
cristallisés, dont les résidus d’acides aminés Phel76, GIn110, et Glu236 sont les sites actifs de
la protéine codée 3QEL.pdb en complexe avec Ifenprodil cristallisé en chaine D, comme exposé
dans la Figure 5. Et les résidus d’acides aminés Tyr124, Phe43, et Phe325 sont les sites actifs
de la protéine codée 4M48.pdb en complexe avec Nortriptyléne cristallisé en chaine A de la

cible protéique, comme présenté dans la Figure 6.

Phe176D
Glu236D
0:<;
\\
S] "o,
A Phe176D
N " Leu135C
\\ |I /
\
\‘\ ‘,‘
3 0
Bl GIn110D

Phe113C

1le111D

Tyr109C

GIn110D

Figure 5. Structure cristalline de la protéine préparée codée 3QEL.pdb, en complexe avec
ligand co-cristallisé (partie gauche), et les sites actifs produits en chaine D de la cible
protéique (partie droite)
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Figure 6. Structure cristalline de la protéine préparée codée 4M48.pdb, en complexe avec
ligand co-cristallisé (partie gauche), et les sites actifs produits en chaine A de la cible
protéique (partie droite)

5. Dynamique moléculaire

5.1. Définition

La dynamique moléculaire est une technique récemment développée pour simuler la
trajectoire temporelle (ou dynamique) d’un systeme électronique (atomique ou moléculaire).
Depuis sa conception, la technique de la dynamique moléculaire visait a examiner la stabilité
des interactions intermoléculaires produites dans le complexe (ligand-protéine). Cependant, elle
ne fait que répondre a la problématique posée par le Docking moléculaire ; dont la stabilité
structurelle du complexe étudié ne sera pas absolument satisfaisante en raison des basses
énergies de liaison en Kcal/mol. Pour cela, il est désormais nécessaire d'appliquer la technique
de la dynamique moléculaire, pour mieux comprendre le mécanisme d'inhibition, ainsi que le
comportement des petites molécules vis-a-vis les macromolécules (les cibles protéiques) en
échelle atomique précise et une résolution temporelle bien détaillée [47—49], et surtout le suivi
temporel des énergies de liaison hydrogenes, énergies de Van der Waals, et énergies de liaisons
covalentes, grace a I’approche de la mécanique moléculaire en borne généralisée et zone de
surface, notée en anglais par : « Molecular Mechanics with Generalized Born and Surface Area

(MMGBSA) » [50,51].
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5.2. Principe

La simulation de la dynamique moléculaire repose sur I’utilisation de la loi fondamentale
de la dynamique, connue en mécanique classique par la deuxiéme loi de Newton, comme elle
est énoncée en équation 11 [52]. Contrairement a la premiere loi du mouvement de Newton, la
seconde loi stipule que toutes les forces appliquées sur un corps sont en état de déséquilibre.
Cela veut dire que la force nette est non nulle, elle est équivalente au taux de variation de la
quantité de mouvement, comme le produit de la masse par accélération, ce dernier étant défini
comme la dérivée de la vitesse par rapport au temps. Cela signifie que la force agissant sur le
corps est proportionnelle a I'accélération générée (ai), et inversement proportionnelle a sa masse

(m) [33].

n
Z Fi(t) =mx a@i(t). Equation 11
i=1

5.3. Objectif

La dynamique moléculaire est destinée au suivi du comportement dynamique d’un systeme
¢lectronique donné grace au changements thermique produit lors de sa réaction avec une autre
molécule, tout en détectant les changements conformationnels générés avec le temps de
simulation estimé en picosecondes (ps) ou nanosecondes (ns).

6. Serveurs, plates-formes, et logiciels utilisés

Nos investigations computationnelles basées sur les simulations moléculaires, ont été

réalisées grace a une variété des serveurs, plates-formes, et logiciels gratuits et en libre acces.
On cite sous-titre d’exemple : ChemDraw Professional 16.0, a été utilis€ pour dessiner les
composés chimiques (molécules étudi€es) [53]; ACD/ChemSketch, a été utilis€é pour calculer
certains types des descripteurs moléculaires bidimensionnels [54,55]; ChemBio3D, a été utilisé
pour calculer les descripteurs moléculaires liés aux structures 3D des molécules [56]; Gaussien
09W, a été utilisé pour calculer les descripteurs moléculaires géométriques a 1’aide de théorie
de la fonctionnelle de densité (notée par DFT) [57]; XLSTAT 2014, a été utilisé dans I’étude
QSAR pour réduire la dimension des descripteurs calculés par I’analyse en composantes
principales (ACP), pour générer les modeles mathématiques prédictifs de la régression linéaire
multiple (RLM) et régression non linéaire multiple (RNLM), et les tester par la validation
externe et interne (validation croisée LOQO) [58]; IBM SPSS Statistics 22, a été utilisé pour
effectuer le domaine d’applicabilité de williams [59] ; java Platform SE binary, a été utilis¢

pour réaliser le test d’hasardisation en Y [60]; SYBYL-X 2.0, a servi a I'¢élaboration de 1’étude
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3D-QSAR qui se repose sur les modeles de CoMFA et COMSIA ; pkCSM et SwissADME, sont
des serveurs en ligne pour mettre en ceuvre des prédictions in-silico de 1’absorption,
distribution, métabolisme, excrétion, et de la toxicité des molécules étudiées [61-64] ;
Discovery Studio 2021 (BIOVIA), a été utilisé pour préparer les complexes (ligand-protéine), et
¢galement pour visualiser les interactions intermoléculaires produites en 2D et 3D [65];
AutoDock 4.2, a été utilisé pour faire le Docking moléculaire entre ligands et protéines [67,68];
Desmond, a package of Schrodinger LLC, a été utilisé pour vérifier la stabilité moléculaire des

complexes a 1’aide de la technique de dynamique moléculaire [69].
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Chapitre lll. Modélisation moléculaire
d'inhibiteurs sélectifs du réecepteur NMDA,
exercant un effet analgésique contre la douleur
neuropathique
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Résumé
Une production scientifique, publiée en 2022, portant sur une classe structurelle de trente-deux
antagonistes sélectifs de la sous-unité 2B du récepteur N-Méthyl-D-Aspartate (NMDA), qui ont
été systématiquement examinés grace aux certaines techniques de modélisation moléculaire,
afin d’identifier les meilleurs inhibiteurs analgesiques contre les douleurs neuropathiques.
Tout d’abord, des études tridimensionnelles des relations quantitatives entre la structure
moléculaire et 1’activité biologique (3D-QSAR) basées sur I'analyse comparative des champs
moléculaires et I'analyse comparative de I'indice de similarité moléculaire (noté respectivement
par des modeéles classiques : COMFA, et CoMSIA), ont montré que les champs stériques,
électrostatiques et accepteurs de liaisons hydrogéne jouent un réle crucial dans l'activité
analgésique contre la douleur neuropathique.
En plus, les prédictions in-silico des propriétés pharmacocinétiques connues par I’abréviation
ADMET, ont révélé que les ligands L1, L2 et L3 ont été prédits comme des inhibiteurs non
toxiques des cytochromes 1A2, 2C19 et 2C9, et pouvant traverser passivement la barriére
hémato-encéphalique (BHE) et ont la plus forte probabilité de pénétrer le systéme nerveux
central (SNC).
Par ailleurs, les résultats du Docking moléculaire ont indiqué également que ces ligands actifs
(L1, L2 et L3) interagissent specifiquement avec les résidus d’acides amineés Phel76, Glu235,
Glu236, GIn110, Asp136 et Glu178 de la cible protéique codée par 3QEL.pdb.
En résume, les ligands symbolisés par L1, L2, et L3 ont été prédits par un bon profil d’ADMET,
et considérés comme des agents puissants du systéme nerveux central, en réagissant avec les
sites actifs du récepteur NMDA comme il a été produit par la simulation du Docking
moléculaire. Par conséquent, ils pourraient étre utilisés comme des médicaments analgésiques

pour le traitement de la douleur neuropathique.

Mots clés: 3D-QSAR; ADMET; douleur neuropathique; activité analgésique; Docking
moléculaire; NMDA.
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Chapitre 111: 3D-QSAR, ADME-Tox in Silico Prediction and Molecular Docking Studies
for Modeling the Analgesic Activity against Neuropathic Pain of Novel NR2B-Selective
NMDA Receptor Antagonists
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Abstract: A new class of selective antagonists of the N-Methyl-D-Aspartate (NMDA) receptor
subunit 2B have been developed using molecular modeling techniques. The three-dimensional
quantitative structure—activity relationship (3D-QSAR) study, based on comparative molecular
field analysis (COMFA) and comparative molecular similarity index analysis (CoMSIA)
models, indicate that steric, electrostatic and hydrogen bond acceptor fields have a key function
in the analgesic activity against neuropathic pain. The predictive accuracy of the developed
CoMFA model (Q? = 0.540, R? = 0.980, R? pred = 0.613) and the best COMSIA model (Q? =
0.665, R? = 0.916, R? pred = 0.701) has been successfully examined through external and
internal validation. Based on ADMET in silico properties, L1, L2 and L3 ligands are non-toxic
inhibitors of 1A2, 2C19 and 2C9 cytochromes, predicted to passively cross the blood—brain
barrier (BBB) and have the highest probability to penetrate the central nervous system (CNS).
Molecular docking results indicate that the active ligands (L1, L2 and L3) interact specifically
with Phel76, Glu235, Glu236, GIn110, Asp136 and Glu178 amino acids of the transport protein
encoded as 3QEL. Therefore, they could be used as analgesic drugs for the treatment of
neuropathic pain.

Keywords: 3D-QSAR; ADMET; neuropathic pain; analgesic activity; molecular docking;
NMDA.
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1. Introduction

Chronic pain is one of the most frequent reasons for medical consultations [1], and can be
considered as a critical cause of morbidity and disability [2]. For this reason, a variety of
analgesics have been designed to treat chronic pain, such as opioids, antidepressants,
anticonvulsants, and nonsteroidal anti-inflammatory drugs (NSAIDs) [3]. However, opioid
analgesic (OA) treatment of chronic pain remains controversial, its efficacy is unclear, and it
has been associated with undesirable secondary effects [4], similar to those of morphine, such
as constipation, nausea, vomiting, pruritus, drowsiness, cognitive impairment, respiratory
depression, tolerance, physical dependence and addiction [3,5]. Consequently, the search for
new potent non-opioid analgesics (NOA), more effective on the central nervous system (CNS),
is an absolute priority [3] because they are highly desired in medical practice [6]. In this regard,
the pain control is a world health problem, indicating an ever-increasing need for the discovery
of new molecules with better analgesic activity and reduced secondary effects [7]. For this
purpose, novel isoxazole, piperidine linker moieties, and phenylpiperazine derivatives,
illustrated in Figure 7, show potential as analgesic drugs, and have been introduced to treat
these types of acute and chronic diseases, reacting similar to selective antagonists of the N-
Methyl-D-Aspartate (NMDA) receptor subunit 2B that inhibit the binding of [3H]-ifenprodil to
brain membranes and do not cause side effects associated with non-selective N-Methyl-D-
Aspartate receptor antagonists [8]. NMDA receptors are ligand-gated cationic channels
expressed in brain tissue and naturally activated by the simultaneous action of glutamate and
glycine [9]; in addition, they are required for both brain development and many higher order
functions [10]. At the same time, they can cause the death of neurons as a result of receptor
hyperactivation [9]. Consequently, NMDA receptors are considered as high profile therapeutic
targets in the treatment of pain and neurodegenerative diseases such as Alzheimer’s,
Huntington’s and Parkinson’s disease [11]. The present study is conducted using three-
dimensional quantitative structure activity relationships (3D-QSARs) a commonly used
technology to discover new drugs, identifying high affinity ligands for a targeted protein
[12,13]. The robustness, predictability and reliability of the established COMFA and CoMSIA
models have been examined with the help of a cross validation technique for the training set
(26 molecules), and external validation for the test set (6 molecules), as a crucial and decisive
step to judge the prediction accuracy of the constructed model for a novel database [14,15].
During the second part, we predicted ADMET in silico properties [16] of 32 molecules
compared to a co-crystallized ligand (ifenprodil) as an anti-hypertensive agent, with

neuroprotective activity through its effects on N-Methyl-D-Aspartate (NMDA) receptors [17],
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based on the BOILED-Egg predictive model and Lipinski, Ghose, Muegge, Veber and Egan
rules. Lastly, the predicted inhibitors (L1, L2 and L3) were chosen for molecular docking
simulations to study their intermolecular interactions towards the active sites of the protein
target encoded as 3QEL [18], and this approach has been validated using docking validation
protocol [19].

(o) R

Figure 7. Structural formula of isoxazole (1-6), piperidine linker moieties (6—14) and
phenylpiperazine (12, 15-32) derivatives

2. Materials and Methods

2.1.Experimental Database

To establish the 3D-QSAR models, we selected a set of 32 compounds from the recently
published work of Anan, K et al., including NR2B-selective antagonists that inhibit the binding
of [3H]-ifenprodil to rat brain membranes [8], as summarized in Figure 7. Then, we randomly
divided this complete set into two subsets: the first one (training set) included 26 compounds
that were used to build the model, and the second one (test set) included 6 compounds to
validate the established model, as marked in Table 2.

Table 2 . Studied compounds and their observed activities of pICso order

Compounds Ry R, Rs R4 X Y pICso (bind)
1 sz H H H CH CH, 7.1
2 P {le H H 4-F CH CH;, 7.1
3 H:’:// a4 H H 4-Cl CH CH; 7.2
o-
4 o HN—/ /o—\N H H H CH CH. 7.2
5 o HN— P H H 4-F CH CH; 73
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6 o - 7 \ H H 4-Cl CH CH; 7.6
HN 7 o-N
H
(@] N\H}LA
7 o= o H H 4-F CH CH; 7.5
N
H
8 _ 720 H H 4-Cl N CH; 6
o N
HN / o-
9* - 7 \ H H 4-Cl N None 6
° HN 7 o-N
H
o N
10 o= j@’ \crﬁk‘ H H 4-Cl CH CH, 75
N
H

I

H
o) N
11 o= j@’ :[f%‘ H 4-Cl N CH. 6.3
N
H
o N
12 * o= j@’ \g}“ H 4-Cl N None 7.8

I

N
13 o=(”j©’ I H H 4-Cl N None 6
H
N
14 T r E}“ H H 4-Cl N None 6
o=q
H
N
15 o=CTI T ‘g}i H H H N None 6
H
H
N
16 * o=CT T ‘g}“ H H A-F N None 6.9
H
H
N
17+ o= j@’ :f)I}L‘ H H 4-CF3 N None 76
H
N
18 o= j@’ :rf‘“ H H 4-OCH, N None 6.6
N
H
19 o= j@’ T H H 3.4-2F N None 7.7
N
H

T
T

H
o N
20 0= j@’ :r)l}k‘ 3.5-2F N None 6.8
N
H

I
I

H
o N
21 o= j@’ \g}i 3-Cl4-F N None 75
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I

H
o N
22 o= j@’ ﬁ H 3-F.4-Cl N None 7.9
N
H

T

H
o N
23 o= j@’ :rf&‘ H 3-F.4-CF; N None 7.8
N
H
o N
24* o= j@’ \(rf‘“ H 3-F.4-OCHs N None 7.8

I

T

H
N CH
25 o= ™ ’ 4-Cl N None 75
N o ba
H

ckward

H
o N
26 o= j@’ \({fi‘ CHs forward H 4-Cl N None 6
”
27 0= j@’ H 4-Cl N None 7.2

N o backward
H
H
o N
28 o= j@’ :ffi‘ H CHs forward 4-Cl N None 6.2
N
o H\ré“ CHs
29% o= j@’ H 3.4-2F N None 7.3
N ° backward

H
(@] N\n}i CHs
30 0= j@’ I H 3.4-2F N None 7.2
N
H

backward

ckward

H
o N\n}ﬁ_ CHs
31 o= j©/ I H 3-F.4-CI N None 79
N bal
H
H
o N CH3
32 o=<n:©/ \g}“ H 3-F.4-Cl N None 7.3

backward

* Indicates test set molecules.
2.2.0ptimisation and Alignment

With the assistance of SYBYL-X 2.0 software (Tripos, Inc., United States of America
USA), we first constructed the thirty-two molecules, which were optimized using the Tripos
force fields and Gasteiger—Huckel atomic partial charges. Then, the convergence parameter of
the Powell gradient algorithm was specified to be 0.001 kcal/(mol.A), with a maximum of
10,000 iterations to guarantee the conformational stability for each molecular system by making
the energies in Kcal/mol completely minimized [20-22]. In the second stage, we aligned the set
of molecules as one of the most significant steps to ensure the robustness of the CoOMFA and
CoMSIA models [23,24].
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2.3.Development of 3D-QSAR Models

3D-QSAR models were generated via COMFA and CoMSIA studies, using the partial least
squares (PLS) analysis [25,26], where the steric and electrostatic fields of the CoMFA model
were produced with a default energy cutoff of 30 kcal/mol. The attenuation factor and column
filtering were defined as default values of 0.3 and 2.0 kcal/mol, respectively. Moreover, many
additional physico-chemical descriptors, such as the hydrogen bond acceptor (HBA), hydrogen
bond donor (HBD) and hydrophobic fields, were additionally calculated for the COMSIA model
in the identical conditions. A total of sixteen various combinations of fields were considered to
develop the best COMSIA model, as shown in Table 3.

Table 3. Statistical results of CoOMFA and CoMSIA models in various molecular field
combinations using partial least squares analysis

Q> R’ SEE F ONC R’pr Fractions

Steric Electrostatic Hydrophobic Donor Acceptor

CoMFA 0.540 0.980 0.110 124.198 7 0.613 0.857 0.143 - - -
CoMSIA/SEA  0.667 0.903 0.228 37.421 5 0.420 0.304 0.524 - - 0.172
CoMSIA/SEH  0.592 0.821 0.296 33.700 3 0.110 0.141 0.221 0.638 - -
CoMSIA/SED  0.704 0.908 0.218 51.754 4 0.465 0.399 0.601 - 0 -
CoMSIA/SHD  0.537 0.755 0.347 22.618 3 0.131 0.204 - 0.796 0 -
CoMSIA/SHA 0.568 0.763 0.341 23.641 3 0.015 0.161 - 0.678 - 0.161
CoMSIA/SDA 0320 0.564 0.462 9505 3 0522 0.5 - - 0 0.5
CoMSIA/EHA  0.617 0.817 0.300 32.718 3 0.018 - 0.209 0.634 - 0.157
CoMSIA/EHD 0579 0.756 0.338 35.624 2 0.010 - 0.211 0.789 0 -
CoMSIA/EDA  0.665 0.916 0.238 19365 9 0.701 - 0.627 - 0 0.373
CoMSIA/HDA 0546 0.762 0.342 23.449 3 0.025 - - 0.801 0 0.199
CoMSIA/EHDA 0.617 0.817 0.300 32.718 3 0.018 - 0.209 0.634 0 0.157
CoMSIA/SHDA 0.568 0.763 0.341 23641 3 0.015 0.161 - 0.678 0 0.161
CoMSIA/SEDA 0.667 0.903 0.228 37421 5 0.420 0.304 0.524 - 0 0.172
CoMSIA/SEHA 0.620 0.808 0.307 30.844 3 0.007 0.122 0.172 0.568 - 0.138
CoMSIA/SEHD 0.592 0.821 0.296 33.700 3 0.110 0.141 0.221 0.638 0 -

CoMSIA/SEHDA 0.620 0.808 0.307 30.844 3 0.007 0.122 0.172 0.568 0 0.138

Abbreviations: Q% the cross-validation determination coefficient, R? the non-cross-validation
determination coefficient, SEE: the standard estimation error, F: the Fischer test value, ONC: the
optimum number of components, and R? pr: the external validation determination coefficient.

2.4.Partial Least Squares (PLS) Analysis

To model the linear relationship between a set of structural predictors and the response
variable (analgesic activity of plCso order) with a good quality of adjustment and a good
predictive power [27,28], we have applied the partial least squares regression (PLSR)
technology, with the help of SYBYL-X 2.0 software. The cross-validated determination

coefficient (Q2) for an optimum number of principal components (ONC) was calculated using
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the leave-one-out (LOO) procedure, and the non-cross-validated determination coefficient (R?),
F-test value and the standard estimation error (SEE) were calculated using the non-cross
validation procedure. Where the best 3D-QSAR model was based on the optimum values of Q?,
R? must be greater than 0.5 and 0.6 [29,30] for the optimum number of components (ONC) and
lowest standard error of estimation (SEE), respectively. To examine the reliability of the
generated model, which was developed on 26 molecules (training set), we performed the
external validation technique, using the ‘predict’ function included in the SYBYL package.
Then, based on the previously developed model which was saved in sIn format, we predicted
the analgesic activities of pICso order for 6 novel molecules (test set), as illustrated in Table 4.
The required condition: R%xt > 0.6 was verified afterwards using Excelstat software [31].

Table 4. Results of external validation corresponding to CoMFA and CoMSIA/EDA
models.

. Predi I f
Compounds Number Observed plCso Predicted plCso of COMFA redicted plCso 0

CoMSIA/EDA
9= 6 8.2 6.7
12 * 7.8 9.6 7.3
16 * 6.9 9.7 7.4
17 * 7.6 10.0 7.4
24 * 7.8 10.2 7.4
29 * 7.3 10.6 7.5

* Indicates the test set molecules.
2.5.ADMET in Silico Pharmacocinetics

To identify the new drug with a high success level and reduced experimental study duration,
it is mandatory to examine the absorption, distribution, metabolism, excretion and toxicity
(ADMET) of these substances in the human organism before beginning the investigative
process. [32,33], satisfying a few basic rules including Lipinski’s [34], Veber’s [35], Ghose’s
[36], Egan’s [37,38] and Muegge’s [39] regulations. This technology is equally applicable to
remove the substances with potentially unfavorable physiological features, considering the
pharmacokinetic qualities and toxicity [40]. For this purpose, we evaluated pharmacokinetic in
silico characteristics of novel tested compounds as analgesic drugs against neuropathic pain,
through the use of SwissADMET [41] and pkCSM [42] online servers, respectively.

2.6.Molecular Docking Modeling

Molecular docking is often used in computational chemistry to accelerate drug discovery at
early stages. For this project, the molecular modeling technique was based on the cell key
phenomenon, where the best position of the ligand or drug candidate (the agent) is the key that
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can open the cell (or protein) to finally have a more stable complex by energetic order [43]. We
started this study by extracting the protein responsible for the GIuUN2B subunit [44], coded as
3QEL.pdb from the protein data bank file [17], discovered by the X-ray diffraction method, in
machine simulation with a resolution equal to 2.60 A [45]. Then, we performed the dissolvation,
removing all the water molecules bound to the protein; then we deleted the sodium atom and
the suspended ligands, while adding the polar hydrogens using the discovery studio software,
for the reason that the cavity method works best [46]. After the preparation of the protein and
quoting its active sites, we launched the docking calculation in AutoDock 4.2 software [47].
With the help of algorithm AUTOGRID, we were able to centralize the grid box, putting the
sizes 100, 100, and 100 in its three-dimensional structure with a spacing of 0.375 A, and
executing ten genetic algorithms, for a sum of 2,500,000 evals. Finally, we obtained the
strongest complex out of the fifty obtained conformations [48], and we visualized 3D and 2D
interactions of the protein—ligand with the use of discovery studio 2021 [49].

3. Results and Discussion

3.1.Molecular Alignement

To ensure the reliability and accuracy of CoMFA and CoMSIA models, the three-
dimensional molecular structures of test and training sets were completely minimized and then
aligned on the most active compound (molecule 22), which was selected as the template. N,N-
diethylacetamide is the common core resulting from the superposition of the molecules on the

template, as displayed in the Figure 8.

N
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Figure 8. 3D structure of the molecule 22 as template (left), 32 aligned and superposed
molecules on the template (right) and the common core (middle).

3.2.3D-QSAR Analysis

The present 3D-QSAR study was performed using comparative molecular field analysis
(CoMFA) and comparative molecular similarity index analysis (COMSIA) as two classical
methods used to investigate the quantitative correlations between 3D molecular descriptors and
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inhibitory activity [50]. The statistical results presented in Table 3 indicate that the COMFA
model obtained for an optimum number of principal components (ONC = 7) using the partial
least squares analysis is given by an excellent non-cross-validated determination coefficient R?
= 0.98 (much higher than 0.6), a good cross-validated determination coefficient Q2 cv of 0.540,
a high predictive value for the external validation of test set R? pred of 0.613, with a minimal
standard estimation error SEE of 0.110 and F-test value of 124.198. According to the Golbraikh
and Tropsha study, the established model is efficient and robust, because it has been
successfully validated using the external validation performed for the test set (R? pred superior
than 0.6), and the internal validation performed for the training test with the help of cross-
validation technique (Q2 cv superior than 0.5) [30]. Therefore, the CoMFA analysis indicates
that the biological activity of the plCso order is affected by steric and electrostatic fields with a
contribution rate of 85.7% and 14.3%, respectively. Moreover, we developed 16 various models
from the comparative molecular similarity index analysis (CoMSIA), which included five
three-dimensional descriptors, such as steric (S), electrostatic (E), hydrogen bond acceptor
(HBA or A), hydrogen bond donor (HBD or D) and hydrophobic (H) fields; however, only the
CoMSIA/EDA model was validated using internal and external validation. This mathematical
model was produced for an optimum number of components (ONC = 9) using the partial least
squares analysis, and given by a very good non-cross-validated determination coefficient R? =
0.916 (much higher than 0.6), a good cross-validated determination coefficient Q2 cv of 0.665,
and a high predictive value for the external validation of test set R? pred of 0.701, with a
minimal standard estimation error SEE of 0.238 and an F-test value of 19.365. Although the
Golbraikh and Tropsha statistical criteria were verified, the non-cross-validated determination
coefficient (R?), the cross-validated determination coefficient (Q? cv) and the external validation
of test set (R? pred) were greater than 0.6, 0.5 and 0.6 respectively; as such, the COMSIA/EDA
model was successfully validated, indicating that electrostatic and hydrogen bond acceptor
fields have a key function in the analgesic activity against chronic pain, with a contribution rate
of 62.7% and 37.3%, respectively.

3.3.A Graphical Explanation of CoOMSIA/EDA and CoMFA Models

The structural features influencing the development of biological activity were visualized
using the contour maps of the 3D-QSAR models [51], as shown in Figure 9, where the
compound 22 structure was chosen as a reference. The green contours displayed in Figure 9A,
contributing 80%, indicate the regions where bulky clusters can enhance the biological activity,

while the yellow contours, contributing 20%, indicate the regions where bulky clusters decrease
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the activity. Moreover, 80% of favorable contribution of the electrostatic field is expressed by
the blue contours, and 20% of unfavorable contribution of the electrostatic field is represented
by the red contours, as illustrated in the Figure 9B. In addition, the magenta-colored contour
maps with 80% contribution indicate the hydrogen bond acceptor field that reinforces the
activity, while the red contours of 20% contribution indicate the disadvantaged region, as shown
in Figure 9C. We have noted the absence of the hydrogen bond donor (HBD) field, as shown
in Figure 9D, since the results presented in Table 3 confirm no impact of HBD in the COMSIA
models; therefore, steric (A), electrostatic (B) and hydrogen bond acceptor (C) fields are the
main factors that influenced the biological activity. Additionally, we observed a green contour
in meta and para positions, especially for the isoxazole derivatives, indicating that the selection
of the voluminous substitution group in this area is necessary to make the ligand more active.
Moreover, we detected a blue contour in the same disubstituted aromatic cycle in the meta and
para positions, which makes the molecule most active. We also discovered, in the reverse part
of the template molecule, a very important magenta contour in the [Oxazol-2(3H)-one] group,
explaining the high activity of the inhibitor.
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Figure 9. Std*coeff. contour maps corresponding to steric (A), electrostatic (B), hydrogen
bond acceptor (C) and hydrogen bond donor (D) fields explained for the compound 22 as
a template

3.4.ADMET in Silico Pharmacocinetics

Based on ifenprodil as an anti-hypertensive agent, with neuroprotective activity through its
effects on N-Methyl-D-Aspartate (NMDA) receptors [17], we have tested the thirty-two
molecules using BOILED-Egg as an accurate and reliable predictive model. This model is
strongly applicable in the context of medicinal chemistry and drug discovery, focused on the
evolution of lipophilicity, defined by the logarithm of the partition coefficient between n-
octanol and water solvents (LogP O/W) in the Y-axis, as a function of polarity, given by the
topological polar surface area (TPSA) in the X-axis [52]. Figure 10 presents only the L1, L2
and L3 ligands that are part of the yellow Egan Egg, due to the fact that they have a TPSA
inferior to 80 A?; as such, they are the inhibitors with the greatest ability to cross the blood—
brain barrier (BBB). In contrast, the other 29 molecules, which are part of the white egg zone,
are most likely to be absorbed from the gastrointestinal tract [53]. Consequently L1, L2 and L3

inhibitors, as well as ifenprodil as a co-crystallized ligand, were further examined using
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adsorption, distribution, metabolism, excretion and toxicity (ADMET) pharmacokinetic
parameters on the basis of Lipinski, Veber, Egan, Muegge and Ghose rules [33,54]. Compared
to ifenprodil, the results successively presented in Table 5 and Table 6 clearly illustrate that the
three inhibitors respect the Lipinski thresholds, and satisfy the favorable violation numbers of
Veber, Egan, Muegge and Ghose without exception. Moreover, they have efficient absorption
at the level of human intestine (IAH over 89%), and a significant distribution, due to the fact
that their volumes of distribution in humans are intended to be superior to —0.44 Log L/kg. At
the blood-brain barrier (BBB), their permeabilities are significantly higher than —1 Log BB,
except for the ligand L3. At the level of the central nervous system (CNS), they have
permeabilities outside the (=2 to —3 Log PS) range, so they all access the central nervous system
(CNS). In addition, they are all predicted to be inhibitors of the 1A2, 2C19 and 2C9
cytochromes; however, ifenprodil has been predicted to be an inhibitor of 1A2 and 2D6
cytochromes. Consequently, L1, L2 and L3 ligands are engineered as hon-poisonous operators
for the central nervous system (CNS), because of their high potential to cross the blood—brain
barrier (BBB).

)
1
. O
< > 88 a A~ /,J
100 90 /I ‘-””l
g 2 €
8 2 ¥ -
o @ o '3
° o o : :
®
.
4 I -
\ / S 7/
/'"» .‘\ Y / 3
\ \\
o ¢ «

Figure 10. BOILED-Egg predictive model of the co-crystallized ligand and the thirty-two
inhibitors
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Table 5. Physicochemical parameters prediction of ifenprodil, L1, L2 and L3 ligands on
the basis of Lipinski, Veber, Egan, Muegge and Ghose regulations

Lipinski Veber Egan Ghose Muegge

Physical and Chemical Properties Violatio Violatio Violatio Violatio Violatio
ns ns ns ns ns
Ligands Molgcular Molar refractive Rotatable Log P H bond H-bond
number weight index bonds (OCtanOIacceptors donors
(g/mol) /Water)
Threshold <500 40<MR<130 <10 <5 <10 <5 Yes/No Yes/No Yes/No Yes/No Yes/No
L1 336.39 97.50 5 2.26 4 1 Yes Yes Yes Yes Yes
L2 354.38 97.46 5 241 5 1 Yes Yes Yes Yes Yes
L3 370.83 102.51 5 2.53 4 1 Yes Yes Yes Yes Yes
Ifenprodil 323.43 101.49 5 3.47 3 1 Yes Yes Yes Yes Yes

Table 6. ADMET properties prediction of ifenprodil, L1, L.2 and L3 ligands

Absorption Distribution Metabolism Excretion Toxicity
Intestinal s BBB CNS  Substrate Inhibitor Total AMES
Absorption (human) permeabil permeabilit CYP Clearance toxicity
. (human) ity y 2D6 3A4 1A22C19 2C9 2D6 3A4
Ligands -
. . Numeric
number - Numeric Numeric Numeric  Numeric (Log Categorical
(% (Log Categorical (Yes/No) g g

(Log BB) (Log PS) ml/min/k (Yes/No)

Absorbed)  L/kg) ¢))

L1 94.525 0.191 -0.965 2361 Yes Yes Yes Yes Yes No Yes 0.264 Not toxic
L2 89.981 0.346 —0.176 —2.53 No Yes Yes Yes Yes No No 0.197 Not toxic
L3 89.079 0.475 —1.138 —2.376 No Yes Yes Yes Yes No No 0.156 Not toxic
Ifenprodil  92.417 1.23 0.046 —1.079  Yes Yes Yes No No Yes No 0.993 Not toxic

3.5.Molecular Docking

The results of molecular docking were concentrated on the transport protein of 3QEL.pdb
connected to ifenprodil as a novel N-Methyl-D-Aspartate (NMDA) receptor antagonist that
selectively inhibits receptors, including the NR2B subunit [55]. The crystal structure of this
receptor was extracted from the protein data base (PDB) through the use of the X-ray diffraction
process at a reasonable resolution equal to 2.6 A [17,56]. Thus, the results of the intermolecular
interactions established between L1, L2 and L3 ligands and the 3QEL encoded protein were
compared to experimentally produced intermolecular interactions among the targeted protein
and co-crystallized ligand (ifenprodil) thanks to the ProteinsPlus online server [57], which
revealed that Phel76, Glu236 and GIn110 amino acids are the active locations of the targeted

protein in its D-chain, as pictured in Figure 11.
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Figure 11. Experimental pose view of ifenprodil with the protein’s active sites

3.6.Docking Validation Protocol

To validate the accuracy of the docking technique, we tested the efficiency of its algorithms,

predicting the conformation of the ifenprodil as a co-crystallized ligand by means of the re-

docking process, which is mainly based on the overlay of the docked ligand on the ligand

attached to the protein in its D chain, as illustrated in Figure 12. Here, 3D (a) and 2D (b)

visualizations of chemical interactions established between the docked ifenprodil (binding

energy of —5.45 kcal/mol) and the responsible protein prove that Phel76, Glu236 and GIn110

amino acids are similar to those experimentally produced for co-crystallized ifenprodil.

Additionally, the superposition result illustrated in Figure 12(c) reveals a root mean square

deviation (RMSD) of 0.395 A, smaller than 2, which provides an accurate pose prediction.

Therefore, the molecular docking protocol is successfully validated [19].
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Figure 12. 3D (a) and 2D (b) intermolecular interactions established between the targeted
protein and docked ifenprodil with a binding energy equal to —5.45 kcal/mol, and
redocking pose (c) with a RMSD value of 0.395 A (original ifenprodil in cyan, and docked
ifenprodil in green)

3.7.Molecular Docking Modeling for L1, L2 and L3 Ligands

Although the docking protocol was successfully validated, we docked L1, L2 and L3

7

inhibitors penetrating the blood-brain barrier (BBB) in the same active sites of the protein
encoded as 3QEL, and we arrived at the molecular docking results presented in Figure 13.
Firstly, the ligand L1 forms two hydrogen bonds, established between Asp136 and Glul78
amino acids and nitrogen atoms of the pyrazole group, with a nuclear distance of 4.69 A and
4.08 A, respectively. Moreover, it forms with the same group a chemical bond of amide-pi
stacked-type with Phe176 amino acid at a distance of 7.22 A, in addition to a pi-anion chemical
bond with Glu236 amino acid at a nuclear distance of 6.46 A. Secondly, the ligand L2 forms a
hydrogen bond established between the oxygen atom of the acetamide cluster and the GIn110
amino acid, at a nuclear distance of 5.29 A, as well as a pi-sigma chemical bond with Glu235
amino acid at a distance of 4.92 A, in addition to a pi-anion chemical bond with Glu236 amino
acid at a distance of 6.76 A, and carbon hydrogen bond linked to the Phe176 amino acid.
Thirdly, the ligand L3 forms only two chemical bonds: the first one is a pi-sigma chemical bond
created with Glu235 amino acid at a distance of 4.40 A, and the second one is a pi-anion
chemical bond established with Glu236 amino acid, with a nuclear distance of 5.59 A.
Consequently, the results of molecular docking prove that L1, L2 and L3 ligands share a pi-
anion chemical bond as a common molecular interaction with Glu236 amino acid. L2 and L3
ligands form a common pi-sigma chemical bond with the Glu235 amino acid. Moreover, both

L1 and L2 ligands react with the Phel76 amino acid. As such, compared to the active sites of
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ifenprodil as a co-crystallized ligand, we conclude that Glu236, Glu235, GIn110, Phel76,
Asp136 and Glu178 amino acids are the active sites in which L1, L2 and L3 ligands can inhibit
the NMDA receptor subunit 2B, providing analgesic activity against neuropathic pain.
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Figure 13. 3D (left) and 2D (right) visualization of intermolecular interactions between
L1, L2 and L3 ligands and the transport protein encoded as 3QEL, corresponding to
the following binding energies in kcal/mol: —6.45, —5.57 and —6.32, respectively
4. Conclusion
A systematic in silico study was conducted on a set of thirty-two selective antagonists of N-
Methyl-D-Aspartate receptor subunit 2B to identify successful analgesic medications to treat
neuropathic pain. Firstly, COMFA and CoMSIA/EDA models were developed using the 3D-
QSAR technique, and were evaluated using internal and external validation, indicating a
significant effect of steric, electrostatic and hydrogen bond acceptor fields on the analgesic
activity, which is explained through the presence of the [Oxazol-2(3H)-one] group and the
halogen-like atomic groups in the meta and para positions of the aromatic cycle of the isoxazole
derivatives. Afterwards, in silico ADMET pharmacokinetics prediction demonstrated a
desirable profile of L1, L2 and L3 ligands, which were predicted as non-toxic inhibitors for
1A2, 2C19 and 2C9 cytochromes, respecting Lipinski, Veber, Egan, Ghose and Muegge rules,
with a high level of absorption that exceeds 89%, and the highest chance of crossing over into
the central nervous system (CNS). Finally, the obtained results were further qualified and
reinforced using molecular docking simulation, which affirmed that L1, L2 and L3 isoxazoles
react specifically with Phel76, Glu235, Glu236, GIn110, Asp136 and Glu178 amino acids of
the transport protein encoded as 3QEL. Consequently, they can be applied as therapeutics in
the field of medicine to prevent neuropathic diseases. Nevertheless, they need to be exposed to
in vitro and in vivo investigations to assess their safety and effectiveness as analgesic

medication.
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Résumé

L'activation des récepteurs NMDA induite par les sous-unités GIUN2B revét une grande
importance dans les troubles du systeme nerveux central (SNC), notamment la maladie de
Parkinson, la maladie d'Alzheimer et les accidents vasculaires cérébraux, en raison de sa forte
contribution au phénomene d'excitotoxicité, ce qui fait des antagonistes sélectifs des récepteurs
NMDA I'un des agents thérapeutiques potentiels pour le traitement des maladies
neurodégéneératives, en particulier les accidents vasculaires cérébraux (AVC).

La présente étude vise a examiner une famille structurelle de trente antagonistes des sous-unités
GIuN2B du récepteur N-méthyl-D-aspartate (NMDA) pouvant pénétrer au sein du cerveau, en
utilisant la technique de la conception de médicaments assistée par ordinateur, afin de découvrir
des médicaments hautement candidats pour les accidents vasculaires cérébraux de type
ischémiques. Au début, I'analyse des propriétés physicochimiques et pharmacocinétiques
ADMET a révélé que les composés C13 et C22 ont été prédits en tant qu'inhibiteurs non
toxiques des cytochromes CYP2D6 et CYP3A4, avec une absorption intestinale chez 'homme
supérieure a 90 %, mais également en tant qu'agents efficaces pour le systéme nerveux central
(SNC) du fait de leurs plus grandes chances de franchir la barriere hémato-encéphalique (BHE).
Comparés a l'ifenprodil, un ligand co-cristallisé complexé avec la protéine de transport codée
sous 3QEL.pdb, nous avons noté que les composés chimiques C13 et C22 étaient définis par
des profils ADME-Toxicité satisfaisants, répondant aux régles de Lipinski, Veber, Egan,
Ghose, et Muegge.

De plus, les résultats du docking moléculaire indiquent que les ligands C22 et C13 réagissent
spécifiqguement avec les résidus d'acides aminés des sous-unités GIuN1 et GIuN2B du récepteur
NMDA. Ces interactions intermoléculaires produites entre les candidats médicaments et la
protéine ciblée dans la chaine B restent stables sur 200 nanosecondes de temps de simulation
de dynamique moléculaire. En conclusion, les ligands C22 et C13 sont hautement recommandés
comme médicaments thérapeutiques contre I'AVC en raison de leur sécurité et de leur stabilité

moléculaire vis-a-vis des récepteurs NMDA.

Mots-clés : NMDA ; SNC ; AVC ; ADMET ; Docking moléculaire ; Dynamique moléculaire.
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Chapitre 1V: An in-silico Investigation Based on Molecular Simulations of Novel and
Potential Brain-penetrant GIuN2B NMDA Receptor Antagonists as Anti-stroke
Therapeutic Agents
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Abstract: GluN2B-induced activation of NMDA receptors plays a key function in central
nervous system (CNS) disorders, including Parkinson, Alzheimer, and stroke, as it is strongly
involved in excitotoxicity, which makes selective NMDA receptor antagonists one of the
potential therapeutic agents for the treatment of neurodegenerative diseases, especially stroke.
The present study aims to examine a structural family of thirty brain-penetrating GIuN2B N-
methyl-D-aspartate (NMDA) receptor antagonists, using virtual computer-assisted drug design
(CADD) to discover highly candidate drugs for ischemic strokes. Initially, the physicochemical
and ADMET pharmacokinetic properties confirmed that C13 and C22 compounds were
predicted as non-toxic inhibitors of CYP2D6 and CYP3A4 cytochromes, with human intestinal
absorption (HIA) exceeding 90 %, and designed to be as efficient central nervous system (CNS)
agents due to the highest probability to cross the blood-brain barrier (BBB). Compared to
ifenprodil, a co-crystallized ligand complexed with the transport protein encoded as 3QEL.pdb,
we have noticed that C13 and C22 chemical compounds were defined by good ADME-Toxicity
profiles, meeting Lipinski, Veber, Egan, Ghose, and Muegge rules. The molecular docking
results indicated that C22 and C13 ligands react specifically with the amino acid residues of the
NMDA receptor subunit GluN1 and GluN2B. These intermolecular interactions produced
between the candidate drugs and the targeted protein in the B chain remain stable over 200
nanoseconds of molecular dynamics simulation time. In conclusion, C22 and C13 ligands are
highly recommended as anti-stroke therapeutic drugs due to their safety and molecular stability

towards NMDA receptors.
Keywords: NMDA; CNS; CADD; ADMET; BBB; Molecular Docking; Molecular Dynamics
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1. Introduction

According to the 2015 Global Burden of Disease (GBD) report, strokes were classified as
the second most common cause of death and the third major cause of disability in the world [1].
Ischemic strokes make up about 87% of all strokes and include oxidative stress, energy failure,
apoptosis, brain edema, high-frequency amino acid neurotoxins, and intracellular calcium
overload [2,3]. The present study was performed using a virtual screening of a set of thirty
brain-penetrant GIuUN2B NMDAR antagonists, which were previously designed, and
biologically evaluated as anti-stroke therapeutic agents, with the help of pharmacophore-
merging strategy, through the combination of popular GIuN2B ligands and 3-n-Butylphthalide
(NBP) structures [4]. Nowadays, computer-assisted drug design (CADD) based on in-silico
techniques has gained great importance and has been largely reported in the literature [5-9]. In
this regard, we have examined GIuN2B NMDAR antagonists, through the use of computer-
assisted drug design (CADD) technology, to detect and identify non-toxic, highly effective CNS
agents, intended to be the best anti-stroke therapeutic drugs. During the first part of this work,
we examined all thirty NMDA receptor antagonists, using the BOILED-Egg as an accurate
predictive model, highly practical in medicinal chemistry to discover the candidate drugs [10].
Thereafter, we predicted the physicochemical and pharmacokinetic properties of thirty
compounds compared to ifenprodil as a co-crystallized ligand complexed to amino-terminal
domains of the NMDA receptor subunit GIuN1 and GIuN2B, encoded as 3QEL.pdb [11]

(https://www.rcsb.org/structure/3QEL), and we assessed their similarity to drugs with the

assistance of bioavailability radars, taking into account the evaluation of six important
parameters for the design of orally administered drugs, like lipophilicity, polarity, size,
solubility, saturation, and flexibility [12,13]. In the second part, the molecular docking
simulation was performed to explore the intermolecular interactions produced between the
transport protein of 3QEL.pdb code, and the most active compounds scored as C13, C22, and
C23 which were experimentally defined by the highest level of neuroprotective activity
(survival rate of 81.91%, 89.80%, and 88.35%, respectively), meeting the five rules of Lipinski,
and the bioavailability conditions of Veber, Egan, Muegge, and Ghose, with a good ADME-
Tox profile [14]. Thereafter, the molecular mechanics with generalized born and surface area
(MMGBSA) solvation was conducted to calculate the binding free energies of three studied
complexes [15,16]. Then, the conformational changes of each complex were examined during
200 nanoseconds of simulation time, with the help of the molecular dynamics technique, a

successful technology widely applied to examine the stability of chemical interactions obtained
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by molecular docking, studying the behavior of proteins towards small molecules with atomic
precision and detailed temporal resolution [17,18]. In the last step, the stability and reactivity
of candidate drugs was also examined using the density functional theory (DFT) to discover the

most powerful drug candidate for the treatment of ischemic stroke [19,20].

2. Materials and Methods
2.1.Experimental database

The current study was carried out on thirty brain-penetrating GIuN2B N-methyl-D-
aspartate (NMDA\) receptor antagonists, which were experimentally synthesized through the
pharmacophore-merging strategy. This experimental study which was performed by Qinlong
Xu et al in China concluded that about half of 3-ethylisobenzofuran-1(3H)-one derivatives
(Figure 14) presented a superior neuroprotective activity to 3-n-butylphthalide (NBP) against
NMDA-induced neurotoxicity in hippocampal neurons at 10 uM, as displayed in Table 7, and
also concluded that the chemical compound C22 merits further functional evaluation as novel
anti-stroke therapeutic agent [4]. For this reason, we have examined this experimental database
using machine learning techniques, based on ADME and toxicity predictions, drug Kinetics
assessments, molecular docking, molecular dynamics simulations, and DFT studies to verify
the toxicity, ADME pharmacokinetics properties, and stability of intermolecular interactions

produced towards the targeted protein.

R
/

O

O

Figure 14. Structural formula of 3-ethylisobenzofuran-1(3H)-one derivatives.
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Table 7. Neuroprotection of thirty chemical compounds against NMDA-induced
neurotoxicity in hippocampal neurons at 10 pM.

Compounds R Survival |Compounds R Survival
number rate (%) number rate (%)
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2.2.In-silico pharmacokinetics, Drug-Likeliness, and ADME-Toxicity Prediction

A certain number of conditions must be satisfied before a drug can be approved for clinical
trials. Initially, the BOILED-Egg model based on the calculation of lipophilicity given by the
logarithm of the partition coefficient between n-octanol and water (Log Pow) and polarity
signaled by the topological polar surface area (TPSA) of small molecules was applied to
identify the potent central nervous system (CNS) agents, with the highest probability to cross
the blood-brain barrier (BBB) [10,21]. Secondly, the bioavailability radars were also evaluated
on this set of molecules to assess their similarity to drugs meeting the oral bioavailability,
considering six molecular descriptors as: lipophilicity, polarity, size, solubility, saturation, and
flexibility [22—24]. Moreover, the physicochemical properties of each compound were studied
in the basis of Lipinski [25], Egan [26,27], Veber [28], Muegge [29], and Ghose [30] rules.
Finally, the pharmacokinetic properties of absorption, distribution, metabolism, excretion, and
toxicity (ADME-Tox) were predicted and compared to the ADME-Tox profile of ifenprodil as
a selective NMDA receptor antagonist, with the help of the online SwisSADMET
(http://www.swissadme.ch/) and pkCSM (https://biosig.lab.uq.edu.au/pkcsm/prediction)
servers [13,31].

2.3.Molecular Docking

Molecular docking is an efficient and successful tool for drug discovery [32]. It’s largely
applied in the literature to explore the binding affinity and the type of intermolecular
interactions produced between the candidate drug and targeted protein [5,7,33-35]. For this
purpose, we extracted the experimentally-determined 3D structure of the N-methyl-D-aspartate
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(NMDA) receptor from the protein data bank (PDB) archive. The crystal structure of this
transport protein encoded as 3QEL.pdb was discovered using the X-RAY diffraction method
with a resolution of 2.60 A [11] (https://www.rcsb.org/structure/3QEL). Then, we prepared our

protein using the Discovery Studio 2021 (BIOVIA) package software [36], deleting the water
molecules, ion sodium, ifenprodil, and all other co-crystallized ligands linked to protein.
Moreover, the Gasteiger charges were computed and the polar hydrogens were added to
improve the cavity performance. So, the prepared protein was docked to C13, C22, and C23
compounds as three most active ligands, using AutoDock 4.2.6 / AutoDockTools 1.5.6 software
[37,38]. With the help of AUTOGRID algorithm, we centralized the grid box on (81.43 A,
15.25 A, -21.157 A), putting the sizes: (100, 100, 100) in the 3D structure of (candidate ligand
— 3QEL.pdb protein) complex, and executing 10 genetic algorithms of a maximum number of
evals equal to 25000000 for each complex. Lastly, the intermolecular interactions resulting
from the strongest complexes with the lowest binding energies in Kcal/mol were visualized

using Discovery Studio 2021 software [7].
2.4.Molecular dynamics

To assess the level of molecular recognition of the candidate drug, we evaluated its
molecular behavior towards the protein target, using the molecular dynamics technique
performed by the use of Desmond software, a package from Schrddinger LLC [39]. For this
goal, the output files of molecular docking were selected as input files of molecular dynamics,
to verify the stability of the (C13, C22, C23 ligands — 3QEL.pdb protein) complexes, during
200 nanoseconds of molecular dynamics (MD) simulation time. Initially, the studied complexes
were prepared using Protein Preparation Maestro and further optimized in the System Builder
tool utilizing of the transferable interaction potential 3-point (TIP3P) solvent model, with an
OPLS-type force field [40]. Subsequently, the adopted models were neutralized by the addition
of the counter ions and water molecules to reproduce the physiological environment of 0.15 M
salt (Na+, Cl-), with a pressure of 1 atm and a temperature of 300 K. Finally, the conformational
changes of root mean square fluctuation (RMSF), root mean square deviation (RMSD), polar
surface area (PSA), solvent accessible surface area (SASA), radius of gyration (Rg), and
molecular surface area (MolSA) were all registered at 200 nanoseconds of molecular dynamics

simulation time [41,42].
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3. Results and discussion
3.1.Drug Kinetics Assessment, Drug-likeliness, and ADME-Toxicity Profile Analysis
The BOILED-Egg model has been applied on thirty antagonists of GIuUN2B N-methyl-D-

aspartate receptor (NMDAR), which have been compared to ifenprodil, as a noncompetitive
antagonist of this receptors type, known earlier thanks to its neuroprotective activity against
hypertension [43]. The results presented in Figure 15, indicate that all the studied compounds
are part of the yellow Egan eggs, except compound 23 which is part of the white eggs. Thus,
compound 23 belonging to the white region of the egg, has the highest probability of being
absorbed from the gastrointestinal tract, and all other compounds have the highest probability
to cross the blood-brain barrier (BBB). The chemical compounds C1, C2, C5, C28, and
ifenprodil ligand are marked in red, showing that they are predicted not to be effluated from the
central nervous system (CNS) by the P-glycoprotein. Inversely, all other compounds colored in
bleu, are predicted to be successfully evacuated from the CNS by the P-glycoprotein except

molecule 23, because it is most likely to be passively absorbed by the gastrointestinal tract [10].
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Figure 15. BOILED-Egg model of thirty inhibitors and ifenprodil as co-crystallized
ligand.
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Moreover, the predicted physicochemical properties of thirty GIuUN2B N-methyl-D-
aspartate (NMDA) receptor antagonists, were compared to ifenprodil, based on five rules of
Lipinski, and the violations number of VVeber, Egan, Ghose, and Muegge. The results presented
in Table 8, demonstrate that GIuUN2B NMDA receptor antagonists satisfy all five rules of
Lipinski, where: molecular weight (MW) < 500, 40 < molar refractivity (MR) < 130, Log P
(octanol/water) < 5, hydrogen bond acceptor (HBA) < 10, and hydrogen bond donor (HBD) <
5. Then, the bioavailability number of Veber, Egan, Ghose, and Muegge is successfully
verified, except for compound C1, which didn’t satisfy the Muegge rule, because it’s defined
by a molecular weight inferior to 200 g/mol.

Table 8. Physicochemical properties of ifenprodil and thirty GluN2B N-methyl-D-
aspartate (NMDA) receptor antagonists, based on Lipinski, Veber, Egan, and Ghose
violations.

Lipinski Veber Egan Ghose Muegge

Physico-chemical properties L D e
violation violation violation violation violation

N°  Molecular Molar

weight refractive }e{(l))tce)lltiibsl Log P ;& ;—) Categorical (Yes/No)
(g/mol) index
40< MR

Rule <500 <130 10 <5 <10 <5 Yes/No Yes/No Yes/No Yes/No Yes/No

Cl 190.24 54.99 3 2.53 2 0 Yes Yes Yes Yes No

C2 205.25 57.89 3 2.39 3 0 Yes Yes Yes Yes Yes

C3 231.29 69.31 3 2.66 3 0 Yes Yes Yes Yes Yes

C4 299.39 87.02 3 2.95 3 3 Yes Yes Yes Yes Yes

C5 219.28 62.70 4 2.64 3 0 Yes Yes Yes Yes Yes

Cé6 245.32 74.11 4 2.82 3 0 Yes Yes Yes Yes Yes

C7 313.41 91.83 4 3.13 3 0 Yes Yes Yes Yes Yes

C8 261.32 75.20 4 2.72 4 0 Yes Yes Yes Yes Yes
C9 259.34 78.92 4 3.03 3 0 Yes Yes Yes Yes Yes
C10 275.34 80.08 4 2.64 4 1 Yes Yes Yes Yes Yes
Cl1 289.37 84.89 5 2.82 4 1 Yes Yes Yes Yes Yes
Cl12 349.47 108.21 6 3.80 3 0 Yes Yes Yes Yes Yes
CI13 350.45 110.22 6 3.67 4 0 Yes Yes Yes Yes Yes
Cl4 351.44 108.01 6 3.42 5 0 Yes Yes Yes Yes Yes
CI15 351.44 108.01 6 3.31 5 0 Yes Yes Yes Yes Yes
Cle 351.44 108.01 6 3.36 5 0 Yes Yes Yes Yes Yes
C17 401.50 125.52 6 3.98 5 0 Yes Yes Yes Yes Yes
C18 375.46 114.93 6 3.66 5 0 Yes Yes Yes Yes Yes
C19 384.90 115.23 6 3.98 4 0 Yes Yes Yes Yes Yes
C20 384.90 115.23 6 4.05 4 0 Yes Yes Yes Yes Yes
C21 429.35 117.92 6 4.09 4 0 Yes Yes Yes Yes Yes
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C22 418.45 115.22 7 4.03 7 0 Yes Yes Yes Yes Yes
C23 395.45 119.04 7 3.45 6 0 Yes Yes Yes Yes Yes
C24 395.45 119.04 7 3.46 6 0 Yes Yes Yes Yes Yes
C25 368.44 110.18 6 3.81 5 0 Yes Yes Yes Yes Yes
C26 364.48 115.18 6 3.66 4 0 Yes Yes Yes Yes Yes
C27 364.48 115.18 6 3.65 4 0 Yes Yes Yes Yes Yes
C28 410.51 123.20 8 4.10 6 0 Yes Yes Yes Yes Yes
C29 428.54 123.31 7 3.35 6 0 Yes Yes Yes Yes Yes
C30 386.43 110.13 6 3.89 6 0 Yes Yes Yes Yes Yes
Irf)e;f 32343 10149 5 347 3 1 Yes  Yes Yes Yes  Yes

The pharmacokinetic properties of absorption, distribution, metabolism, excretion, and
toxicity (ADME-Tox) of thirty molecules, were also compared to the ADMET profile of
Ifenprodil, as resulted in Table 9. We have recorded that all thirty GIuN2B NMDA receptor
antagonists and a noncompetitive antagonist of NMDA receptors (ifenprodil) are characterized
by very good human intestinal absorption (HIA superior to 90 %), and defined by blood-brain
barrier (BBB) permeabilities superior to -1 Log BB, and central nervous system (CNS)
permeabilities included between -1 and -3 Log PS. In addition, they are predicted as inhibitors
of CYP1A2, CYP2D6, and CYP3A4 cytochromes, but they have any effect on CYP2C9 and
CYP2C19 cytochromes. All chemical compounds are predicted by similar excretion, which is
defined by a total clearance that does not decrease by 0.8 log ml/min/kg, except for C4
compound (total clearance of -1.208 log ml/min/kg). The AMES toxicity test indicates that all
GIuN2B NMDA receptor antagonists are predicted as not toxic inhibitors, except C4, C23, and
C24 compounds. Most of these compounds do not cause skin sensitization, but they are
predicted to have significant hepatotoxicity in the human organism, as an adverse side effect
like any other medications.

Table 9. ADMET in-silico pharmacokinetic properties of ifenprodil and thirty GluN2B N-
methyl-D-aspartate (NMDA) receptor antagonists.

Absorption  Distribution Metabolism Excretion Toxicity
Intestinal BBB CNS Substrate Inhibitor Total AMES Hepat Skin
Absorption permeab Permea Cytochromes Clearance toxicit otoxici Sensiti
N° (Human) ility bility 2D6 3A4 1A2 2C19 2C9 2D6 3A4 y ty zation
. . Numeri
Numeric (% Numeri Numeri _ l(JLoeg ¢ _
Absorbed) ¢ (Log c Categorical (Yes/No) ml/min/k Categorical
BB) (LogPS) 9 (Yes/No)
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C1 95.198 0.237 -1911 No No Yes No No No No 0.808 No Yes Yes
C2 95.246 0226 -193 No No No No No No No 0.992 No No Yes
C3 94.194 0241 -216 No Yes No No No Yes No 1.202 No Yes Yes
C4 91.909 0298 -1208 No Yes No No No Yes No -1.208 Yes No No
C5 94.646 03 -1.886 No Yes Yes No No Yes No 0.996 No Yes Yes
C6 93.66 0.27 -2106 No Yes No No No Yes No 1.25 No Yes Yes
C7 91.335 0.327 -1268 No Yes No No No Yes No 1.461 No No No
C8 94.975 0.13 -2201 No Yes No No No No No 1.248 No Yes Yes
C9 93.271 0.257 -2152 No Yes No No No Yes No 1.205 No Yes Yes
C10 92.782 0.088 -2499 No Yes No No No No No 1.188 No No No
Cl1 92.312 0.056 -253 No Yes No No No Yes No 1.082 No No No
Cl12 93.056 0.464 -1.195 Yes Yes No No No Yes No 1.133 No Yes No
C13 92.838 0.266 -1.145 Yes Yes No No No Yes No 1142 No Yes No
Cl4 94.803 0.127 -1995 No Yes No No No Yes Yes 1.159 No Yes No
C15 95.02 0.135 -1832 No Yes No No No Yes No 1.129 No Yes No
Cl6  95.048 0.135 -1832 No Yes No No No Yes No 1.162 No Yes No
Cl7  92.643 0.25 -1.419 Yes Yes Yes No No Yes No 1.162 No Yes No
C18 93.001 0.013 -2.164 Yes Yes No No No Yes No 1.16 No Yes No
C19 91.984 0.268 -1.309 Yes Yes No No No Yes No 1.022 No Yes No
C20 91.492 0.316 -1.392 Yes Yes No No No Yes Yes 1.065 No Yes No
C21 91.425 0.314 -1392 Yes Yes No No No Yes Yes 1.045 No Yes No
C22 90.338 0283 -1.36 Yes Yes No No No Yes Yes 0.917 No Yes No
C23 92104 -0.345 -2.383 Yes Yes No No No Yes No 0.83 Yes Yes No
C24  92.137 -0.293 -2.378 Yes Yes No No No No Yes 0.824 Yes Yes No
C25 92.394 0.309 -1418 Yes Yes No No No Yes Yes 1.026 No Yes No
C26 92.95 0.329 -1.392 Yes Yes No No No Yes Yes 1.078 No Yes No
C27 93.442 0.281 -1.309 Yes Yes No No No Yes No 1.051 No Yes No
C28 93.179 0.223 -252 Yes Yes No No No Yes Yes 1.117 No Yes No
C29 94.23 0.021 -2.624 No Yes No No No No No 0.944 No Yes No
C30 91.635 0.301 -143 Yes Yes No No No Yes Yes 1.002 No Yes No
'rfjgﬁ’ 92417 0046 -1.079 Yes Yes Yes No No Yes No 0993 No No No

As a result, C4, C23, and C24 compounds were predicted as toxic products, according to
the AMES toxicity test. C23 compound was predicted to be absorbed by the gastrointestinal
tract, because it’s part of white Egan Egg. C1, C2, C5, and C28 ligands are predicted not to be
evacuated from the central nervous system (CNS) by the P-glycoprotein. While the majority of
the remaining compounds do not cause skin sensitization, but they present marked
hepatotoxicity in the human organism. C22 ligand was successfully examined with a good
ADMET profile, respecting Lipinski, Veber, Egan, Muegge, and Rhose rules.

Recently, increasing attention has been directed to the necessity of assessing the

bioavailability problems of potential drugs. This need was particularly marked for drug
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discovery projects [22]. For this reason, we have examined the bioavailability of ifenprodil and
GIuN2B N-methyl-D-aspartate receptor antagonists, based on bioavailability radars
technology, considering six physicochemical properties ideally adapted for oral bioavailability,
namely lipophilicity, polarity, size, solubility, saturation, and flexibility. Where, lipophilicity
(LIPO): -0.7 < XLOGP3 < +5, SIZE: 150 < MV < 500 g/mol, polarity (POLAR): 20 A2 <
TPSA < 130 A2, insolubility (INSOLU): -6 < LOG S < 0, insaturation (INSATU): 0.25 <
Fraction Csp3 < 1, and flexibility (FLEX): 0 < Number of rotatable bonds < 9. The pink-colored
area is the suitable physicochemical space for oral bioavailability, in which the graph of each
molecule must be fully adjusted to be declared as drug-like [23]. The present study shows that
all compounds adhere to the suitable space for oral bioavailability because they are part of the
pink zone of bioavailability radars without exception, as displayed in Figure 16.
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Figure 16. Bioavailability radars of ifenprodil and thirty compounds, taking into account
six physicochemical properties ideal for oral bioavailability, namely lipophilicity (LIPO),
polarity (POLAR), size (SIZE), solubility (INSOLU), saturation (INSATU), and flexibility
(FLEX).

3.2.Molecular Docking Simulation

2D and 3D visualizations of molecular docking resulted in Figure 17, show that the C22
compound reacts specifically with GIn 152, Lys 382, Trp 379, Tyr 282, and Lys 361 amino acid
residues of 3QEL.pdb protein with a binding energy of -7.27 kcal/mol, creating five
conventional hydrogen bonds, with nuclear distances of 2.29 A, 2.67 A, 2.20 A, 2.03 A, and
2.82 A, respectively. Three first conventionnel hydrogen bonds were produced with fluorine
atoms, and last two were created with oxygen atom of ketonic function. This type of
intermolecular interaction makes the C22 ligand so stable toward the targeted protein. In
addition, one carbon hydrogen bond was produced with Pro 360 amino acid residue, and two
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Pi-alkyl bonds were formed with Arg 347, and Leu 349 amino acid residues. While, the C13
compound was docked to the targeted protein with a binding energy of -7.89 kcal/mol,
producing two hydrogen bonds towards Thr 174 and Thr 233 amino acid residues, with nuclear
distances of 3.01 A, and 3.11 A, respectively. Then, one Alkyl bond was formed with Pro 177
amino acid residue at 5.24 A, one Pi-Alkyl bond was created with Met 207 amino acid residue
at 4.90 A, and one other Pi-Anion bond was created to Glu 236 amino acid residue at 4.84 A,
and Carbon Hydrogen bond was formed with Glu 106 amino acid residue at 3.08 A. Concerning
the C23 compound, it was docked to the protein target with a binding energy of -9.17 kcal/mol,
forming two Hydrogen bonds towards Glu 151, and Ile 150 amino acid residues, with nuclear
distances of 2.75 A, and 2.82 A, respectively. Moreover, two Pi-Anion bonds were created with
Asp 181 and Asp 354 at 3.31 A and 3.14 A, respectively. One Pi-Alkyl bond was produced
with Ala 135 amino acid residue at 5.18 A, and one Pi-Lone Pair bond was formed Glu 353
amino acid residue at 2.82 A. In addition, four Carbon Hydrogen bonds were produced with
Ser 149, Asp 136, Lys 137, and Asn 336 amino acid residues, at 3.23 A, 3.11 A, 2.98 A, and
3.72 A, respectively. These chemical bonds include intermolecular interactions similar to those
detected towards the Glu 236, Pro 177, Met 207, and Glu 106 amino acid residues, which have
been found by candidate selective antagonists of the N-Methyl-D-Aspartate (NMDA) receptor
subunit 2B, which were designed to treat neuropathic pain, in particular Parkinson's,
Huntington's, and Alzheimer's diseases [7]. The key amino acid residues, namely Glu 236, and
Pro 177 from GIuN2B subtypes of NMDA receptor were also detected for the most active
indoles in complex with the same targeted protein encoded as 3QEL.pdb. As well as, the key
residue Glu 236, was equally detected in the same way as the GIn 110 residue for ifenprodil,
and Ro 25-6981 as selective and competitive antagonists of NMDA receptors subunit 2B,
providing pharmacological therapies for chronic neurodegenerative diseases, in particular
Alzheimer, Parkinson, depression, schizophrenia, and neuronal loss after stroke [44,45].
Therefore, we conclude that the most active ligands labelled C13, C22, and C23 reacted
similarly to N-Methyl-D-Aspartate receptors (NMDARs) subunit 2B (3QEL.pdb), producing
almost the same intermolecular interactions towards the active sites of the targeted protein. As
a result, they could be potential treatments for neurodegenerative disorders, acting in the same
way as well-known drugs such as ifenprodil, Ro 25-6981, Tacrine, memantine, and MK-801
[46-50].
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Figure 17. 2D and 3D visualizations of intermolecular interactions established between
3QEL.pdb protein and C22, C13, and C23 ligands, with binding energy of -7.27 Kcal/mol,
-7.89 Kcal/mol, and -9.17 Kcal/mol, respectively.

3.3.Molecular Dynamics Simulation

To verify the stability of intermolecular interactions produced between the transport protein
encoded as 3QEL.pdb and C22, C13, and C23 compounds, we have performed the molecular
dynamics (MD) technique on (targeted protein-candidate drug) complexes during 200
nanoseconds of MD simulation time. The Molecular Mechanics with Generalized Born and
Surface Area (MMGBSA) solvation was conducted to calculate the binding free energies of the
studied complexes, as resulted in Table 10 [15,16]. The MMGBSA approach shows that the
binding energies are negatively very large, indicating that the candidate ligands have reacted
with the protein target with low energies (minimal AG Bind scores), which makes the
complexes stable with optimal energies during the molecular dynamic’s simulation time.

Table 10. Binding energies in Kcal/mol of the studied complexes using MMGBSA
approach.

Studied ~ MMGBSA MMGBSA  MMGBSA  MMGBSA MMGBSA  MMGBSA MMGBSA MMGBSA
complex AG Bind AG Bind AG Bind AG Bind AG Bind AG Bind AG Bind AG Bind
Coulomb Covalent Hbond Lipo packing Solv GB vdw
C22 - -68.4791617 -89.4000894 3.587672457 -0.80935759  -24.58127916  -2.529968808 97.4565515 -52.2026907
protein
Cl13 - -52.2744679  -83.1266545 3.849614219 -0.54666909 -21.03976226  -2.218290244  92.2753436 -41.4680496
protein
C23 - -47.7334229  -113.000573 2.859691276 -1.27631036  -14.30883244  -0.869315669  132.261756  132.261756
protein
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Additionally, the results of conformational changes presented in Figure 18, indicate that
root mean square deviation (RMSD) values of C22 compound as pictured in red, were predicted
with a good level of molecular stability. Furthermore, the candidate drug does not diffuse
further from the targeted protein, as marked in blue, because the ligand still linked to the
responsible protein throughout 200 ns of MD simulation time, which mean that the previous
interactions produced by molecular docking, render the complex so stable. Additionally, the
protein root mean square fluctuation (RMSF) variation shows only two remarkable fluctuations
for some protein residue indexes, so all other fluctuations were estimated to be negligible as
they oscillate around the mean fluctuation. Furthermore, the conformational changes
corresponding to the C13 and C23 ligands appear almost identical, as the RMSD values
oscillated parallel to the protein target during the first fifty nanoseconds, but deviate slightly
during the last 50 nanoseconds until the end of the simulation time. Moreover, the RMSF values
of the protein target in blue were detected in a small range from 1 A to 9 A with negligible

fluctuations after being bound to C13 and C23 ligands, similar to C22 compound.
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Figure 18. Changes in root mean square deviation (RMSD) and root mean square
fluctuation (RMSF) during 200 nanoseconds of molecular dynamics (MD) simulation time
for C22, C13, and C23 ligands complexed to 3QEL.pdb protein.

The same observations were reported regarding the conformational changes in the ligands
properties as the radius of gyration (r Gyr), molecular surface area (MolSA), solvent accessible
surface area (SASA), and polar surface area (PSA), where they seem unstable during some
nanoseconds, while they become more stable during the remaining time of the simulation time,
as displayed in Figure 19, which demonstrates that C22, C13, and C23 ligands were very
flexible after being bound to 3QEL.pdb protein, with few negligible changes in ligand
compactness, due to the contribution of polar atoms such as nitrogen, oxygen, and fluorine
elements, which confirms the highest level of molecular stability attained by the (ligand-

protein) complexes. Consequently, the stability of intermolecular interactions produced
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between the candidate drugs and protein target was successfully examined by molecular

dynamics technique during 200 nanoseconds of MD simulation time.

C22 Ligand C13 Ligand

F\WWMWMM

C23 Ligand

Wbyt |

Figure 19. Variations of root mean square deviation (RMSD), radius of gyration (r Gyr),
molecular surface area (MolSA), solvent accessible surface area (SASA) and polar surface
area (PSA) during 200 ns of MD simulation time for C22, C13, and C23 ligands complexed
to 3QEL.pdb protein.

3.4. Chemical reactivity using DFT calculations

To examine the stability and chemical reactivity of the most active compounds (C22, C13,
and C23), the calculations of Density Functional Theory (DFT) were applied on B3LYP, 6-31
+ G (d, p) basis. The results of DFT calculations presented in Table 11, summarize all energetic
values obtained for the electrostatic descriptors involved in the chemical reactivity of the
candidate drugs, as the difference in binding energy [AE = E. nomo - E. Lumo], Where the
chemical compound defined by a lower energy gap corresponds to a higher stability and
probably exhibits a high level of reactivity towards the protein target. Moreover, the negative
values of Pauling electronegativity (), indicate favorable interaction behavior towards the
protein target, and positive values of chemical electron potential (1) display spontaneous

chemical reactivity for the candidate molecules. Similarly, the positive values for chemical
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softness (S) and chemical hardness (1) again confirm the molecular interactions of the candidate
drugs. In addition, one other molecular property like electrophilicity index (o) which explains
the ability to accept an electron from the outside environment, especially when expressed
positively.

The transfer of electrons that largely contributes to the binding of the candidate
compounds with the protein target was presented by the highest occupied molecular orbital
(HOMO) and lowest unoccupied molecular orbital (LUMO). For this reason, we focused on the
Frontier Molecular Orbitals (FMO) analysis, which was done to identify the most likely reactive
sites of the C22, C13, and C23 compounds, as resulted in Figure 20. Where, the red areas
represent the attractive potential, while the blue areas represent the repulsive potential, which
play an essential role in the chemical reactivity. In addition, the negative values of frontier
orbitals confirm the stability of the compound, and the minimal value of gap energies (AE)
values equal to 0.159603816, 0.149697224, and 0.120297517 for C22, C13, and C23
respectively, which confirm again that most active molecules are so flexible to react with
targeted protein, and the reactive sites are in good agreement with the intermolecular
interactions resulted in molecular docking simulation [19,20]. Therefore, all three molecules
could exhibit a stable behavior during their interactions with the targeted protein.
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Figure 20. Frontier molecular orbitals (FMO) of the most active compounds C22 (A), C13
(B), and C23 (C)
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Table 11. DFT Calculations for the candidate drugs

E.Lumo(eV)  E. nomo (V) AE (eV) y Pauling 1 (eV) u(eVv) S(eV?) o (eV)

C22 -0.052845041  -0.2124489 0.159603816 -0.13265 0.079802 0.132647 6.265514  0.110243

C13 -0.051013771 -0.200711  0.149697224 -0.12586 0.074849 0.125862 6.680151  0.105823

C23  -0.081295983  -0.2015935 0.120297517 -0.14144 0.060149 0.141445 8.312724  0.166309

4. Conclusion

The virtual screening adopted in the current study succeeded to predict the toxicity of three
molecules marked as C4, C23, and C24 according to the AMES toxicity test, that we do not
recommend as therapeutic agents for stroke. In contrast, most of the remaining compounds do
not cause skin sensitization, but they present significant hepatotoxicity for the human body. In
addition, the C22 and C13 compounds were successfully tested as a non-toxic inhibitor of
CYP2D6 and CYP3A4 cytochromes, with a good ADMET profile, and designed to be an
efficient central nervous system (CNS) agent due to the highest probability to cross the blood-
brain barrier (BBB), meeting the violations number of Egan, Veber, Rhose, and Muegge, and
complies with all five Lipinski rules, forming stable intermolecular interactions with the amino
acid residues of the transport protein coded as 3QEL.pdb over 200 ns of molecular dynamic
(MD) simulation time. Therefore, we strongly recommend the chemical compounds called C22

and C13 as powerful anti-stroke drugs.
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Résumé

Une classe structurelle de quarante-quatre bicyclo ((aryl) méthyl) benzamides, agissant en tant
qu'inhibiteurs du transporteur de glycine type 1 (GlyT1), assurant la régulation de la fonction
des récepteurs N-méthyl-D-Aspartate (NMDA) en modulant la concentration de glycine au
niveau des synapses glutamatergiques, a été examinée a l'aide des techniques In-silico basées
sur la modélisation moléculaire.

Tout d'abord, les modéles prédictifs QSAR générés par les techniques des régressions linéaires
et non linéaires multiples affirment que l'activité biologique inhibitrice contre la schizophrénie
est fortement et significativement corrélée aux descripteurs physicochimiques, géométriques et
topologiques, en particulier : donneur de liaison hydrogene, polarisabilité, tension de surface,
énergies d'étirement et de torsion, ainsi que le diamétre topologique.

Egalement, les propriétés pharmacocinétique d' ADMET, ont révélé que les ligands les plus
actifs (L6, L9, L30, L31 et L37) sont les molécules qui ont la plus forte probabilité de pénétrer
dans le systéme nerveux central (SNC), par contre la molécule L32 a la plus forte probabilité
d'étre absorbée par le tractus gastro-intestinal.

Encore, les résultats du Docking moléculaire indiquent que les acides aminés Tyr124, Phe43,
Phe325, Asp46, Phe319 et Vall20 sont les sites actifs de la protéine membranaire du
transporteur de dopamine (DAT), dans laquelle les ligands les plus actifs peuvent inhiber le
transporteur de glycine de type 1 (GlyT1).

Enfin, les résultats des simulations de la dynamique moléculaire ont montré que les cinq
inhibiteurs sont restés stables dans les sites actifs de la protéine DAT pendant 100 ns, ce qui
démontre leur réle prometteur en tant que médicaments candidats pour le traitement de la

schizophrénie.

Mots-clés: GlyT1; QSAR; Schizophrénie; ADMET; Docking moléculaire; DAT; Dynamique

moléculaire.
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Chapitre V: QSAR, ADMET In Silico Pharmacokinetics, Molecular Docking and
Molecular Dynamics Studies of Novel Bicyclo (Aryl Methyl) Benzamides as Potent GlyT1

Inhibitors for the Treatment of Schizophrenia
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Abstract: Forty-four bicyclo ((aryl) methyl) benzamides, acting as glycine transporter type 1
(GlyT1) inhibitors, are developed using molecular modeling techniques. QSAR models
generated by multiple linear and non-linear regressions affirm that the biological inhibitory
activity against the schizophrenia disease is strongly and significantly correlated with
physicochemical, geometrical and topological descriptors, in particular: Hydrogen bond donor,
polarizability, surface tension, stretch and torsion energies and topological diameter. According
to in silico ADMET properties, the most active ligands (L6, L9, L30, L31 and L37) are the
molecules having the highest probability of penetrating the central nervous system (CNS), but
the molecule 32 has the highest probability of being absorbed by the gastrointestinal tract.
Molecular docking results indicate that Tyr124, Phe43, Phe325, Asp46, Phe319 and Val120
amino acids are the active sites of the dopamine transporter (DAT) membrane protein, in which
the most active ligands can inhibit the glycine transporter type 1 (GlyT1). The results of
molecular dynamics (MD) simulation revealed that all five inhibitors remained stable in the
active sites of the DAT protein during 100 ns, demonstrating their promising role as candidate
drugs for the treatment of schizophrenia.

Keywords: GlyT1; QSAR; schizophrenia; ADMET; molecular docking; DAT; MD
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1. Introduction
About 1% of the worldwide population is affected by schizophrenia as a serious

neuropsychiatric disease [1]. Despite the current regimens with favorable levels of efficacy and
the great advancement in the treatment of schizophrenia, no antipsychotic medication can
completely treat the cognitive dysfunction associated with this disorder, because its present
treatments are accompanied by undesirable secondary effects. Therefore, the discovery of more
clinically effective antipsychotic drugs are still necessary [2]. For this goal, the glycine
transporter type 1 (GlyT1) inhibitors approved by the Food and Drug Administration (FDA) are
a key therapeutic development strategy to treat a variety of central nervous system (CNS)
disorders, in particular schizophrenia and cognitive disorders [3,4]. In this regard, type 1 glycine
transporters regulate N-methyl-D-Aspartate (NMDA) receptor function via modulation of
glycine concentration at the glutamatergic synapses, but their deficiency may affect the higher
central nervous system functions [5,6]. In this paper, a systematic in silico study was performed
on 44 GlyT1 inhibitors, which were tested in a locomotor activity assay (LMA) of the MK801
mouse to model the treatment of positive and negative symptoms of schizophrenia [4], by means
of the following molecular modeling techniques: first of all, the quantitative structure activity
relationships (QSAR) as a technology widely used in drug discovery, indicating ligands with a
high affinity for a given macromolecular target and optimizing the quantitative linear and non-
linear relationship established between structure and inhibitory activity [7,8]; secondly, in silico
ADMET prediction of newly engineered drugs [9]; and third, the molecular docking study as
an approach designed in computational chemistry to accelerate drug discovery at the early
stages through the detection of typical intermolecular interactions, established between the
potent ligands and the responsible protein target [10]. The last step concerns the molecular
dynamics (MD) simulation as an efficient technique to investigate the dynamic conformational
changes of the selected complexes (active ligands-protein target) [11,12]. In this context, we
started our study with a molecular descriptors calculation for each GlyT1 inhibitor, using a
quantum chemistry computation with the assistance of the molecular modeling method of MM2
type and the density functional theory (DFT) based on B3LYP/6-31 + G(d,p) level, in order to
optimize the molecular configurations of all inhibitors [13]. Then, we reduced the dimension of
the molecular descriptors using a principal component analysis (PCA) based on the correlation
matrix. Next, two QSAR models were developed using multiple linear regression (MLR) and
multiple nonlinear regression (MNLR). The robustness and reliability of the established QSAR
models were examined using the external validation technique, followed by Y -randomization

test, an applicability domain and a cross-validation technique with the Leave-One-Out process,
Page 93222



Chapitre V

as one of the decisive steps to assess the confidence of the developed model’s predictions for a
new data set [14,15]. Moreover, we predicted the molecules having the highest inhibitory
activity, based on their adsorption, distribution, metabolism, excretion and toxicity (ADMET)
properties and the conditions mentioned in the rules of Lipinski, Ghose, Veber and Egan [16].
Additionally, we studied the intermolecular interactions established between the more active
ligands and the dopamine transporter (DAT) membrane protein, encoded 4M48 as a crucial
target for schizophrenia, withthe assistance of the molecular docking approach [2,17], which
was validated using docking validation protocol [18]. Lastly, we performed the molecular
dynamics simulations to analyze and elaborate the details of interaction and stability of the
potent ligands in the protein targets [19].
2. Results and Discussion
2.1.Pricipal Component Analysis

Principal component analysis (PCA) is one of the most widely applied multivariate
techniques. It is used to reduce the size of the variables into a limited number of principal
components (linear combinations of the original variables) [20]. In this paper, we calculated 40
different descriptors, which were later reduced to 27 descriptors based on the correlation matrix,
since descriptors that are strongly correlated with each other (r pearson > 0.9) were removed.
From this reduced number of variables, we were able to visualize the projection of the new
database on the first two principal components (factorial axes), as shown in Figure 21, which
clearly indicates that molecules 1 and 32 are poorly explained. Consequently, they are

considered as outliers.
Observations (F1 and F2 axes: 51.88 %)
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Figure 21. Data visualization on the first two principal components.
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2.2.Statistical Database

Although observations 1 and 32 are considered as outliers, the new database will be
represented by a matrix of 27 descriptors and 42 molecules. Using the k-means method, we
randomly divided the database into training and test sets. The first one includes 80% of the total
data (35 molecules) and was taken to develop the QSAR models, while the second one contains
20% of the total data (7 molecules) and was used to assess the validity of the developed models
[21].
2.3.Multiple Linear Regression

The Quantitative structure-activity relationships (QSAR) have the potential to reduce the
time and effort of molecular screening using mathematical predictive models [22]. One of these
models is obtained by the multiple linear regression (MLR) technique, as a statistical tool for
estimating the linear relationship between more than two variables which have cause-effect
relations [23]. Thus, the first QSAR model was applied using the MLR technique with stepwise
selection, on a training set of thirty-five molecules (N = 35), where the process was repeated
more than a thousand times based on statistical criteria: in particular, the determination and
correlation coefficients, provided that they will be validated in the next stage. Accordingly, the
best QSAR model is given by the following equation:

Logi0lCso = —10,407—0.279 x ae + 0,069 x y + 0.156 x TE + 1.83 x HBD + 1.716 x SE + 1.029 x TD. (1)

This constructed model shows that the biological activity at the log scale is a quantitative
variable affected by the following six descriptors: polarizability (ae), surface tension (y), torsion
energy (TE), Hydrogen bond donor (HBD), stretch energy (SE) and topological diameter (TD),
which have been calculated and presented in Table 12. Moreover, the significance test
demonstrates that the slope of each variable has a probability inferior to 5% as shown in Table
13, and so the selected descriptors have a significant weight on the biological inhibitory activity
at a 95% confidence interval. Except the polarizability, all five molecular descriptors affect
positively the biological activity as shown in Figure 22, where a molecule can be more active if
it is less polar and has higher values of surface tension, torsion and stretch energies, hydrogen

bond donor and topological diameter.

Table 12. Values of selected descriptors for 44 molecules.

N° ae Y TE HBD SE TD Log10ICso
2 41.05 40.3 12.9136 1 2.609 11 0.47712126
3 43.9 43.9 12.833 1 3.43 11 1.61278386
4 43.9 43.9 12.2837 1 3.7251 11 0.77815125
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5 41.96 44.6 10.5041 1 3.3398 11 1.96378783

6 43.87 50.9 5.8562 1 3.5148 10 0

7 43.11 543 10.9678 1 3.5012 10 0.77815125

8 44.29 57.7 10.6827 1 3.31 10 0.47712126
10 43.05 49.2 13.6092 1 3.581 10 2.69372695
11 43.82 51.6 16.8366 1 3.7574 10 2.67577834
12 42.28 53.7 12.0135 1 3.2349 10 1.87506126
13 43.11 543 15.9864 1 3.5181 10 2.90794852
14 43.87 50.9 12.0765 1 3.6081 10 1.36172784
15 43.11 543 15.211 1 3.5393 10 1.65321251
17 45.28 46.3 11.4242 1 4.1245 10 0.77815125
18 46.55 43.3 11.1295 1 4.5556 11 2.53147892
19 45.81 43.2 11.5098 1 4.5198 11 2.71096312
20 46.95 45.7 12.3354 1 3.7527 11 0.95424251
21 45.81 43.2 11.5767 1 3.7965 11 1.462398
22 46.55 43.3 12.3649 1 4.0183 12 2.24797327
23 45.81 43.2 11.5647 1 3.7752 12 3.23121465
24 46.55 43.3 12.3272 1 3.9781 13 3.24526584
25 41.5 38.4 18.5378 1 3.5883 11 3.52659771
26 40.85 43.8 14.1068 1 3.3294 11 1.8920946
29 43.14 46.6 17.5352 1 3.5318 11 2.95616843
30 42.67 453 11.6496 1 3.2701 10 0

31 43.05 49.2 15.9695 1 3.5677 10 0

33 52.92 45 13.4879 1 3.9397 14 2.97589114
34 41.86 48.5 7.3285 2 2.3774 10 0.47712126
37 45.11 46 10.9824 1 3.3677 10 0

38 44.35 48.9 16.6401 1 3.3293 10 1

40 39.53 51.1 7.6774 2 2.2337 10 1.76342799
41 38.77 54.5 13.3491 2 2.2124 10 1.65321251
42 40.15 49.3 8.3209 1 3.3316 10 0.84509804
43 41.98 47.7 10.8208 1 3.622 10 0.47712126
44 38.2 522 5.2114 2 2.8062 10 2.22530928
1 * 45.25 41.3 39.2347 1 2.6809 13 1.56820172
9 * 43.81 46.2 10.3084 1 3.6309 10 0
16 * 43.6 55.2 8.802 2 3.3159 10 0.90308999
27 * 43.14 46.6 18.0072 1 3.6639 11 1.25527251
28 * 43.14 46.6 18.0105 1 3.682 11 2.32428246
32 53.84 50.1 58.0893 1 5.1759 14 0
35 * 41.48 473 9.0526 1 29116 10 0.47712126
36 * 43.31 45.9 9.4978 1 3.0768 10 0.60205999
39 * 4432 54.8 9.9783 1 2.9 10 0.30103

* indicates test set molecules.
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Table 13. Significance test of the slopes.

Lower Terminal =~ Higher Terminal

Source Value  Standard Deviation t Pr> |t (95%) (95%)
Constante  —10.408 3.172 —3.281  0.003 —16.905 —3.910
oe —-0.279 0.079 —3.550  0.001 —0.441 —0.118

Y 0.070 0.033 2.101 0.045 0.002 0.138
TE 0.156 0.042 3.731 0.001 0.071 0.242
HBD 1.830 0.571 3.208 0.003 0.661 2.999
SE 1.716 0.387 4.429 0.000 0.922 2.510
TD 1.030 0.208 4956 <0.0001 0.604 1.455

Log,olCs, / Normalized coefficients
(95% confidence interval)
e s ™

1] HBD
TE

Normalized coefficients

e

1,5

Variable

Figure 22. Influence degree of the descriptors on the biological activity.

Additionally, the null hypothesis (HO) postulated by the Fisher statistical test is rejected,
because the calculated Fisher value (F = 10.325) is so much higher than its critical value: [F
(35,6) =2.37, p < 0.0001], as presented in the one Anova test (Table 14). Therefore, the variance
between the response (Log10lCso) and the six predictor variables is homogeneous. Moreover,
the correlation and determination coefficients of R = 0.83 and R? = 0.69, respectively, confirm
that there is a strong relationship between the descriptors and the inhibitory activity. Thus, the
first QSAR model generated via MLR technique has a good predictive performance, with a low
standard error (RMSE = 0.66).

Table 14. Variance analysis.

Source DDL  Total Square Mean Square F Pr>F
Model 6 26.753 4.459 10.325 < 0.0001
Error 28 12.092 0.432

Adjusted total 34 38.846
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2.4.Multiple Non-Linear Regression

The multiple non-linear regression (MNLR) technique is applied using a set of adapted
algorithms to generate the quantitative predictive models [24]. In the present study, we relied
on the programmed function of the type:

Y=a0+ ) (ai X Xi+bi x Xi?) @

As:
Y is the predicted biological activity (Log10lCso)
Xi: is the explicative variable
a0: is the constant of the QSAR model
ai and bi: are the slopes of each descriptor to one and two degrees, respectively.
Finally, we arrived at the second QSAR model given by the following equation:
Logi0lCso = —19.699 — 0.009 x ae — 0.056 x y — 0.161 x TE + 1.466 x HBD + 0.5 x SE + 2.693 x TD
—0.002 x ae™?+ 0.001 x yA?+ 0.013 x TE~?+ 0.148 x SE”?—0.07 x TD"?,

(3)

This mathematical model has a good predictive capacity, justified by a strong non-linear
relationship between the biological activity and the six descriptors, as it is defined by a good
correlation coefficient (R = 0.84) and a good coefficient of determination (R2=0.71), in addition
to its minimal mean square error (RMSE = 0.72).

2.5.QSAR Model Validation

2.5.1. Applicability Domain

The applicability domain (AD) of a quantitative structure-activity relationship (QSAR)
model is necessary to verify its reliability on new compounds (test set) that were not considered
during its development [25]. This technique has been evaluated by an analysis expressed as a
Williams diagram (Figure 23), which confirms that the molecules (1 and 32) belonging to the
test set are really outliers, because they exceed the warning leverage (h* = 0.6), where: h* =3
xKmandK=p+1, (p=6,K=7,n=35) as, n: is the number of training set, and p: is the
number of predictor descriptors [26,27]. Next, we noted that the compound 33 from training
test is not an outlier because it does not exceed the critical leverage (h*). Therefore, except for
molecules (1 and 32), all the others are well explained because they have in addition a
normalized residual included in the 3 times standard deviation interval. Consequently, the 42
remaining molecules are tested in the applicability domain and the QSAR model was predicted

correctly.

Page 98222



Chapitre V

10
5
)
0 0”‘. ..0’ Q 33 @ Training set
A L
-5 @® Testset
e1
-10 —h*
-15
@ 32
-20

o 01 02 03 04 05 06 07 08 09 1

Figure 23. William’s diagram of the MLR model established by Equation (1). 1 and 32 are
outliers in the test set and 33 is a non-aberrant molecule in the training test.

2.5.2. External Validation

To assess the accuracy of the QSAR predictive model and guarantee its generalizability,
it is absolutely needed to validate it on new molecules included in the test set, before its
application in clinical practice [28]. Based on a training test (35 molecules), we tested the seven
new molecules from the test set and got the results presented in Table 15.

Table 15. External validation results of the MLR and MNLR models.

Predicted L 1 Predicted L I
Molecule Number Observed redicted LogiolCso  Predicted LogiolCso

Lo g1 ()IC 50 (MLR) (MNLR)
9* 0.000 0.545 0.380
16 * 0.903 2.285 2.134
27 * 1.255 3.051 3.342
28 * 2.324 3.083 3.372
35%* 0.477 —0.158 —0.164
36 * 0.602 -0.414 —0.429
39 * 0.301 —-0.304 —0.046

* Indicates test set molecules.

The results mentioned in Figure 24 indicate that the MLR QSAR model is given by an
external validation correlation coefficient (R%xt = 0.63), and the results noted in Figure 25
indicate that the MNLR QSAR model is characterized by an external validation correlation
coefficient of R%xt = 0.68. According to the Alexander Golbraikh and Alexander Tropsha
theory, a QSAR model is externally validated if the correlation coefficient of its external
validation is greater than 0.6. Therefore, the mathematical models developed with the help of

MLR and MNLR techniques are externally validated.
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Figure 24. Correlation between the observed and predicted activities using MLR
technique.
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Figure 25. Correlation between the observed and predicted activities using MNLR
technique.

2.5.3. Internal Validation

To validate internally the QSAR model, we applied the cross-validation technique with the
leave-one-out procedure (CVLOOQO), so that each observation is tested exactly once, by
executing a new model each run on thirty-four compounds (N-1 = 34) and predicting the
biological activity of the removed sample, as shown in Table 16. This technique is based on the

calculation of the quadratic coefficient of cross validation (Q%cv), which is expressed in the

> (Ypred—Yobs) 2
> (Yobs—Ymean) 2

following equation [29,30]: Q%cv =1 — (4) AS: Ypred: is the predicted

activity value, Yobs: is the observed activity value, Ymean: is the mean of the observed activity
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values. A high value of Q%cv = 0.57 (superior than 0.5) signifies that the established model is

reliable, robust and has better internal predictivity.
Table 16. Observed and predicted activity values from the QSAR models.

hf\;’éf;;éfs Observed LogoICso PredlcgiLLI;’)g”’Ics" Predl‘;ﬁiﬁgmmso Predicted LogioICso (CV)
2 0.47712126 0.588 0.679 0.664
3 1.61278386 1.439 1.415 1.428
4 0.77815125 1.860 1.790 1.922
5 1.96378783 1.511 1.464 1.441
6 0 ~0.040 0.405 ~0.053
7 0.77815125 1.186 1.157 1.245
8 0.47712126 0.721 0.933 0.801
10 2.69372695 1.397 1.195 1321
1 2.67577834 2.157 2240 2.057
12 1.87506126 1.083 1.018 0.970
13 2.90794852 2.000 2.081 1.827
14 136172784 1.093 0.954 1.075
15 1.65321251 1.915 1.933 1.959
17 0.77815125 1.163 0.982 1.247
18 253147892 2322 2392 2250
19 271096312 2,520 2.548 2.458
20 0.95424251 1.189 1.245 1217
21 1.462398 1.289 1.302 1272
22 224797327 2.623 2.680 2.667
23 3.23121465 2281 2338 2.174
24 3.24526584 3.578 3.538 3.710
25 3.52659771 2.891 3.183 2562
26 1.8920946 2311 2.171 2396
29 2.95616843 2751 3.000 2717
30 0 0391 0.176 0.443
31 0 1.744 1.675 1.934
33 2.97589114 3.062 2.907 3.204
34 0.47712126 0.463 0.555 0.454
37 0 ~0.178 ~0.276 ~0.228
38 | 1.056 1.151 1.068
40 176342799 1.104 1.136 0.867
41 1.65321251 2.404 2.199 2.852
42 0.84509804 0.959 0.855 0.993
43 0.47712126 1.226 0.961 1.294
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2.5.4. Validation Using Y-Randomisation Test

The statistical study of Alexander Golbraikh and Alexander Tropsha confirms that the
cross-validation technique is necessary but not sufficient, as the internal predictive accuracy of
the cross-validation procedure tends to be overestimated and the high value of the quadratic
coefficient may be the result of chance correlation. For this reason, the Y-randomisation test is
necessary [31]. Using java Platform SE binary, we tested the QSAR model quality by running
one hundred randomizations, as presented in Table 17. The results of the Y-randomisation test
demonstrate that the (CR?p = 0.602) criteria is superior than 0.5; moreover, the R, R? and R%cv
values of the original model are much better than the values obtained by 100 randomizations.

Consequently, the biological activity values predicted by the original model are not due to

chance.
Table 17. Y-randomization test results.
Model R R"2 o2 Model R R"2 o2

Original 0.829884 0.688707 0.572045 Random 51 0.206983 0.042842 —0.46272
Random 1 0.252331 0.063671 —0.50878 Random 52 0.537396 0.288794 —0.15592
Random 2 0.457615 0.209411 —0.17702 Random 53 0.379861 0.144294 -0.43774
Random 3 0.47795 0.228436 —0.41001 Random 54 0.367538 0.135084 —0.29876
Random 4 0.375518 0.141014 —0.34708 Random 55 0.179251 0.032131 —0.54121
Random 5 0.422447 0.178462 —0.39625 Random 56 0.663141 0.439756 0.029755
Random 6 0.480602 0.230979 —0.17775 Random 57 0.36146  0.130653 -0.41471
Random 7 0.306791 0.09412 —0.47744  Random 58 0.445943 0.198865 —0.22915
Random 8 0.354955 0.125993 —0.40713 Random 59 0.417956 0.174687 —0.19669
Random 9 0.209847 0.044036 —0.71484 Random 60 0.204369 0.041767 —0.88175
Random 10  0.395267 0.156236 —0.36218 Random 61 0.557804 0.311145 0.016035
Random 11 0.520928 0.271366 —0.1806 Random 62  0.50639  0.256431 —0.3063
Random 12 0.510412 0.260521 —0.21009 Random 63  0.37293  0.139077 -0.46899
Random 13 0.427634 0.182871 —0.23082 Random 64 0.383643 0.147182 -0.41262
Random 14  0.445148 0.198156 —0.41414 Random 65 0.414428 0.171751 -0.30301
Random 15 0.21278 0.045275 —0.4451 Random 66 0.292763  0.08571 —0.36258
Random 16  0.516892 0.267178 —0.45198 Random 67 0.526141 0.276824 —0.1287
Random 17 0.37686 0.142024 —0.55449 Random 68 0.284657 0.08103 —0.54548
Random 18  0.154692 0.023929 —0.85659 Random 69 0.456042 0.207974 -0.2171
Random 19  0.491084 0.241163 —0.24676  Random 70  0.451139 0.203526 —0.15451
Random 20  0.424795 0.180451 —0.30099 Random 71 0.402163 0.161735 —0.15347
Random 21 0.513699 0.263886 —0.1961 Random 72 0.480122 0.230517 -0.17729
Random 22  0.316251 0.100015 —0.30938 Random 73  0.426294 0.181727 —0.22948
Random 23 0.301949 0.091173 —0.63655 Random 74 0.475859 0.226442 —0.23411
Random 24  0.332628 0.110641 —0.8224 Random 75 0.462608 0.214006 —0.12839
Random 25  0.633727 0.401609 0.166923 Random 76  0.53816  0.289616 —0.33075
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Random 26  0.328704 0.108046 —0.48201  Random 77 0.383709 0.147233 —0.30145
Random 27 0.46585 0.217016 —0.16011  Random 78  0.38822  0.150715 —0.41903
Random 28  0.441731 0.195126 —0.25279  Random 79  0.528782 0.279611 —0.29561
Random 29  0.355019 0.126039 —0.31878  Random 80 0.330001 0.1089 —0.41611
Random 30  0.329982 0.108888 —0.42698  Random 81 0.413654 0.171109 -0.22613
Random 31  0.378435 0.143213 —0.25482 Random 82 0.493491 0.243533 —0.12853
Random 32 0.462326 0.213746 —0.13151 Random 83 0.381202 0.145315 —0.49761
Random 33 0.343488 0.117984 —0.53921 Random 84 0.323593 0.104712 —0.30559
Random 34  0.462673 0.214066 —0.27221  Random 85 0.32106  0.103079 —0.33856
Random 35 0.35063 0.122941 —0.3394 Random 86  0.30071  0.090427 —0.55488
Random 36  0.522964 0.273491 —0.09258  Random 87 0.518334  0.26867 —0.1494
Random 37  0.222631 0.049564 —0.75169  Random 88 0.387695 0.150307 —0.45639
Random 38  0.241784 0.058459 —0.47485 Random &89  0.36652  0.134337 —0.30196
Random 39  0.339537 0.115286 —0.4132 Random 90 0.279562 0.078155 —0.47573
Random 40  0.448316 0.200987 —0.47037 Random 91 0.575806 0.331552 —0.03852
Random 41  0.487561 0.237716 —0.34662 Random 92  0.5706  0.325585 0.021398
Random 42  0.369003 0.136164 —0.33599 Random 93 0.381837  0.1458 —0.44739
Random 43  0.400756 0.160605 —0.30621  Random 94 0.385236 0.148406 —0.6547
Random 44  0.343595 0.118058 —0.42487 Random 95 0.251773  0.06339 —0.49809
Random 45  0.390289 0.152325 —0.27962  Random 96 0.446548 0.199405 —0.47359
Random 46  0.350185 0.12263 —0.22911  Random 97 0.316743 0.100326 —0.95316
Random 47  0.463947 0.215247 —0.27397 Random 98 0.367366 0.134958 —0.3352
Random 48 0.37435 0.140138 —0.27999  Random 99 0.631342 0.398592 0.090509
Random 49  0.452168 0.204456 —0.40118 Random 100 0.56162 0.315417 0.016006
Random 50  0.266881 0.071225 —0.47945

2.5.5. Golbreikh and Tropsha Criteria

The quantitative structure-activity relationship (QSAR) model, defined by the first Equation
(1), satisfies the threshold criteria postulated by Golbraikh and Tropsha theory, as shown in
Table 18.

Table 18. Golbraikh and Tropsha statistical criteria to validate the designed QSAR model.

Parameter Equation Model Score Threshold Comment
Yobs — Y cal ) ?
R? R?=1- 2 _) 0.69 >0.6 Accepted
Y. (Yobs — Yobs) ?
N—-1)R? -
R%adj Readj = - DR" P 0.62 ~0.6  Accepted
N—-p-1
R?test
R’test —1_ Y ( Ycal(test) —Y obs(test)) ? 0.63 >0.6 Accepted
Y. (Yobs(test) — Yobs(train)) 2
Ycal — Y obs)?
Q%cv Q?cv=1- 2 _) 0.57 >0.5 Accepted
Y. (Yobs — Yobs) ?
R’rand Average of the 100 R’rand (i) 0.17 <R’ Accepted
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Q%cv ‘LOO’ rand Average of the 100 Q%cv ‘LOO* rand (i) —0.34 <Q’cv Accepted
cR’p cR%p =R*2[(RZ — (Average Ryanq ) %) 0.60 >0.5  Accepted

Yobs and Ycalc: refer to the observed and calculated/predicted response values. Yobs and Ycal:
refer to the mean of the observed and calculated/predicted response values. N and p refer to the
number of data points (compounds) and descriptors.

2.6.1n Silico Pharmacokinetics ADMET Prediction

The most active ligands (L6, L9, L30, L31, L32 and L37), acting as inhibitors of type 1
glycine transporters, were tested based on the rules of Lipinski, Veber, Egan, and Ghose, and
the pharmacokinetic properties (ADMET) [32], which were compared to the obtained results
for nortriptyline as a co-crystallized ligand bound to the dopamine transporter (DAT) membrane
protein encoded 4M48. The results presented in Table 19 indicate that all molecules respect the
rules of Lipinski, Veber, Egan and Ghose except the ligand 32, because its molar refractivity
index exceeds 130 and its Ghose violation number is equal to 2 (exceed 1). Additionally, the
exact predictive model (BOILED-Egg), highly practical in the context of drug discovery and
medicinal chemistry, and based on the calculation of lipophilicity given by the logarithm of the
partition coefficient between n-octanol and water (Log Pow) and polarity signaled by the
topological polar surface area (TPSA) of small molecules, clearly shows that the molecule (L32)
is the only one that does not belong to the yellow Egan-egg, as presented in Figure 26.
Therefore, the five ligands (L6, L9, L30, L31 and L37) are the molecules having the highest
probability to penetrate the brain. In comparison, the molecule 32 belonging to the white region
of the egg has the highest probability of being absorbed by the gastrointestinal tract [33], which
is why it was an outlier in the previous QSAR study.

The pharmacokinetic parameters of adsorption, distribution, metabolism, excretion and
toxicity (ADMET) of the most active ligands as presented in Table 20 indicate that the ligands
have a good absorption in the human intestine (IAH so higher than 70%), and a good
distribution, since their human distribution volumes are estimated to be greater than —0.44 Log
L/kg. Their permeability to the blood-brain barrier (BBB) is greater than —1 Log BB, and their
permeability to the central nervous system (CNS) outside the interval (of —2 to —3) Log PS.
Thus, they all penetrate the central nervous system (CNS) with the exception of ligands L32
and L30. In addition, the molecules are all predicted as inhibitors of cytochrome 2D6 except
ligand 32. Consequently, the ligands (L6, L9, L30, L31 and L37) are designed to be agents of
the central nervous system due to the highest probability of penetrating the blood-brain barrier
(BBB).
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Table 19. Prediction of the physicochemical properties of nortriptyline and more active
ligands, based on Lipinski, Veber, Egan and Ghose violations.

Lipinski Veber Egan Ghose Synthetic

Physico-Chemical Propities ViolationViolationViolationViolation Accessib
) s ] s ] lity
Ligands Molecul Molar L
Number ar Re fch?i . Rotatabl %P H. m-
Weight Y® ¢ Bonds ™"V BA BD
Index r)
(g/mol)
40<MR < 0<S.A
Rule <500 _130 - <10 <5 <10 <5 <1  Yes/No Yes/No Yes/No <10

3.60 2 Yes Yes Yes 4.24
Yes Yes Yes 4.21
Yes Yes Yes 4.97
Yes Yes Yes 4.28
Yes Yes No 5.19
Yes Yes Yes 4.47

Yes Yes Yes 3.28

(1)Le 403.34 115.02 5

(2) L9 362.51 114.93 5 3.58

(3) L30 366.50 112.17 5 3.75

(4) L31 363.50 112.73 5 3.15

(5)L32 480.66 140.34 8 3.61

(6) L37 377.52  121.65 6 3.23
(7) nortriptyline 265,39  85.74 4 3.24

— W AN W W N
—_ DN = = = e
—o O O O O

Table 20. Prediction of ADMET pharmacokinetic properties of nortriptyline and more
active ligands.

Absorptio

a Distribution Metabolism Excretion  Toxicity
Intestim'll BBEB CNS Substrate Inhibitor
Absorptio . . CYP Total AMES
) (Human PermeabiliPermeabilit ..
Ligands ¢ Clearance  Toxicity
Number  (Human) y y 2D63A4 1A22C192C92D63A4
Numeric Numeri Numeric
(% C Numeric Numeric Categorical (Yes/No) (Log Categorical
Absorbed (Log (LogBB) (LogPS) ml/min/ke) (Yes/No)
) L/kg)
(1) L6 91.194 1.431 0.199 —1.06 Yes Yes Yes Yes No Yes Yes 1.058 Not toxic
(2) L9 93.373 1477 0.223 —1.072 Yes Yes Yes No No Yes No 0.978 Not toxic
(3) L30 93.344 1.242 0.176 —2.055 Yes Yes No No No Yes No  0.883 Not toxic
(4) L31 95.105 1.187  0.048 —1.976 Yes Yes No No No Yes Yes 0.948 Not toxic

(5)L32 94331 1.038 —0.378 —2.005 No Yes Yes No No No Yes 0.85 Not toxic
(6) L37 92.765 1.814  0.044 —0.657 Yes Yes No No No Yes No 0.905 Not toxic

(7)

) ) 98.519 1.688 0,854 —1.287 No Yes Yes No No Yes No 1.077 Not toxic
nortriptyline
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Figure 26. BOILED-egg predictive model of the most active ligands.
2.7.Molecular Docking

Molecular docking results are focused on the dopamine transporter (DAT) bound to the
tricyclic antidepressant nortriptyline, as a transmembrane protein that removes the
neurotransmitter dopamine from the synaptic cleft and transports it into the cytosol of
surrounding cells. The crystal structure of this receptor is extracted using the X-ray diffraction
method at a resolution of 2.96 A taken from the protein data base (PDB) [34-36]. In this part of
the research, the molecular docking process is started for the following most active molecules
(L6, L9, L30, L31 and L37) to predict the type of Intermolecular interactions established with
the protein encoded 4M48, compared to the established interactions with the co-crystallized
ligand (nortriptyline) pictured in Figure 27, which indicate that Phe43A, Phe325A and Tyr124A
amino acids, are the active sites of the target protein, as sourced using the ProteinsPlus online
server [37].

The results of molecular docking applied on the more active ligands, presented in Figure
28, show that the ligands L6 and L9 share common molecular interactions as the chemical bonds
of type pi-sigma and Pi-Pi T-shaped established between the benzenic cycle and (Val120 and
Tyrl24) amino acids respectively, in addition to two bonds of alkyl type with Phe325 and Phe43
amino acids. L30 and L31 ligands also form common bonds, like the hydrogen bond linked to
the nitrogen atom, with the amino acid Asp46 at the same nuclear distance (5.5 A), in addition
to the alkyl bond with bicyclo group and Tyrl24 amino acid. The same type of bond was

established between the methyl group and the amino acid Phe325 at a nuclear distance of 5.5
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A, more than Pi-Pi bonds with Phe43 and Phe319 amino acids. Even the ligand L37 formed an
alkyl bond with Tyr124 amino acid, and two Pi-Pi chemical bonds with Phe325 and Phe319
amino acids. Therefore, we can conclude that Tyrl24, Phe43, Phe325, Asp46, Phe319 and
Val120 amino acids are the active sites of the dopamine transporter (DAT) membrane protein,

in which the most active ligands can inhibit the glycine transporter type 1 (GlyT1).

HO,

- _.

Tyriz4A

;
{ Phe3zsa
i
*\\3‘ i laa7

Phe325a

Figure 27. Experimental pose view of Nortriptyline with the protein’s active sites
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Figure 28. 2D and 3D visualization of intermolecular interactions between DAT (PDB
code: 4M48) and the more active ligands (L6, L9, L30, L31 and L37), with binding energies
of —10.74 kcal/mol, —10.22 kcal/mol, —8.46 kcal/mol, —8.78 kcal/mol and —8.59 kcal/mol,

respectively.

2.8.Docking Validation Protocol

The efficiency of the molecular docking algorithms was tested using the re-docking

methodology, which is based on the superposition of the docked ligand on the protein-bound

ligand, as shown in Figure 29. The superposition result indicates a root mean square deviation
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smaller than 2 (RMSD = 0.022 A), which explains an exact pose prediction. Additionally, 2D
and 3D visualization (Figure 30) of the intermolecular interaction between the docked
nortriptyline and the protein target indicates that the chemical bonds formed with Phe43A and
Tyrl24A amino acids are the same as those observed experimentally. Thus, the molecular
docking protocol is successfully validated [18].

Figure 29. Re-docking pose with RMSD equal to 0.022 A (original nortriptyline of cyan
color, and docked nortriptyline of green color).
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Figure 30. 2D (a) and 3D (b) visualization of intermolecular interaction between the
docked nortriptyline and the protein target (binding energy of —9.11 kcal/mol).

2.9.Molecular Dynamics Simulations
The most active ligands (L6, L9, L30, L31 and L37) were chosen for the molecular

dynamic’s simulation during 100 ns, to examine their stability toward DAT protein, where the
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conformational changes of one of these ligands are presented in Figure 31, and the others were

presented in Figure S1.
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Figure 31. RMSD and RMSF graphs for the ligand 9 complexed with the dopamine
transporter membrane protein during 100 ns.

The dynamic changes of conformation for (L9-protein) complex shown in Figure 31,
indicate that the simulation is well-equilibrated, as the fluctuations of the root mean square
deviation (RMSD) of the protein (left Y-axis) are around the thermal mean structure throughout
the simulation time (100 ns), because the changes of the order of 1-3 A are perfectly acceptable
for small globular proteins. Moreover, the RMSD evolution of the heavy atoms of the ligand
(right Y-axis) shows its stability with respect to the protein, when the protein-ligand complex is
first aligned on the protein backbone of the reference, because the observed values are
significantly smaller than the RMSD of the protein, and so the ligand did not diffuse away from
its initial binding site.

The root mean square fluctuation (RMSF) values are also computed to examine the impact
of the ligand binding on the internal dynamics of the target protein during 100 ns, where the
tails (N- and C-terminal) fluctuate more than any other part of the protein and the secondary
structure elements like alpha helices and beta strands are usually more rigid than the
unstructured part of the protein; for this reason, they fluctuate less than the loop regions. Except
for a single fluctuation of 3.2 A, detected in the loop region of residue 390, all fluctuations were
less than 3 A, indicating the binding strength between the ligand 9 and the DAT protein, and no
significant change in the protein conformation resulting from ligand binding.

Additionally, the radius of gyration (r Gyr) values fluctuated in a small interval from 3.45
to 3.76 A until the end of the simulation, as shown in Figure 32, indicating that there are just
some changes in the compactness of the ligand; thus, the protein has a good flexibility after its

binding with the ligand 9. Moreover, the solvent accessibility of the protein-ligand 9 complex
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was evaluated by the solvent accessible surface area (SASA) analysis, which fluctuated between
0 and 15 A2 for 100 ns; this graph revealed that the structure of compound 9 was relatively
stable during the simulation time. The polar surface area (PSA) is a solvent accessible surface
area in a molecule contributed only by oxygen and nitrogen atoms; this parameter varies
between 8 and 32 A2, accompanied by some maximal and minimal fluctuations during the
simulation time. The contributions of this type of atoms make the ligand relatively unstable.
However, the molecular surface area (MolSA) illustrates the molecular surface calculation with
a probe radius of 1.4 A, equivalent to a Van der Waals surface, showing only minimal
fluctuations.

Lastly, the graph of the total energy presented in Figure 32 shows a minimal variation about
the average —53,8682 kcal.mol™!, which means that the energy of the L9- DAT protein complex
remained in equilibrium throughout the MD simulation.

The dynamic changes of conformation for other complexes are available in the
supplementary material (Figure S1). The protein-ligands interactions fluctuate with a root mean
square deviation (RMSD) of 1 to 3 A along the simulation time (100 ns), except for the L31-
protein complex, which oscillates for the first 20 nanoseconds from 1 to 3 A, then destabilizes
until 50 ns, and stabilizes again with a deviation 4 A of about until the end of the simulation
time.

Minimal fluctuations have been observed during the established interactions between the
protein and the ligand 6, such as the observed root mean square fluctuations (RMSF) of 3.4 A,
4.4 A and 3.9 A detected in the loop region of 10, 240 and 480 residues, respectively, in addition
to a maximal fluctuation of 5.5 A recorded in the loop area of residue 380. No fluctuation was
noticed greater than 3 A for L30-protein and L37-protein complexes. Three fluctuations have
been recorded for L31-protein complex of 3.6 A, 3.5 A and 7 A reported in the loop zone of 10,
480 and 520 residues, respectively.

Page 112|222



Chapitre V

-45.0
-47.5 1
-50.0 -
=52.5 -
=55.0 A
=57.5

-60.0 1

fwMM‘WNM’MM ‘«,MW&MU“W __:E: s

Energy_Total_Solute_C-2 (KCal/Mol)

0 20000 40000 60000 80000 100000
Time (ps)

Figure 32. Rg, MolSA, SASA and PSA during 100 ns of MD simulation, and the variation
of total free energy for the ligand 9 complexed with DAT protein.

Overall, we note that the protein has a good flexibility of binding with L6, L30, L31 and
L37 inhibitors, as there are just a few changes in the compactness of the ligand, since the r Gyr,
SASA, MolSA and PSA parameters are varied with minimal fluctuations about the mean along
100 ns.

Finally, the total energy plots presented in Figure S2 show a minimal variance around the
average energy of the total system, which was in Kcal/mol of —47.7003, —48.8821 —49.5236
and —62.5749 for L30, L31, L37 and L6 inhibitors, respectively, indicating that the energies of
the ligands-protein complexes have remained in equilibrium over the course of the MD
simulation.

We conclude that the molecular dynamics simulations reinforce the previous results
obtained by QSAR and docking studies, since the ligands L6, L9, L30, L31 and L37 are the
most active inhibitors, forming typical static interactions with some amino acids of the target
protein. These interactions form dynamically stable complexes during the 100 ns of the
simulation time, as there is no change in their properties, except for the minimal fluctuations
that were observed.

3. Materials and Methods
3.1.Database

The present study is performed on 44 bicyclo ((aryl) methyl) benzamides as glycine
transporter type 1 (GlyT1) inhibitors, whose biological activities are expressed on a logarithmic
decimal scale (log10lCso), as illustrated in Table S1.
3.2.Molecular Descriptors Calculation

To build the quantitative structure-activity relationship (QSAR) models that provide
information on the correlation between activities and structure-based molecular descriptors, we

calculated various types of molecular descriptors [38], as shown in Table S2. Initially, the
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constitutional descriptors were calculated using the ACD/chemsketch software [39].
Subsequently, the thermodynamic and physicochemical descriptors were extracted using the
MM2 technique via the ChemBio3D software [40]. Lastly, the quantum descriptors are
calculated through Gaussian 09 software [41], using the density function theory (DFT)/B3LYP
[42], combined with the 6-31 + G(d,p) basis set, in order to ensure the molecules stability and
optimize their three-dimensional geometries.
3.3.Statistical Methods

The Quantitative structure-activity relationships (QSARSs) are developed with the help of
XLSTAT 2014 software [43], using different statistical methods such as: the principal
component analysis (PCA), multiple linear regression (MLR) and multiple non-linear
regression (MNLR). The principal component analysis method is a very important step that
serves to minimize the molecular descriptor dimension so as to identify the most predictive
variables [44]. This limited number of descriptors is mathematically modeled by the multiple
linear regression (MLR) and multiple non-linear regression (MNLR) techniques. Therefore, the
two obtained QSAR models were generated to predict the linear and non-linear relationships
established between the biological activity of glycine transporter type 1 (GlyT1) inhibitors and
their relevant descriptors. For their applicability, these two models have been evaluated by
external and internal validation, as well as the molecules, which have been tested in the
applicability domain [45]. Additionally, the Golbreikh and Tropsha criteria and the Y-
randomization test were used to verify the robustness and predictive potential of the established
QSAR model [31,46].

3.4.Drug Likeness and In Silico Pharmacokinetics ADMET Prediction
To make the drugs applicable in clinical trials, it is necessary to study their absorption,

distribution, metabolism, excretion and toxicity (ADMET) in the human body before starting
the investigation protocols [21,47], respecting some important rules such as those of Lipinski
[48], Veber [49], Ghose [50] and Egan [51,52]. This technique is also applied to eliminate the
compounds with potentially undesirable physiological qualities, taking into account toxicity and
pharmacokinetic properties [53]. For this task, we estimated the drug similarity and in silico
pharmacokinetic properties of the newly selected molecules as GluT1 inhibitory agents, using
the online SwissADMET [54] and pkCSM [55] servers, respectively.

3.5.Molecular Docking Modeling
The computational technique of molecular docking is an efficient, fast and powerful tool

for drug discovery [56]. For this project, we uploaded the three-dimensional coordinates of the
target protein from the protein data bank (pdb) using the Discovery Studio 2021 (BIOVIA)
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software package [57]. To improve the performance of the cavity method, water molecules and
suspended ligands bound to the protein were removed and polar hydrogens were added.
Accordingly, the prepared protein was docked with the most active ligands, previously
optimized by the density functional theory (DFT), with the assistance of AutoDock 4.2 [58].
Moreover, the grid box was centralized on (—42.562 A, —0.46 A, —55.066 A) with the help of
AUTOGRID algorithm, by putting the sizes (80, 80, 80) in their three-dimensional structure,
and running 10 genetic algorithms with a total of 25 million trials. Finally, the molecular
interactions of the protein-ligand were visualized using discovery studio 2021 [59].

3.6.Molecular Dynamics
Based on QSAR and molecular docking results, the five best-docked ligands, having the

highest activity, were chosen for the molecular dynamics simulations in order to identify the
molecular recognition between the ligand and the dopamine transporter (DAT) membrane
protein. The MD simulations were performed for 100 nanoseconds using Desmond software, a
package of Schrodinger LLC [60]. The first stage in the molecular dynamic’s simulation of
protein-ligand complexes was obtained by docking studies, and preprocessed using Protein
Preparation Maestro, which performs optimization and minimization of complexes that have
been prepared by the System Builder tool using a solvent model with an orthorhombic box that
was chosen as TIP3P (transferable intermolecular interaction potential 3 points), using the
OPLS force field [61]. At 300 K temperature and 1 atm pressure, the models were made neutral
with the addition of water molecules, and counter ions, such as 0.15 M salt (Na*,CI") were added
to mimic the physiological conditions. Finally, the trajectories were saved after every 10 ps for
analysis, and the stability of simulations was evaluated by calculating the root mean square
deviation (RMSD) of the protein and ligand over time. In addition, the root-mean-square
fluctuation (RMSF), gyration radius (Rg), solvent accessible surface area (SASA), molecular
surface area (MolSA) and polar surface area (PSA) were recorded for 100 ns, and the free
energies of the inhibitors-protein interactions were evaluated using MM-GBSA approach [62].
4. Conclusion
A systematic in silico study was applied on 44 bicyclo((aryl)methyl)benzamide derivatives
as glycine transporter type 1 (GlyT1) inhibitors to discover effective antipsychotic candidates
for the treatment of schizophrenia. Initially, two QSAR models were developed using MLR and
MNLR techniques and were examined through external and internal validation, applicability
domain (AD), Y-randomization test and Golbreikh and tropsha criteria, indicating a significant
effect of hydrogen bond donor, polarizability, surface tension, stretch and torsion energies and
topological diameter on the locomotor activity (LMA). Subsequently, ADMET in silico
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pharmacokinetics prediction revealed a favorable profile of the most active ligands, where L6,
L9, L30, L31 and L37 were predicted as non-toxic inhibitors for 2D6 cytochrome, which respect
the rules of Lipinski, Veber, Egan and Ghose, with an excellent absorption exceeded 91% and
highest probability to penetrate the central nervous system (CNS). In contrast, the ligand L32
as an outlier in the QSAR study has an unfavorable ADMET profile with the highest probability
of being absorbed by the gastrointestinal tract. Lastly, the obtained results were further
strengthened and qualified using molecular docking and molecular dynamics studies, which
confirm that L6, L9, L30, L31 and L37 react specifically with Tyr124, Phe43, Phe325, Asp46,
Phe319 and Val120 amino acids of the dopamine transporter (DAT) membrane protein in a way
that blocks glycine transporter type 1 (GlyT1) forming dynamically stable complexes during
100 ns of MD simulation time. Therefore, they could be used as therapeutics in medicine to
treat schizophrenia. However, they must be subjected to in vitro and in vivo investigations to

evaluate their efficacy and safety as anti-schizophrenia drugs.
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Résumé

Une production scientifique, publiée en 2023, portant sur une famille structurelle de quarante
inhibiteurs du transporteur de glycine de type 1 (GlyT1), qui ont été étudié a l'aide des
techniques de modélisation moléculaire. A savoir, la modélisation moléculaire linéaire et non
linéaire basée sur les relations quantitatives structure-activité (QSAR), a indiqué que l'activité
humaine du GlyT1 est fortement et significativement affectée par les descripteurs
constitutionnels, géométriques, physicochimiques et topologiques.

En outre, les prédictions en In-silico des propriétés pharmacocinétiques d' ADME-Toxicité, ont
réveélé que les ligands L28 et L30 étaient prédits comme des inhibiteurs non toxiques définis
par un bon profil ADME et haute probabilité de pénétrer dans le systéme nerveux central (SNC).
D’autre part, les résultats du Docking moléculaire ont indiqué que les inhibiteurs prédits
bloquent GlyT1, en réagissant spécifiquement avec les acides aminés Phe319, Phe325, Tyr123,
Tyr 124, Arg52, Asp475, Alall7, Ala479, Ilel16 et [1e483 de la protéine membranaire du
transporteur de dopamine (DAT).

Ces résultats ont été nuancés et renforcés par une étude de dynamique moléculaire (MD), qui a
affirmé que les interactions intermoléculaires établies pour les deux complexes (L28, L30-
protéine DAT) restent parfaitement stables pendant 50 ns du temps de simulation de la
dynamique moléculaire. Par conséquent, ils pourraient étre fortement recommandés en

médecine comme thérapeutiques pour améliorer les performances de la mémoire.

Mots clés : QSAR; GlyT1l; ADME-Tox; SNC; DAT; Docking moléculaire ; dynamique

moléculaire.
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Chapitre VI: QSAR, ADME-Tox, Molecular Docking and Molecular Dynamics
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Abstract: A structural class of forty glycine transporter type 1 (GlyT1) inhibitors, was
examined using molecular modeling techniques. The quantitative structure-activity
relationships (QSAR) technology confirmed that human GIlyT1 activity is strongly and
significantly affected by constitutional, geometrical, physicochemical and topological
descriptors. ADME-Tox in-silico pharmacokinetics revealed that L28 and L30 ligands were
predicted as non-toxic inhibitors with a good ADME profile and the highest probability to
penetrate the central nervous system (CNS). Molecular docking results indicated that the
predicted inhibitors block GlyT1, reacting specifically with Phe319, Phe325, Tyr123, Tyr 124,
Arg52, Aspa75, Alall7, Alad79, 1le116 and [1e483 amino acids of the dopamine transporter
(DAT) membrane protein. These results were qualified and strengthened using molecular
dynamics (MD) study, which affirmed that the established intermolecular interactions for (L28,
L30-DAT protein) complexes remain perfectly stable along 50 ns of MD simulation time.
Therefore, they could be strongly recommended as therapeutics in medicine to improve
memory performance.

Keywords: QSAR; GlyT1; ADME-Tox; CNS; DAT; Molecular docking; MD simulations.
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1. Introduction

About 25% of the worldwide population suffers from neurological disorders, according to
the World Health Organization (WHO) report, published in 2001 [1]. Many of these
neurological diseases are the result of memory dysfunctions [2]. So, the rationale for this virtual
screening is the discovery of successful candidate drugs that can improve memory performance.
For this goal, we have processed with the assistance of molecular modeling techniques, a set of
forty pyrrolo[3,4-c]pyrazole and azetidine-based analogs, given in the Table S3, as selective
glycine transporter type 1 (GlyT1) inhibitors, having the potential therapies for memory
disorders, considering that GIuT1 is one of the most essential neurotransmitters that control
learning and memory functions [3,4].

Over the last decade, the glycine transporter type 1 (GlyT1) has received enormous interest
as it is one of the key constituents of glycine metabolism in the central nervous system (CNS).
Whereas, the amino acid glycine is an excitatory and inhibitory neurotransmitter in the
vertebrate central nervous system. In the cortex, hippocampus, and thalamus areas, glycine
regulates excitatory neurotransmission as a mandatory co-agonist at N-methyl-D-aspartate
(NMDA) receptors (glycine B sites). Inversely, it acts as an inhibitory neurotransmitter at
strychnine-sensitive glycine receptor ion channels (glycine A sites) mainly present in the
brainstem, cerebellum, and spinal cord [3,5]. Hence, GlyT1 inhibitors have been introduced
into the clinic as potent treatments for obsessive-compulsive disorder (OCD), negative and
cognitive symptoms associated with schizophrenia, addiction, depression, and Parkinson's
disease [3,5,6]. Nowadays, computer-assisted drug design (CADD) based on in silico
techniques has gained enormous importance and has been widely reported in the literature. In
this regard, we have examined all 40 GlyT1 inhibitors, through the use of computer-assisted
drug design (CADD) technology, to detect and identify a non-toxic, highly effective CNS drug
candidate intended to treat memory impairments [7].

In the first stage, we started this task, using quantitative structure-activity relationships
(QSAR) as a technique largely applied in the field of drug discovery, predicting the human
GlyT1 activity of 40 pyrrolo[3,4-c]pyrazole and azetidine derivatives, based on two
mathematical QSAR models, which were established thanks to the use of multiple linear
regression (MLR) and multiple nonlinear regression (MNLR) respectively, to model the linear
and nonlinear relationships between human GlyT1 activity and different types of molecular
descriptors [6,8].

In the second part, we have predicted adsorption, distribution, metabolism, excretion, and

toxicity (ADMET) properties for forty selective inhibitors of glycine transporter type 1, with
Page 125|222



Chapitre VI

the aim of discovering qualified drugs with a favorable ADMET profile [9,10]. Subsequently,
we have performed the molecular docking study for the predicted ligands that traverse the
central nervous system (CNS), to identify the established intermolecular interactions with the
amino acids from the membrane protein of dopamine transporter (DAT) coded as 4M48.pdb
[11,12].

Lastly, this work has been concluded using molecular dynamics simulations during 50
nanoseconds, to verify the stability of (predicted ligands-protein target) complexes, and
monitoring the total free energy variation in Kcal/mol of each complex based on the MM-GBSA
approach [6,13,14].

2. Materials and methods

2.1.Experimental Database

The current study includes forty pyrrolo[3,4-c]pyrazole and azetidine-based derivatives
(Figure S3) having human GlyT1 activities [3,5], that were subsequently expressed on a
logarithmic decimal scale (pICso = - logio ICso), as presented in the Table S3.

2.2.Molecular Descriptors Calculation

To model the quantitative structure-activity relationships (QSAR), various types of
molecular descriptors have been calculated as presented in Table S4. With the help of Gaussian
09 software [15], we have calculated the quantum descriptors, to optimize the 3D geometries
and ensure molecular stability with minimized energies using the density functional theory
(DFT) coupled with B3LYP/6-31+G(d,p) basis [16,17]. Then, we executed the thermodynamic,
topological, and physicochemical descriptors based on the MM2 technique using the
ChemBio3D software [18]. Finally, the constitutional descriptors have been processed through
the ACD/chemsketch software [19].

2.3.Statistical Methods

To minimize the size of the molecular descriptors into a reduced number of factorial axes
(or principal components), we have applied the principal component analysis (PCA), as a very
important step to identify the most predictive variables that can influence the biological activity
of inhibitors [20]. Thereafter, two statistical methods were performed on the training set (N=32)
to develop a predictive QSAR model using XLSTAT 2014 software [21]. The first one is the
multiple linear regression (MLR) technique, which is widely used to investigate the linear
relationship between the biological activity of pICso order and the previously calculated
molecular descriptors. The second, is the multiple nonlinear regression (MNLR) analysis,
which is adapted to examine the nonlinear relationship established between the inhibitory

activity and the calculated descriptors [22]. Next, the MNLR and MLR QSAR models were
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checked with external validation for a test set (N=8) and further evaluated with internal
validation using the leave-one-out (LOO) procedure of the cross-validation (CV) technique.
Additionally, the Tropsha and Golbreikh criteria, applicability domain, and the Y-randomization
test were also utilized to evaluate the predictive potential and robustness of the developed
QSAR models [23,24].

2.4.In silico pharmacokinetics, drug-likeliness, and ADMET depiction exploration

To obtain a novel medication with high efficiency and less experimental investigation time,
it's mandatory to evaluate their absorption, distribution, metabolism, excretion, and toxicity
(ADMET) properties in the human organism before beginning any clinical trials, verifying the
five rules of Lipinski [25], and respecting the Veber, Ghose, Egan and Muegge violations
number of drug candidates [26-30]. For this purpose, we have predicted in silico
pharmacokinetics and ADMET properties of the candidate’s molecules as GlyT1 inhibitors
enhancing memory performance, using pkCSM and online SwissADME servers, respectively
[31,32].

2.5.Molecular Docking Simulation

Molecular docking is an accurate, quick, and successful technology in the field of drug
discovery [33]. It is largely applied to examine the intermolecular interactions established
between the candidate drug and the targeted protein. For this goal, we have extracted the 3D
coordinates of the drosophila melanogaster dopamine transporter encoded as 4M48 from the
data bank of proteins (pdb) [34], with a resolution equal to 2.96 A, using the X-ray diffraction
method [35]. With the assistance of the Discovery Studio 2021 (BIOVIA) software package
[36], we have deleted the water molecules (H>0O) and suspended ligands that were bound to the
protein, such as nortriptyline (Ci19H21N), cholesterol (C27H460), chloride and sodium ions (Na+,
Cl-). Then, we added the polar hydrogens, to ensure that the performance of the cavity method
is improved [37]. Thereafter, we launched the prepared protein, L28, and L30 ligands in
AutoDock 4.2 software [38], going from PDB to PDBQT format. With the assistance of the
AUTOGRID algorithm, the grid box dimensions were fixed on (—42.56 A, —0.46 A, —55.07 A),
choosing the 3D- structure sizes on (110,110,110) with a spacing of 0.375 A, and running ten
genetic algorithms for twenty-five million evals. Lastly, 3D and 2D intermolecular interactions
of candidate drug-targeted protein complexes were visualized with the help of Discovery Studio
2021 (BIOVIA) software [36,37].

2.6.Molecular Dynamic

To ensure the intermolecular interactions stability of protein-ligand complexes, we have

performed the molecular dynamics technique during 50 nanoseconds using Desmond software,
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a package of Schrodinger LLC [39]. The output files of molecular docking were defined as
input files of molecular dynamic simulations, which were prepared by Protein Preparation
Maestro, which optimizes and minimizes the pre-treated complexes in the System Builder
utilizing a solvent model having an orthorhombic box of transferable intermolecular interaction
potential 3 points (TIP3P) type, and an OPLS-like force field [40]. In addition, the models were
neutralized with the insertion of water molecules and counter ions, where the physiological
conditions were reproduced in 0.15 M salts (Na+, Cl-), under a temperature and pressure of 300
K and 1 atm, respectively. After every 10 picoseconds of evaluation, we recorded the
trajectories, and we examined the stability of the simulations, studying the root mean square
deviation (RMSD) for each complex. Thereafter, we have supervised the root-mean-square
fluctuation (RMSF), polar surface area (PSA), solvent accessible surface area (SASA), gyration
radius (Rg), and molecular surface area (MolSA) variations [6]. Lastly, the free energies of the
protein-candidate drug interactions were tested at 50 ns of simulations time, with the help of
MM-GBSA technology [41].

3. Results and discussion

3.1.Principal Component Analysis

To minimize the dimension of molecular descriptors in a reduced number of principal
components, we have focused on the correlation matrix given by the principal component
analysis (PCA) technique, as one of the most applied multivariate analyses [42]. We have started
this task with a database of 40 molecules and 40 different descriptors as illustrated in Table S4.
Then, we reduced this uncontrollable number of descriptors into 25 uncorrelated descriptors, as
the strongly correlated descriptors between them (Pearson correlation coefficient>0.9) were
removed, so to facilitate the development of QSAR mathematical models.

3.2.Experimental Database

The present study is intended to develop a mathematical QSAR model between the
structural descriptors of human GlyT1 inhibitors and their biological activities of pICso order.
For this reason, we have worked on an experimental database of forty compounds and twenty-
five uncorrelated descriptors. Then, we based on thousands of randomizations with a ‘stepwise’
option, dividing our statistical database into training and test sets. The first set contains 80% of
global data (32 molecules) taken to establish the QSAR model, and the second set includes 20%
(8 molecules) selected to validate the established model [6,37,43].

3.3.Multiple Linear Regression

The first QSAR model was constructed for a training set of thirty-two molecules (N=32)

using multiple linear regression (MLR) as a statistical method capable to evaluate the linear
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relationship between the molecular descriptors and the inhibitory activity [44]. The process was
based on the best values of the correlation, determination, and adjustment coefficients (R, R”
and R’adj). So, the optimal MLR QSAR model was developed in Equation 1:

pICso=3.82 + 0.01 x MW - 0.32 x NRB + 0.28 x Log P—0.22 x TD + 0.045 x PSA (1)
The predictive QSAR model introduces the following selected descriptors: molecular weight
(MW), partition coefficient (Log P), number of rotatable bonds (NRB), polar surface area
(PSA), and topological diameter (TD), as included in the Table S5.

The slope of each selected descriptor has a probability inferior to 5%, as indicated by the
significance test in Table 21. So, the selected variables have a significant impact on the activity
at a confidence interval of 95%. Molecular weight, partition coefficient, and polar surface area
have a positive effect on activity, but the number of rotatable bonds and topological diameter
influence it negatively, as illustrated in Figure 33. Thus, the compound can be highly active if
it’s defined by a small value of TD and NRB and given by higher values of MW, Log P, and
PSA. According to Fisher's statistical test, the null hypothesis (HO) is rejected because the
analysis of variance (Anova) proves that the critical value: [F (32, 5) = 2.51, p < 0.0001] is
much smaller than its calculated value (F=13.832), as presented in Table 22. Thus, the
dependent variable (pICso) and the independent variables (5 selected descriptors) are defined
by a homogeneous variance. In addition, the correlation, determination, and adjustment
coefficients are equal to R=0.85, R’=0.73, and R’adj=0.67, respectively. which confirms a solid
relationship between the inhibitory activity and the molecular descriptors, and a strong
predictive performance of the MLR QSAR model, with a minimal root mean square error
(RMSE=0.297). Consequently, we conclude that human GlyT1 activity is strongly and
significantly correlated with constitutional (MW), physicochemical (Log P), geometrical

(NRB), and topological (PSA and TD) descriptors.

Table 21. Significant weights of the selected descriptors

Source Value Standard t Pr> |t Lower terminal Higher terminal
deviation (95%) (95%)
Constante  3.823 1.307 2.926 0.007 1.137 6.509
MW 0.010 0.002 5.608 <0.0001 0.007 0.014
NRB -0.321 0.056 -5.769 <0.0001 -0.436 -0.207
LogP 0.280 0.095 2.950 0.007 0.085 0.474
TD -0.222 0.105 -2.118 0.044 -0.437 -0.007
PSA 0.045 0.010 4.453 0.000 0.024 0.065
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Figure 33. Impact of molecular descriptors on the biological activity

Table 22. Analysis of variance using the fisher test

Total
Source DDL square Mean square F Pr>F
Model 5 6.086 1.217 13.832 <0.0001
Error 26 2.288 0.088
Adjusted total 31 8.374

3.4.Multiple Non-Linear Regression

To model the nonlinear relationship between the previously selected descriptors and human
GlyT1 activity, we have applied the multiple non-linear regression (MNLR) technique [45], for
a training set of thirty-two molecules (N=32) using the following programmed function

(Equation 2):

n
Y= aO+Z(ai><Xi+bixXiz) )
i=1

Where, Y: is the predicted activity with MNLR QSAR model, a0: is the constant of the
mathematical model, Xi: is the selected descriptor, ai and bi: are the slopes of each molecular
descriptor for 1 and 2 degrees, respectively [6]. Thus, we have obtained the second QSAR
model as presented by Equation 3:

pICso = - 0.487 + 0.006xMW - 0.629xNRB + 0.577xLog P - 0.477<xTD + 0.232xPSA +
3.887E-6* MW"?2 + 0.024xNRB"? - 0.055xLog P*? + 0.010xTD"? - 0.001xPSA*2 (3)
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This predictive model is qualified by a strong correlation coefficient of R=0.88, a good
determination coefficient (R’=0.78) and a low root mean square error (RMSE=0.296). So, it
affirms that human GlyT1 activity is affected by these five selected descriptors.

3.5.Validation of predictive QSAR Models

3.5.1. Applicability Domain

To examine the applicability of quantitative activity-structure relationship models, we have
performed the applicability domain (AD) technology. using IBM SPSS Statistics 22 software.
based on William’s diagram shown in Figure 34. The warning leverage (h*=0.56) was indicated
using the following equation: 4* =[3 x (p + 1) / n], (p=5, n=32). Where, p: is the number of
selected descriptors. n: is the number of molecules in the training set, and 3: is the absolute
value limit of the standardized residuals interval on the Y-axis [46]. We note that all molecules
in the training and test sets have a leverage under the critical leverage value, and they are all
placed in the confidence interval of [-3, +3], except two molecules (19 and 29) of the test set,
which are considered as outliers because they have a standardized residual of -4.601 and -3.785,
respectively. So, the QSAR model was correctly predicted, where the outliers were removed

and the 38 remaining molecules were successfully examined in the applicability domain

[6,43,47].

4 -
3
2 -
° & o @ Training set
1 <] Fe) o
P (o]
F 0550 @

0 ° % e o @ Testset
1 e e

.: e .
S ° o ——h
-3
.l e

@ 19

-5 —t—

0 01 02 03 04 05 06 07 08 09 1
Figure 34. William’s diagram of the predictive QSAR models
3.5.2. External Validation
To evaluate the reliability of the QSAR predictive model and to ensure its application, it is
strictly necessary to validate it on some novel compounds comprised in the test set using the

external validation technique [48]. Based on a training test of thirty-two molecules, we have
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tested six new compounds from the test set and we have obtained the results of predicted
activities using the linear and nonlinear regression techniques, as displayed in Table 23.

Table 23. Observed and predicted activities of plCso order using MLR and MNLR QSAR
models

Observed Predicted Predicted
Molecules number pICso pICso (MLR) pICso (MNLR)
4* 7.638 8.044 7.897
10* 7.796 7.825 7.908
14* 8.222 8.323 8.410
17* 7.569 8.017 7.954
18* 7.921 8.069 8.012
31* 6.848 7.076 7.200

* Indicates the test set molecules

The first QSAR model, which was developed using the multiple linear regression (MLR)
technique, is given by an external validation correlation coefficient equal to R’ext = 0.867, as
presented in Figure 35, and the second QSAR model, developed by multiple nonlinear
regression (MNLR) technique, is defined by an external validation correlation coefficient of
R’ext = 0.946, as illustrated in Figure 36. Thus, MLR and MNLR QSAR models are externally
validated because they are characterized by an external validation correlation coefficient greater

than 0.6.
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Figure 35. Correlation among the predicted and observed activities using multiple linear
regression (MLR)

Page 132222



Chapitre VI

Pred(plICs) / pICso

8.5 a
o) '.." °
a8 Q .
o.‘ L
e e,
.5 ] o o °%&%
: °-
] &
O L @
a ° e . °
@
.~ e
o e
6.5 o
. e
; e
6 ¥

6 6.5 ;" ?:5 é 8.5
Pred (plCs)

| @ Actives .Validationl

Figure 36. Correlation among the predicted and observed activities using multiple
nonlinear regression (MNLR)

3.5.3. Internal Validation

The leave-one-out procedure (LOO) of the cross-validation technique (CV) was performed
to validate internally the developed QSAR models. For this purpose, we tested each molecule
once, with the development of a new mathematical model on thirty-one compounds (N-1=31)
and prediction of the inhibitory activity of this tested molecule [49], as resulted in Table 24, this
process was repeated for all training set molecules [50]. Thereafter, we calculated the quadratic

coefficient (Q°cv) of cross-validation using the following equation:

> (Yobs — Ypred) 2 A
Xt (Yobs — Ymean) ? )

Q*cv=1-

Where, Yobs: signifies the observed activity, Ypred: is the predicted activity, and Ymean:
presents the average of the observed activities. Although the obtained value of quadratic
coefficient (Q°cv=0.55) is higher than 0.5, the established QSAR model is robust, reliable, and
has a stronger internal predictivity.

Table 24. Observed and predicted activities using MLR. MNLR and CVLOO techniques

Molecules Observed PredictedpICso Predicted pICso Predicted pICso
number pICso (MLR) (MNLR) (CVLOO)
1 7.824 7.551 7.601 7.541
2 8.097 7.802 7.844 7.780
3 7.638 7.836 7.866 7.856
5 7.921 8.097 7.976 8.128
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6 7.770 7.559 7.563 7.528
7 7.638 7.709 7.732 7.721
8 8.000 7.743 7.734 7.704
9 7.420 7.329 7.387 7.325
11 8.000 8.067 8.042 8.105
12 8.155 8.119 8.148 8.105
13 8.000 8.081 7.983 8.114
15 8.398 8.376 8.458 8.370
16 7.538 7.775 7.833 7.824
20 7.108 7.056 6.887 7.047
21 7.161 7.298 7.361 7.307
22 7.745 7.351 7.406 7.318
23 6.678 6.813 6.691 6.833
24 6.979 6.712 6.616 6.645
25 6.947 7.205 7.266 7.267
26 7.678 7.258 7.322 7.156
27 6.356 6.878 6.970 7.027
28 7.699 7.376 7.511 7.233
30 7.260 7.592 7.562 7.650
32 7.481 7.602 7.684 7.625
33 7.678 7.485 7.522 7.418
34 7.721 8.098 7.660 8.259
35 7.569 7.073 7.208 6.944
36 6.201 6.797 6.569 7.075
37 6.658 6.882 6.825 7.019
38 7.367 7.257 7.316 7.230
39 7.585 7.493 7.580 7.473
40 7.824 7.823 7.973 7.823

3.5.4. Validation Using Y-Randomization Test

Golbraikh and Tropsha's study argues that the internal predictive accuracy of the
quantitative structure-activity relationships (QSAR) model, explained by a large value of the
quadratic coefficient of leave one out cross-validation (CVLOO), has a tendency to be
overestimated and may be the result of a lucky correlation. For this reason, the Y-
Randomization test is necessary [6,51]. With the assistance of java Platform SE binary, we have
tested the quality of the established QSAR model running 100 randomizations as resulted in
Table S6. The results of the Y-Randomization test indicate that the value of the cR?p criteria is
0.65, which is greater than 0.5. Additionally, the values of correlation, determination, and cross-
validation with the leave-one-out procedure coefficients of the original model are so much

higher than the resulting values for all one hundred randomizations. As a consequence, the
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human GlyT1 activities as predicted by the originally designed model are not due to random

chance [6].

3.5.5. Statistical Criteria of Golbreikh and Tropsha's Study
The predictive MLR QSAR model given in Equation 1, successfully meets the postulated
threshold conditions of Tropsha and Golbraikh's theory, as illustrated in the following Table 25.

Table 25. Tropsha and Golbraikh conditions to examine the accuracy of generated MLR
QSAR model

Parameter Equation Model Threshold Comment
score
R? RZ = 1 Y ( Yobs —Y cal)? 0.73 >0.6 Accepted
Bl Y (Yobs — Yobs) 2
R%adj (N—1R?-p 0.67 >0.6 Accepted
R?adj =
N—-p-1
R?test 2t . Y ( Ycal(test) — Y obs(test) ) ? 0.87 >0.6 Accepted
es=1-— —
Y. (Yobs(test) — Yobs(train)) 2
Q%cv Y ( Ycal —Y obs)? 0.55 >0.5 Accepted
Q?cv=1- —
Y. (Yobs — Yobs) ?
R’rand Average of the 100 R’rand (i) 0.16 <R’ Accepted
Q%cv Average of the 100 Q?cv ‘LOO* rand (i) 030 < Q%v Accepted
‘LOO’ rand
cRp cR%p =R*2[(RZ — ( Average Rygng ) %) 0.65 >0.5 Accepted

3.6.In Silico Pharmacokinetics ADMET Prediction

In the beginning, we predicted the human GlyT1 inhibitors using BOILED-Egg as an
accurate predictive model, very practical in medicinal chemistry to discover the candidate drugs
as presented in Figure 37. We have noted that 28 and 30 molecules in blue are part of the yellow
Egan-egg, so they are predicted as inhibitors with the greatest ability to cross the blood-brain
barrier (BBB) and predicted to be effluated from the central nervous system (CNS) by the P-
glycoprotein. Thus, 24 molecules and the nortriptyline as a co-crystallized ligand bound to the
membrane protein of dopamine transporter (DAT), as colored in red, are also part of yellow
Egan-egg, but they are predicted not to be effluated from the central nervous system (CNS) by
the P-glycoprotein. In contrast, the compounds that are part of the white Egan-egg, are predicted
as molecules passively absorbed by the gastrointestinal tract [52]. At the second stage, we have
predicted the nortriptyline as a co-crystallized ligand compared to 28 and 30 inhibitors which
are considered as candidate inhibitors able to penetrate the blood-brain barrier (BBB) and

evacuated from the central nervous system (CNS) by the P-glycoprotein in the basis of Lipinski,
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Egan, Veber, Ghose, and Muegge rules, as shown in Table 26. Thus, we have noted that these
candidate drugs respect all Lipinski rules like as: MW<500, 40< MR <130, NRB<10, Log
P(octanoliwater) <5, HBA<10, and HBD<5 [43]. Additionally, they satisfy Veber, Egan, Ghose, and
Muegge regulations [53]. In the last step, we studied the pharmacokinetic properties of
adsorption, distribution, metabolism, excretion, and toxicity (ADME-Tox) of the candidate
molecules. which were compared to the obtained results for nortriptyline, as resulted in Table
27. We have noticed that L28 and L30 ligands have an excellent human intestinal absorption
(HIA superior than 96%), good distribution because they are defined by the human distribution
volumes higher than —0.44 Log L/kg, and characterized by a BBB and CNC permeability values
greater than -1 Log BB and included in (-2 to -3) Log PS, respectively. So, they are well
permeable to the blood brain barrier (BBB) and the central nervous system (CNS). Moreover,
they are all predicted as potent inhibitors of 2C9, 2C19 and 3A4 cytochromes. Then, they
present a total clearance of 0.563 and 0.711 Log ml/min/kg respectively, without any toxicity
on the human body. Therefore, we have concluded that L28 and L.30 ligands are successfully
predicted as not toxic inhibitors of 2C9, 2C19, and 3A4 cytochromes, respecting Lipinski,
Veber, Egan, Ghose, and Muegge rules, and they are estimated to penetrate the blood-brain
barrier (BBB) with the highest probability. So, they are designed as powerful central nervous

system (CNS) agents.
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Figure 37. BOILED-Egg model of nortriptyline and forty pyrrolo[3,4-c]pyrazole and
azetidine derivative
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Table 26. Prediction of physico-chemical parameters of L28, L30, and nortriptyline
ligands based on Lipinski, Egan, Veber, Ghose, and Muegge regulations

Physical and chemical properties Lipinski Veber Egan  Ghose Muegge
violationviolationviolationviolationviolation

Ligands  MoleculéMolar RotatabllLog P HydrogeH-bond
number  weight refractive bonds (Octanolbond  donors
(g/mol) index Number / Water) acceptorNumbe
r
Threshold MW<5040< MR <1<10 <5 <10 <5 Yes/No Yes/No Yes/No Yes/No Yes/No
L28 448.47 124.97 4 3.35 6 0 Yes Yes Yes Yes Yes
L30 423.44 120.78 4 323 5 0 Yes Yes Yes Yes Yes
Nortriptylin263.38 86.06 3 3.22 1 1 Yes Yes Yes Yes No
Table 27. ADMET-Tox pharmacokinetic properties of L28, L30, and Nortriptyline
ligands
AbsorptionDistribution Metabolism Excretion Toxicity
Ligands Intestinal VDss BBB CNS Substrate Inhibitor Total AMES
number Absorption(human) permeabilitypermeabilityCYP Clearance toxicity
(human) 2D6 3A41A22C192C92D63A4
Numeric NumericNumeric ~ Numeric  Categorical Numeric Categorical
(% (Log (LogBB) (LogPS) (Yes/No) (Log (Yes/No)
Absorbed) L/kg) ml/min/kg)
L28 96.007 0.234 -0.818 -2.839 No YesNo Yes YesNo Yes0.563 Not toxic
L30 98.673 0.219 -0.353 -1.865 No YesYesYes YesNo Yes0.711 Not toxic
Nor 97.482 1.575 0.808 -1.196 No YesYesNo No YesNo 0.929 Not toxic

3.7.Molecular Docking
Although L28 and L30 ligands are engineered as potent inhibitors with a favorable ADMET

profile, thus we have studied their intermolecular interactions towards the drosophila

melanogaster dopamine transporter (DAT) of 4M48.pdb code, as a transmembrane protein able

to extract the neurotransmitter dopamine out of the synaptic cleft and transfer it into the cytosol

of neighboring cells [6,54-56]. The molecular docking simulations of (L28, L30-protein)

complexes were done in the active sites of tricyclic antidepressant nortriptyline (as co-

crystallized ligand linked to the targeted protein in his A-chain) which resulted from the
ProteinsPlus online server [57], like Tyr124A, Phe325A, and Phe43 A amino acids, as presented

in Figure 38.

Page 137|222



Chapitre VI

HO,
Phe43A H
R / Tyr124A
R— NH :
\\\ i+ Phe325A
> !
5 \0. / Alad79A
S \
B e 8 1 Val120A
‘ \\\
@ \ G D
\\
S ‘\
e N >
\H\ \ - .
N

Phe325A

Figure 38. Active sites of co-crystalized ligand bound to 4M48.pdb protein in A-chain

The molecular docking results presented in Figure 39, indicate that L28 and L30 ligands
have several common intermolecular interactions such as: Two stacked Pi-Pi chemical bonds,
established between Phe325 and Phe319 amino acids of the targeted protein and the candidate
drugs. A common Pi-Sigma chemical bond was formed between the candidate drugs and Ile116
amino acid with a nuclear distance of 5.91 A. Three Pi-Alkyl chemical bonds were produced
with Ala479, 11e483, and Alal17 amino acids of the responsible protein. A common bond of
attractive charge with the nitrogen atom was created with Asp475 amino acid. Additionally, we
note that the L28 ligand formed at 6.44 A a bond of Alkyl type towards Tyr124 amino acid. and
created for each one of its two fluorine atoms, a hydrogen bond with Tyr123 amino acid,
rendering the L28-protein complex more stable. Also, the L30-protein complex was stabilized
via the formation of a hydrogen bond between the candidate drug and the Arg52 amino acid of
the targeted protein. Therefore, we conclude that Phe325, Phe319, Ilel16, Ala479, 11e483,
Alall7, Asp475, Tyr124, Tyr123, and Arg52 amino acids are the responsible sites of human

glycine transporter type one (GLUT1) inhibitory activities to improve memory performance.
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Figure 39. 2D (left) and 3D (right) inter-molecular interactions, produced between L28
and L30 ligands and DAT protein of 4M48.pdb code with binding energies of —8.72
kcal/mol and —8.70 kcal/mol, respectively.

3.8.Docking Validation Protocol

The efficiency and accuracy of the molecular docking algorithms were examined through

the re-docking method, based on the superposition of the co-crystallized ligand on the docked

nortriptyline ligand. The overlay results shown in Figure 40C, reflects a root mean square

deviation (RMSD) of 0.552 A, which is inferior than 2 A, so the prediction pose is precise and
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accurate. In addition, 2D and 3D intermolecular interactions, successively presented in Figure
40A and Figure 40B, reveal that docked nortriptyline ligand of cyan color, reacts to Tyr124 and

Phe43 amino acids, which are the same sites as those experimentally produced. As a result, the

: TYR124

docking validation protocol was successfully examined [6,37,58].

VAL120

Interactions

D van der Waals - Pi-Pi T-shaped
- Conventional Hydrogen Bond D Alkyl

I:I Carbon Hydrogen Bond :l Pi-Alkyl
- Pi-Sigma

Figure 40. 2D (A) and 3D (B) visualization of intermolecular interactions created between
the docked nortriptyline and 4M48.pdb protein with a binding energy of —8.36 kcal/mol,
and re-docking pose (c) defined by a RMSD value of 0.552 A (docked nortriptyline in cyan
and co-crystallized nortriptyline colored by the atomic elements)

3.9.Molecular Dynamic simulation

To examine the stability of intermolecular interactions, produced between L28 and L30
candidate drugs and the targeted protein encoded as 4M48.pdb, we have performed the
molecular dynamics simulations of these two complexes during 50 nanoseconds [6,14].

The results of dynamic conformational changes of (the L28-DAT protein) complex shown
in Figure 41A, illustrate that protein root mean square deviation (RMSD) in the left Y-axis.
fluctuates around the mean thermal structure during 50 ns of simulation time, because deviation
changes in the range of 1-3 A are acceptable for small globular proteins. Thus, the simulation

was well-balanced. In addition, the evolution of the ligand RMSD in the right Y-axis through
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the heavy atoms, reveals the ligand stability with respect to the protein targets, when the studied
complex was first aligned with the reference protein backbone, as the observed values of ligand
RMSDs are nearly the same as the protein RMSDs values. Thus, the ligand had not diffused
away of its primary binding site. Moreover, the evolution of the root mean square fluctuation
(RMSF) was also controlled to investigate the influence of ligand binding on the internal
dynamics of DAT protein over 50 ns, in which C- and N-terminal tails tend to fluctuate more
than any other protein part. Similarly, alpha helices and beta strands as secondary structure
elements are generally more rigorously rigid than the non-structured protein part, so they
fluctuate considerably less than the buckle regions. Just one oscillation of 3.7 A, has been
detected in the buckle region of the residue 390. In contrast, all other fluctuations were inferior
to 3 A, as noted in Figure 41B, which indicates the absence of a conformational change of the
protein caused by its binding towards the ligand, and the stability of the produced complex. The
values of gyration radiuses (r-Gyr) have oscillated in a relatively short range of 4.40 to 5.35 A
along the simulation time, as noticed in Figure 41C, which reveals a few conformational
changes in the compactness of the L28 ligand, so the DAT protein has an acceptable flexibility
after being bound to the candidate drug. Also, the evolution of solvent accessible surface area
(SASA), was done to evaluate the solvent accessibility of (L28-DAT protein) complex over 50
ns of simulation time, as we have recorded a minimal oscillation, included between 20 and 90
A%, which demonstrates that the drug structure was approximately unchanged during the
simulation process. Moreover, the molecular surface area (MolSA) associated with a Van Der
Waals surface was calculated with a probe radius of 1.4 A, has been fluctuated between 400
and 430 A?. Furthermore, we have noticed that the polar surface area (PSA) which is mainly
influenced by nitrogen and oxygen atoms, changes between 75 and 145 A2, with some very
small maximum and minimum fluctuations. Eventually, the graph of total energy, obtained
using the MM-GBSA approach, displays some minimal oscillations around the mean of -
58.360388 kcal.mol-1, which are progressively stabilized from 25 ns until the end of the

simulation as displayed in Figure 41D.
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Figure 41. Evolution of RMSD. RMSF. Rg. MoISA. SASA. PSA and total free energy
during 50 ns. for (L28-DAT protein) complex

Regarding the second complex, we noticed that the DAT protein was also characterized by
a root mean square deviation (RMSD) included between 1 and 3 A, where the observed values
of the ligand RMSD oscillate in parallel with those of the protein RMSD, as presented in the
Figure 42A. So, the simulation was well equilibrated for the (L30-DAT protein) complex, and
the candidate drug had not diffused away from its primary link site. Additionally, the graph of
root mean square fluctuations (RMSFs), indicates only two fluctuations greater than 3 A. The
first one was recorded at 4.6 A for residue 230, and the second one was detected at 4.7 A for
residue 480, as shown in Figure 42B, indicating that the DAT protein binds to the drug with
extremely small conformational changes. Subsequently, we have monitored the evolution of
gyration radiuses (r-Gyr), solvent accessible surface area (SASA), molecular surface area
(MolSA), and polar surface area (PSA) properties, which are generally subject to very small
fluctuations as displayed in the Figure 42C. So, the drug structure remained approximately
unchanged during 50 ns of simulation time, and the DAT protein has an agreeable flexibility
during its interaction with the .30 candidate drug. Finally, the total energy graph of the (L30-
DAT protein) complex, given with the assistance of the MM-GBSA approach, displays slight
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fluctuations about the mean of -61.193294 kcal.mol-1, as shown in Figure 42D, which means
that the complex remains very stable over the simulation time.

Consequently, we conclude that intermolecular interactions produced in the (DAT protein-
L28, and L30 ligands) complexes are dynamically more stable because their studied properties

remained in equilibrium throughout the MD simulation.
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Figure 42. Evolution of RMSD, RMSF, Rg, MoISA, SASA, PSA, and total free energy
during 50 ns, for (L30-DAT protein) complex

4. Conclusion

An in silico investigation was performed for forty pyrrolo[3,4-c]pyrazole and azetidine-
based derivatives, to discover an effective drug for enhancing human memory performance. In
the beginning, two predictive QSAR models were developed using MNLR and MLR techniques
and were successfully validated by internal and external validation, Y-randomization test,
applicability domain, Tropsha, and Golbreikh criteria, indicating that MW, Log P, NRB, PSA,
and TD descriptors have a key function in the human glycine transporter type one (GlyT1)
activity. Afterward, a pharmacoinformatic-based approach revealed that L28 and L30 ligands
were predicted as non-toxic inhibitors of 2C9, 2C19, and 3A4 cytochromes, with a desirable

ADMET profile, meeting the rules of Lipinski, Egan Veber, Muegge, and Ghose. So, they are
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designed as candidate drugs, most likely to penetrate the central nervous system (CNS). For
this reason, they were specially selected for molecular docking simulation, which revealed that
they react with Phe319, Phe325, Tyr123, Tyr 124, Arg52, Asp475, Alall7, Ala479, 1le116, and
[1e483 amino acids of a membrane protein from the dopamine transporter (DAT) of 4M48.pdb
code. Finally, the stability of intermolecular interactions produced between the candidate drugs
and the targeted protein was successfully examined through the molecular dynamics technique
along 50 ns of simulation time. Therefore, L28 and L30 drugs could be safely and securely

applicable as therapeutics in medicine to enhance human memory performance.
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sélectifs et compétitifs du transporteur de
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perturbations associés a I’hypofonctionnement
du récepteur NMDA
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Résumé

En derniere application, nous avons mené une étude systématique in-silico basée sur des
techniques de modélisation moléculaire, a partir de laquelle nous avons examiné une série de
trente dérivés de pyrrolidine sulfonamide 3,4-disubstitués afin d'identifier le médicament
candidat pour traiter la schizophrénie et les déficiences associées a I'hypofonctionnement des
récepteurs NMDA, via l'inhibition sélective et compétitive du transporteur de glycine de type 1
(GlyT1).

L'analyse QSAR a montré que les descripteurs géométriques et constitutionnels jouent un role
clé dans I'activité humaine du transporteur de glycine type 1. L'étude in silico a conclu que le
ligand le plus actif, marqué C19, devait étre un inhibiteur non toxique, avec un profil ADME-
toxicité souhaitable et une probabilité significative de pénétrer dans le systéme nerveux central
(SNCO).

Les simulations du Docking moléculaire ont confirmé que le composé C19 était docké aux sites
actifs de la protéine du transporteur de dopamine de la drosophile melanogaster (DAT), créant
une variété de liaisons chimiques vers les résidus d'acides aminés suivants : TYR 124, ASP 475,
GLU 480, ALA 479, et VAL 120.

La technique de dynamique moléculaire (MD) combinée a 1'approche MM-GBSA a confirmé
que les interactions intermoléculaires produites pour le complexe (protéine DAT-ligand C19)
restent stables pendant 100 nanosecondes du temps de simulation de la dynamique moléculaire.
Par conséquent, le ligand plus actif C19 est fortement recommandé pour le traitement de la
schizophrénie et d'autres handicaps liés a I'hypofonctionnement des récepteurs

glutaminergiques NMDA.

Mots clés : NMDA; GlyT1; ADME-Toxicité¢; SNC; DAT; dynamique moléculaire.
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Chapitre VII: In-silico screening based on molecular simulations of 3,4-disubstituted

pyrrolidine sulfonamides as selective and competitive GlyT1 inhibitors
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Abstract: A systematic in-silico study based on molecular modeling techniques was conducted
on thirty 3,4-disubstituted pyrrolidine sulfonamides derivatives to identify the drug candidate
for treating schizophrenia and impairments associated with NMDA receptor hypofunction,
through selective and competitive inhibition of GlyT1. QSAR analysis demonstrates that
geometric and constitutional descriptors have a key function in human GlyT1 activity. The in-
silico study concluded that the most active ligand labeled C19 was predicted to be a non-toxic
inhibitor, with a desired ADME-Toxicity profile and a significant probability to penetrate the
central nervous system (CNS). Molecular docking simulations confirmed that the C19
compound was docked to the active sites of drosophila melanogaster dopamine transporter
(DAT) protein, creating a variety of chemical bonds towards TYR 124, ASP 475, GLU 480,
ALA 479, and VAL 120 amino acids residues. The molecular dynamic (MD) technique
combined with the MMGBSA approach confirmed that produced intermolecular interactions
for the (DAT protein—C19 ligand) complex remain so stable during 100 nanoseconds of MD
simulation time. Consequently, the C19 ligand is highly recommended for the treatment of
schizophrenia and other disabilities linked to the hypofunction of glutaminergic NMDA
receptors.

Keywords: NMDA; GlyT1; ADME-Toxicity; CNS; MD.
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1. Introduction

Over the last decade, the glycine transporter type 1 (GlyT1) localized at glutamatergic
synapses has gained great attention as one of the major neurotransmitters that control memory
and learning functions, and a key element of glycine metabolism in the central nervous system
(CNS) [1-4]. Many pharmaceutical companies have focused on developing selective and
competitive GluT1 inhibitors, to provide potential treatments for neurodegenerative disorders
associated with glutamine N-methyl-D-aspartate (NMDA) receptor hypofunction, including
schizophrenia [5-8]. A number of these GlyT1 inhibitors have been repeatedly proven to be
effective and successful in animal models of schizophrenia and clinically assessed for several
symptom domains [2,9,10]. A few years ago, Roche succeeded in developing a noncompetitive
GlyT1 inhibitor as the most advanced compound, namely bitopertin (RG1678), which attained
positive results to treat negative symptoms of schizophrenia patients. However, it did not
successfully reduce these negative symptoms in the later stages of clinical trials, due to its very
limited efficacy [9,11]. For this reason, the discovery of selective and competitive glycine
transporter type 1 inhibitors continues to be of great interest to chemists in a wide range of
literature [1,2,10,12-15]. Recently, a structural family of 3,4-disubstituted pyrrolidine
sulfonamides, was synthesized and experimentally evaluated through in vivo and in vitro assays
to selectively and competitively inhibit the glycine transporter type 1. In this regard, our in-
silico investigations were carried out on thirty derivatives of 3,4-disubstituted pyrrolidine
sulfonamides which were detected thanks to their inhibitory activity against the type 1 of
glycine transporter [16]. In the beginning, we applied the quantitative structure-activity
relationship (QSAR), which gained an advanced position in modern chemistry [17], by
developing two validated QSAR models which will be able to predict human GIuT1 activity
for 3,4-disubstituted pyrrolidine sulfonamides family, using multiple linear regression (MLR)
and multiple nonlinear regression (MNLR) techniques [18]. Thereafter, we predicted the
physicochemical and pharmacokinetic properties of candidate inhibitors able to cross the blood-
brain barrier (BBB), penetrating the central nervous system (CNS). Afterwards, the most active
inhibitor having an excellent absorption, distribution, metabolism, excretion, and toxicity
(ADME-Tox) profile and meeting all drug-likeliness conditions [19], was chosen for molecular
docking simulation as a technology widely applied in the field of drug discovery [20], indicating
the intermolecular interactions produced towards the dopamine transporter membrane protein

encoded as 4M48.pdb https://www.rcsb.org/structure/4M48 [21]. Moreover, the process of

molecular docking for the (candidate ligand-targeted protein) complex was successfully

validated using the docking validation protocol [22]. The molecular stability of the studied
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complex was examined with the help of the molecular dynamics (MD) technique during 100
nanoseconds of MD simulation time, studying the conformational changes behaviors of the
targeted protein towards the candidate drug with detailed temporal resolution and highest
atomic precision [23-26]. Finally, the molecular mechanics with generalized born and surface
area (MMGBSA) solvation was equally conducted to calculate the binding free energies of the
studied complex, to check again the molecular stability of the candidate ligand in complex with
the protein target [27,28]. Thus, the present study aims to discover a highly effective drug
among thirty selective and competitive GIuT1 inhibitors, predicted with a good ADME-
Toxicity profile, and defined with a good level of molecular stability towards the targeted
protein, which we can strongly recommend for the treatment of schizophrenia and other
impairments associated with NMDA receptor hypofunction.

2. Materials and methods

2.1.Experimental Database

The present work aims to study thirty of 3,4-disubstituted pyrrolidine sulfonamides shown
in Table S7 [16], whose the human GIlyT1 activities of Ki order were converted to pKi scale
(pKi = - logio Ki), and the experimental database was divided on training and test sets which
contain 80 % and 20 % of active molecules, respectively.

2.2.Molecular Descriptors Calculation

To develop the quantitative structure-activity relationships (QSAR), a number of molecular
descriptors were calculated, as resulted in Table S8. The constitutional descriptors were
executed using ACD/chemsketch software [29], while the geometric, physicochemical,
thermodynamic, and topological descriptors were obtained using ChemBio3D software [30].

2.3.Statistical Methods

Initially, the principal component analysis (PCA) was applied as a multivariate statistical
method, to reduce the dimension of calculated descriptors based on the correlation matrix, in
which the non-correlated descriptors were kept well, while one of the two highly correlated
descriptors (r > 0.9) was removed [31-33]. Secondly, the linear and nonlinear relationships
between human GluT1 activity and uncorrelated descriptors were studied using multiple linear
regression (MLR) and multiple nonlinear regression (MNLR) techniques, respectively [18]. So,
MLR and MNLR QSAR models, which were developed for training set of 24 molecules, were
externally validated for test set on 6 novel molecules. Moreover, the mathematical models were
internally validated with the help of cross validation with the leave one out procedure (CV-

LOO) [34].
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2.4.In-silico pharmacokinetics, drug-likeliness, and ADMET depiction exploration

Before proceeding with any clinical investigation, it is necessary to carry out an assessment
of absorption, distribution, metabolism, excretion and toxicity (ADME-Tox) properties in the
human body, checking the five rules of Lipinski [35], and respecting the violations number of
Veber, Ghose, Egan, and Muegge [36—39] for the drug candidates, which were predicted as
central nervous system (CNS) agents according to Boild-Eggs model. To achieve this objective,
we examined the physicochemical and in-silico pharmacokinetics properties of the candidate’s
compounds, with the help of pkCSM [40], and SwissADME [41] servers.

2.5.Molecular Docking Simulation

To discover the chemical bonds produced between a drug candidate and a target protein,
we performed molecular docking, an effective drug discovery technique [42]. The dopamine
transport protein, was uploaded from proteins data bank (PDB), which was discovered by the
X-ray diffraction technique with a resolution of 2.96 A [43,44]. The targeted protein coded as
4M48.pdb was prepared using Discovery Studio 2021 (BIOVIA) software package [45],
removing the water molecules (H20), chloride and sodium ions (Na+, Cl-) and all suspended
ligands like as cholesterol (C27H460) and nortriptyline (Ci19H21N). The gasteiger charges and
polar hydrogens were added. Then, the prepared protein was docked to the candidate drug using
AutoDock 4.2 software [46], converting the complex to PDBQT format. The sizes of grid box
were centralized on (—42.424 A, —0.573 A, 55.066 A), putting the 3D- structure dimensions on
(120, 120, 120) with a spacing of 0.375 A. Finally, the results of intermolecular interactions
produced for the most stable complex were visualized by mean of Discovery Studio 2021
(BIOVIA) software.

2.6.Molecular Dynamic

To investigate the stability of intermolecular interactions produced between the candidate
drug and targeted protein, we performed the molecular dynamics for studied complex during
100 nanoseconds of simulation time, using Desmond software, a package of Schrodinger LLC
[47]. The (candidate drug-targeted protein) complex was prepared with the assistance of Protein
Preparation Maestro. Then, the pre-treated complex was optimized in the System Builder,
working on a solvent model of TIP3P orthorhombic box, with application of OPLS force field
[48]. Additionally, the selected model was neutralized by the reproduction of physiological
conditions, adding water molecules (H20) and counter ions ([Na*, CI'] equal to 0.15 M) with a

temperature of 300 K and a pressure of 1 atm.
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3. Results and discussion

3.1.Quantitative Structure-Activity Relationships (QSARS)

3.1.1. Principal Components Analysis

The quantitative structure-activity relationship technique is intended to develop a predictive
QSAR model between biological activity and uncorrelated descriptors. For this goal, we applied
the principal component analysis (PCA) as a statistical method widely applied to minimize the
size of molecular descriptors in a reduced number of factorial axes (or principal components)
based on the correlation matrix [49], as resulted in Table S8, which indicates thirty-two strong
correlations (correlation coefficients of Pearson superior than 0.9). So, the development of
QSAR model was focused only on weakly correlated descriptors.

3.1.2. Multiple Linear Regression

To study the linear relationship between the structural descriptors and human GluT1
activity, we applied the multiple linear regression (MLR) technique [50] on 24 molecules of
training set, based on stepwise selection for hundreds of randomizations. Therefore, the best
MLR QSAR model was obtained in equation 1, considering the best values of determination,
adjustment, and correlation coefficients (R?, R’ adjusted, and R) and minimal root mean square
deviation (RMSD).
pKi = -60.528+43.061xD+3.569%%H+0.321xVDW E-0.087xXT E-0.642x%N-0.539%x%0O

Equation 1
The first predictive QSAR model developed in equation 1, demonstrates that human Glutl
activity of pKi order is strongly correlated with constitutional descriptors (in particular %H,
%N, %0 and D) and geometric descriptors (like as T E, and VDW E), with minimal root mean
square deviation (RMSD of 0.546) and good values of determination, correlation, and
adjustment coefficients (R’= 0.746, R’ adjusted= 0.657, and R= 0.864, respectively). The six
selected descriptors (Table S8) have significant impacts on human GIuT1 activity, because the
slope of each one is defined by a probability less than 0.05 (5%) for 95% of confidence interval,
as displayed in Table 28.
Table 28. Significant weights of the selected descriptors

Source Value Standard t Pr> |t Lower terminal ~ Higher terminal
deviation (95%) (95%)
Constante  -60.528 12.047 -5.024 0.000 -85.945 -35.111
D 43.061 7.133 6.037 <0.0001 28.011 58.110
%H 3.569 0.710 5.025 0.000 2.071 5.068
VDW E 0.321 0.101 3.162 0.006 0.107 0.534
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TE -0.087 0.026 -3.366 0.004 -0.142 -0.033
%N -0.642 0.129 -4.969 0.000 -0.915 -0.369
%0 -0.539 0.117 -4.628 0.000 -0.785 -0.293

The developed MLR model shows that electronic density (D), mass percentage of
hydrogen (%H), and van der Waals energy (VDW E) have a positive effect on human GluT1
activity, but mass percentages of nitrogen and oxygen (%N, %0), and torsion energy (T E)

affect it negatively, as displayed in Figure 43.
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Figure 43. Impact of selected descriptors on human GIluT1 activity

The analysis of variance (Anova test) shows that calculated value of Fisher (F= 8.332) is
superior to its critical value (F (30, 6) = 2.42, p<5%), which indicates that null hypothesis (HO)
was rejected, so there is an homogenous variance between the inhibitory activity and six
selected descriptors as displayed in Table 29.

Table 29. Analysis of variance using the fisher test

Source DDL Total square Mean square ~ F Pr>F
Model 6 14.923 2.487 8.332 0.000
Error 17 5.075 0.299

Adjusted total 23 19.998

3.2.Multiple Non-Linear Regression
To model the nonlinear regression between the six uncorrelated descriptors, signaled by
MLR method and GlyT1 activity, we performed the multiple non-linear regression (MNLR)

method [51], for twenty-four inhibitors (training set) based on following programmed function:
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n
Y =a0 +Z(ai X Xi + bi X Xi?) [24]
i=1
Y: predicted activity by MNLR QSAR model. a0: constant of predictive model. Xi: selected
descriptor. ai, bi: slopes of each descriptor for one and two degrees, respectively.
The second QSAR model, developed by the pre-programmed function of multiple non-linear
regression confirms also that human GluT1 activity of pki order is affected by the six selected
descriptors as expressed in equation 2. This mathematical model is done by a low deviation
(RMSD equal to 0.636) and good values of determination and correlation coefficients (R°=
0.777 and R= 0.882, respectively).
pKi=87.623-193.402xD+11.223x%H+1.393xVDW E-0.048xT E-1.080%%N
-0.479%%0+80.55646xD?*-0.866x%H?-0.027xVDW EZ2-0.00038xT E2+0.014x%N?
0.004x%0?. Equation 2

3.3.Validation of predictive QSAR Models

3.3.1. External Validation

External validation is an essential and critical step to examine the reliability of MLR and
MNLR QSAR models, ensuring their application to new molecules included in the test set [52].
Based on developed models in equations 1 and 2 for twenty-four molecules (training set), we
tested six novel molecules (2, 10, 11, 13, 19, 24) which are part of test set, and we obtained an
external correlation coefficient of R’ext=0.648 and R’ext'=0.872 for MLR and MNLR models,
respectively. According to Golbreikh and Tropsha's study, the linear and non-linear models are
externally validated because the external correlation coefficients are superior to 0.6. The Table
30, shows the predicted activities for six novel molecules by MLR and MNLR models, where
the quantitative correlations are translated in Figure 44 and 45, successively.

Table 30. Observed and predicted activities of pKi order using MLR and MNLR models

Molecules Observ Predicted Predicted
Compounds nomenclature ed pKi pKi
number pKi (MLR) (MNLR)
(3R,45)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-N,4- 6.701 5.447 5.606
2% diphenylpyrrolidin-3-amine.

N-((3R,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4-  5.936 7.218 7.088
yl)sulfonyl)pyrrolidin-3-yl)-5-(trifluoromethyl)pyridin-3-
10* amine.
(3R,4S)-N-(3-chlorophenyl)-4-(3-fluorophenyl)-1-((1- 7.377 8.286 8.257
11* methyl-1H-imidazol-4-yl)sulfonyl)pyrrolidin-3-amine.
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13*

19*

24*

N-((3R,45)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4- 6.
yl)sulfonyl)pyrrolidin-3-yl)-2-(trifluoromethyl)pyridin-4-

amine.

(3R,4S)-N-((R)-2,3-dihydro-1H-inden-1-yl)-4-(4- 9.
fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)pyrrolidin-3-amine.
4-(((3R,4S)-3-benzyl-4-phenylpyrrolidin-1-yl)sulfonyl)-1- 7.
methyl-1H-imidazole.

928 7.986 7.870
000  10.644 9.518
032 6.653 7.845

* Indicates the test set molecules
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Figure 44. Quantitative correlation between observed and predicted GIuT1 activity using
MLR technique
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Figure 45. Quantitative correlation between observed and predicted GIuT1 activity using
MNLR technique

3.3.2. Internal Validation

A cross-validation (CV) technique was performed using the leave-one-out (LOO)

procedure, for internal validation of the established QSAR models, testing each chemical

compound once, modeling a new mathematical model on twenty-three molecules each time (N-
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1 = 23) and predicting human GluT1 activity for each tested molecule [53]. The process was
repeated for all molecules in the training set, as resulted in Table 31. Afterwards, the quadratic
coefficient (Q° cv) of cross-validation, was calculated based on the following equation:

S (Yob — Ypr) ?
2t (Yob — Ymean) 2

Q*cv=1- Equation 3 [54]

As: Yob: the observed activity, Ypr: the predicted activity, and Ymean: the mean of
observed activities.

According to Golbreikh and Tropsha's study, although the result of quadratic coefficient
(Q°cv=0.546) exceeds 0.5, so the developed QSAR model is internally validated with a good
reliability and strong predictivity.

Table 31. Observed and predicted activities using MLR, MNLR and CVLOO techniques

Molecules Observ Predicted Predicted Predicted

Molecules nomenclature ed pKi pKi pKi
number pKi (MLR) (MNLR) (CVLOO)

1 2-chloro-N-((3R,4S)-1-((1-methyl-1H-imidazol-4- 6.703 6.820 6.834 7.131

yl)sulfonyl)-4-phenylpyrrolidin-3-yl)-3-
(trifluoromethyl)benzamide.

3 (3R,4S)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-phenyl-  5.821 6.399 6.367 6.648
N-(o-tolyl)pyrrolidin-3-amine.

4 (3R,45)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-phenyl-  7.745 6.817 6.742 6.417
N-(m-tolyl)pyrrolidin-3-amine.

5 (3R,45)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-phenyl-  5.903 6.419 6.353 6.634
N-(p-tolyl)pyrrolidin-3-amine.

6 (3R,4S)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-phenyl-  8.097 7.370 7.651 7.292
N-(3-(trifluoromethyl)phenyl)pyrrolidin-3-amine.

7 (3R,45)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4- 8.523 8.085 8.150 8.018
yl)sulfonyl)-N-(3-(trifluoromethyl)phenyl)pyrrolidin-3-
amine.

8 (3R,4S)-N-(3-chlorophenyl)-4-(4-fluorophenyl)-1-((1- 8.523 8.288 8.259 8.247
methyl-1H-imidazol-4-yl)sulfonyl)pyrrolidin-3-amine.

9 (3R,4S)-N-(4-fluoro-3-(trifluoromethyl)phenyl)-4-(4- 8.301 8.876 8.758 9.085

fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)pyrrolidin-3-amine.

12 (3R,4S)-N-(3-chlorophenyl)-4-(2-fluorophenyl)-1-((1- 7.678 8.296 8.282 8.394
methyl-1H-imidazol-4-yl)sulfonyl)pyrrolidin-3-amine.

14 (3R,45)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4- 6.116 6.401 6.350 6.494
(pyridin-3-yl)-N-(3-(trifluoromethyl)phenyl)pyrrolidin-3-
amine.

Page 160|222



Chapitre VI

15

16

17

18

20

21

22

23

25

26

27

28

29

30

(3R,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)-N-(3-(trifluoromethoxy)phenyl)pyrrolidin-3-
amine.
N-((3R,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-
4-yl)sulfonyl)pyrrolidin-3-yl)-4-(trifluoromethyl)pyridin-2-
amine.
N-((3R,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-
4-yl)sulfonyl)pyrrolidin-3-yl)-6-(trifluoromethyl)pyrimidin-
4-amine.
(3R,4S)-N-(4-fluoro-3-(trifluoromethoxy)phenyl)-4-(4-
fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)pyrrolidin-3-amine.
(3R,45)-N-(4-fluoro-3-(trifluoromethyl)phenyl)-4-(4-
fluorophenyl)-1-((1-methyl-1H-1,2,3-triazol-4-
yl)sulfonyl)pyrrolidin-3-amine.
4-(((3S,4R)-3-(4-fluorophenyl)-4-((3-
(trifluoromethoxy)phenoxy)methyl)pyrrolidin-1-
yl)sulfonyl)-1-methyl-1H-imidazole.
((3R,45)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)pyrrolidin-3-yl)(3-
(trifluoromethoxy)phenyl)methanone.
N-(((3S,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-
4-yDsulfonyl)pyrrolidin-3-yl)methyl)-3-
(trifluoromethoxy)aniline.
4-(((3R,4S)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-
4-yDsulfonyl)pyrrolidin-3-yl)oxy)-6-
(trifluoromethyl)pyrimidine.
(3R,45)-4-(4-fluorophenyl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)-N-(3-(trifluoromethoxy)phenyl)pyrrolidine-3-
carboxamide.
(3R,4R)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-((R)-
tetrahydro-2H-pyran-2-yl)-N-(3-
(trifluoromethoxy)phenyl)pyrrolidine-3-carboxamide.
(3R,4R)-1-((1-methyl-1H-imidazol-4-yl)sulfonyl)-4-((S)-
tetrahydrofuran-2-yl)-N-(3-
(trifluoromethoxy)phenyl)pyrrolidine-3-carboxamide.
(3R,4R)-4-(1,3-dioxepan-2-yl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)-N-(3-(trifluoromethoxy)phenyl)pyrrolidine-3-
carboxamide.
(3R,4R)-4-(1,3-dioxan-2-yl)-1-((1-methyl-1H-imidazol-4-
yl)sulfonyl)-N-(3-(trifluoromethoxy)phenyl)pyrrolidine-3-
carboxamide.

8.398

8.097

8.301

8.699

8.523

8.155

7.538

7.222

7.013

6.444

8.523

7.620

8.699

8.699

7.745

7.656

7.906

8.504

8.806

7.790

7.522

8.017

7.390

6.779

8.660

7.411

8.854

8.527

7.714

7.568

8.337

8.357

8.694

8.082

7.459

8.164

7.077

6.690

8.474

7.489

8.806

8.682

7.639

7.576

7.629

8.477

8.896

7.649

7.515

8.108

7.583

7.137

8.714

6.921

8.968

8.445
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3.3.3. Validation Using Y-Randomisation Test

According to Golbreikh and Tropsha's study, the highest value of quadratic coefficient
generated by cross validation technique with the leave one out procedure (CVLOO) is probable
to be overestimated and may refers to a lucky correlation, so the internal validation is necessary
but still not enough sufficient. For this reason, the Y-Randomization test is so required [55,56].
Using java Platform SE binary, we evaluated the predictive accuracy of developed QSAR model
through one hundred randomizations as resulted in Table S9. The value of cR’p criteria was
0.621, which exceeds 0.5 threshold. Moreover, the resulted correlation, determination, and
cross-validation with the leave-one-out procedure coefficients of the original model are so
higher than the marked values for all 100 randomizations. So, the predicted GlyT1 activity by
the originally developed model are not due to random chance.

3.3.4. Statistical Criterias of Golbreikh and Tropsha's study

Golbreikh and Tropsha's statistical study emphasizes that a certain number of postulated
conditions must be verified before the quantitative structure-activity relationship model can be
applied to other new molecules. In this part, we noted that the generated model by MLR
technique satisfy with success all postulated threshold conditions of Tropsha and Golbraikh's
theory, as presented in Table 32. Consequently, the developed model is qualified by an accurate
and precise predictivity, which affirms again that human GlyT1 activity is really affected by the
six selected descriptors.

Table 32. Tropsha and Golbraikh conditions to examine the accuracy of generated MLR
QSAR model

Statistical Developed Equations Model Threshold Comment
parameters scores
R? R2 1 Y ( Yobs —Y cal)? 0.746 >0.6  Accepted
B Y (Yobs — Yobs) 2
R?adj , . (N=DR?-p 0.657 >0.6 Accepted
Radj =
N—-p-1
R?test RZtest — 1 Y ( Ycal(test) —Y obs(test))? 0.648 >0.6 Accepted
est=1- _—
Y. (Yobs(test) — Yobs(train)) 2
Q%cv 5 Y ( Ycal —Y obs) 2 0.529 >0.5 Accepted
Qcv=1- —
Y. (Yobs —Yobs) ?
R’rand The average of 100 R2rand (i) 0.243 <R’ Accepted
Q%cv ‘LOO’ rand The average for 100 Q?cv ‘LOO* rand (i) -0.660 <Q%v  Accepted
cR’p cRp =R*2[(R? — ( Average Ryana ) 2) 0.621 >0.5 Accepted
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3.4.1n-silico Pharmacokinetics ADMET Prediction

We initiated the in-silico screening of thirty human GlyT1 inhibitors, using the BOILED-
Egg model as a widely applied predictive technique in the field of medicinal chemistry, to
discover drug candidates that could penetrate the central nervous system (CNS), as resulted in
Figure 46. We noticed that most of the chemical compounds are part of white Egan Eggs, so
they are predicted to be absorbed by the gastrointestinal tract, except the molecules marked as
2,3,4,5, and 19, which are part of the yellow part of Egan-egg, thus they are predicted to be
effluated from the central nervous system (CNS) by the P-glycoprotein, and predicted as potent
inhibitors with an important ability to cross the blood-brain barrier (BBB). However, molecule
24 colored in red was predicted to not be effluated from the central nervous system, but it’s
capable to pass through the blood-brain barrier (BBB) [57]. Therefore, we conclude that just
five glycine transporter type 1 inhibitors (C2, C3, C4, C5, and C19) which are predicted as

central nervous system agents with the highest probability to cross the blood-brain barrier.
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Figure 46. Predictive model of BOILED-Egg for 3,4-disubstituted pyrrolidine
sulfonamides
Subsequently, we studied the physicochemical and pharmacokinetic properties of all

central nervous system agents, as shown in Table 33 and Table 34, respectively. Based on the
properties of nortriptyline as a positive control molecule co-crystallized with the DAT protein,
we noticed that all predicted inhibitors are in good agreement with nortriptyline, where they
respect all five rules of Lipinski (MW < 500 g/mol, 40 < MR < 130, HBD < 5, Log P

(Octanol/Water) < 5, HBA < 10) [58], and satisfy the violations number of Veber, Ghose, Egan,
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and Muegge [59]. Moreover, the pharmacokinetics properties reveal a good ADME-Toxicity
profile, where all predicted molecules are defined by a good human intestinal absorption (HIA
superior than 94 %), and the values of CNC and BBB permeabilities are included in (-2 to -3)
Log PS, and higher than -1 Log BB, respectively. Thus, they have a good permeabilities to the
central nervous system (CNS) and the blood-brain barrier (BBB). In addition, they are all
predicted as substrates of 3A4 cytochrome. C4 and C24 compounds and C19 as the most active
ligand, are predicted as potent inhibitors for 2C9 and 3A4 cytochromes. Also, they are defined
by an excretion of a total clearance inferior than 1 Log ml/min/kg. According to the AMES
toxicity test, all chemical compounds are predicted as non-toxic inhibitors of the human body,
without any skin sensitization, but they have a known positive hepatotoxicity.

Table 33. Prediction of physico-chemical parameters of central nervous system agents

Physical and chemical properties Lipinski [Veber Egan Ghose Muegge

3 \violationgviolations |violations (violations iolations

| e -

éé Molecular |Molar Rotatable [Log P H-bond  |H-bond

g 3 weight refractive bonds (Octanol/ |Acceptors donors

O (g/mol) index Number MWater)  [Number [Number Categorical (Yes/No)

Threshold <500 40< MR <130[<10 <5 <10 <5
C2 382.48 109.01 5 3.03 4 1 Yes Yes Yes Yes Yes
C3 396.51 113.98 5 2.65 4 1 Yes Yes Yes Yes Yes
C4 396.51 113.98 5 3.24 4 1 'Yes 'Yes Yes Yes Yes
C5 396.51 113.98 5 3.00 4 1 'Yes 'Yes Yes 'Yes Yes
C19 440.53 119.90 5 3.37 6 i Yes Yes Yes Yes Yes
C24 381.49 109.48 5 2.55 4 0 Yes Yes Yes Yes Yes

Nortriptylene 263.38 86.06 3 3.22 1 1 Yes Yes Yes Yes No

Table 34. Prediction of ADMET-Toxicity pharmacokinetic properties of CNS agents

Absorption | Distribution Metabolism Excretion Toxicity
% intestinal | BBB | CNS Substrate| Inhibitor Hepa Skin
5 . . Cytochromes Total AMES Sensit
= Absorption |permealpermeabil Clearance | Toxicity totox i atio
g (human) | bility ity |2D6[3A4{1A22C19]2C9 2D6 3A4 icity R
g . Numeri i Numeric
§ I\':Jtzz E:Lceg;/o c (Log é\ll_l:)gins(; Categorical (Yes/No) (Log |Categorical (Yes/No)
BB) ml/min/kg)
C2 94,986 | 0.175| -2.334 | No |Yes|No| Yes [Yes| No [No| 0.27 [Nottoxic| Yes | No
C3 96.126 | 0.219 | -2.264 | No |Yes|No| Yes [No| No [Yes| 0.269 [Nottoxic| Yes| No
C4 95.608 | 0.142 | -2.254 | No |Yes|No| Yes [Yes| No [Yes| 0.264 [Nottoxic| Yes| No
C5 95.522 |0.125| -2.26 | No |Yes|No| Yes [No| No |Yes| 0.272 [Nottoxic| Yes | No
C19 94.049 | 0.151 | -2.313 | No |Yes|No| No [Yes| No |Yes| 0.41 |[Nottoxic| Yes| No
C24 99.251 | 0.066 | -2.216 | No |Yes|Yes| Yes [Yes| No |Yes| 0.114 [Nottoxic| Yes | No
Nortriptylene| 97.482 | 0.808 | -1.196 | No |Yes|Yes| No [No|Yes [No| 0.929 |Nottoxic| Yes| Yes
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3.5.Molecular Docking

The results of molecular docking simulation exposed in the Figure 47, demonstrate the
intermolecular interactions produced between the dopamine transporter (DAT) protein as a key
therapeutic strategy to treat clinical depression and neuropathic pain [60,61], and the compound
C19 as the most active ligand with a good ADME-Toxicity profile. 2D and 3D dimensional
visualizations confirm that C19 ligand forms two hydrogen bonds towards ASP 475 and GLU
480 amino acids residues of DAT protein in A chain, with nuclear distances of 3.90 A and 3.07
A respectively, taking into account that the chemical bonds of the hydrogen bonding type make
the (ligand-protein) complex so stable. Additionally, C19 reacts to VAL 120 and ALA 479
amino acids forming two chemical bonds of Pi-Alkyl type at 6.08 A and 3.95 A, respectively.
And Pi-Pi T- shaped bond with TYR 124 amino acid at 5.39 A. Consequently, ASP 475, GLU
487, VAL 120, ALA 479, and TYR 124 are the main sites of glycine transporter type 1 inhibition
for the candidate drug. The resulted chemical bonds include intermolecular interactions similar
to those detected towards Tyr 124, Ala 479, and Val 120 amino acid residues, which have been
produced by two selective GluT1 inhibitors, after being bound to the same membrane protein
of drosophila melanogaster dopamine transporter (DAT), which were also designed to improve
memory performance while treating depression and the cognitive symptoms associated with

schizophrenia [1,2,54].
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van der Waals Pi-Pi T-shaped
Conventional Hydrogen Bond Alkyl
Carbon Hydrogen Bond Pi-Alkyl
Pi-Sigma Acceptor

Figure 47. 2D (left) and 3D (right) intermolecular interactions, produced for (C19 ligand
- DAT protein) complex with binding energy of -8.96 Kcal/mol.
3.6.Docking Validation Protocol

The process of molecular docking simulations was examined using docking validation
protocol or re-docking methodology for the (C19 ligand — DAT protein) complex. In the first
time, we have compared the intermolecular interactions produced for the studied complex with
the active sites of nortriptyline as co-crystallized ligand bound to the same chain of targeted
protein. Where, the active sites of nortriptyline are the residues of TYR 124, PHE 325, and PHE
43 amino acids, which are experimentally extracted using the ProteinsPlus online server [62],
as resulted in Figure 48A, and TYR 124, PHE 325, PHE 43, VAL 120, and ALA 479 amino
acids, which are theoretically produced using Autodock tools, as presented in Figure 48B.
Therefore, we noticed that TYR 124, VAL 120, and ALA 479 amino acids are the same amino
acids, which were obtained for (C19 - DAT protein) complex. In second time, we have used the
superposition of co-crystallized and docked nortriptyline, and we have obtained a good overlay
pose with a minimal root mean square deviation (RMSD =0.128) which is less than 2 A as
shown in Figure 46C. Therefore, we conclude that the candidate drug was docked in the active

sites of targeted protein, and the process of molecular docking is successfully validated [63].
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Figure 48. A: Active sites of co-crystallized ligand of DAT protein in A-chain. B: 2D
intermolecular interactions produced for the (docked nortriptyline - DAT protein)
complex with a binding energy of —9.02 kcal/mol. C: Re-docking pose with a RMSD value
of 0.128 A (co-crystallized nortriptyline colored in cyan superposed on docked
nortriptyline)

3.7.Molecular Dynamic simulation

High-performance molecular dynamics simulation was performed to study the stability of
intermolecular interactions produced for the (C19 ligand - DAT protein) complex during 100
nanoseconds [24,64]. The results of the conformational changes presented in Figure 49 show
that the root mean square deviation (RMSD) of the candidate ligand oscillates in parallel with
the RMSD values of the protein target during the first thirty nanoseconds, then destabilizes a
little, and stabilizes again during the last thirty nanoseconds due to the effect of heavy atoms as
oxygen and nitrogen which make the ligand-protein complex so stable. In addition, there are no
deviations greater than 3 A, which demonstrates that the simulation remains in equilibrium
during the molecular dynamics simulation time without any noticeable deviation. Secondly, the
root mean square fluctuation (RMSF) values show only two remarkable fluctuations for the
residuals 470 and 530, which exceeded 3 A, as shown in Figure 49. So, we conclude that the

ligand does not diffuse far from its primary binding site.
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Figure 49. Changes of Root Mean Square Deviation (RMSD) and Root Mean Square
Fluctuation (RMSF) during 100 ns, for the dopamine transporter protein complexed with
C19 ligand.

In addition, we recorded negligible fluctuations for ligand properties, such as radius of
gyration (r Gyr), molecular surface area (MolSA), solvent accessible surface area (SASA), and
polar surface area (PSA), which all oscillate in a very small range over 75 nanoseconds, making
just one remarkable fluctuation at the same time, due to the influence of nitrogen, oxygen,
sulfur, and fluorine, as typical heteroatoms characterizing this organic molecule [65,66].
However, they stabilize again until the rest of the molecular dynamics simulation time as
displayed in Figure 50, which demonstrates minimal changes in the compactness of the
candidate ligand. Consequently, the targeted protein is very flexible after being bound to the

candidate ligand.
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Figure 50. Changes in radius of gyration (r Gyr), molecular surface area (MolSA), solvent
accessible surface area (SASA), and polar surface area (PSA), over 100 ns of molecular
dynamics simulation time

Page 168|222



Chapitre VI

Furthermore, the upper panel shown in Figure 51, reflects the specified number of
contacts produced by the candidate ligand towards the targeted protein throughout molecular
dynamics simulation time, while the lower panel displays the residues of amino acids, which
reacted with the C19 compound along the trajectory. The scale on the right-hand side of the
graph shows that the strongest connection is one that corresponds to a dark orange residue that
has entered into more than one chemical reaction with the candidate ligand [67]. For this, ASP
475 amino acid residue has the main function in the stability of (protein-ligand) complex
throughout 100 nanoseconds of MD simulation time, which presents an important interaction

fraction of H-bonds as displayed on the left side of Figure 51.
o
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Figure 51. Histogram of interaction fractions between DAT protein and C19 ligand (left),
and the timeline depiction of intermolecular interactions and chemical contacts of
candidate ligand in the active sites of targeted protein (right)

The Molecular Mechanics with Generalized Born and Surface Area (MMGBSA) solvation

was equally conducted to calculate the binding free energies of the C19 ligand in complex with
DAT protein, as resulted in Table 35 [27,28]. The MMGBSA approach shows that the binding
energies are negatively very large, indicating that the candidate drug have reacted with the
protein target with low energies (minimal AG Bind scores), which makes the complex so stable

with optimal energies during the molecular dynamic’s simulation time.
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Chapitre VI

Table 35. Binding energies in Kcal/mol of the studied complex using MMGBSA approach.

Studied
complex

MMGBSA MMGBSA MMGBSA MMGBSA MMGBSA MMGBSA MMGBSA
AG Bind AG Bind AG Bind AG Bind AG Bind AG Bind AG Bind
Coulomb Covalent Hbond Lipo Solv GB vdw

(C19 -
protein)
complex

-51.417899 -56.518147 1.557139  -0.820922 -23.877425 73.360626 -45.119169

4. Conclusion

In summary, quantitative structure-activity relationships reveal that constitutional and

geometric descriptors have a key function in the human GIuT1 activity of the 3,4-disubstituted

pyrrolidine sulfonamides family. In-silico screening indicates that C2, C3, C4, C5, and C19

were predicted as non-toxic inhibitors of the human body, and functioning as central nervous

system agents with the highest probability to cross the blood-brain barrier, respecting Lipinski,

Veber, Egan, Muegge, and Rhose conditions. The compound C19 having the highest activity

and predicted with agood ADME-Tox profile, was chosen for molecular docking and molecular

dynamics simulations , which indicate that this candidate ligand produced stable intermolecular
interactions with ASP 475, GLU 480, VAL 120, ALA 479, and TYR 124 amino acids residues
of dopamine transporter protein, because the studied properties of (C19 ligand — DAT protein)

complex remained perfectly stable until 1200 nanoseconds of molecular dynamic simulation

time with lowest binding energies of MMGBSA solvation. Therefore, C19 ligand is strongly

recommended as candidate drug to treat schizophrenia and similar disabilities in relation with

glutaminergic N-methyl-D-aspartate receptor hypofunction.
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Répondant aux principaux objectifs de la présente thése, visant a découvrir des composés
chimiques biologiquement actifs, prédits en tant qu'agents puissants du systéme nerveux central
(SNC) avec des profils ADMET favorables, capables de fournir des propriétés thérapeutiques
efficaces similaires a celles des médicaments candidats destinés au traitement des perturbations
et d’hypofonctionnement des récepteurs NMDA, sans engendrer d'effets secondaires
d'hépatotoxicité et d'allergie cutanée sur le corps humain, tout en produisant des complexes
présentant un excellent niveau de stabilit¢ moléculaire envers les sites actifs de la cible
protéique, avec des affinités de liaison largement négatives en ordre énergétique, nous avons
appliqué nos investigations In-silico assistées par ordinateur, sur des bases de données purement
expérimentales comprenant des séries de molécules bioactives, synthétisées organiquement, et
évaluées biologiquement par des tests expérimentaux In-vivo et In-vitro.

s Les premicéres investigations ont été¢ effectuées au moyen des études tridimensionnels des
relations quantitatives structure-activité¢ (3D-QSAR) sur une série de trente-deux inhibiteurs du
sous unité GIuN2B du récepteur NMDA, présentant des activités analgésiques contre la douleur
neuropathique, a partir lesquelles nous sommes arrivé que les champs stériques, électrostatique,
et accepteurs de liaison hydrogeéne ont un effet significatif sur I’activité analgésique contre la
douleur neuropathique, justifiée par des effets favorables du groupe [Oxazol-2(3H)-one] et des
groupements atomiques de type halogéne en positions méta et para du cycle aromatique des
dérivés de l'isoxazole, comme il était expliqué respectivement par des modeles prédictifs
tridimensionnels, a savoir 1’analyse comparative des champs moléculaires (CoMFA), et
’analyse comparative de l'indice de similarité moléculaire (CoMSIA). La deuxi¢éme évaluation
a ¢té réalisée sur la base des cinq regles de Lipinski, ainsi que les régles de violation de Muegge,
Egan, Ghose, et Veber, qui ont été toutes satisfaites pour les ligands L1, L2, et L3, prédits avec
des propriétés physicochimiques et pharmacocinétiques ADMET appropriées, en tant qu’agents
non toxiques du systéme nerveux central avec la plus grande capacité a traverser la barriére
hémato-encéphalique (BBB). Les résultats obtenus ont été renforcés par des simulations du
Docking moléculaire, qui ont révélé que les isoxazoles L1, L2 et L3 réagissent spécifiquement
avec les acides aminés Phel76, Glu235, Glu236, GInl110, Asp136 et Glul78 de la protéine de
transport codée par 3QEL.pdb, ces interactions intermoléculaires montrent que les ligands
candidats ont été dockés dans les trois sites actifs (Phel76, Glu236, et GIn110) des récepteurs
NMDA en sous unités GIuN1 et GluN2B, en chaine D dans laquelle se complexe le ligand co-
crystallis¢ (Ifenprodil). Par conséquent, ils peuvent étre appliqués comme thérapeutiques pour

prévenir la douleur neuropathique.
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*  Les deuxiémes investigations ont été appliquées sur trente antagonistes des sous-unités
GIluN2B du récepteur NMDA pénétrant dans le cerveau comme agents thérapeutiques contre
les accidents vasculaires cérébraux (AVC), a travers lesquelles nous sommes arrivés que les
composés chimiques C22 et C13 ont été testés avec succes en tant qu'inhibiteurs non toxiques
des cytochromes CYP2D6 et CYP3A4, avec un bon profil ADMET, et congus pour étre des
agents efficaces pour le systéme nerveux central en raison de la plus grande probabilité a
traverser la barriére hémato-encéphalique, ils répondent aux nombres de violations souhaitées
d'Egan, Veber, Rhose et Muegge, ainsi qu’ils respectent les cing régles de Lipinski, en formant
des interactions intermoléculaires stables avec les résidus d'acides aminés de la protéine de
transport codée par 3QEL.pdb. Les résultats du Docking moléculaire ont été renforcés par les
simulations de la dynamique moléculaire couplée aux approches MM-GBSA, qui ont révélé
des niveaux acceptables de la stabilit¢ moléculaire le long de 200 nanosecondes du temps de
simulation. Par conséquent, nous recommandons vivement les composés chimiques appelés
C22 et C13 en tant que puissants médicaments contre les accidents vasculaires cérébraux.

s Les troisiémes investigations ont ¢té appliquées sur quarante-quatre dérivés de
bicyclo((aryl)méthyl) benzamide en tant qu'inhibiteurs du transporteur de glycine de type 1
(GlyT1) afin de découvrir des candidats antipsychotiques efficaces pour le traitement de la
schizophrénie. Dans un premier temps, deux modéles QSAR ont été développés a 1'aide des
techniques MLR et MNLR et ont ét¢ examinés par validation externe et interne, domaine
d'applicabilité (AD), test de randomisation en Y et critéres de Golbreikh et Tropsha, indiquant
un effet significatif du donneur de liaison hydrogene, de la polarisabilité, de la tension
superficielle, des €nergies d'étirement et de torsion et du diametre topologique sur l'activité
locomotrice (LMA). Par la suite, la prédiction pharmacocinétique ADMET in silico a révélé un
profil favorable des ligands les plus actifs, ou L6, L9, L30, L31 et L37 ont été prédits comme
des inhibiteurs non toxiques pour le cytochrome 2D6, qui respectent les regles de Lipinski,
Veber, Egan et Ghose, avec une excellente absorption dépassant 91% et la plus grande
probabilité de pénétrer dans le systeme nerveux central (SNC). En revanche, le ligand L32, en
tant que valeur aberrante dans 1'étude QSAR, présente un profil ADMET défavorable avec la
probabilité la plus élevée d'étre absorbé par le tractus gastro-intestinal. Enfin, les résultats
obtenus ont été renforcés et nuancés par des études d'amarrage et de dynamique moléculaire,
qui confirment que les ligands L6, L9, L30, L31 et L37 réagissent spécifiquement avec les
acides aminés Tyr124, Phe43, Phe325, Asp46, Phe319 et Val120 de la protéine membranaire
du transporteur de dopamine (DAT) d'une maniére qui bloque le transporteur de glycine de type

1 (GlyTl) en formant des complexes dynamiquement stables pendant 100 ns de temps de
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simulation de la dynamique moléculaire. Ils pourraient donc étre utilisés en médecine pour
traiter la schizophrénie. Toutefois, ils doivent étre soumis a des études in vitro et in vivo pour
¢évaluer leur efficacité et leur sécurité en tant que médicaments contre la schizophrénie.

¢ Les investigations suivantes ont été réalisés sur une famille structurelle de quarante
dérivés de pyrrolo [3,4-c] pyrazole et d'azétidine, agissant en tant qu’inhibiteurs sélectifs du
transporteur de glycine type 1 (GlyT1), afin d’identifier les inhibiteurs puissants de GluT1 pour
le traitement des perturbations de la mémoire liés aux récepteurs NMDA.

Tout d’abord, les études bidimensionnelles des relations quantitatives structure-activité (2D-
QSAR), ont révélé que Iactivité inhibitrice humaine du GIluT1 est fortement et
significativement corrélée avec des descripteurs constitutionnels, géométriques,
physicochimiques et topologiques, d’aprés des modeles prédictifs linéaires et non linéaires
strictement validés, conformément aux critéres statistiques inclus dans 1'étude de Golbreikh et
Tropsha. De plus, les résultats de prédiction des propriétés physicochimiques et
pharmacocinétiques ADMET, ont montré que les ligands L28 et L30 font des ressemblances
importantes aux candidats médicaments, car ils respectent les seuils critiques postulés par
Lipinski, ainsi qu’ils répondent aux conditions de violations proposées par Egan, Veber,
Muegge, et Ghose. En outre, ils offrent des profils ADMET intéressants, dépourvus de toute
hépatotoxicité ou allergie cutanée, ce qui les distingue des autres inhibiteurs actifs par leur
capacité a pénétrer la barriére hémato-encéphalique, et sont donc de puissants agents du SNC.
Par ailleurs, les simulations du Docking moléculaire ont également confirmé que les deux
petites molécules produisent des interactions intermoléculaires envers la cible protéique du
transporteur de dopamine (DAT), faisant intervenir, en plus des résidus d’acides aminés :
Phe319, Tyr123, Arg52, Asp475, Alall7, Ala479, llel16 et 11e483, les sites actifs de protéine
membranaire (DAT) suivants : Phe325, Phe43 et Tyr124, qui ont été détectés de manicre
similaire vers le ligand co-crystallis¢é (Nortriptyline). Ce type de liaisons chimiques a été
examiné en termes de stabilit¢ a 1’échelle atomique par des simulations de la dynamique
moléculaire couplée aux approches MM-GBSA, qui a montré des niveaux tres élevés de
stabilité¢ des complexes moléculaires produits (L28, L30 -DAT) durant 50 nanosecondes du
temps de simulation. Par conséquent, les composés chimiques étiquetés L.28 et L30, ont été
fortement recommandés pour le traitement des perturbations de la mémoire liés a
I’hypofonctionnement des récepteurs NMDA.

¢ Les derniéres investigations ont été appliquées sur une classe structurelle de trente dérivés
de pyrrolidine sulfonamides 3,4-disubstitués, agissant en tant qu’inhibiteurs sélectifs et

compétitifs du GlyT1, en vue de découvrir d’inhibiteurs efficaces du transporteur de glycine
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type 1, qui pourraient introduire des traitements de schizophrénie et d’autres déficiences
associées a 'hypofonctionnement des récepteurs NMDA.
Au début, les études des relations quantitatives établies entre la structure d’inhibiteurs examinés
et leur activités biologiques (QSAR), ont montré que les descripteurs moléculaires de type
géométriques et constitutionnels exercent des effets significatifs sur I’activité inhibitrice
humaine de GlyT1, expliquées par des modeles mathématiques linéaires et non linéaires,
rigoureusement certifiés sur la base d’étude statistique de Golbreikh et Tropsha.
Le composé marqué C19, a été évalué suffisamment en raison de leur activité biologique la plus
grande par rapport aux autres inhibiteurs. Heureusement, le composé examiné fait des
ressemblances significatives aux médicaments candidats, pour les raisons suivantes :
Tout d’abord, leurs propriétés physicochimiques répondent aux cinq régles de Lipinski, et
respectent les nombres de violation désirés de Veber, Egan, Muegge, et Ghose.
Ensuite, les prédictions des propriétés pharmacocinétiques d’ADME, et de toxicité ont été bien
désirées par rapport au ligand natif (Nortriptyline).
Par ailleurs, le modéle prédictif d’ceuf d’Egan, a montré que le composé étiqueté C19, a été
prédit en tant qu’agent puissant du systéme nerveux central, avec une probabilité significative
de traverser la barriére hémato-encéphalique.
En outre, le mécanisme d’inhibition du ligand candidat a montré la présence des interactions
intermoléculaires envers la cible protéique qui font intervenir des effets stabilisants comme des
liaisons hydrogenes détectées avec les résidus d’acides aminés Asp475, et Gly480, en plus
d’autres familles des liaisons chimiques incluant des sites actifs de la cible protéique comme
résultant d’apres la simulation du Docking moléculaire avec une affinité de liaison largement
négative (-8.96 Kcal/mol).
Enfin, le composé chimique C19 présente un haut niveau de stabilité moléculaire durant 100 ns
de temps de simulation de dynamique moléculaire, ce qui est renforcé par les calculs des
énergies de liaison au moyen de 'approche MM-GBSA, qui ont a leur tour révélé des valeurs
largement négatives pour les affinités de liaison en kcal/mol.

% A travers ces cinq applications, on est arrivé aux recommandations suivantes :

L. Les ligands L1, L2, et L.3 peuvent étre appliqués comme thérapeutiques pour

prévenir la douleur neuropathique.
II. Les composés chimiques étiquetés C22 et C13 sont vivement recommandés en tant
que puissants candidats-médicaments contre les accidents vasculaires cérébraux.

II.  Les ligands marqués par L6, L9, .30, .31 et L.37 pourraient €tre utilisés en

médecine pour traiter la schizophrénie.
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Les ligands L28 et L.30, sont fortement recommandés pour le traitement des
perturbations de la mémoire liés a I’hypofonctionnement des récepteurs NMDA.

Le composé chimique C19 est fortement conseillé pour le traitement de
schizophrénie et d’autres déficiences associées a I'hypofonctionnement des

récepteurs NMDA.
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Table S1. Forty-four molecules and their biological activities.
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Figure S1. RMSD and RMSF graphs for L6, L30, L31, L37 ligands complexed with the
dopamine transporter membrane protein during 100 ns.
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Figure S2. Rg, MoISA, SASA and PSA during 100 ns of MD simulation, and the variation
of total free energy for L6, L30, L31 and L37 ligands complexed with DAT protein.

Page 187|222



Annexes

Table S2. The calculations of various molecular descriptors

Ne %H %C %N %0 %S %F %Cl %Br @ P
1 5.96 57.88  6.14 10.51  7.02 1248 0 0 4525 9213
2 5.4 6139  6.82 3.89 0 13.87  8.63 0 41.05 8233
3 5.54 6323  6.41 3.66 0 13.05  8.11 0 43.9 870.2
4 5.54 6323  6.41 3.66 0 13.05  8.11 0 43.9 870.2
5 55 62.7 9.97 3.8 0 18.03 0 0 41.96 836
6 6 6551  6.95 3.97 0 0 1758 0 4387 8454
7 5.73 6238 1039  3.96 0 0 1754 0 43.11 8409
8 7.13 6926  11.01  4.19 8.4 0 0 0 4429 8573
9 8.34 7952 773 4.41 0 0 0 0 4381  847.6
10 8.04 76 11.56 4.4 0 0 0 0 43.05 8432
11 6.55 66.07 1051 8 0 0 8.87 0 4382 8624
12 5.84 60.87  10.14  3.86 0 0 0 19.28 4228  817.7
13 5.73 6238 1039  3.96 0 0 1754 0 4311 8409
14 6 6551  6.95 3.97 0 0 1758 0 4387 8454
15 5.73 6238 1039  3.96 0 0 1754 0 43.11 8409
16 6.83 68.83 1095  4.17 0 0 9.23 0 43.6 836.2
17 7.66 73.07 7.1 1217 0 0 0 0 4528  888.3
18 5.61 61.74 6 6.85 0 1221 7.59 0 46.55  928.8
19 5.81 63.93 621 3.55 0 12.64  7.86 0 4581  908.5
20 4.49 53.56  5.43 3.1 0 11.05  6.87 1549 4695 9213
21 5.81 63.93  6.21 3.55 0 1264  7.86 0 4581  908.5
22 5.61 61.74 6 6.85 0 1221 759 0 46.55  928.8
23 5.81 63.93  6.21 3.55 0 1264  7.86 0 4581  908.5
24 5.61 61.74 6 6.85 0 1221 759 0 46.55  928.8
25 6.77 60.5 6.72 3.84 0 13.67 85 0 41.5 856.7
26 5.19 59.09  6.56 75 0 13.35 831 0 40.85  825.5
27 5.29 6034 9.6 3.65 0 13.02 8.1 0 43.14  865.8
28 5.29 6034 9.6 3.65 0 13.02 8.1 0 43.14  865.8
29 5.29 6034 9.6 3.65 0 13.02 8.1 0 43.14  865.8
30 8.25 7537  7.64 8.73 0 0 0 0 4267  841.1
31 8.04 76 11.56 4.4 0 0 0 0 43.05 8432
32 7.55 69.97 583 9.99 6.67 0 0 0 53.84 10543
33 7.74 7598  12.66  3.61 0 0 0 0 5292 959.7
34 8.1 7927  8.04 4.59 0 0 0 0 4186  818.4
35 7.79 75.61  12.02  4.58 0 0 0 0 41.48  795.8
36 8.04 76 11.56 4.4 0 0 0 0 4331  835.8
37 8.28 7635  11.13 424 0 0 0 0 4511  873.9
38 7.99 7298  14.8 4.23 0 0 0 0 4435  869.4
39 7.78 76.76  11.19 4.6 0 0 0 0 4432 8444
40 7.51 75.19 1253 477 0 0 0 0 39.53 7711
41 7.19 71.4 16.65  4.76 0 0 0 0 38.77  765.3
42 7.84 79 8.38 4.78 0 0 0 0 40.15  767.5
43 8.1 7927  8.04 4.59 0 0 0 0 4198  807.6
44 7.55 78.71  8.74 4.99 0 0 0 0 38.2 738.3
Table S2. Continued
N° MV d NHA  NHD NRB LogP MW MR E-S E-B
1 3633 1256 7 1 8 5.924 456.521 114.15  2.6809  143.1218
2 3267 1257 5 1 6 5.106 410.86  104.427 2.609 8.1117
3 338 1292 5 1 6 5.42 436.897 111.658 3.43 7.0783
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4 338 1.292 5 1 6 542 436.897 111.658 3.7251 8.7788
5 330.2 1.302 7 1 6 4.426 421.431 104.54 3.3398 8.596
6 316.4 1.274 2 1 5 5.178 403.344 110.489 3.5148 8.4091
7 309.6 1.305 3 1 5 4.26 404.332 109.393 3.5012 8.9937
8 310.9 1.22 3 1 6 3.992 381.534 111.942 3.31 10.2287
9 325.1 1.115 2 1 5 4.748 362.507 110.961 3.6309 8.5105
10 318.3 1.141 3 1 5 3.995 363.495 108.663 3.581 9.2962
11 321.7 1243 4 1 6 3.812 399.913 109.99 3.7574 10.2987
12 301.9 1.372 3 1 5 3.7 414.338 106.345 3.2349  9.3668
13 309.6 1.305 3 1 5 3.55 404.332 109.393 3.5181 9.5478
14 3164 1274 2 1 5 4.468 403.344 110.489 3.6081 8.9743
15  309.6 1.305 3 1 5 3.55 404.332 108.332 3.5393 9.3194
16 306.7 1.251 3 2 5 4.165 383.914 110.384 3.3159 8.3603
17  340.5 1.158 4 1 7 4.388 394.506 113.805 4.1245 11.7777
18 362 1.2890 6 1 7 5.208 466.923 118.121 4.5556 11.7664
19 3542 1.272 5 1 6 5.869 450.924 116.699 4.5198 10.6251
20  354.1 1456 5 1 6 6.283 515.793 119.28 3.7527 8.7897
21 3542 1272 5 1 6 5919 450924 116.699 3.7965 8.943
22 362 1.289 6 1 7 5.208 466.923 118.121 4.0183 11.3092
23 3542 1272 5 1 6 5919 450924 116.699 3.7752 8.9455
24 362 1.289 6 1 7 5.208 466.923 118.121 3.9781 11.2314
25 344 1.211 5 1 8 5.529 416.908 105.519 3.5883 8.9904
26  320.8 1.33 6 1 6 4.596 426.859 104.08 3.3294 19.2107
27  331.2 1.321 6 1 6 3.923 437.885 109.501 3.6639 8.8619
28  331.2 1.321 6 1 6 3.923 437.885 109.501 3.682 8.9908
29  331.2 1.321 6 1 6 3.923 437.885 109.129 3.5318 9.0273
30 324.1 1.13 3 1 5 3.924 366.496 103.384 3.2701 19.1693
31 3183 1.141 3 1 5 3.251 363.495 108.805 3.5677 8.5967
32 396.1 1.213 4 1 8 4.08 480.662 136.508 5.1759 140.1923
33 3705 1.19 4 1 6 4,751 442,595 134.713 3.9397 19.0834
34 310 1.123 2 2 5 4.203 348.481 105.667 23774  4.8025
35 3033 1.151 2 1 5 4.189 349.469 106.23 2.9116 15.7163
36 32009 1.132 2 1 6 4718 363.495 110978 3.0768 17.1673
37 3355 1.125 2 1 6 5.027 377.522 115396 3.3677 22.5282
38 328.7 1.151 3 1 6 3.53 378.51 113.239 3.3293 22.644
39  310.2 1.21 2 1 6 4.552 375.506 113.44 2.9 22.6448
40 288.3 1.163 2 2 5 3.644 335.442 100935 2.2337 13.5202
41  281.5 1.194 3 2 5 2.147 336.43 98.778 2.2124 13.6637
42 289.6 1.154 2 1 5 3.63 334.454 101.759 3.3316  39.2443
43 307.2 1.134 2 1 6 4.159 348.481 106.507 3.622 41.3819
44  274.6 1.166 2 2 5 3.085 320.428 96.465 2.8062  37.6277
Table S2. Continued
N° E-SB  E-T E-dd ] TD MTI SVD W EVDW y
1 0.4467 39.2347 14.8556 1394171 13 19033 110.666 2752 25.851 41.3
2 0.551 129136 -4.8438 819752 11 13449 99.777 1968 20.6431 40.3
3 0.5694 12.833 -5.9795 890496 11 15615 105.777 2267 269175 439
4 0.5872 12.2837 -5.8349 890496 11 15615 105.777 2267 269119 439
5 0.5733 10.5041 -2.4643 890496 11 15442 114 2267 26.4976 44.6
6 0.5614 5.8562 -4.7296 540374 10 12309 81.555 1682 27.8164 50.9
7 0.5429 10.9678 -2.8645 540374 10 12145 83.555 1682 27.7334 543
8 0.5861 10.6827 -7.9488 541514 10 12847 82.666 1686 25.6165 57.7
9 0.5228 10.3084 -8.5481 534706 10 13114 82 1664 26.6179 46.2
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10  0.5923 13.6092 -8.4182 534706 10 12968 84 1664 27.1751 49.2

11 0.5659 16.8366 -5.1807 633262 10 13566 89.777 1839 28.5364 51.6

12 0.5484 12.0135 -6.3473 453229 10 11344 82 1516 26.7415 53.7

13 0.581 15.9864 -2.8238 534706 10 12074 83.555 1664 26.3843 543

14 0.5911 12.0765 -4.8274 534706 10 12220 81.555 1664 26.5006 509

15 0.5751 15.211 -2.1403 534706 10 12055 83.555 1664 27.0067 543

16 0.5463 8.802 -7.0325 534706 10 12518 83.777 1664 25.5126 55.2

17  0.5638 11.4242 -7.3137 743707 10 15308 94 2020 30.5975 46.3

18  0.6054 11.1295 -7.11 1176535 11 18037 113.777 2648 29.6276 433

19  0.6452 11.5098 -5.9352 1021281 11 16888 107.777 2442 28.0307 43.2

20  0.6063 12.3354 -5.9224 1031132 11 16464 107.777 2466 27.6462 45.7

21  0.5847 11.5767 -5.8225 1031132 11 17064 107.777 2466 27.5379 43.2

22 0.6374 12.3649 -6.0606 1197359 12 18341 113.777 2696 29.6039 433

23 0.588 11.5647 -5.8409 1040706 12 17240 107.777 2490 27.5461 43.2

24 0.6452 12.3272  -5.779 1217688 13 18645 113.777 2744 29.6453 433

25  0.6224 18.5378 -5.695 813852 11 13341 93.777 1954 23.8063 38.4

26  0.4333 14.1068 -5.0278 762828 11 13902 105.777 2071 21.5267 43.8

27  0.5882 18.0072 -5.7737 890496 11 15420 107.777 2267 27.4757 46.6

28  0.593 18.0105 -5.7925 890496 11 15444 107.777 2267 27.3742 46.6

29  0.6018 17.5352  -6.3401 890496 11 15468 107.777 2267 27.7184 46.6

30 0.3753 11.6496 -7.8286 449455 10 11603 82 1502 21.1925 453

31  0.5233 15.9695 -8.5377 534706 10 12953 84 1664 27.184 49.2

32 -1.2831 58.0893 0.7487 1410626 14 25581 104.666 3310 28.6971 50.1

33  0.3696 13.4879 -9.9616 1227884 14 23316 103 3049 28.2098 45

34 0.1802 7.3285 -8.8864 457656 10 12052 80 1530 23.814 48.5

35 -0.1442  9.0526 -8.2713 452023 10 11905 80 1511 19.9767 47.3

36 -0.0978 9.4978  -7.8896 535222 10 13132 82 1666 20.9472 459

37 0.0041 10.9824 -7.8784 627536 10 14375 84 1823 21.7302 46

38 0.0029 16.6401 -7.6927 627536 10 14206 86 1823 22.2699 489

39 -0.0484 99783  -8.2684 539544 10 14375 86 1822 20.5422 548

40 -0.2291 7.6774  -8.1638 383835 10 10883 78 1382 18.6928 51.1

41  -0.2242 13.3491 -8.0991 383835 10 10737 80 1382 19.2403 54.5

42  -1.6471  8.3209 -8.418 384086 10 10891 78 1383 18.4405 49.3

43 -1.535 10.8208 -8.286 458707 10 12086 80 1534 19.2144 47.7

44  -1.7047 5.2114 -8.8676 323172 10 9893 76 1257 17.1584 52.2

Table S2. Continued

N° n E-H E-L ET NRE u X w E-Gap 1

1 1.540 -0.206 -0.072 -1887.498 3419.578 4.754 0.139 0.001 -0.134 0.067
2 1.546 -0.234 -0.061 -1758.023 2942.932 5.443 0.147 0.001 -0.173 0.087
3 1.569 -0.222 -0.061 -1835.442 3255926 4.073 0.141 0.001 -0.161 0.080
4 1.569 -0.222 -0.059 -1835.438 3 258.002 3.407 0.140 0.001 -0.163 0.082
5 1.553 -0.225 -0.087 -1491.123 3 085.389 4.441 0.156 0.001 -0.138 0.069
6 1.616 -0.221 -0.052 -1957.976 2 867.301 3.010 0.136 0.001 -0.169 0.084
7 1.619 -0.226 -0.069 -1974.013 2 871.259 5.055 0.148 0.001 -0.157 0.078
8 1.637 -0.215 -0.050 -1492.340 2 742.050 3.220 0.132 0.001 -0.165 0.082
9 1.595 -0.220 -0.021 -1117.433 2578.349 4.249 0.121 0.001 -0.199 0.100
10  1.598 -0.223 -0.034 -1133.474 2583.330 4.273 0.129 0.001 -0.189 0.095
11 1.603 -0.223 -0.048 -1628.947 2919.662 5.001 0.135 0.001 -0.174 0.087
12 1.624 -0.221 -0.070 -3625.959 2944.740 4.109 0.146 0.001 -0.150 0.075
13 1.619 -0.225 -0.060 -1974.014 2909.851 4.645 0.142 0.001 -0.165 0.082
14 1.616 -0.222 -0.040 -1957.977 2904.361 4.583 0.131 0.001 -0.182 0.091
15 1.619 -0.227 -0.061 -1974.010 2 905.995 5.165 0.144 0.001 -0.166 0.083
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16 1.636 -0.216 -0.037 -1553.755 2751.322 2.305 0.126 0.001 -0.178 0.089
17 1585 -0.214 -0.014 -1267.849 2931.677 4.209 0.114 0.001 -0.199 0.100
18 1.562 -0.213 -0.057 -1949.961 3685274 4.121 0.135 0.001 -0.156 0.078
19 1.566 -0.224 -0.059 -1874.753 3454951 4.267 0.142 0.001 -0.165 0.082
20  1.583 -0.226 -0.059 -4406.567 3950.958 3.674 0.143 0.001 -0.167 0.084
21 1.566 -0.221 -0.059 -1874.759 3434.156 3.456 0.140 0.001 -0.163 0.081
22 1.562 -0.221 -0.055 -1949.967 3 603.988 5.091 0.138 0.001 -0.167 0.083
23 1.566 -0.222 -0.056 -1874.759 3413326 4.148 0.139 0.001 -0.165 0.083
24 1.562 -0.219 -0.058 -1949.967 3 581.816 3.820 0.138 0.001 -0.161 0.080
25 1.520 -0.219 -0.057 -1761.644 3045.444 3.314 0.138 0.001 -0.162 0.081
26 1.555 -0.221 -0.061 -1833.214 3138.280 3.270 0.141 0.001 -0.161 0.080
27 1.571 -0.228 -0.063 -1851.474 3262.741 2.722 0.146 0.001 -0.165 0.083
28 1.571 -0.227 -0.063 -1851.473 3263.791 3.056 0.145 0.001 -0.164 0.082
29 1571 -0.219 -0.052 -1851.479 3259.108 5.466 0.136 0.001 -0.167 0.083
30 1.578 -0.220 -0.021 -1115.210 2467.417 4.289 0.120 0.001 -0.199 0.100
31 1.598 -0.227 -0.039 -1133.470 2 582.730 5.531 0.133 0.001 -0.188 0.094
32 1.601 -0.229 -0.051 -1822.040 3 885.121 5.398 0.140 0.001 -0.178 0.089
33 1.640 -0.216 -0.029 -1381.771 3 364.602 5.613 0.123 0.001 -0.187 0.093
34 1596 -0.233 -0.022 -1078.138 2 383.528 4.281 0.127 0.001 -0.211 0.105
35 1.606 -0.224 -0.024 -1078.117 2387.210 2.933 0.124 0.001 -0.200 0.100
36 1.596 -0.224 -0.027 -1117.433 2 548.693 3.920 0.125 0.001 -0.197 0.098
37  1.593 -0.213 -0.028 -1156.744 2731.377 3.693 0.120 0.001 -0.185 0.092
38 1.596 -0.219 -0.046 -1172.780 2 736.921 4.101 0.132 0.001 -0.174 0.087
39  1.640 -0.213 -0.025 -1155.500 2690.189 2.959 0.119 0.001 -0.188 0.094
40 1.608 -0.243 -0.022 -1038.815 2208.184 4.305 0.133 0.001 -0.221 0.111
41 1.611 -0.249 -0.042 -1054.850 2212.469 5.051 0.145 0.001 -0.207 0.103
42 1.616 -0.218 -0.027 -1038.765 2222481 2.789 0.123 0.001 -0.191 0.095
43  1.605 -0.217 -0.027 -1078.079 2400.764  2.788 0.122 0.001 -0.190 0.095
44  1.619 -0.239 -0.021 -999.464 2 047.101 3.984 0.130 0.001 -0.218 0.109
N .-R4
4 N° Ry
—

O

Figure S3. Pyrrolo[3,4-c]pyrazole-based analogs 1-34 (left) and azetidine-based analogs

35-40 (right)

Table S3. Studied molecules with their inhibitory activities on the order of 1Cso and plCso

Compounds number R R R3 R4 1Cso (uM) observed pICs
=
1 SO,Me H Fac)\ """ @ 15 7.824
2 SO.M H - @ 8 8.097
ZIVIC F\C )\ . .
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o~
3 SO,Me H e Q 23 7.638
3
o” J N\
4 SO,Me H N _ 23 7.638
8 F
o _
5 SO,Me H N Q 12 7.921
3
.
6 SO:Me H L G 17 7.770
3
7 SO:Me H PO ' 23 7.638
F
o’
8 SOMe H >ﬁ @ 10 8.000
F
o’ .
9 SO:Me H J @ 38 7.420
F
Nl
10 SO,Me H @ 16 7.796
N ,,,,, / N\
11 SOMe H - _ 10 8.000
F~F F
. _
12 SOMe o Q 7 8.155
)
13 SO:Me H S @ 10 8.000
F F
L / N\
14% SO,Me H L - 6 8.222
F F
15 SO,Me H @ """ Q“ 4 8.398
F
o~
16 SO,Et H N @ 29 7538
3 F
o” / N\
17 SO,Et H N _ 27 7569
3 F
. _
18% SO,Et H N Q 12 7.921
3
.
19% SO, i-Pr H S G @ 406 6.391
3
o’
20 CN H N @ 78 7.108
3 F
o’ J N\
21 CN H N _ 69 7.161
3 F
. _
22 CN H N Q 18 7745
3
.
23 CN H AN O 210 6.678
3
24 CN H i ————— @ 105 6.979
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25 CN H T 3 113 6.947
)\ 7|: ’
o’ N
26 CN H P{ \_y 21 7.678
o _
27 CN H Jo 7 N 441 6.356
'i‘ —
28 CN H ] N 20 7.699
5
29% CN H Q """ & 383 6.417
F F .
30 CN H Q """ W 55 7.260
F
///,,,,/' é 77777 T
3% CN H r QF 142 6.848
CFs N
32 CN cl e () 33 7.481
CF3 N
33 CN OMe Qe @F 21 7.678
CF,4 N
34 SO:Me  OMe SO QF 19 7.721
CF; N
o
35 SO;Me OMe ST { )—CFs 27 7.569
CF3
o
36 SO;Me H Lo { )—CFy 630 6.201
CF3
o
37 SO.Me OMe - { ) 220 6.658
CF3
38 SO:Me  OMe °© - \ )CFy 43 7.367
CFs4 N
o R
39 SO:Me OMe - @CF 26 7.585
CF3 W~
o Cl
40 SO:Me OMe [ 2?@ 15 7.824
CF, N~
Table S4. Calculations of various molecular descriptors
N° %H %C %N %0 %S %F %Cl MW ® P
1 4200 55110 8760 13350 6.690  11.890 0.000  479.470 46.170 878.900
2 3.850  53.120 8450  12.860 6.450 15280 0.000  497.460 46.120 879.100
3 4490 55980 8510 12970 6.500  11.550 0.000  493.500 47.920 910.000
4 3.640  50.600 11.240 12.840 6.430 15250 0.000  498.450 45500 860.200
5 4280  53.440 11330 12.940 6.480  11.530 0.000  494.490 47.310 891.100
6 5130 53.490 8910  13.570 6.800  12.090 0.000  471.490 44.340 840.300
7 5000  59.580 9.470 14430 7230  4.280  0.000  443.490 45990 856.100

Page 193|222



Annexes

8 5560  61.130 8910  13.570 6.800  4.030  0.000  471.540 49.780  940.700
9 4870  60.650 9.230  14.050 7.040  4.170  0.000  455.500 46.950 855.000
10 4590  57.130 11.100 9.510 6360  11.300 0.000  504.520 49.900 923.800
11 4390  54.650 13.850 9.490 6340  11.270 0.000  505.510 49.290  904.900
12 5020 57.470 13.960 9.570  6.390  7.580  0.000  501.550 51.090 935.900
13 3.990  62.620 8760  10.010 6.690  7.920  0.000  479.500 50.000 913.200
14 3.780  59.990 11.660 9.990  6.660  7.910  0.000  480.490 49.390  894.400
15 4440  63.010 11.760 10.070 6.730  3.990  0.000  476.520 51.190  925.300
16 4.140  54.010 8220 12510 6270  14.860 0.000  511.490 47.950 917.700
17 3.930 51.560 10930 12490 6.260  14.830 0.000  512.480 47.330 898.800
18 4560 54320 11.020 12.590 6310  11.210 0.000  508.510 49.130  929.800
19 4770  56.800 8280  12.610 6320  11.230 0.000  507.530 49.750  948.600
20 3.630  59.460 12.610 7.200  0.000  17.100 0.000  444.380 43.080 812.600
21 3390 56.630 15720 7.180  0.000  17.060 0.000  445.370 42.470  793.800
22 4110  59.860 15.870 7.250  0.000 12910 0.000  441.410 44.270 824.700
23 5060 60280 13.390 7.650  0.000  13.620 0.000  418.410 41.310 773.800
24 5410 70950 15.040 8590  0.000  0.000  0.000  372.420 43.000 789.500
25 4640 64440 17.890 8.180  0.000  4.850  0.000  391.400 42.340 770.800
26 5460 68200 18.080 8260  0.000  0.000  0.000 387.430 44.140 801.800
27 5300  69.160 17.530 8.010  0.000  0.000  0.000  399.450 45.110 800.600
28 4940 64280 18.740 3.570  0.000 8470  0.000 448470 48.060 869.400
29 3.540 67.440 16390 3.740  0.000 8890  0.000  427.410 46.350 827.900
30 4280 70910 16.540 3.780  0.000  4.490  0.000  423.440 48.160 858.800
31 3390 56.630 15720  7.180  0.000  17.060 0.000  445.370 42.470  793.800
32 2940 52570 14.600 6.670  0.000  15.840 7.390  479.810 44.290  822.600
33 3.600  55.580 14730 10.100 0.000  15.990 0.000  475.400 44.770  844.000
34 3.810  50.000 10.600 15.140 6.070  14.380 0.000  528.480 47.810 910.500
35 4.030 50290 2.670 15220 6.100 21.690 0.000 525460 44.670 936.600
36 3.870 50910 2.830  12.920 6470  23.010 0.000  495.440 42.140 878.000
37 4850  55.140 3.060  17.490 7.010  12.460 0.000  457.460 42.690 874.600
38 3.830 47910 5320 15200 6.090 21.650 0.000  526.450 43.790 932.200
39 3.520 46330 5.150  14.690 5.890  24.430 0.000  544.440 43.840 939.500
40 3.410 44970 4990 14260 5720 20320 6.320  560.890 45.710  969.300
Table S4. Continued

N° MV n ¥ d E-S E-B E-SB  E-T EVDW E-dd

1 335000 1.612 47300 1.430 5.131 164321 -0.815 40370 22226 6.804
2 337.800 1.604 45800 1.470 5466 165288  -0.814 41.546 22.122  7.532
3 350200 1.606 45.600 1.400 5205 164481  -0.819 39.663 22.846  6.761
4 326500 1.620 48.100 1.520 5.048 164.461  -0.818 46.099 22429  8.673
5 338800 1.622 47.800 1.450 5.032 164.539  -0.798 45.335 23495  6.783
6 318900 1.618 48.100 1.470 4.150 167.796  -0.802 54.150 18207  6.626

7 323.000 1.637 49300 1370 5.123 164.741  -0.932 44223 21.565 3.361
8  359.600 1.615 46.800 1310 5.433 164.539  -0.930 43.791 22995 3.381

9 312300 1.683 56.100 1.450 5.188 166.067 -1.194 47.601 21364  3.709
10 343700 1.653 52.100 1.460 5.868 172326  -0.531 53.509 24921 1.830
11 332300 1.671 54900 1.520 5.438 171.461  -0.540 58.165 25228  3.097
12 344700 1.670 54300 1.450 5.420 171.525 -0.518 57.417 26289 1.182
13 340.800 1.662 51.500 1.400 5.708 165.448  -0.890 52372 25213  1.796
14 329400 1.680 54300 1.450 5306 164.649 -0.889 56.820 25.524 2.875
15 341.700 1.679 53.700 1390 5279 164.668 -0.868 56.134 26.577  1.003
16 353900 1.599 45200 1.440 5777 165543  -0.931 41.157 23.029  7.559
17 342500 1.614 47.400 1490 5356 164.694 -0.928 45714 23335 8.713
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18 354800 1.615 47.100 1.430 5340 164.757 -0.905 44971 24394 6.822
19 366200 1.601 45.000 1380 5906 164.343 -1.078 39.893  23.728  6.928
20 315300 1.605 44.100 1.400 4.566 35.777 0.463 -1.808 22302 -1.367
21 303.900 1.622 46.500 1.460 4.140 34.875 0.447  2.887 22.608  -0.111
22 316200  1.624  46.200 1390 4.119  34.908 0.469  2.190 23.664  -2.011
23 296.400  1.620 46.400 1.410 3.234 38.146 0.468 11.002 18378  -2.185
24 297.600 1.649 49500 1.250 3.867 34.161 0346 -0.169 21.840 -6.190
25 289.100  1.660 50.500 1350 3.793 34.344 0.340 5.502 22.048  -4.308
26 301.400 1.660 50.000 1.280 3.766 34.329 0.362  4.902 23.106  -6.201
27 290.700 1.711 57.500 1370 3.820 35.571 0.101  8.401 22.894  -5.853
28 322100  1.676  53.000 1390 4.503 41.201 0.737 14878 26332  -7.307
29 306900  1.687 52900 1390 4.264 34.469 0.362 14851 25.644 -5.852
30 319200 1.686 52.400 1320 4.263  34.575 0.389  13.967 26.705 -7.759
31 303.900 1.622 46.500 1.460 4.162 35.501 0.404  3.948 22.791  -0.046
32 313200 1.632 47.500 1.530 4.007 34.375 0.343 12491 24.121  2.679
33 325500 1.610 45.100 1.460 4.244 35.084 0.321 15312  25.671 -0.993
34  348.100 1.609 46.800 1.510 5.332 166.825 -0.787 57.542  25.816  7.008
35 376300 1.510 38300 1.396 4.769 164.926  -1.767 59.021 25208  4.927
36 352300 1.515 38500 1.406 4.296 164.574  -1.897 50479 22780  4.198
37 342800 1.540 42300 1334 4.682 164399  -1.791 55.144 24486 4.725
38 369.500 1.509 40.500 1.424 4.725 165230  -1.705 64.830 25373  5.179
39 373700 1.503 39900 1.456 4.808 165244 -1.705 64.866 25385 6.683
40 381.400 1516 41.600 1470 4982 165436 -1.710 65383  26.173  6.527

Table S4. Continued

N° NHA NHD NRB LogP MR j TD MTI PSA SVD

1 9 0 7 2751 115481 1554000 15 22775 79.280  128.667
2 10 0 7 2980 115.698 1784327 15 23957 79.280  136.667
3 9 0 7 3250 120.522 1797229 15 24989 79.280  130.667
4 11 0 7 1.836  113.541 1797229 15 23798 91.640  138.667
5 10 0 7 2,172 118224 1797229 15 24687 91.640  132.667
6 9 0 7 2284 112.116 1331825 14 20585 79.280  120.667
7 7 0 6 2716 114996 1171085 14 20405 79.280  112.667
8 7 0 7 3.734  123.972 1574139 15 24525 79.280  116.667
9 7 0 7 2.851 117.771 1173577 15 22563 79.280  116.667
10 9 0 5 2.248 125397 1732128 16 26768 73.290  132.667
11 10 0 5 1.104 123.240 1744206 16 26604 85.650  134.667
12 9 0 5 1.440 127.924 1744206 16 27537 85.650  128.667
13 7 0 5 3.823 124.719 1504229 15 25485 70.050  128.667
14 8 0 5 2,678 122.562 1515255 15 25336 82.410  130.667
15 7 0 5 3.014 127.245 1515255 15 26219 82.410  124.667
16 10 0 8 3.509  120.521 2032993 15 26001 79.280  138.667
17 11 0 8 2365 118364 2047123 15 25833 91.640  140.667
18 10 0 8 2.701  123.047 2047123 15 26766 91.640  134.667
19 9 0 8 3.589  124.798 2019349 15 26739 79.280  132.667
20 9 0 7 3941 107.906 1372345 15 20683 68.930  132.000
21 10 0 7 2.796  105.749 1383017 15 20541 81.290  134.000
229 0 7 3.132  110.432 1383017 15 21348 81.290  128.000
23 8 0 7 3.245 104.324 1007309 14 17634 68.930  116.000
24 5 0 6 3.448 106.988 742962 14 16385 68.930  100.000
25 7 0 6 2.532  105.047 879349 14 17262 81.290  110.000
26 6 0 6 2.868 109.730 879349 14 17937 81.290  104.000
27 6 0 7 3.003 112.506 893777 15 19984 81.290  108.000
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28 8 0 5 2410 120.132 1355895 16 24011  75.300  124.000
29 7 0 5 3.504  114.770 1166565 15 21977  72.060  126.000
30 6 0 5 3.840  119.453 1166565 15 22778 72.060  120.000
31 10 0 7 2.796  106.063 1393479 16 20674  81.290  134.000
3210 0 7 3.394  110.867 1569554 16 21503  81.290  135.778
33 11 0 8 2.814 112.526 1775357 16 23355 90.520  142.000
34 12 0 8 1.380 120317 2264336 16 26738  100.870 146.667
35 11 0 9 2.644 114.138 2487016 15 24178 72910  144.667
36 10 0 8 3.099 107.674 1974405 15 21565  63.680  136.667
37 8 0 8 1.761 108.164 1338258 13 18077 72910  118.667
38 12 0 9 1.294 111.402 2487016 15 23958  85.270  146.667
39 13 0 9 1.467 111.618 2800322 15 24993 85270  154.667
40 12 0 9 2.037 116.207 2800322 15 24993  85.270  148.444
Table S4. Continued

N° WI  E-H E-L ET NRE i X w E-Gap 1

1 3307 -0240 -0.062 -2013.26 3497.68 4.654 -0.151 0.127  -0.178  0.089
2 3584 -0244 -0.062  -2112.50 367691 3.592 -0.153 0.129  -0.182  0.091
3 3611 -0237  -0.061  -2052.59  3644.57 5.084 -0.149 0.126  -0.176  0.088
4 3611 -0255 -0.072 -2128.53  3653.02 5.593 -0.163 0.146  -0.182  0.091
5 3611 -0.254 -0.067 -2068.62  3650.09 5.316 -0.160 0.137  -0.187  0.094
6 3006 -0.247 -0.060 -1977.57  3459.55 5.318 -0.153 0.125  -0.188  0.094
7 2807 -0.240 -0.052  -1814.77 312523 7.449 -0.146 0.114  -0.187  0.094
8 3349 -0.241 -0.053  -1893.40 3482.56 7.287 -0.147 0.114  -0.188  0.094
9 3090 -0.240 -0.052  -1852.84 323047 7.700 -0.146 0.114  -0.187  0.094
10 3849 -0.233  -0.053  -2070.81  3919.78 4.327 -0.143 0.114  -0.180  0.090
11 3877 -0237 -0.068 -2086.84 3895.13 6.699 -0.153 0.138  -0.169  0.084
12 3877 -0236 -0.062 -2026.93  3890.71 6.415 -0.149 0.128  -0.174  0.087
13 3530 -0.243  -0.073  -1951.91  3497.17 5.237 -0.158 0.148  -0.169 0.085
14 3557 -0253 -0.077 -1967.94 3473.76 4.060 -0.165 0.154  -0.177  0.088
15 3557 -0252 -0.076  -1908.03  3469.82 4.064 -0.164 0.153  -0.176  0.088
16 3863 -0.243 -0.061 -2151.82  3849.90 3.280 -0.152 0.127  -0.182  0.091
17 3891 -0254 -0.072 -2167.85 382535 5.543 -0.163 0.146  -0.182  0.091
18 3891 -0.253 -0.066 -2107.94 3821.90 5.259 -0.160 0.136  -0.187  0.094
19 3839 -0.239 -0.059 -2091.90 3882.01 4.698 -0.149 0.124  -0.180  0.090
20 3096 -0.247 -0.072  -1616.85 3038.63 5.376 -0.159 0.145  -0.175  0.087
21 3121 -0257 -0.075 -1632.88 301546 4319 -0.166 0.152  -0.182  0.091
22 3121 -0256  -0.074  -1572.97  3012.50 4.249 -0.165 0.150  -0.182  0.091
23 2572 -0250  -0.069  -1481.92 283529 6.603 -0.160 0.140  -0.181  0.091
24 2164 -0238 -0.055 -1219.88  2381.12 8.735 -0.146 0.117  -0.183  0.092
25 2395 -0.238 -0.061 -1335.71 253894 9.936 -0.150 0.127  -0.177  0.088
26 2395 -0250 -0.065 -1275.24 251837 7.016 -0.158 0.135  -0.185  0.092
27 2659 -0250 -0.065 -1313.31 2619.85 7.062 -0.158 0.135  -0.185  0.093
28 3369 -0.235 -0.065 -1531.28  3262.64 5.760 -0.150 0.133  -0.170  0.085
29 3071 -0.256 -0.085  -1472.28 287097 5.118 -0.170 0.169  -0.171  0.085
30 3071 -0.255 -0.084  -1412.38  2866.21 5348 -0.169 0.168  -0.171  0.085
31 3146 -0.247 -0.068  -1632.89  3055.06 5.264 -0.157 0.138  -0.179  0.090
32 3341 -0.248  -0.075  -2092.48 340391 4.407 -0.162 0.151  -0.173  0.087
33 3569 -0.245 -0.066 -1747.42 341932 3.059 -0.156 0.136  -0.179  0.090
34 4079 -0.243  -0.063  -2243.06 4111.44 2536 -0.153 0.130  -0.180  0.090
35 3884 -0.263 -0.056  -2279.12 404820 3.461 -0.159 0.122  -0.207 0.104
36 3456 -0.268  -0.063  -2164.61 359279 4.508 -0.165 0.134  -0.204 0.102
37 2646 -0256  -0.052  -1942.06  3400.17 1.666 -0.154 0.116  -0.204 0.102
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38 3884 -0.264 -0.062 -2295.72  4077.01 3.944 -0.163 0.131 -0.202  0.101
39 4137 -0.259  -0.079 -2754.775 428535 1913 -0.169 0.158 -0.180  0.090
40 4137 -0.259  -0.083 -2394.40  4279.02 1548 -0.171 0.165 -0.177  0.088

Table S5. Selected descriptors and the inhibitory activities of plCso order for forty
molecules

N° MW NRB LogP TD PSA pICso
1 479.4700 7 2.7510 15 79.2800 7.8240
2 497.4600 7 2.9800 15 79.2800 8.0970
3 493.5000 7 3.2500 15 79.2800 7.6380
4% 498.4500 7 1.8360 15 91.6400 7.6380
5 494.4900 7 2.1720 15 91.6400 7.9210
6 471.4900 7 2.2840 14 79.2800 7.7700
7 443.4900 6 2.7160 14 79.2800 7.6380
8 471.5400 7 3.7340 15 79.2800 8.0000
9 455.5000 7 2.8510 15 79.2800 7.4200
10* 504.5200 5 2.2480 16 73.2900 7.7960
11 505.5100 5 1.1040 16 85.6500 8.0000
12 501.5500 5 1.4400 16 85.6500 8.1550
13 479.5000 5 3.8230 15 70.0500 8.0000
14* 480.4900 5 2.6780 15 82.4100 8.2220
15 476.5200 5 3.0140 15 82.4100 8.3980
16 511.4900 8 3.5090 15 79.2800 7.5380
17* 512.4800 8 2.3650 15 91.6400 7.5690
18%* 508.5100 8 2.7010 15 91.6400 7.9210
19%* 507.5300 8 3.5890 15 79.2800 6.3910
20 444.3800 7 3.9410 15 68.9300 7.1080
21 445.3700 7 2.7960 15 81.2900 7.1610
22 441.4100 7 3.1320 15 81.2900 7.7450
23 418.4100 7 3.2450 14 68.9300 6.6780
24 372.4200 6 3.4480 14 68.9300 6.9790
25 391.4000 6 2.5320 14 81.2900 6.9470
26 387.4300 6 2.8680 14 81.2900 7.6780
27 399.4500 7 3.0030 15 81.2900 6.3560
28 448.4700 5 2.4100 16 75.3000 7.6990
29* 427.4100 5 3.5040 15 72.0600 6.4170
30 423.4400 5 3.8400 15 72.0600 7.2600
31%* 445.3700 7 2.7960 16 81.2900 6.8480
32 479.8100 7 3.3940 16 81.2900 7.4810
33 475.4000 8 2.8140 16 90.5200 7.6780
34 528.4800 8 1.3800 16 100.8700 7.7210
35 525.4600 9 2.6440 15 72.9100 7.5690
36 495.4400 8 3.0990 15 63.6800 6.2010
37 457.4600 8 1.7610 13 72.9100 6.6580
38 526.4500 9 1.2940 15 85.2700 7.3670
39 544.4400 9 1.4670 15 85.2700 7.5850
40 560.8900 9 2.0370 15 85.2700 7.8240

* Indicates the test set molecules
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Table S6. Results of one hundred randomizations using Y-Randomization test

Model R R™ or~ Model R R™ o~
Original 0.852511 0.726776 0.54939 Random N°51  0.518712 0.269062 -0.05893
Random N°1 0.289288 0.083688 -0.4153 Random N°52  0.397863 0.158295 -0.30626
Random N°2 0.218451 0.047721 -0.51687 Random N°53  0.23627 0.055824 -0.52824
Random N°3 0.336045 0.112926 -0.25546 Random N°54  0.549873 0.30236 -0.11778
Random N°4 0.32185 0.103587 -0.35123 Random N°55  0.200885 0.040355 -0.42519
Random N°5 0.384968 0.1482 -0.4219 Random N°56  0.194728 0.037919 -0.71804
Random N°6 0.380524 0.144798 -0.25259 Random N°57  0.348293 0.121308 -0.48519
Random N°7 0.398988 0.159191 -0.35729 Random N°58  0.385678 0.148747 -0.39898
Random N°8 0.518043 0.268369 -0.2249 Random N°59  0.167215 0.027961 -0.30552
Random N°9 0.387422 0.150096 -0.24648 Random N°60  0.394593 0.155704 -0.29152
Random N°10  0.616245 0.379757 0.076575 Random N°61  0.32596 0.10625 -0.3653
Random N°11 0.310023 0.096114 -0.3883 Random N°62  0.256014 0.065543 -0.42633
Random N°12  0.195321 0.03815 -0.52226 Random N°63  0.572911 0.328227 0.063455
Random N°13  0.50862 0.258695 -0.24645 Random N°64  0.277236 0.07686 -0.45402
Random N°14  0.447397 0.200164 -0.32124 Random N°65  0.393112 0.154537 -0.42287
Random N°15  0.26287 0.069101 -0.35577 Random N°66  0.419765 0.176203 -0.39675
Random N°16  0.499976 0.249976 -0.26118 Random N°67  0.484096 0.234349 -0.11161
Random N°17  0.431383 0.186091 -0.1933 Random N°68  0.513383 0.263562 -0.01946
Random N°18  0.214761 0.046122 -0.44086 Random N°69  0.282557 0.079838 -0.48155
Random N°19  0.367734 0.135228 -0.35575 Random N°70  0.492596 0.242651 -0.17683
Random N°20  0.357737 0.127975 -0.29203 Random N°71  0.320948 0.103008 -0.27816
Random N°21 0.456529 0.208419 -0.12905 Random N°72  0.43973 0.193362 -0.22201
Random N°22  0.336251 0.113065 -0.29033 Random N°73  0.449733 0.20226 -0.22051
Random N°23  0.178759 0.031955 -0.4679 Random N°74  0.162709 0.026474 -0.4942
Random N°24  0.238333 0.056803 -0.35035 Random N°75  0.388229 0.150721 -0.29389
Random N°25  0.31313 0.09805 -0.38015 Random N°76  0.513209 0.263383 -0.21509
Random N°26  0.372394 0.138677 -0.33561 Random N°77  0.207093 0.042888 -0.53707
Random N°27  0.243272 0.059181 -0.32137 Random N°78  0.48733 0.237491 -0.23485
Random N°28  0.476057 0.22663 -0.15845 Random N°79  0.485017 0.235242 -0.30532
Random N°29  0.490166 0.240263 -0.10811 Random N°80  0.224843 0.050555 -0.37172
Random N°30  0.308319 0.095061 -0.25374 Random N°81  0.401996 0.161601 -0.24787
Random N°31 0.384067 0.147508 -0.27224 Random N°82  0.23471 0.055089 -0.43202
Random N°32  0.596179 0.35543 -0.00805 Random N°83  0.410004 0.168103 -0.20028
Random N°33  0.552442 0.305192 -0.06271 Random N°84  0.620674 0.385236 -0.10598
Random N°34  0.60402 0.36484 0.077637 Random N°85  0.28267 0.079902 -0.42226
Random N°35  0.15598 0.02433 -0.55712 Random N°86  0.373135 0.139229 -0.2539
Random N°36  0.297145 0.088295 -0.47628 Random N°87  0.432306 0.186888 -0.29103
Random N°37  0.603349 0.36403 -0.15549 Random N°88  0.40657 0.165299 -0.1807
Random N°38  0.292283 0.08543 -0.47085 Random N°89  0.273884 0.075012 -0.30891
Random N°39  0.459094 0.210767 -0.22007 Random N°90  0.297711 0.088632 -0.30545
Random N°40  0.350976 0.123184 -0.28731 Random N°91  0.521434 0.271894 -0.08235
Random N°41 0.417663 0.174442 -0.27241 Random N°92  0.271847 0.073901 -0.45944
Random N°42  0.490464 0.240555 -0.24261 Random N°93  0.631859 0.399245 0.063478
Random N°43  0.181515 0.032948 -0.38556 Random N°94  0.467017 0.218105 -0.36379
Random N°44  0.433603 0.188011 -0.21744 Random N°95  0.256243 0.065661 -0.47306
Random N°45  0.325239 0.105781 -0.4834 Random N°96  0.320073 0.102447 -0.27401
Random N°46  0.455845 0.207795 -0.37583 Random N°97  0.183087 0.033521 -0.32641
Random N°47  0.549193 0.301613 -0.25478 Random N°98  0.276311 0.076348 -0.35485
Random N°48  0.32562 0.106028 -0.47706 Random N°99  0.501475 0.251477 -0.16823
Random N°49  0.222447 0.049483 -0.35725 RandomN°100  0.498164 0.248167 -0.13354
Random N°50  0.413546 0.17102 -0.29646
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Table S7. 2D structures of chemical compounds and their biological activities of pKi

order
\\ Q’\\f ’ Q’
pKi=6.703 2 pKi=6.701 pKi=5. 821
N N N 140
/D—\\§° Q’ ) Q—
pKi=7.745 pKi=5.903 5 pKi=8.097
Q— “f Q—
pKl 8.523 8 pKi=8.523 9 pKl 8.301
Vf ff Q—
PKi=5.936 11 pKi=7.377 pKi<7. a7s
@ O @ @ @
o rf Vf
13 pKi=6.928 14 PKi=6.116 pKi=8.398
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Table S8. Selected descriptors of studied compounds with inhibitory activities of pKi

order
N° %H % C % N D TE VDW E pKi
1 3.930 10.920 9.360 1.490 58.678 19.795 6.703
2% 5.800 14.650 8.370 1.310 35.378 18.322 6.701
3 6.100 14.130 8.070 1.290 36.789 19.478 5.821
4 6.100 14.130 8.070 1.290 34.719 18.945 7.745
5 6.100 14.130 8.070 1.290 34.680 18.964 5.903
6 4.700 12.440 7.100 1.400 39.322 18.992 8.097
7 4300 11.960 6.830 1.440 39.315 18.886 8.523
8 4.640 12.880 7.360 1.430 35.361 18.733 8.523
9 3.940 11.520 6.580 1.480 40.323 18.962 8.301
10%* 4.080 14.920 6.820 1.500 44.897 19.276 5.936
11%* 4.640 12.880 7.360 1.430 35.363 18.728 7.377
12 4.640 12.880 7.360 1.430 35.991 18.930 7.678
13% 4.080 14.920 6.820 1.500 41.241 19.404 6.928
14 4.470 15.510 7.090 1.450 44.863 19.457 6.116
15 4.160 11.560 9.910 1.460 35.610 20.071 8.398
16 4.080 14.920 6.820 1.500 45.988 19.668 8.097
17 3.860 17.860 6.800 1.560 44.147 20.191 8.301
18 3.810 11.150 9.550 1.500 39.296 20.541 8.699
19%* 5.720 12.720 7.260 1.400 40.735 19.063 9.000
20 3.720 14.370 6.560 1.540 40.651 18.898 8.523
21 4.240 8.410 12.810 1.430 38.144 22.613 8.155
22 3.850 8.450 12.860 1.460 39.408 22.598 7.538
23 4.450 11.240 9.630 1.430 35.626 20.613 7.222
24% 6.080 11.010 8.390 1.260 37.612 19.037 7.032
25 3.630 14.860 10.180 1.550 45.449 22.519 7.013
26 3.930 10.930 12.490 1.490 37.856 19.281 6.444
27 5.010 11.150 15.920 1.510 50.346 20.051 8.523
28 4.750 11.470 16.380 1.550 54.607 16.254 7.620
29 4.600 11.110 19.030 1.560 50.711 23.759 8.699
30 4.600 11.110 19.030 1.560 50.846 22.774 8.699

* Indicates the test set molecules

Table S9. Statistical results for 100 randomizations

Model R R"2 or2 Model R R"2 or2

Original 0.864 0.746 0.529 Random N°51 0.678 0.460 -0.035
Random N°1 0.480 0.231 -0.538 Random N°52 0.443 0.196 -0.454
Random N°2 0.509 0.259 -0.525 Random N°53 0.373 0.139 -1.193
Random N°3 0.312 0.097 -1.937 Random N°54 0.628 0.395 -0.172
Random N°4 0.444 0.197 -1.806 Random N°55 0.380 0.144 -0.836
Random N°5 0.551 0.304 -0.706 Random N°56 0.384 0.148 -0.877
Random N°6 0.396 0.157 -1.030 Random N°57 0.489 0.239 -0.676
Random N°7 0.635 0.403 -0.147 Random N°58 0.621 0.385 -0.195
Random N°8 0.487 0.237 -1.430 Random N°59 0.603 0.364 -0.365
Random N°9 0.239 0.057 -0.983 Random N°60 0.433 0.188 -1.198
Random N°10 0.509 0.259 -0.329 Random N°61 0.633 0.401 -0.534
Random N°11 0.625 0.391 -0.393 Random N°62 0.423 0.179 -0.626
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Random N°12
Random N°13
Random N°14
Random N°15
Random N°16
Random N°17
Random N°18
Random N°19
Random N°20
Random N°21
Random N°22
Random N°23
Random N°24
Random N°25
Random N°26
Random N°27
Random N°28
Random N°29
Random N°30
Random N°31
Random N°32
Random N°33
Random N°34
Random N°35
Random N°36
Random N°37
Random N°38
Random N°39
Random N°40
Random N°41
Random N°42
Random N°43
Random N°44
Random N°45
Random N°46
Random N°47
Random N°48
Random N°49
Random N°50

0.630
0.399
0.531
0.525
0.457
0.461
0.402
0.498
0.359
0.360
0.596
0.388
0.553
0.467
0.407
0.598
0.411
0.500
0.602
0.540
0.476
0.535
0.294
0.381
0.452
0.471
0.620
0.523
0.629
0.239
0.482
0.449
0.400
0.428
0.398
0.692
0.385
0.408
0.699

0.397
0.160
0.282
0.275
0.209
0.212
0.162
0.248
0.129
0.129
0.356
0.151
0.306
0.218
0.166
0.357
0.169
0.250
0.362
0.291
0.227
0.286
0.086
0.145
0.205
0.222
0.385
0.273
0.395
0.057
0.233
0.202
0.160
0.184
0.159
0.479
0.148
0.166
0.489

-0.325
-0.610
-0.433
-0.718
-1.052
-0.572
-0.636
-0.575
-0.689
-1.309
-0.254
-0.805
-0.280
-0.551
-0.496
-0.196
-0.526
-0.549
-0.318
-0.907
-1.029
-0.267
-0.877
-0.634
-0.551
-0.889
-0.337
-0.278

0.012
-0.960
-0.791
-0.517
-1.292
-0.829
-0.538
-0.063
-0.990
-0.569
-0.141

Random N°63
Random N°64
Random N°65
Random N°66
Random N°67
Random N°68
Random N°69
Random N°70
Random N°71
Random N°72
Random N°73
Random N°74
Random N°75
Random N°76
Random N°77
Random N°78
Random N°79
Random N°80
Random N°81
Random N°82
Random N°83
Random N°84
Random N°85
Random N°86
Random N°87
Random N°88
Random N°89
Random N°90
Random N°91
Random N°92
Random N°93
Random N°94
Random N°95
Random N°96
Random N°97
Random N°98
Random N°99
Random N°100

0.575
0.341
0.533
0.537
0.300
0.301
0.559
0.481
0.519
0.431
0.587
0.661
0.326
0.490
0.473
0.655
0.388
0.359
0.633
0.545
0.381
0.614
0.734
0.329
0.655
0.374
0.279
0.726
0.341
0.459
0.435
0.339
0.655
0.288
0.264
0.396
0.464
0.494

0.330
0.117
0.284
0.288
0.090
0.091
0.312
0.231
0.269
0.185
0.345
0.436
0.106
0.240
0.224
0.430
0.151
0.129
0.401
0.297
0.145
0.377
0.539
0.108
0.429
0.140
0.078
0.528
0.116
0.211
0.189
0.115
0.429
0.083
0.070
0.156
0.216
0.244

-0.297
-1.395
-1.631
-0.405
-1.331
-1.246
-0.433
-0.631
-0.555
-0.476
-0.247
-0.024
-0.920
-0.382
-0.471
-0.000
-0.682
-1.036
-0.616
-0.527
-0.621
-0.388

0.001
-0.672
-0.300
-0.670
-0.518

0.055
-1.155
-0.353
-0.666
-2.102
-0.417
-1.104
-0.982
-1.175
-0.511
-0.755
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